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Background

The growing field of metabolomics has opened new venues for identifying biomarkers of type 2 diabetes (T2D) and predicting its consequences, such as coronary heart disease (CHD). Despite their large size, Middle Eastern populations are underrepresented in omics research. In this study, we aim at investigating metabolomics profiles of T2D stratified by the CHD comorbidity for Middle Eastern population, such as Qatari population.





Methods

In this cross-sectional study, we used a total of 641 metabolites from a large cohort of 3,679 Qatari adults from the Qatar BioBank (QBB; 272 T2D and 2,438 non-T2D individuals) and Qatar Cardiovascular Biorepository (QCBio; all CHD patients; 488 T2D and 481 non-T2D individuals). Univariate and pathway enrichment analyses were performed to identify metabolites associated with T2D in the absence or presence of CHD. Machine learning (ML) models, and metabolite risk scores were developed to assess the predictive power of the different combinations of T2D and CHD.





Results

Many metabolites were significantly associated with T2D in both the QBB and QCBio cohorts. Among these, we observed 1,5-anhydroglucitol (1,5-AG) (P = 1.33 × 10−68 [-5.20, -4.16] in QBB vs 9.82 × 10−33 [-2.51, -1.80] in QCBio), glucose (P = 7.14 ×10−57 [4.09, 5.23] in QBB vs. 3.26 × 10−29 [1.41, 2.00] in QCBio), and mannose (P = 2.61 × 10−54 [2.68, 3.45] in QBB vs. 1.01 × 10−27 [1.45, 2.09] in QCBio). Other metabolites were significantly associated with T2D only in one cohort, e.g., gamma-glutamylglutamine (P = 1.79 × 10−20 and β = -2.61 in QBB vs. P = 5.12 × 10−1 and β = 0.10 in QCBio). The enriched pathways (FDR P< 0.05), common to both cohorts, included galactose metabolism and valine leucine, and isoleucine biosynthesis and degradation. Few pathways were significantly associated with T2D in only one cohort: fructose and mannose, and Pantothenate and CoA biosynthesis metabolisms were significant in the QCBio cohort, whereas Arginine biosynthesis, and Alanine, aspartate and glutamate metabolisms were significant in the QBB cohort. ML models performed well in predicting T2D with high accuracy (>80% in both QBB and QCBio). The metabolite risk score (MRS) developed in the QCBio and tested in the QBB while adjusting for hemoglobin A1C yielded an odds ratio (OR) of 21.18 for the top quintile vs. the remaining quintiles.





Conclusions

Metabolomic profiling has the potential for the early detection of metabolic alterations that precede clinical symptoms of T2D and CHD in the presence of T2D. Risk scores showed great performance in predicting T2D and CHD, but longitudinal data are required to provide evidence for disease risk. Early detection allows timely interventions and improved management strategies for both T2D and CHD patients.
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1 Introduction

The number of people, who live with diabetes is quickly increasing globally, driven by many factors including ageing, urbanization, and the growing prevalence of obesity (1–3). Diabetes is estimated to affect more than 500 million people worldwide, with severe impacts on health and the economy (4). The prevalence of diabetes is continuously increasing worldwide, and it is expected that the number of patients with diabetes will approach 550 million by 2030 and 700 million by 2045 (5–7). However, the burden of Type 2 Diabetes (T2D) is not shared equally between different ethnic groups globally. Non-White ethnic populations are three-to-five times higher prevalence of T2D than people of White-European background (8). In the US several recent studies discussed disparities in the prevalence of diabetes (9–12). For example, Cheng et al. (10), showed that the Hispanic American adults having the highest prevalence with 22.1% followed by non-Hispanic Black with 20.4%, and non-Hispanic Asian American with 19.1% compared with the non-Hispanic White American adult population with 12.1%. South Asians ethnic populations develop T2D five-to-ten years earlier and possess higher risk of developing T2D compared to White European population (two-to six-fold) (13). Similarly, 9% of White European population are diagnosed with T2D under the age of 40 years compared with the Black African-Caribbean populations of 23% (14). The Middle East, North Africa, and especially the Gulf region show a high prevalence of diabetes, exceeding 17% in some countries, such as Qatar (4, 15). In addition, the incidence of young-onset diabetes is rapidly increasing in Gulf countries (all countries that have coasts in the Arabic Gulf, which includes Kuwait, Saudi Arabia, Bahrain, Qatar, Emirates, and Oman). These populations have high rates of metabolic syndrome at a young age, with a prevalence 10-15% higher than that in most developed countries (16). The etiology of type 2 diabetes (T2D) is complex and is associated with diverse complications (17–20). Individuals with T2D have greater cardiovascular morbidity and mortality, and the risk of cardiovascular disease (CVD) and CVD-related death is two to four times greater among T2D patients (21–23). A recent study showed that two-thirds of deaths in patients with T2D are caused by CVD (24). Furthermore, the risk of developing coronary heart disease (CHD) and heart failure (HF) in T2D patients increased two-to-four fold and two-to-eight fold, respectively (25–27). Prevention and early detection of T2D are crucial for improving treatment to avoid/delay major complications (28–31). T2D and CHD are partly caused by complex interactions between genetic and metabolic profiles (32–34). Metabolic alteration is the leading hallmark of diabetes, as it was assumed that T2D individuals’ metabolic pathways are affected and play an important role in their total metabolomic dysfunction (35, 36). For example, in one study Chen et al. (36), impaired glucose metabolic homeostasis led to hyperglycemia, which is a hallmark of diabetes mellitus. Numerous studies have investigated the associations between metabolites and T2D (30, 37, 38) and between metabolites and CHD (39–41). Stratification of metabolomics signatures of T2D patients with respect to CHD is important to shed light on the biological mechanisms of these two diseases. The relationship at the metabolomics level for T2D and CHD was studied previously (42), but to the best of our knowledge, this has rarely been examined for Middle Eastern populations. Hence, this is the first large-scale metabolomics study of T2D and CHD in a Qatari population, providing insights from an underrepresented region. The identification of differential metabolic profiles of T2D patients who have CHD vs. T2D patients who do not develop CHD may lead to therapeutic approaches to reduce the occurrence of CHD in T2D patients. In this study, we assessed the differences between the metabolomics profiles of T2D patients stratified by the absence or presence of CHD in a Middle Eastern (Qatari) dataset using univariate and multivariate analyses, pathways enrichment analysis, machine learning, and metabolite risk score analysis. Metabolomic data were generated by Metabolon for two cohorts collected by the Qatar BioBank [QBB, 2,710 samples, (43)] and Qatar Cardiovascular Biorepository (QCBio, 969 samples, (40, 44, 45).




2 Materials and methods



2.1 Study cohort

Our cross-sectional study included two cohorts: (1) the QBB cohort, which comprised 2,710 participants (272 T2D patients and 2,438 non-T2D controls), none with CHD based on the survey completed by participants, and (2) the QCBio cohort, which comprised 969 CHD patients (481 T2D patients and 488 non-T2D patients) (Supplementary Figure 1). CHD patients were identified from the Cardiac Catheterization Laboratory, Coronary Care Unit, and Heart Hospital Clinics at Hamad Medical Corporation (HMC), Doha, Qatar. Patients with a history of acute coronary syndrome or stable angina were included in the study (44). For patients with CHD and T2D, T2D occurs first. The study was approved by the Institutional Review Boards of HMC and QBB. Written informed consent was obtained from all patients before their participation. The cohorts’ characteristics are shown in Table 1. The diagnostic criteria used for identifying T2D and CHD were as follows: T2D status in QCBio cohort was defined as fasting blood glucose ≥ 126 mg/dL, random glucose ≥ 200 mg/dL, hemoglobin A1C ≥ 6.5%, or a prior diagnosis with oral hypoglycemic or insulin therapy. Within QBB cohort, patients with hemoglobin A1C ≥ 6.5% were considered to have T2D. The age at onset of both T2D and CHD was not available in our dataset, which prevented the analysis accounting for age at onset.


Table 1 | Cohorts characteristics.
	Cohort
Name
	Diabetes Status
	Gender
	Participants
N (%)
	Age, Mean
(SD) years
	P value
(Gender ∼ Age)
	BMI, Mean
(SD) kg.m−2
	P value
(Gender ∼ BMI)
	Hypertension



	QCBio
	T2D+
	Females
Males
All
	179 (37.21)
302 (62.79)
481 (100)
	59.07 (10.05)
58.96 (11.29)
59.01 (10.84)
	9.13E-01
	34.08 (6.38)
30.05 (5.11)
31.55 (5.93)
	1.63E-11
	148
243
391


	 
	T2D-
	Females
Males
	191 (39.14)
297 (60.86)
	44.57 (15.21)
47.64 (15.09)
	2.96E-02
	29.56 (5.04)
29.51 (4.86)
	9.12E-01
	41 (10 NA)
100 (12 NA)


	 
	 
	All
	488 (100)
	46.45 (15.20)
	 
	29.53 (4.93)
	 
	141 (22 NA)


	QBB
	T2D+
	Females
Males
All
	137 (50.37)
135 (49.63)
272 (100)
	53.59 (8.98)
48.81 (10.84)
51.22 (10.20)
	1.66E-04
	33.24 (6.24)
29.93 (5.52)
31.60 (6.12)
	2.05E-05
	NA


	 
	T2D-
	Females
Males
	1191 (48.85)
1247 (51.15)
	38.34 (11.88)
37.92 (10.65)
	3.51E-01
	28.82 (6.20)
28.40 (5.40)
	7.43E-02
	 


	 
	 
	All
	2438 (100)
	38.13 (11.57)
	 
	28.60 (5.81)
	 
	 





T2D status in the QCBio dataset was defined as fasting blood glucose ≥126 mg/dL, random glucose ≥ 200 mg/dL, hemoglobin A1C ≥ 6.5%, or a prior diagnosis with oral hypoglycemic or insulin therapy. Within controls, hemoglobin A1C ≥ 6.5% was used to define T2D patients. T2D+: T2D patient; T2D-: non-T2D patient. * is part of the metabolite name↑ increased, ↓decreased.



As indicated in Table 1, for QCBio cohort, the number of T2D patients was almost matched with non-T2D individuals and the females represent 38%, whereas the males represent 62%. For T2D patients, the age and BMI were statistically different between males vs females with P = 0.91 and P = 1.63 × 10−11, respectively. The number of hypertension individuals was 391 patients. For non-T2D individuals, the age and BMI were statistically different between males vs females with P = 0.03 and P = 0.91, respectively. The number of hypertension individuals was 141 patients. For QBB cohort, the number of T2D patients was 272, whereas the non-T2D individuals was 2,438. The gender distribution was equal between females and males. The age and BMI were statistically different between T2D for females vs males with P = 1.66 × 10−4 and P = 2.05 × 10−5, respectively, whereas P = 0.35 and P = 0.07, respectively for non-T2D individuals. None of the QBB cohort individuals has hypertension.




2.2 Metabolomics profiling and data quality control

Serum metabolites for the QCBio and QBB cohorts were jointly quantified by untargeted, ultrahigh-performance liquid chromatography-tandem mass spectrometry (UPLC-MS/MS) and curated by Metabolon Inc. We used the HD4 platform, which exactly mimics and is accredited by Metabolon Inc. More specifically, we used 96-well plates, with 40 samples per plate, each with 5 internal QCs, 3 blanks and 1 pooled sample prepared from the 144 samples, to check for any drift between plates (46, 47). The obtained data were normalized across batches to generate batch-normalized data and to correct for minor instrument technical variation that could occur from one batch to another. Each compound was corrected in instrument batch blocks by registering the medians of each batch to equal one and normalizing each data point proportionally. A total of 641 out of the 1,159 metabolites were analyzed from both cohorts in our study after standard quality control steps were performed by Ullah and his colleagues (40). Figure 1 shows the details of the selection process in both cohorts. Briefly, 296 metabolites and seven samples with > 20% missing data were discarded. Principal component analysis (PCA) was used to detect and remove 40 outliers from our dataset, with a criterion based on the first five principal component values falling outside the range of [µ ± 5 SD]. To mitigate the influence of extreme values in the metabolite data, metabolites were winsorized using 80% winsorization: values for a metabolite below the 10th percentile were set to the 10th percentile, and values above the 90th percentile were set to the 10th percentile. For more details, see Supplementary Material.

[image: Flowchart illustrating a filtration process for 4,000 samples. Starting with 1,001 cases, 2,999 controls, and 1,159 metabolites, the logic tree includes steps for unknown metabolites, data missingness over twenty percent, outliers, and unknown Type 2 Diabetes status. Outcomes include 222 metabolites filtered as unknown, 7 samples with 296 metabolites missing, 40 samples identified as outliers, and 274 samples with unknown diabetes status. The process concludes with 3,679 samples, including 969 cases, 2,710 controls, and 641 metabolites.]
Figure 1 | Study cohorts and quality control: workflow diagram indicates the selection process of individuals in both cohorts.




2.3 Statistical analysis

Statistical and machine learning analyses were performed with R software (version 4.1.2) and Python software (version 3.11.13) for both cohorts. The packages’ versions are detailed in Supplemental Material.



2.3.1 Univariate analysis

The first analysis was conducted to compare T2D vs non-T2D patients in the QCBio cohort, where 136 all individuals had CHD. The same analysis was performed in the QBB cohort as a replication stage for the QCBio results. The analysis was separately performed in each cohort using logistic regression, adjusting for age, sex, and body mass index (BMI) as covariates. The threshold chosen for the Bonferroni correction was< 7.8 × 10−5 (0.05/641). The effect size was used to identify the direction of the changes in the metabolite concentrations with respect to disease status. A metabolite has a positive effect size if its concentration was greater in T2D patients than in controls. Metabolites that were significantly associated with T2D in the QCBio cohort (CHD patients) but not in the QBB cohort were investigated to evaluate the interplay between T2D and CHD, and to explore the underlying biological mechanisms involved. The most significant metabolites were tested with several cardiometabolic traits: Glucose, HbA1C, and lipid traits (LDL, HDL, Triglycerides, and Total Cholesterol). This analysis was performed only in the QBB cohort because the tested traits were not available in the QCBio cohort. Alongside Bonferroni correction, we applied the Benjamini–Hochberg False Discovery Rate (FDR) procedure at a threshold of 0.05. This method calculates an adjusted value qifor each metabolite, representing the expected proportion of false positives among discoveries up to the ith ranked test. Unlike the conservative Bonferroni threshold (0.05/641 ∼ 7.8 × 10−5), which controls family-wise error, FDR is more flexible and allows greater power to detect true associations while still limiting false positives (48).





2.4 Machine learning-based predictive modeling

Machine learning (ML) models were used to predict the occurrence of T2D. Random Forest (RF), support vector machine (SVM), extreme gradient boosting (XGBoost), and linear discriminant analysis (LDA) methods were used. Details on the selection criteria for the ML models and the rationale behind the chosen settings can be found in the Supplementary Material. For both cohorts, the prediction was based on four settings (Figure 2):

[image: Flowchart depicting data processing and model training steps. Models include covariates only, metabolites only, and metabolites plus covariates, and topmetabolites plus covariates. Models include covariates only, metabolites only, and metabolites plus covariates. ElasticNet identifies important metabolites, splitting data into 10 groups, repeated 10 times, selecting 20 metabolites plus 3 covariates for the final model.]
Figure 2 | General overview of dataset splitting and different settings of models’ prediction.

	Covariates only: The model included only age, sex, and BMI.

	Metabolites only: The model included only the 641 metabolites.

	Metabolites + covariates: The model included both covariates and metabolites.

	Top metabolites + covariates: The model included the 20 most significant metabolites plus the covariates.



For all ML experiments, the samples were divided randomly into a training set (75%) and a testing set (25%). Ten-fold cross-validation was used in all ML models where all individuals in the training set were randomly splitted into ten equal-sized groups. Each group was treated separately as a test set, and the analysis was repeated ten times. The final predictive power was evaluated based on the average accuracy and the area under the curve (AUC) for all ten predictive models. For the potential implementation of these ML models in healthcare, selecting fewer metabolites in an ML model with good predictive power is more practical and cost efficient. Hence, a feature selection technique was applied to select the most important metabolites while preserving the performance of the ML model. ElasticNet (49), which is a combination of two regularization techniques, L2 regularization (used in ridge regression) and L1 regularization (used in LASSO), has been shown to outperform LASSO when the data are highly correlated. We followed the Zou and Hastie (49) procedure for feature selection using 10-fold cross-validation. The most important metabolites were used in the ML model, and the performance was assessed (top metabolites + covariates). In this process, we avoid overfitting by running ElasticNet method on the training dataset for all 641 metabolites and extracted the most important metabolites related to T2D. Then, the performance of this model was evaluated using these important metabolites in the testing dataset. Furthermore, to avoid bias due to imbalanced classes (e.g., the number of T2D patients was much smaller than that of non-T2D individuals), especially in the QBB cohort, we performed additional analyses by reducing the sample size of non-T2D individuals (100 random selections) and assessed the performance of the ML models using the average accuracy across 100 runs. In addition, we compared models trained with Synthetic Minority Over-sampling Technique (SMOTE) (50) to those trained without SMOTE (i.e., using the 100 random downsampling runs) on the QBB cohort. In general, SMOTE is a technique used to address severe class imbalance by generating synthetic minority samples. This allowed us to evaluate whether synthetic oversampling improved predictive performance or introduced potential overfitting due to the large class imbalance. The details of how we tackled the imbalanced dataset can be found in the Supplementary Material.




2.5 Metabolite correlation and pathway enrichment analysis

Pearson’s correlation (R) was utilized to measure the strength of correlation between the most significant metabolites. Pathway enrichment analysis was performed using MetaboAnalyst 6.0 (51) (https://www.metaboanalyst.ca/) to determine the biological pathways that are highly enriched in a metabolite list than would be anticipated in random setting. For compound matching purposes, we utilized the MetaboAnalyst 6.0 software to match the Human Metabolome Database IDs with the provided compounds. Three analyses were performed, selecting the significant metabolites after Bonferroni correction in 1) the QCBio dataset, 2) the QBB dataset, and 3) the metabolites that were associated with T2D in both cohorts. Metabolite pathways with False Discovery Rate (FDR) and P< 0.05 were selected.




2.6 Metabolite risk score analysis

We calculated the metabolite risk scores (MRSs) using the top 20 most important metabolites derived from ElasticNet algorithm. The ElasticNet approach will use the 641 metabolites and rank them based on their importance to predict T2D. MRS is calculated as an aggregated average of metabolite values and their pre-defined effect sizes. The effect sizes are estimated using ElasticNet in the training dataset, and evaluation of MRS performance is assessed in the testing dataset. AUC, OR per 1 SD increase, and OR for top decile/quintile vs the remaining deciles/quintiles are used as performance metrics. In addition, we developed two MRS scores. One in QCBio cohort and tested in the QBB cohort and the other one developed in QBB and evaluated in QCBio.





2.7 Code availability

The analysis was performed in R and Python, and the code is available upon request.





3 Results



3.1 Univariate analysis

In the QCBio cohort, 42 out of 641 metabolites were significantly different between T2D patients and non-T2D patients at P < 10−8
 (Table 2). These metabolites included 20 lipids, 10 amino acids, 8 carbohydrates, 2 peptides, and 2 xenobiotics. Twenty-seven metabolites (64.3%) were increased in T2D, and 15 metabolites (35.7%) were decreased. Thirty-six metabolites were replicated in the QBB cohort using the Bonferroni threshold (same effect size direction and P < 7.8 × 10−5
) (Table 2). When applying the FDR threshold of 0.05, 40 metabolites were replicated, leaving only glucuronate and N6-carboxymethyllysine as nonsignificant. This demonstrates that while the strict Bonferroni criterion identifies a robust subset of associations, the FDR procedure, by accounting for correlation structure among metabolites, recovers additional biologically consistent signals. Among the replicated metabolites in QBB, 1,5-anhydroglucitol (1,5-AG) (P = 1.33 × 10−68
 [-5.20, -4.16] in QBB), glucose (P = 7.14 × 10−57
 [4.09, 5.23] in QBB), mannose (P = 2.61 × 10−54
 [2.68, 3.45] in QBB), methylsuccinoylcarnitine (P = 1.2 × 10−45
 [1.22, 1.61] in QBB), and fructosyllysine (P = 1.38 × 10−35
 [1.80, 2.46] in QBB) were detected (Table 2). The 6 non-replicated metabolites were N6-carboxymethyllysine (P = 0.38 [-0.09, 0.33]), glucuronate (P = 0.16 and β = 0.17 [-0.06, 0.41]), 2-aminoheptanoate (P = 0.015 [0.06, 0.64]), phenylacetylglutamine (P = 7.2 × 10−3
 [0.04, 0.33]), prolylglycine (P = 1.72 × 10−3
 [0.11, 0.42]), and ribulonate/xylulonate/lyxonate* (P = 4.14 × 10−4
 [0.19, 0.69]) (Tables 2, 3).


Table 2 | The significant metabolite in the QCBio cohort with P< 10−8 and their corresponding results in the QBB cohort.
	Biochemical
	QCBio
	QBB
	QBB-Lipids


	β
	P
	FDR qi
	95% CI
	β
	P
	FDR qi
	95% CI
	β
	P



	Amino Acids
	methylsuccinoylcarnitine (↑)
	0.74
	1.09E-18
	3.12E-04
	[0.58 – 0.90]
	1.44
	1.20E-45
	4.68E-04
	[1.22 – 1.61]
	1.41
	3.53E-43


	fructosyllysine (↑)
	1.28
	1.29E-16
	4.68E-04
	[0.98 – 1.59]
	2.12
	1.38E-35
	6.24E-04
	[1.80 –.2.46]
	2.04
	7.03E-33


	1-carboxyethylphenylalanine (↑)
	0.48
	2.40E-14
	6.24E-04
	[0.36 – 0.60]
	0.76
	1.71E-19
	1.56E-03
	[0.59 – 0.91]
	0.72
	2.84E-17


	N,N,N-trimethyl-5-aminovalerate (↑)
	0.96
	1.09E-13.
	7.02E-04
	[0.71 – 1.22]
	1.24
	4.26E-15
	3.20E-03
	[0.89 – 1.50]
	1.22
	1.48E-14


	2-hydroxybutyrate/2-hydroxyisobutyrate(↑)
	0.71
	5.51E-13.
	8.58E-04
	[0.53 – 0.91]
	0.98
	1.20E-26
	7.80E-04
	[0.79 – 1.15]
	0.95
	5.40E-25


	3-methyl-2-oxovalerate (↑)
	1.17
	5.20E-11
	1.33E-03
	[0.79 – 1.47]
	1.85
	3.87E-19
	1.64E-03
	[1.27 – 1.99]
	1.78
	2.69E-17


	1-carboxyethylvaline (↑)
	0.45
	1.54E-10
	1.48E-03
	[0.32 – 0.59]
	0.79
	2.59E-18
	1.79E-03
	[0.62 – 0.96]
	0.76
	8.57E-17


	6 bromotryptophan (↓)
	-1.43
	5.39E-10
	1.87E-03
	[-1.90 – -0.99]
	-2.73
	4.76E-22
	1.09E-03
	[-3.25 – -2.15]
	-2.78
	2.49E-22


	3-methyl-2-oxobutyrate (↑)
	1.36
	3.84E-09
	2.34E-03
	[0.91 – 1.80]
	2.52
	1.27E-20
	1.33E-03
	[1.89 – 2.89]
	2.46
	3.26E-19


	4-methyl-2-oxopentanoate (↑)
	0.95
	2.15E-08
	2.81E-03
	[0.61 – 1.25]
	1.51
	2.50E-15
	2.89E-03
	[1.02 – 1.70]
	1.47
	3.71E-14


	Carbohydrates
	1,5-anhydroglucitol (1,5-AG) (↓)
	-2.15
	9.82E-33
	7.80E-05
	[-2.51 – -1.80]
	-4.64
	1.33E-68
	7.80E-05
	[-5.20 – -4.16]
	-4.68
	4.40E-67


	glucose (↑)
	1.7
	3.26E-29
	1.56E-04
	[1.41 – 2.00]
	4.68
	7.14E-57
	1.56E-04
	[4.09 – 5.23]
	4.64
	2.99E-55


	mannose (↑)
	1.76
	1.01E-27
	2.34E-04
	[1.45 – 2.09]
	3.05
	2.61E-54
	3.12E-04
	[2.68 – 3.45]
	2.97
	7.85E-52


	erythronate* (↑)
	1.07
	2.24E-11
	1.09E-03
	[0.77 – 1.40]
	1.7
	7.68E-14
	3.82E-03
	[1.28 – 2.17]
	1.68
	1.63E-13


	fructose (↑)
	0.81
	3.38E-11
	1.17E-03
	[0.57 – 1.05]
	3.15
	2.25E-55
	2.34E-04
	[2.77 – 3.56]
	3.13
	9.74E-54


	ribulonate/xylulonate/lyxonate* (↑)
	0.72
	6.62E-10
	1.95E-03
	[0.49 – 0.94]
	0.46
	4.14E-04
	1.61E-02
	[0.19 – 0.69]
	0.46
	4.41E-04


	glucuronate (↑)
	0.62
	2.57E-09
	2.18E-03
	[0.42 – 0.83]
	0.17
	1.63E-01
	3.17E-02
	[-0.06 – 0.41]
	0.18
	1.39E-01


	N6-carboxymethyllysine (↑)
	0.37
	2.24E-08
	2.89E-03
	[0.25 – 0.51]
	0.1
	3.80E-01
	3.87E-02
	[-0.09 – 0.33]
	0.07
	4.77E-01


	Lipids
	sphingomyelin (d18:2/24:2)* (↓)
	-1.74
	1.12E-13
	7.80E-04
	[-2.04 – -1.18]
	-2.59
	1.88E-21
	1.17E-03
	[-2.93 – -1.92]
	-2.48
	9.00E-20


	sphingomyelin (d18:1/20:1, d18:2/20:0)* (↓)
	-2.11
	1.56E-11
	9.36E-04
	[-2.56 – -1.40]
	-2.57
	3.17E-15
	3.12E-03
	[-3.10 – -1.88]
	-2.42
	8.91E-14


	3-hydroxyoctanoate (↑)
	0.51
	2.23E-11
	1.01E-03
	[0.37 – 0.67]
	0.5
	1.43E-09
	6.86E-03
	[0.34 – 0.66]
	0.48
	6.38E-09


	1-(1-enyl-palmitoyl)-GPC (P-16:0)* (↓)
	-1.26
	3.57E-11
	1.25E-03
	[-1.62 – -0.89]
	-1.94
	6.30E-15
	3.28E-03
	[-2.45 – -1.48]
	-1.79
	8.23E-13


	sphingomyelin (d18:2/24:1, d18:1/24:2)* (↓)
	-1.73
	8.17E-11
	1.40E-03
	[-2.17 – -1.17]
	-2.9
	1.29E-19
	1.48E-03
	[-3.43 – -2.22]
	-2.78
	2.97E-18


	sphingomyelin (d18:2/14:0, d18:1/14:1)* (↓)
	-1.35
	3.73E-10
	1.64E-03
	[-1.60 – -0.82]
	-1.84
	7.89E-15
	3.35E-03
	[-2.04 – -1.21]
	-1.79
	2.88E-14


	lactosyl-N-palmitoyl-sphingosine (d18:1/16:0) (↓)
	-1.58
	3.74E-10
	1.72E-03
	[-2.08 – -1.10]
	-1.7
	5.78E-10
	6.55E-03
	[-2.27 – -1.19]
	-1.67
	1.43E-09


	sphingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)* (↓)
	-1.54
	5.35E-10
	1.79E-03
	[-1.90 – -0.98]
	-2.29
	1.68E-16
	2.34E-03
	[-2.65 – -1.64]
	-2.2
	1.93E-15


	deoxycholic acid 12-sulfate* (↑)
	0.27
	1.49E-09
	2.03E-03
	[0.18 – 0.36]
	0.29
	5.25E-16
	2.57E-03
	[0.22 – 0.36]
	0.28
	9.63E-15


	3-hydroxydecanoate (↑)
	0.39
	2.53E-09
	2.11E-03
	[0.26 – 0.52]
	0.66
	2.90E-12
	4.84E-03
	[0.47 – 0.83]
	0.64
	1.44E-11


	1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)* (↓)
	-0.99
	3.02E-09
	2.26E-03
	[-1.32 – -0.67]
	-1.47
	8.21E-16
	2.65E-03
	[-1.84 – -1.13]
	-1.43
	1.54E-14


	1-stearoyl-2-arachidonoyl-GPE (18:0/20:4) (↑)
	0.66
	4.93E-09
	2.42E-03
	[0.43 – 0.87]
	1.02
	8.36E-17
	2.26E-03
	[0.72 – 1.19]
	0.92
	1.18E-12


	sphingomyelin (d18:2/23:1)* (↓)
	-1.22
	5.44E-09
	2.50E-03
	[-1.56 – -0.78]
	-1.69
	3.17E-13
	4.13E-03
	[-2.03 – -1.18]
	-1.65
	6.99E-13


	1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)* (↑)
	0.52
	5.49E-09
	2.57E-03
	[0.33 – 0.68]
	0.96
	1.31E-23
	9.36E-04
	[0.72 – 1.09]
	0.89
	1.10E-18


	sphingomyelin (d18:2/18:1)* (↓)
	-1.42
	5.94E-09
	2.65E-03
	[-1.80 – -0.89]
	-1.82
	1.23E-12
	4.52E-03
	[-2.25 – -1.29]
	-1.75
	6.22E-12


	2-aminoheptanoate (↑)
	0.73
	1.30E-08
	2.73E-03
	[0.48 – 0.98]
	0.35
	1.53E-02
	2.29E-02
	[0.06 – 0.64]
	0.36
	1.48E-02


	sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)* (↓)
	-0.91
	2.72E-08
	2.96E-03
	[-1.17 – -0.56]
	-1.38
	1.47E-15
	2.81E-03
	[-1.62 – -0.98]
	-1.36
	7.68E-15


	1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)* (↓)
	-1.23
	3.95E-08
	3.04E-03
	[-1.67 – -0.80]
	-1.38
	1.44E-09
	6.94E-03
	[-1.85 – -0.95]
	-1.24
	5.77E-08


	1-palmitoyl-2-docosahexaenoyl-GPE (16:0/22:6)* (↑)
	0.39
	5.95E-08
	3.20E-03
	[0.24 – 0.52]
	0.51
	8.32E-12
	5.07E-03
	[0.34 – 0.62]
	0.45
	6.13E-09


	1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)* (↓)
	-1.15
	5.99E-08
	3.28E-03
	[-1.57 – -0.75]
	-1.69
	1.19E-13
	4.06E-03
	[-2.16 – -1.27]
	-1.56
	1.73E-11


	Peptides
	phenylacetylglutamine (↑)
	0.36
	2.74E-10
	1.56E-03
	[0.26 – 0.48]
	0.2
	7.20E-03
	2.10E-02
	[0.04 – 0.33]
	0.21
	4.80E-03


	prolylglycine (↑)
	0.39
	4.52E-08
	3.12E-03
	[0.26 – 0.54]
	0.25
	1.72E-03
	1.84E-02
	[0.11 – 0.42]
	0.23
	4.05E-03


	Xenobiotics
	mannonate* (↑)
	0.99
	3.06E-17
	3.90E-04
	[0.77 – 1.23]
	2.34
	2.11E-47
	3.90E-04
	[2.04 – 2.67]
	2.29
	6.88E-45


	gluconate (↑)
	0.92
	2.02E-15
	5.46E-04
	[0.69 – 1.14]
	1.9
	2.07E-41
	5.46E-04
	[1.58 – 2.13]
	1.88
	4.03E-40





The β and P values come from the regression models (effect sizes and P-values); QBB-Lipids is the analysis that includes LDL, HDL, Total cholesterol, and Triglycerides as covariates. Underlined metabolites are not associated with Bonferroni significance threshold. * is part of the metabolite name.




Table 3 | The list of metabolites that were exclusively significant with T2D in only one cohort. .
	Biochemical
	QCBio
	
	QBB
	HbA1C
	Glucose
	
	LDL
	
	HDL
	Triglyceride
	Total cholesterol


	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P



	Significant in QBB but not in QCBio


	gamma-glutamylglutamine
	0.10
	5.12E-01
	-2.61
	1.79E-20
	-0.43
	4.07E-02
	-0.22
	4.03E-19
	-0.16
	4.19E-02
	0.04
	1.35E-01
	-0.48
	1.87E-18
	-0.33
	1.01E-07


	gamma-glutamylthreonine
	-0.16
	4.02E-01
	-2.66
	1.47E-17
	-0.29
	1.73E-01
	-0.13
	2.30E-07
	-0.16
	4.97E-03
	-0.04
	1.20E-01
	-0.15
	8.97E-03
	-0.26
	5.70E-05


	glutamine
	0.30
	2.68E-01
	-4.87
	1.43E-18
	-1.15
	7.03E-03
	-0.32
	4.30E-10
	-0.06
	6.02E-01
	-0.11
	2.68E-02
	-0.52
	2.57E-06
	-0.39
	1.79E-03


	pseudouridine
	0.26
	1.37E-01
	-3.27
	3.81E-18
	-0.25
	3.82E-01
	-0.23
	5.60E-11
	-0.02
	8.07E-01
	-0.08
	2.71E-02
	0.29
	1.34E-04
	0.029
	7.55E-01


	3-(3-amino-3-carboxypropyl)uridine*
	0.17
	1.22E-01
	-1.96
	2.18E-17
	-0.30
	1.04E-01
	-0.12
	2.30E-07
	0.03
	5.78E-01
	-0.14
	2.70E-11
	0.28
	5.63E-09
	0.005
	9.23E-01


	N,N,N-trimethyl-alanylproline betaine (TMAP)
	0.26
	6.88E-02
	-2.49
	3.09E-15
	0.29
	1.12E-01
	-0.024
	2.80E-01
	0.24
	2.47E-06
	-0.29
	9.92E-42
	0.28
	3.43E-09
	0.07
	1.92E-01


	3-methoxytyrosine
	-0.37
	3.17E-02
	-3.38
	4.19E-25
	-0.49
	1.93E-02
	-0.17
	6.60.E-12
	-0.12
	4.32E-02
	0.04
	1.31E-01
	-0.33
	1.56E-09
	-0.21
	7.55E-04


	gamma-glutamylcitrulline*
	-0.28
	1.53E-02
	-1.98
	4.18E-22
	-0.34
	2.24E-02
	-0.11
	4.20E-10
	-0.008
	8.46E-01
	0.10
	6.98E-09
	-0.25
	1.77E-10
	-0.015
	7.30E-01


	choline phosphate
	0.61
	1.41E-02
	2.99
	6.55E-17
	1.76
	1.67E-08
	0.43
	1.40E-30
	0.45
	1.87E-07
	0.05
	1.82E-01
	0.61
	6.88E-14
	0.78
	7.76E-17


	pyruvate
	0.43
	1.43E-03
	2.87
	4.92E-28
	1.32
	2.26E-08
	0.61
	1.40E-107
	0.11
	1.05E-01
	-0.25
	1.19E-19
	1.04
	8.72E-66
	0.30
	2.31E-05


	methyl glucopyranoside (alpha + beta)
	-0.12
	1.04E-03
	-0.74
	2.62E-15
	-0.02
	6.97E-01
	-0.022
	2.50E-09
	-0.009
	2.33E-01
	0.003
	3.99E-01
	0.001
	8.56E-01
	-0.008
	3.49E-01


	1-palmitoyl-GPE (16:0)
	0.48
	8.12E-05
	1.01
	1.00E-15
	0.51
	1.92E-05
	0.16
	5.20E-28
	0.19
	9.53E-09
	0.004
	7.90E-01
	0.79
	6.22E-156
	0.53
	6.10E-51


	Significant in QCBio but not in QBB


	N6-carboxymethyllysine
	0.37
	2.24E-08
	0.10
	3.80E-01
	0.32
	7.17E-04
	0.023
	4.60E-02
	0.04
	9.22E-02
	-0.02
	3.56E-02
	0.06
	2.53E-02
	0.04
	1.47E-01


	glucuronate
	0.62
	2.57E-09
	0.17
	1.63E-01
	0.33
	4.10E-03
	0.16
	1.80E-32
	-0.02
	5.89E-01
	-0.03
	3.88E-02
	0.22
	2.75E-13
	0.05
	1.33E-01


	2-aminoheptanoate
	0.73
	1.30E-08
	0.35
	1.53E-02
	0.10
	4.46E-01
	0.087
	8.80E-08
	-0.22
	3.79E-09
	-0.05
	1.29E-03
	0.005
	8.93E-01
	-0.26
	1.31E-10


	phenylacetylglutamine
	0.36
	2.74E-10
	0.20
	7.20E-03
	0.25
	1.06E-03
	0.041
	1.30E-05
	-0.04
	7.53E-02
	0.03
	1.95E-03
	-0.02
	3.02E-01
	-0.02
	5.00E-01


	prolylglycine
	0.39
	4.52E-08
	0.25
	1.72E-03
	0.09
	2.24E-01
	0.061
	1.60E-10
	-0.06
	5.25E-03
	-0.07
	6.37E-15
	0.25
	1.22E-34
	-0.03
	2.67E-01


	ribulonate/xylulonate/lyxonate*
	0.72
	6.62E-10
	0.46
	4.14E-04
	0.19
	1.06E-01
	0.18
	2.20E-34
	-0.12
	5.99E-04
	0.001
	9.31E-01
	0.09
	3.25E-03
	-0.08
	3.90E-02





The columns of HbA1C, Glucose, LDL, HDL, Triglycerides, and Total Cholesterol show the results of association between the listed metabolites and these cardiometabolic traits in the QBB cohort only. Underlined metabolites are not associated with Bonferroni significance threshold.



Additionally, to assess the robustness of the observed metabolites with respect to lipid profiles, we performed a univariate analysis in the QBB cohort and adjusted for LDL, HDL, Triglycerides, and Total cholesterol. The results remained largely unchanged (Table 2). The significance of the top 42 metabolites in the QBB cohort ranged between 1.33 × 10−68
 and 6.3 × 10−15
 (Supplementary Table 1). The 5 most significant metabolites were 1,5-anhydroglucitol (1,5-AG), glucose, fructose, mannose, andmannonate* (Supplementary Table 1). These 5 metabolites were all significant in the QCBio cohort, all having P < 3.38 × 10−11
 and the same effect size direction (Supplementary Table 1). Twelve out of 42 metabolites did not pass the Bonferronithreshold (P < 7.8 × 10−5
), and 6 were not nominally significant in the QCBio data (P < 0.05): N,N,N-trimethyl-alanylproline betaine (TMAP), 3-(3-amino-3-carboxypropyl)uridine*, pseudouridine, glutamine, gamma-glutamylthreonine, and gamma-glutamylglutamine (Table 3). All 6 metabolites showed opposite effect sizes in QBB vs QCBio (negative in the QBB cohort and positive in the QCBio cohort; Table 3), except for gamma-glutamylthreonine (negative effect size in both datasets).




3.2 Association between top metabolites and cardiometabolic traits

We tested the association between the most significant metabolites obtained in the QCBio cohort with several cardiometabolic traits: Glucose, HbA1C, LDL, HDL, Triglycerides, and total cholesterol (Table 3 and Online Supplementary Table 1). Glucose was associated with 40 of the 42 metabolites after Bonferroni correction (Online Supplementary Table 1). The highest evidence of association was expectedly observed for carbohydrates (e.g., fructose and mannose both with P< 10−300, Online Supplementary Table 1). HbA1C was associated with 20 of the 42 metabolites, with all amino acid metabolites being significant except 6-bromotryptophan, which was nominally significant (P = 6.28 × 10−4; Online Supplementary Table 1). Only 4 out of 20 lipid metabolites were associated with HbA1C using Bonferroni significance. On the other hand, for LDL and total cholesterol, 23 and 22 metabolites were significant, respectively (Online Supplementary Table 1). All carbohydrates did not show significant associations for both traits (Online Supplementary Table 1). Only two lipid metabolites were not significantly associated with LDL and total cholesterol (deoxycholic acid 12-sulfate* and 3-hydroxydecanoate; Online Supplementary Table 1). LDL and total cholesterol were not associated with the 4 peptide and xenobiotics metabolites (Online Supplementary Table 1). Triglyceride levels were associated with 33 of the 42 metabolites across the 4 classes of metabolites (Online Supplementary Table 1). Interestingly for N6-carboxymethyllysine, which was associated with T2D only in the cohort with CHD patients, no significant association was observed with any of the considered cardiometabolic traits (Online Supplementary Table 1).




3.3 Metabolite correlation and pathway enrichment analysis

Pearson’s correlation was calculated between the top 42 metabolites separately in QCBio and QBB cohorts (Figure 3). In both datasets, two main groups of metabolites with positive correlations were observed. These groups contained the same set of metabolites in both datasets (Figure 3). The largest group of correlated metabolites contained the 8 sphingomyelin metabolites (Figure 3). Mannose, glucose, and fructose were negatively correlated with 1,5-anhydroglucitol (1,5-AG) (Figure 3). This is concordant with the opposite direction effect sizes with T2D (e.g., increase of glucose was associated with an increased risk of T2D whereas increase of 1,5-anhydroglucitol (1,5-AG) was associated with a decreased risk of T2D) (Online Supplementary Table 1). Mannose, glucose, fructose, methylsuccinoylcarnitine, gluconate, mannonate*, and eryhtronate* expectedly formed a group of positively correlated metabolites.

[image: Two heatmaps labeled (A) QCBio and (B) QBB show hierarchical clustering and correlation data for different metabolites. Each heatmap has a dendrogram on the left indicating hierarchical relationships. The metabolites are listed on the right and bottom, with color gradients from red to blue representing correlation strength.]
Figure 3 | A heat map representation of Pearson’s correlation matrix of top-42 metabolites in (A) QCBio and (B) QBB cohorts. Correlations among metabolites were obtained by deriving a Pearson’s correlation coefficient between each pair of metabolites. The color scheme corresponds to correlation direction (red: positive and blue: negative).

Five pathways were obtained in the QCBio dataset Table 4). The most significant pathway was Valine, leucine and isoleucine biosynthesis (FDR P = 1.69 × 10−4). Galactose metabolism, Valine, leucine and isoleucine degradation, Fructose and mannose metabolism, and Pantothenate and CoA biosynthesis were also significant with FDR P< 0.05. The results from the QCBio and QBB common metabolites yielded 3 significant pathways, which were also present in the QCBio analysis (Valine, leucine and isoleucine degradation and biosynthesis, and galactose metabolism; Table 4). In the QBB dataset, only Valine, leucine and isoleucine biosynthesis was common with previous analysis (Table 4). Arginine biosynthesis, Alanine, aspartate and glutamate metabolism, Glyoxylate and dicarboxylate metabolism, and Glycerophospholipid metabolism were the remaining significant pathways (FDR P< 0.05; Table 4).


Table 4 | Pathway enrichment analysis using MetaboAnalyst 6.0.
	Metabolite Set
	Total
	Hits
	FDR P



	QCBio


	Valine, leucine and isoleucine biosynthesis
	8
	4
	1.69E-04


	Galactose metabolism
	27
	4
	0.0178


	Valine, leucine and isoleucine degradation
	39
	4
	0.0395


	Fructose and mannose metabolism
	20
	3
	0.0395


	Pantothenate and CoA biosynthesis
	20
	3
	0.0395


	QBB


	Valine, leucine and isoleucine biosynthesis
	8
	5
	3.91E-05


	Arginine biosynthesis
	14
	6
	3.91E-05


	Alanine, aspartate and glutamate metabolism
	28
	6
	0.00242


	Glyoxylate and dicarboxylate metabolism
	31
	5
	0.0296


	Glycerophospholipid metabolism
	36
	5
	0.0472


	QCBio + QBB


	Valine, leucine and isoleucine biosynthesis
	8
	4
	2.36E-05


	Valine, leucine and isoleucine degradation
	39
	4
	0.0118


	Galactose metabolism
	27
	3
	0.0411





Total: the number of metabolites in the set; Hits: the number of metabolites intersecting with our top metabolites and the metabolite set; FDR P: the FDR corrected P value; QCBio + QBB signifies the analysis that included metabolites observed in both cohorts; Colors shows the common results between analyses.






3.4 Sensitivity analysis and robustness

Although age was added as a covariate to mitigate the age difference between T2D patients and controls in the QBB cohort, we ran further analysis by selecting an age matched non-T2D set from the QBB cohort. Forty-one of the top 42 metabolites identified in the full data analysis remained significant (Supplementary Table 1). Additionally, to further address the large sample size difference between the T2D and non-T2D groups in the QBB cohort, we randomly selected 272 non-T2D individuals from the QBB cohort and ran the analysis (with covariates) 100 times. We found that 41 metabolites were always significantly different according to the Bonferroni threshold across the 100 runs (Supplementary Table 1).

Furthermore, we performed another analysis on the QBB cohort that considered AGEs. Since AGEs play an important role in the pathogenesis of chronic complications of diabetes and are closely related to blood lipids, we performed univariate analysis between AGEs and LDL, HDL, and total cholesterol in the QBB cohort. Our results did not show significant differences between AGEs and lipids (Supplementary Table 2).




3.5 Machine learning-based predictive modeling



3.5.1 Binary classification of T2D

In the QCBio cohort, SVM showed the highest performance based on the AUC for all ML models except for the top metabolites + covariates model, where it was outperformed by LDA (AUC = 0.904 for LDA vs 0.878 for SVM; Figure 4A). The RF and SVM performances were similar, which made them the preferred predictive ML models. For SVM, the metabolites only, metabolites + covariates, and top metabolites + covariates models yielded similar AUCs (0.885, 0.886, and 0.878, respectively; Figure 4A). In the QBB cohort, similar trends were observed in both analyses (balanced and imbalanced data): adding covariates did not significantly improve the performance, choosing the top 20 metabolites showed comparable performance to the full model with a slight decrease in performance, and RF and SVM showed the highest performances (AUCs > 0.93; Figure 4B).

[image: Bar charts comparing AUC values for different models in two datasets: (A) QCBio and (B) QBB. Each chart shows four groups: covariates only, metabolites only, metabolites plus covariates, and top metabolites plus covariates, evaluated using RF, SVM, XGBoost, and LDA models. AUC scores range from approximately 55 to 98 across the models.]
Figure 4 | AUC of various ML models to predict T2D for 4 different settings. The ML models, RF, SVM, XGboost, and LDA are presented on the X-axis. Y-axis is the AUC. The numbers on top of each bar are the actual AUC values (in %). The bars from left to right of each model, colored as ice blue represent the Covariates only setting; light blue represent Metabolites only setting; cyan represent Metabolites and covariates setting; and dark blue represent Top 20 metabolites + covariates setting. (A) The AUC was computed in the QCBio cohort; and (B) The AUC was computed in the QBB cohort.

The performance of XGBoost and LDA was much lower than that of SVM and RF for most models, and the AUC difference with the best model exceeded 0.2 (i.e., LDA vs SVM in the QCBio cohort for the Metabolites + covariates model; Figure 4A). In terms of accuracy, SVM and RF for the metabolites + covariates and top metabolites + covariates models showed accuracies greater than 80% in the QCBio cohort and greater than 87% in the QBB cohort (Supplementary Figure 2).

In the QBB cohort, we contrasted our baseline no-SMOTE approach with models trained with SMOTE (Supplementary Material Figure 3). Across all four feature sets, SMOTE did not produce a systematic improvement in AUC. Without SMOTE, the leading algorithms were LDA (covariates only), SVM (metabolites only), SVM (metabolites + covariates), and RF (top metabolites + covariates). With SMOTE, the best methods shifted slightly to LDA, RF, RF, and SVM, respectively, but their AUCs were very close to those of the corresponding no-SMOTE leaders. These results indicate that our undersampling-with replication strategy provides equal or better predictive accuracy than SMOTE while limiting the risk of overfitting.

Among the top 20 metabolites selected by the ElasticNet algorithm for both QCBio and QBB, five metabolites were common in both cohorts: 1,5-anhydroglucitol (1,5-AG), mannose, glucose, acisoga, and N,N,N-trimethyl-5-aminovalerate (Figure 5). Eight and nine metabolites had negative effect sizes in QCBio and QBB, respectively (Figure 5). The effect sizes were relatively larger in the QBB cohort (e.g., the effect size of 1,5-anhydroglucitol (1,5-AG) was -0.92 in QCBio vs -1.76 in QBB; 0.32 for glucose in QCBio and 1.63 in QBB). The use of ElasticNet to select the 20 most important metabolites did not decrease the accuracy of the ML models in predicting T2D in either cohort. We compared all ML algorithms quantitatively using the DeLong test to compare AUCs. For both cohorts, the AUCs of XGBoost were significantly different from those of other ML algorithms, whereas the AUCs of RF, SVM, and LDA were not significantly different (Supplementary Table 3).

[image: Two bar charts labeled (A) QCBio and (B) QBB. Both show metabolites on the y-axis and coefficient values on the x-axis, ranging from -2 to 2. Positive and negative coefficients are indicated with bars, some highlighted in blue.]
Figure 5 | The effect size of the 20 most important metabolites for each cohort. The effect size is presented in the X-axis. Metabolite names are presented in the Y-axis. The dark blue bars represent a positive effect, while the light blue ones represent a negative effect. The numbers in the right Y-axis represent the rank of the metabolite in the other cohort. (A) Metabolite effect size on QCBio cohort; and (B) Metabolite effect size on QBB cohort.





3.6 Metabolite risk score to predict T2D

In each cohort, one model was developed in the training dataset and evaluated in the testing dataset. Both models performed well in discriminating T2D patients. The odds ratios (ORs) were 2.153 (P = 1.2 × 10−15
) and 2.32 (P = 2.91 × 10−20
) for QCBio and QBB, respectively (Figures 6A, B). The AUC was greater in QBB (0.958 for QBB vs 0.872 for QCBio; Figures 6A, B). We also developed an MRS in one cohort and evaluated its performance in the other cohort. The MRSdeveloped in QCBio and tested in QBB (MRSqcbio
) performed much better than the MRS developed in QBB and tested in QCBio (MRSqbb
) (Figures 6C, D). The OR for MRSqcbio
 was 10.52 (AUC = 0.934, P = 2.27 × 10−85
; Figure fFig: MRS C). The OR for MRSqbb
 was 6.285 (AUC = 0.863, P = 1.1 × 10−53
; Figure 6D). To evaluate the robustness of the MRSqcbio
 results with respect to the lower number of T2D+ |CHD- individuals (N = 272) compared to that of T2D- |CHD- individuals (N = 2,438), we selected 272 individuals from the T2D- |CHD- group and tested MRSqcbio
. The performance improved, and the OR was 19.334 [11.921 - 31.357] (Supplementary Figure 4). The OR of the top quintile vs remaining quintiles of MRSqbb
 tested in the QCBio data was 24.77 (P = 4.58 × 10−54
) (Supplementary Table 4). Adjusting the model for HbA1C decreased the OR to 21.18 (Supplementary Table 4). Removing the 3 metabolites with the highest coefficients (i.e., 1,5-anhydroglucitol (1,5-AG), mannose, and glucose) led to ORs of 5.96 and 9.26 when accounting for HbA1C vs not accounting for HbA1C, respectively (Supplementary Table 4). After splitting by deciles, the ORs were expectedly greater than those after splitting by quintiles (OR = 31.87 for the decile model vs 24.77 for the quintile model) (Supplementary Table 4). The list of metabolites that were used for MRSqcbio
 and MRSqbb
 and their effect sizes are shown in Table 5. Furthermore, we ran an extra analysis to test the association between risk scores and HbA1C in non-diabetic individuals. The aim of this analysis was to determine whether these risk scores could be valuable for predicting the latent variable that is commonly used to define T2D. Hence, we used the QBB dataset after removing T2D patients (2,438 individuals). Then, we ran regression analysis between MRS and HbA1C in non-T2D patients including covariates (sex, age, and BMI). The analysis revealed a significant association (P = 3.09 × 10−7
) and a positive correlation between HbA1C and risk scores (data 345 not shown).

[image: Four density plots labeled A to D compare CHD positive and negative groups with T2D status across datasets. Plot A shows QCBio with an odds ratio of 2.153. Plot B depicts QBB with an odds ratio of 2.32. Plot C presents QCBio model on QBB with covariates, showing an odds ratio of 10.52. Plot D illustrates QBB model onQCBio with covariates with an odds ratio of 6.285. Legends, AUC values, and p-values are provided for each plot.]
Figure 6 | Distribution of the metabolite risk scores (MRS) for each of the reported classes. In top-right we report the OR value, AUC (0–1 scale), and the P value. For (C, D) the model is trained in one of the cohorts and tested in the other. Covariates (Gender, BMI, Age) are included in the model. (A) The MRS was computed in the QCBio dataset and tested in the QCBio dataset. Light blue represents the patients with both diseases (CHD+T2D+) and dark blue represents the CHD patients (CHD+T2D-); and (B) The MRS was computed in the QBB dataset and tested in the QBB dataset. Light blue represents the T2D patients (CHD-T2D+) and dark blue represents the healthy individuals (CHD-T2D-). (C) The MRS was computed in the QCBio dataset and tested in the QBB dataset. Light blue represents the T2D patients (CHD-T2D+) and dark blue represents the healthy individuals (CHD-T2D-); and (D) The MRS was computed in the QBB dataset and tested in the QCBio dataset. Light blue represents the patients with both diseases (CHD+T2D+) and dark blue represents the CHD patients (CHD+T2D-).


Table 5 | The list of top 20 metabolites in the metabolite risk score developed in QCBio and QBB.
	MRSqcbio
	MRSqbb


	Metabolite name
	Effect size
	Metabolite name
	Effect size



	1,5-anhydroglucitol (1,5-AG)
	-0.920
	1,5-anhydroglucitol (1,5-AG)
	-1.758


	lactosyl-N-palmitoyl-sphingosine(d18:1/16:0)
	-0.332
	3-methoxytyrosine
	-0.967


	N6,N6,N6-trimethyllysine
	-0.156
	6-bromotryptophan
	-0.373


	1-stearoyl-GPC (18:0)
	-0.155
	N6-acetyllysine
	-0.348


	sphingomyelin (d18:2/18:1)*
	-0.120
	3-aminoisobutyrate
	-0.265


	1-(1-enyl-oleoyl)-GPE (P-18:1)*
	-0.064
	1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)*
	-0.249


	androstenediol (3alpha, 17alpha) monosulfate (2)
	-0.038
	N-acetylserine
	-0.191


	taurine
	-0.032
	1-stearoyl-2-linoleoyl-GPI (18:0/18:2)
	-0.178


	isoursodeoxycholate
	0.027
	gamma-glutamylcitrulline*
	-0.177


	indoleacetylglutamine
	0.028
	1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)*
	0.254


	N6-carboxymethyllysine
	0.045
	3-hydroxydecanoate
	0.255


	phenylacetylglutamine
	0.046
	N-acetylputrescine
	0.257


	1-carboxyethylphenylalanine
	0.053
	acisoga
	0.264


	hexadecanedioate (C16-DC)
	0.056
	mannose
	0.284


	N,N,N-trimethyl-5-aminovalerate
	0.080
	N,N,N-trimethyl-5-aminovalerate
	0.412


	acisoga
	0.127
	fructosyllysine
	0.412


	2-aminoheptanoate
	0.167
	mannonate*
	0.435


	3-hydroxyoctanoate
	0.182
	fructose
	0.632


	glucose
	0.324
	phosphate
	0.964


	mannose
	0.345
	glucose
	1.628





* is part of the metabolite name.







4 Discussion

We studied the metabolomic signatures of T2D patients stratified by the presence or absence of CHD in a Middle Eastern cohorts from the Qatar BioBank and Qatar Cardiovascular Biorepository. Univariate analysis was performed to identify metabolites that were differentially expressed between T2D patients who had CHD and T2D patients without CHD. In addition, matching and resampling methods were used to tackle the cohorts class imbalance problem. Pathway enrichment analysis was utilized to observe the significant metabolic alterations on a pathway level related to T2D, in the presence and absence of CHD. ML modeling was used to predict T2D in the presence and absence of CHD. Metabolite risk scores were developed and showed great discriminative power for T2D, especially in the CHD cohort. This study is important for dissecting the metabolomics signatures of two metabolic diseases that are biologically interlinked. This study sheds light on metabolites that behave differently between T2D patients and non T2D patients with respect to CHD status. Delaying or preventing CHD in T2D patients can have a major clinical impact.

In our study, we compared several ML models that included all metabolites and covariates, and we also developed a model that only included the top metabolites. The aim of this model was to assess the performance of using a smaller set of metabolites as a practical and cost-effective choice in clinical practice. Our results provide strong evidence that many metabolites are altered in T2D patients with CHD. Therefore, this small panel of metabolites can be used as a diagnostic/predictive tool after further clinical validation. The discovered metabolites could be further investigated for therapeutic interventions to reduce the incidence of CHD in T2D patients.

Our study identified several previously reported metabolites that are associated with T2D. These metabolites were replicated in both the QCBio and QBB cohorts. 1,5-anhydroglucitol (1,5-AG) was the most significant metabolite in both cohorts. This metabolite has been identified as a marker for glycemic control (38, 52, 53). The metabolite was decreased in T2D patients, but the decrease in the cohort without CHD was two-fold lower than that in the cohort with CHD. Other known carbohydrates, including glucose, mannose, and fructose, were associated with T2D in both cohorts.

We investigated metabolites that were associated with T2D in QCBio (CHD cohort) but not in QBB. Since the size of the QCBio dataset is much smaller (one-third) than the QBB dataset (Supplementary Figure 1), the identification of such metabolites is unlikely because of the lower statistical power of QCBio. One of these metabolites is N6-carboxymethyllysine (CML), which is a type of advanced glycation end product (AGE) that is commonly used as a marker for analyzing AGEs in food (54, 55). AGEs are a group of bioactive molecules that result from nonenzymatic glycation of proteins, lipids, and nucleic acids and are associated with the progression of degenerative diseases such as diabetes and atherosclerosis (56, 57). AGEs may also contribute to vascular complications in T2D patients (58). In patients with CHD, elevated serum AGEs have been reported even without any comorbidities, such as T2D (59). Increased CML levels are known to be associated with arterial stiffness (60). In the present study, CML levels were found to be significantly associated with CHD in individuals with T2D, while mean CML levels were similar between CHD patients and non-CHD patients without T2D. Moreover, the levels of CML increased significantly in patients with both CHD and T2D (Supplementary Figure 5).

Phenylacetylglutamine (PAGln) was also significant in the QCBio cohort but not in the QBB cohort. Recently, PAGln was identified as a novel metabolic biomarker for ischemic stroke (61). PAGln is a gut microbiota-derived metabolite that may induce cardiovascular events by activating platelets and increasing the risk of thrombosis (62). The PAGln level appeared to be significantly increased in T2D patients in recent studies (63, 64). In our study, the levels of PAGln were increased in both the QCBio and QBB cohorts for T2D patients, but the highest levels were observed in T2D patients who had CHD (Supplementary Figure 5). These findings are consistent with the results of Nemet et al. (63), who indicated that elevated levels of PAGln can predict the occurrence of adverse cardiac events such as heart attack and stroke in patients with T2D.

Another metabolite that showed statistical significance in the CHD cohort but not in the QBB cohort was glutamine. Glutamine is an amino acid that plays a significant role in the biosynthesis of proteins. Glutamine deficiency is associated with many conditions, including type 2 diabetes (65, 66) and insulin resistance (67, 68), which are considered risk factors for CVD (69). In our study, glutamine levels were reduced in T2D patients compared with non-T2D patients in the QCBio cohort, in accordance with previous findings (66, 70–72). Glutamine serves as an L-arginine precursor for the production of nitric oxide and mitigates risk factors for CVD (73). A recent research proposal aimed at investigating the hypothesis that targeting glutamine-dependent pathways in monocytes/macrophages may limit the inflammatory phenotype and cardiovascular events in diabetic patients (https://anr.fr/Project-ANR-19-CE17-0030). Since gamma-glutamylthreonine and gamma-glutamylglutamine are associated with pathways involving glutamine as a substrate, their levels expectedly showed similar trends in our data.

Our study showed results consistent with those of metabolomics studies of T2D in other regions of the world. For example, our analysis showed that the 1,5-anhydroglucitol carbohydrate content was significantly decreased in T2D patients, regardless of CHD status, which is consistent with the findings of Suhre et al. (37), who studied the German population. Similar observations were observed for increased levels of glucose, mannose, 3-methyl-2-oxovalerate, and erythronate in T2D patients. An identical trend was observed in a Chinese cohort for the glucose metabolite, where its level was increased in T2D patients who also had CHD (74). Another study (75) confirmed previous observations and showed a significant increase in glucose metabolite levels in T2D patients with CHD in a Chinese population. A study (76) of a Malaysian cohort showed that N6-carboxymethyllysine metabolite levels were significantly increased in diabetic and ischemic heart disease (IHD) patients compared with those in T2D patients but not in IHD patients, which matches our findings, where these metabolite levels increased in diabetic CHD patients compared with those in T2D patients without CHD.

Furthermore, we investigated the CHD-specific metabolites, where we compared the metabolites from non-T2D patients in QBB and non-T2D CHD patients in QCBio. CHD-related metabolites were identified and were consistent with the literature including ornithine, 3-amino-2-piperidone, Sphingosine-1-phosphate (S1P), aspartate (see Online Table 2). For instance, Virak et al. (77), indicated that the citrulline-to-ornithine ratio is a critical risk factor for HF and CHD. Similar findings have been observed in other studies (78, 79). As a consequence, any disturbance in the ornithine cycle causes increase of the 3-amino-2-piperidone levels, which damages cardiovascular system (80). Previous study showed that the Sphingosine-1-phosphate plays an important role in the occurrence and development of many cardiovascular diseases (81–84). Numerous studies investigated the association between aspartate metabolite and CVD diseases (85–87). They revealed that elevated aspartate level may indicate an increased CVD risk (85–87).

Pathway enrichment analysis showed that the galactose metabolism was, as expected, significantly associated with T2D in both cohorts. This has been observed in previous studies (38, 88, 89). Leucine, isoleucine, and valine, which are branched-chain amino acids (BCAAs), also showed significant association with T2D in both cohorts (Table 4). There has been consensus that this class of amino acids is among the strongest biomarkers of T2D as well as other pathogenesis metabolic disturbances in obesity and cardiovascular diseases (90–92). Also, Starch and sucrose metabolism was among the top significant metabolisms in both cohorts (Table 4), which is in accordance with many previous studies (93–95). For instance, Sun et al. (95) performed metabolic pathway analysis with the MetPA tool, and they found that starch and sucrose metabolism was one of the potential biomarkers for T2D. Furthermore, Arginine biosynthesis was found associated with T2D in the QBB cohort only. Arginine is a precursor for nitric oxide, and was shown to be reduced in patients with T2D due to a decreased conversion of arginine to nitric oxide (96). Moreover, the long-term oral L-Arginine administration showed an improvement of hepatic insulin in patients with T2D (97). This validates our findings and adds evidence to the importance of Arginine in the pathophysiology of T2D. The non-significance of Arginine biosynthesis pathway in our CHD cohort might be due to a reduced sample size, or due to the disruption of Arginine metabolite with the CHD cohort as shown on the same data previously (40).

ML models were applied to predict T2D in the presence and absence of CHD using metabolites and demographic data. These models account for nonlinear relationships between metabolites and might yield better predictions. The F1 scores for predicting T2D in the QBB (non-CHD) cohort were greater than those in the QCBio cohort. The scores were > 74% for both the RF and SVM models for all classes. The accuracy values were relatively high and reached 80%. In the present study, we accounted for class imbalance to mitigate the potential of bias in ML results by selecting subsets of each class to make them balanced. So, we (i) established an age-matched non-T2D control group from the QBB cohort, which validated 41 of the 42 metabolites found in the complete analysis and (ii) downsized the non-T2D group (n=272) 100 times, redoing the analysis with covariates each time. In all 100 resampled datasets, 41 metabolites continued to be significant following the Bonferroni correction. These outcomes show that our results are resilient to both age disparity and class disparity and are not influenced by the unequal case-control ratios across groups (Supplementary Material). For binary classification, which we used to predict T2D vs non-T2D within each cohort, selecting 20 metabolites instead of the 641 tested metabolites led to similar performance (similar AUC and similar accuracy). The RF and SVM models exhibited similar performances and outperformed the XGBoost and LDA models. The RF model in the QBB showed an AUC of 0.96 for the top metabolites + covariates model, which was greater than the AUC in QCBio (0.89). Since CHD is a cardiometabolic disorder, metabolism is disrupted and might overlap with T2D metabolism disruption, which makes the prediction of T2D in CHD patients slightly more difficult.

Metabolite risk scores were also developed to predict T2D using the QCBio and QBB cohorts. MRS assumes linear relationships between metabolites and can be easily integrated in clinical practice. It is calculated as a weighted sum of metabolites and prespecified coefficients. Similar MRSs were developed previously in 4 Finnish cohorts using 3 metabolites (98). In the Finnish study, the top 20% of individuals with respect to their MRS had a ten-fold increased risk of developing T2D, and the OR per 1 standard deviation (SD) increase was 1.76. Our MRS comprised 20 metabolites, which is 17 more metabolites than in the Finnish study. In our study, the OR per 1 SD increase was 10.52 in MRSqcbio, which was developed in the CHD cohort (QCBio). Individuals in the top MRSqcbioquintile had a 24.77-fold increased risk of developing T2D. Adjusting for HbA1C reduced the performance to an OR of 21.18. Removing the most important metabolites from MRSqcbio, such as glucose and mannose, and adjusting for HbA1C led to an OR of 13.19 for the top quintile. MRSqcbioperformed better than MRSqbbin predicting T2D, potentially because T2D patients are better defined in the QCBio cohort, and they are older. MRS−seqcan eventually be used in clinical practice with other types of risk scores for better interventions and treatments of individuals at high risk of developing T2D. However, these MRSs need validation in a new independent cohort to replicate our findings. Metabolic risk scores are dynamic and modifiable, unlike genetic risk scores. They complement existing genetic and clinical risk scores and can be an alternative in the absence of the other scores. They are particularly helpful for preclinical disease stages and hold promise for early detection. Genetic risk scores are fixed over time, and do not reflect recent changes in the biological process. Implementation of MRS, and other types of risk scores, is crucial for personalized prevention and treatment plans, but face difficulties. All scores need to be well-validated, ultimately across ancestral groups. Moreover, healthcare systems should be equipped with state-of-art techniques that generate the various omics data that is required to build all these scores.

Our study has a few limitations. First, there was an imbalance of the different disease combinations, where the number of T2D patients was relatively smaller in the QBB cohort. A cohort of well-defined T2D patients is needed to confirm our results and increase the sample size. A longitudinal design would be preferable to a retrospective design. T2D patients could be followed up over time to assess CHD incidence and link it to metabolomics data, which should be generated at multiple time points. This optimal study design raises challenges about the cost of generating multiple metabolomics datasets, also the reproducibility and accuracy of metabolomics data generation, which might vary because of data generation artifacts. There have been proposed approaches to deal with systematic differences across metabolomics datasets, which can be used to improve reproducibility of our results (99). The results from this study might also be affected by the statistical power and low sample size of some disease groups. Therefore, the validation and reproducibility of our results should be explored in future studies from the same population, ideally with larger sample size. A well-designed study with well-defined T2D and CHD cases is likely to yield more robust results, even with smaller sample sizes and therefore lower cost.

Second, although QBB and QCBio cohorts were different in terms of age, we tried to mitigate for the age difference impact on the resulting metabolites by adding age as covariate in all regression models. Ideally, both cohorts should be matched on sex and age, but because of small sample size, especially for T2D patients in QBB, this was difficult to achieve in our study. Age at onset is another important variable that could be checked with respect to obtained metabolites, but this variable was absent in our data. Furthermore, while Age, BMI and Gender, were already included as covariates, we did not consider cultural, dietary or genetic factors, which could bring new important insights to our study.

Third, all carried analysis has been done on datasets that belong to the same Qatari population. This limits our generalizability claims. Hence, we are in the process of generating new independent metabolomics data, which will be used to validate these scores, however that will take some time. In addition, our plan is to include other datasets from the Gulf region like Saudi Arabia for generalizability purposes.




5 Conclusion

In this study, focusing on circulating metabolites in Middle Eastern cohorts from the QCBio and QBB, we identified and replicated metabolites that are associated with T2D. Several metabolites associated with T2D were identified only by stratifying for CHD status. Pathway enrichment analysis was utilized to observe the significant metabolic pathways that were associated with T2D in the presence and absence of CHD. ML models were applied and showed good predictive power to predict T2D in the presence and absence of CHD. RF and SVM were the best models in our study. A metabolite risk score for the prediction of T2D was developed and showed great performance, especially the score developed from the QCBio cohort.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author/s.





Ethics statement

The study was conducted in accordance with the Declaration of Helsinki and approved by the Institutional Review Board of Hamad Medical Corporation. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

ME: Data curation, Formal Analysis, Investigation, Methodology, Software, Visualization, Writing – original draft, Writing – review & editing. KI: Data curation, Formal Analysis, Software, Visualization, Writing – original draft. AE-M: Data curation, Writing – review & editing. KK: Writing – review & editing. EU: Writing – review & editing. RE: Data curation, Writing – review & editing. HM: Data curation, Writing – review & editing. EA: Data curation, Writing – review & editing. MA-N: Data curation, Writing – review & editing. AB: Data curation, Writing – review & editing. MA-M: Data curation, Writing – review & editing. VM-A: Data curation, Writing – review & editing. MS: Conceptualization, Formal Analysis, Writing – original draft, Writing – review & editing. JA: Data curation, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research and/or publication of this article. This study was supported in part by the National Qatar Research Fund (NPRP: 5-1024-3–225 with MRC: MRC-01-17-005) awarded by Dr. Jassim Al Suwaidi and Anti-Doping Lab Qatar. QCRI researchers were funded by QCRI and did not receive external funding.




Acknowledgments

The authors thank all the Qatar Biobank cohort participants and staff. Also, we thank Khalid Kunji, Reem Elsousy, Haira R. Mokhtar, Eiman Ahmad, and Maryam A. Al-Nesf Al-Mansour for their valuable discussions, and contribution to data collection and sample preparation.





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.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2025.1531525/full#supplementary-material




Abbreviations

T2D, Type 2 Diabetes; CHD, Coronary Heart Disease; QBB, Qatar BioBank; QCBio, Qatar Cardiovascular Biorepository; MRS, Metabolite Risk Score; OR, Odds Ratio; SD, Standard Deviation; AUC, Area Under the Curve; ML, Machine Learning; CVD, Cardiovascular Disease.





References

	 Kokkorakis M, Folkertsma P, van Dam S, Sirotin N, Taheri S, Chagoury O, et al. Effective questionnaire-based prediction models for type 2 diabetes across several ethnicities: a model development and validation study. EClinicalMedicine. (2023) 64. doi: 10.1016/j.eclinm.2023.102235


	 Rathmann W, Giani G. Global prevalence of diabetes: Estimates for the year 2000 and projections for 2030: Response to wild et al. Diabetes Care. (2004) 27:2568–9. doi: 10.2337/diacare.27.10.2568


	 Kokkorakis M, Katsarou A, Katsiki N, Mantzoros CS. Milestones in the journey towards addressing obesity; past trials and triumphs, recent breakthroughs, and an exciting future in the era of emerging effective medical therapies and integration of effective medical therapies with metabolic surgery. Metabolism. (2023) 148:155689. doi: 10.1016/j.metabol.2023.155689


	 Ogurtsova K, da Rocha Fernandes J, Huang Y, Linnenkamp U, Guariguata L, Cho NH, et al. Idf diabetes atlas: Global estimates for the prevalence of diabetes for 2015 and 2040. Diabetes Res Clin Pract. (2017) 128:40–50. doi: 10.1016/j.diabres.2017.03.024


	 Saeedi P, Petersohn I, Salpea P, Malanda B, Karuranga S, Unwin N, et al. Global and regional diabetes prevalence estimates for 2019 and projections for 2030 and 2045: Results from the international diabetes federation diabetes atlas. Diabetes Res Clin Pract. (2019) 157:107843. doi: 10.1016/j.diabres.2019.107843


	 Sun H, Saeedi P, Karuranga S, Pinkepank M, Ogurtsova K, Duncan BB, et al. Idf diabetes atlas: Global, regional and country-level diabetes prevalence estimates for 2021 and projections for 2045. Diabetes Res Clin Pract. (2022) 183:109119. doi: 10.1016/j.diabres.2021.109119


	 Whiting DR, Guariguata L, Weil C, Shaw J. Idf diabetes atlas: global estimates of the prevalence of diabetes for 2011 and 2030. Diabetes Res Clin Pract. (2011) 94:311–21. doi: 10.1016/j.diabres.2011.10.029


	 Goff LM, Ladwa M, Hakim O, Bello O. Ethnic distinctions in the pathophysiology of type 2 diabetes: a focus on black african-caribbean populations. Proc Nutr Soc. (2020) 79:184–93. doi: 10.1017/S0029665119001034


	 Hassan S, Gujral UP, Quarells RC, Rhodes EC, Shah MK, Obi J, et al. Disparities in diabetes prevalence and management by race and ethnicity in the usa: defining a path forward. Lancet Diabetes Endocrinol. (2023) 11:509–24. doi: 10.1016/S2213-8587(23)00129-8


	 Cheng YJ, Kanaya AM, Araneta MRG, Saydah SH, Kahn HS, Gregg EW, et al. Prevalence of diabetes by race and ethnicity in the United States 2011-2016. Jama. (2019) 322:2389–98. doi: 10.1001/jama.2019.19365


	 Wang L, Li X, Wang Z, Bancks MP, Carnethon MR, Greenland P, et al. Trends in prevalence of diabetes and control of risk factors in diabetes among us adults 1999-2018. Jama. (2021) 326:704–16. doi: 10.1001/jama.2021.9883


	 Elhussein A, Anderson A, Bancks MP, Coday M, Knowler WC, Peters A, et al. Racial/ethnic and socioeconomic disparities in the use of newer diabetes medications in the look ahead study. Lancet Regional Health–Americas. (2022) 6. doi: 10.1016/j.lana.2021.100111


	 Banerjee A, Shah B. Differences in prevalence of diabetes among immigrants to Canada from south asian countries. Diabetic Med. (2018) 35:937–43. doi: 10.1111/dme.13647


	 Paul SK, Owusu Adjah ES, Samanta M, Patel K, Bellary S, Hanif W, et al. Comparison of body mass index at diagnosis of diabetes in a multi-ethnic population: A case-control study with matched non-diabetic controls. Diabetes Obes Metab. (2017) 19:1014–23. doi: 10.1111/dom.12915


	 El Mouzan MI, Al Salloum AA, Al Herbish AS, Qurachi MM, Al Omar AA. Consanguinity and major genetic disorders in saudi children: a community-based cross-sectional study. Ann Saudi Med. (2008) 28:169–73


	 Mabry R, Reeves M, Eakin E, Owen N. Gender differences in prevalence of the metabolic syndrome in gulf cooperation council countries: a systematic review. Diabetic Med. (2010) 27:593–7. doi: 10.1111/j.1464-5491.2010.02998.x


	 DeFronzo RA. Pathogenesis of type 2 diabetes mellitus. Med Clinics. (2004) 88:787–835. doi: 10.1016/j.mcna.2004.04.013


	 Gregg EW, Li Y, Wang J, Rios Burrows N, Ali MK, Rolka D, et al. Changes in diabetes-related complications in the United States 1990–2010. New Engl J Med. (2014) 370:1514–23. doi: 10.1056/NEJMoa1310799


	 Leahy JL. Pathogenesis of type 2 diabetes mellitus. Arch Med Res. (2005) 36:197–209. doi: 10.1016/j.arcmed.2005.01.003


	 Reutens AT, Prentice L, Atkins RC. The epidemiology of diabetic kidney disease. Epidemiol Diabetes mellitus. (2008), 499–517. doi: 10.1016/j.mcna.2012.10.001


	 Einarson TR, Acs A, Ludwig C, Panton UH. Prevalence of cardiovascular disease in type 2 diabetes: a systematic literature review of scientific evidence from across the world in 2007–2017. Cardiovasc Diabetol. (2018) 17:1–19. doi: 10.1186/s12933-018-0728-6


	 Joseph JJ, Deedwania P, Acharya T, Aguilar D, Bhatt DL, Chyun DA, et al. Comprehensive management of cardiovascular risk factors for adults with type 2 diabetes: a scientific statement from the american heart association. Circulation. (2022) 145:e722–59. doi: 10.1161/CIR.0000000000001040


	 Wei M, Gaskill SP, Haffner SM, Stern MP. Effects of diabetes and level of glycemia on all-cause and cardiovascular mortality: the san antonio heart study. Diabetes Care. (1998) 21:1167–72. doi: 10.2337/diacare.21.7.1167


	 Low Wang CC, Hess CN, Hiatt WR, Goldfine AB. Clinical update: cardiovascular disease in diabetes mellitus: atherosclerotic cardiovascular disease and heart failure in type 2 diabetes mellitus–mechanisms, management, and clinical considerations. Circulation. (2016) 133:2459–502. doi: 10.1161/CIRCULATIONAHA.116.022194


	 Dunlay SM, Givertz MM, Aguilar D, Allen LA, Chan M, Desai AS, et al. Type 2 diabetes mellitus and heart failure: a scientific statement from the american heart association and the heart failure society of america: this statement does not represent an update of the 2017 acc/aha/hfsa heart failure guideline update. Circulation. (2019) 140:e294–324. doi: 10.1161/CIR.0000000000000691


	 Fujita Y, Morimoto T, Tokushige A, Ikeda M, Shimabukuro M, Node K, et al. Women with type 2 diabetes and coronary artery disease have a higher risk of heart failure than men, with a significant gender interaction between heart failure risk and risk factor management: a retrospective registry study. BMJ Open Diabetes Res Care. (2022) 10:e002707. doi: 10.1136/bmjdrc-2021-002707


	 Park JJ. Epidemiology, pathophysiology, diagnosis and treatment of heart failure in diabetes. Diabetes Metab J. (2021) 45:146–57. doi: 10.4093/dmj.2020.0282


	 Tomic D, Shaw JE, Magliano DJ. The burden and risks of emerging complications of diabetes mellitus. Nat Rev Endocrinol. (2022) 18:525–39. doi: 10.1038/s41574-022-00690-7


	 Yu MG, Gordin D, Fu J, Park K, Li Q, King GL. Protective factors and the pathogenesis of complications in diabetes. Endocrine Rev. (2024) 45:227–52. doi: 10.1210/endrev/bnad030


	 Jin Q, Ma RCW. Metabolomics in diabetes and diabetic complications: insights from epidemiological studies. Cells. (2021) 10:2832. doi: 10.3390/cells10112832


	 Bailes BK. Diabetes mellitus and its chronic complications. AORN J. (2002) 76:265–82. doi: 10.1016/S0001-2092(06)61065-X


	 Ma RCW, Lin X, Jia W. Causes of type 2 diabetes in China. Lancet Diabetes Endocrinol. (2014) 2:980–91. doi: 10.1016/S2213-8587(14)70145-7


	 Nowlin SY, Hammer MJ, D’ Eramo Melkus G. Diet, inflammation, and glycemic control in type 2 diabetes: an integrative review of the literature. J Nutr Metab. (2012) 2012:542698. doi: 10.1155/2012/542698


	 Yousri NA, Albagha OM, Hunt SC. Integrated epigenome, whole genome sequence and metabolome analyses identify novel multi-omics pathways in type 2 diabetes: A middle eastern study. BMC Med. (2023) 21:347. doi: 10.1186/s12916-023-03027-x


	 Bragg F, Trichia E, Aguilar-Ramirez D, Bešević J, Lewington S, Emberson J. Predictive value of circulating nmr metabolic biomarkers for type 2 diabetes risk in the uk biobank study. BMC Med. (2022) 20:159. doi: 10.1186/s12916-022-02354-9


	 Chen Y, Zhao X, Wu H. Metabolic stress and cardiovascular disease in diabetes mellitus: The role of protein o-glcnac modification. Arteriosclerosis thrombosis Vasc Biol. (2019) 39:1911–24. doi: 10.1161/ATVBAHA.119.312192


	 Suhre K, Meisinger C, Döring 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:e13953. doi: 10.1371/journal.pone.0013953


	 Yousri NA, Suhre K, Yassin E, Al-Shakaki A, Robay A, Elshafei M, et al. Metabolic and metabo-clinical signatures of type 2 diabetes, obesity, retinopathy, and dyslipidemia. Diabetes. (2022) 71:184–205. doi: 10.2337/db21-0490


	 Chen H, Wang Z, Qin M, Zhang B, Lin L, Ma Q, et al. Comprehensive metabolomics identified the prominent role of glycerophospholipid metabolism in coronary artery disease progression. Front Mol Biosci. (2021) 8:632950. doi: 10.3389/fmolb.2021.632950


	 Ullah E, El-Menyar A, Kunji K, Elsousy R, Mokhtar HR, Ahmad E, et al. Untargeted metabolomics profiling reveals perturbations in arginine-no metabolism in middle eastern patients with coronary heart disease. Metabolites. (2022) 12:517. doi: 10.3390/metabo12060517


	 Wang Z, Zhu C, Nambi V, Morrison AC, Folsom AR, Ballantyne CM, et al. Metabolomic pattern predicts incident coronary heart disease: findings from the atherosclerosis risk in communities study. Arteriosclerosis thrombosis Vasc Biol. (2019) 39:1475–82. doi: 10.1161/ATVBAHA.118.312236


	 Smith E, Ericson U, Hellstrand S, Orho-Melander M, Nilsson PM, Fernandez C, et al. A healthy dietary metabolic signature is associated with a lower risk for type 2 diabetes and coronary artery disease. BMC Med. (2022) 20:122. doi: 10.1186/s12916-022-02326-z


	 Al Thani A, Fthenou E, Paparrodopoulos S, Al Marri A, Shi Z, Qafoud F, et al. Qatar biobank cohort study: study design and first results. Am J Epidemiol. (2019) 188:1420–33. doi: 10.1093/aje/kwz084


	 El-Menyar A, Al Suwaidi J, Badii R, Mir F, Dalenberg AK, Kullo IJ. Discovering novel biochemical and genetic markers for coronary heart disease in Qatari individuals: the initiative Qatar cardiovascular biorepository. Heart Views. (2020) 21:6–16. doi: 10.4103/HEARTVIEWS.HEARTVIEWS_98_19


	 Saad M, El-Menyar A, Kunji K, Ullah E, Al Suwaidi J, Kullo IJ. Validation of polygenic risk scores for coronary heart disease in a middle eastern cohort using whole genome sequencing. Circulation: Genomic Precis Med. (2022) 15:e003712. doi: 10.1161/CIRCGEN.122.003712


	 Al-Khelaifi F, Diboun I, Donati F, Botre,` F, Alsayrafi M, Georgakopoulos C, et al. A pilot study comparing the metabolic profiles of elite-level athletes from different sporting disciplines. Sports medicine-open. (2018) 4:1–15. doi: 10.1186/s40798-017-0114-z


	 Al-Nesf A, Mohamed-Ali N, Acquaah V, Al-Jaber M, Al-Nesf M, Yassin MA, et al. Untargeted metabolomics identifies a novel panel of markers for autologous blood transfusion. Metabolites. (2022) 12:425. doi: 10.3390/metabo12050425


	 Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R Stat society: Ser B (Methodological). (1995) 57:289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x


	 Zou H, Hastie T. Regularization and variable selection via the elastic net. J R Stat Soc Ser B: Stat Method. (2005) 67:301–20. doi: 10.1111/j.1467-9868.2005.00503.x


	 Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. Smote: synthetic minority over-sampling technique. J Artif Intell Res. (2002) 16:321–57. doi: 10.1613/jair.953


	 Pang Z, Lu Y, Zhou G, Hui F, Xu L, Viau C, et al. Metaboanalyst 6.0: towards a unified platform for metabolomics data processing, analysis and interpretation. Nucleic Acids Res. (2024) 52:gkae253. doi: 10.1093/nar/gkae253


	 Kim MJ, Jung HS, Hwang-Bo Y, Cho SW, Jang HC, Kim SY, et al. Evaluation of 1, 5-anhydroglucitol as a marker for glycemic variability in patients with type 2 diabetes mellitus. Acta diabetologica. (2013) 50:505–10. doi: 10.1007/s00592-011-0302-0


	 Yamanouchi T, Akanuma Y. Serum 1, 5-anhydroglucitol (1, 5 ag): new clinical marker for glycemic control. Diabetes Res Clin Pract. (1994) 24:S261–8. doi: 10.1016/0168-8227(94)90259-3


	 Ames JM. Determination of n-(carboxymethyl) lysine in foods and related systems. Ann New York Acad Sci. (2008) 1126:20–4. doi: 10.1196/annals.1433.030


	 Assar SH, Moloney C, Lima M, Magee R, Ames JM. Determination of n- (carboxymethyl) lysine in food systems by ultra performance liquid chromatography-mass spectrometry. Amino Acids. (2009) 36:317–26. doi: 10.1007/s00726-008-0071-4


	 Semba RD, Nicklett EJ, Ferrucci L. Does accumulation of advanced glycation end products contribute to the aging phenotype? Journals Gerontol Ser A: Biomed Sci Med Sci. (2010) 65:963–75. doi: 10.1093/gerona/glq074


	 Vistoli G, De Maddis D, Cipak A, Zarkovic N, Carini M, Aldini G. Advanced glycoxidation and lipoxidation end products (ages and ales): an overview of their mechanisms of formation. Free Radical Res. (2013) 47:3–27. doi: 10.3109/10715762.2013.815348


	 Ramasamy R, Yan SF, D’Agati V, Schmidt AM. Receptor for advanced glycation endproducts (rage): a formidable force in the pathogenesis of the cardiovascular complications of diabetes & aging. Curr Mol Med. (2007) 7:699–710. doi: 10.2174/156652407783220732


	 Kanauchi M, Tsujimoto N, Hashimoto T. Advanced glycation end products in nondiabetic patients with coronary artery disease. Diabetes Care. (2001) 24:1620–3. doi: 10.2337/diacare.24.9.1620


	 Semba RD, Najjar SS, Sun K, Lakatta EG, Ferrucci L. Serum carboxymethyl–lysine, an advanced glycation end product, is associated with increased aortic pulse wave velocity in adults. Am J hypertension. (2009) 22:74–9. doi: 10.1038/ajh.2008.320


	 Yu F, Li X, Feng X, Wei M, Luo Y, Zhao T, et al. Phenylacetylglutamine, a novel biomarker in acute ischemic stroke. Front Cardiovasc Med. (2021) 8:798765. doi: 10.3389/fcvm.2021.798765


	 Yu F, Feng X, Li X, Luo Y, Wei M, Zhao T, et al. Gut-derived metabolite phenylacetylglutamine and white matter hyperintensities in patients with acute ischemic stroke. Front Aging Neurosci. (2021) 13:675158. doi: 10.3389/fnagi.2021.675158


	 Nemet I, Saha PP, Gupta N, Zhu W, Romano KA, Skye SM, et al. A cardiovascular disease-linked gut microbial metabolite acts via adrenergic receptors. Cell. (2020) 180:862–77. doi: 10.1016/j.cell.2020.02.016


	 Porcu E, Gilardi F, Darrous L, Yengo L, Bararpour N, Gasser M, et al. Triangulating evidence from longitudinal and mendelian randomization studies of metabolomic biomarkers for type 2 diabetes. Sci Rep. (2021) 11:6197. doi: 10.1038/s41598-021-85684-7


	 Morze J, Wittenbecher C, Schwingshackl L, Danielewicz A, Rynkiewicz A, Hu FB, et al. Metabolomics and type 2 diabetes risk: an updated systematic review and meta-analysis of prospective cohort studies. Diabetes Care. (2022) 45:1013–24. doi: 10.2337/dc21-1705


	 Stančáková A, Civelek M, Saleem NK, Soininen P, Kangas AJ, Cederberg H, et al. Hyperglycemia and a common variant of gckr are associated with the levels of eight amino acids in 9,369 finnish men. Diabetes. (2012) 61:1895–902. doi: 10.2337/db11-1378


	 Dollet L, Kuefner M, Caria E, Rizo-Roca D, Pendergrast L, Abdelmoez AM, et al. Glutamine regulates skeletal muscle immunometabolism in type 2 diabetes. Diabetes. (2022) 71:624–36. doi: 10.2337/db20-0814


	 Palmer ND, Stevens RD, Antinozzi PA, Anderson A, Bergman RN, Wagenknecht LE, et al. Metabolomic profile associated with insulin resistance and conversion to diabetes in the insulin resistance atherosclerosis study. J Clin Endocrinol Metab. (2015) 100:E463–8. doi: 10.1210/jc.2014-2357


	 Paneni F, Beckman JA, Creager MA, Cosentino F. Diabetes and vascular disease: pathophysiology, clinical consequences, and medical therapy: part i. Eur Heart J. (2013) 34:2436–43. doi: 10.1093/eurheartj/eht149


	 Cheng S, Rhee EP, Larson MG, Lewis GD, McCabe EL, Shen D, et al. Metabolite profiling identifies pathways associated with metabolic risk in humans. Circulation. (2012) 125:2222–31. doi: 10.1161/CIRCULATIONAHA.111.067827


	 Guasch-Ferré M, Hruby A, Toledo E, Clish CB, Martínez-González MA, Salas-Salvadó J, et al. Metabolomics in prediabetes and diabetes: a systematic review and meta-analysis. Diabetes Care. (2016) 39:833–46. doi: 10.2337/dc15-2251


	 Urpi-Sarda M, Almanza-Aguilera E, Llorach R, Vázquez-Fresno R, Estruch R, Corella D, et al. Non-targeted metabolomic biomarkers and metabotypes of type 2 diabetes: A cross-sectional study of predimed trial participants. Diabetes Metab. (2019) 45:167–74. doi: 10.1016/j.diabet.2018.02.006


	 Durante W. The emerging role of l-glutamine in cardiovascular health and disease. Nutrients. (2019) 11:2092. doi: 10.3390/nu11092092


	 Zhang L, Zhang Y, Ma Z, Zhu Y, Chen Z. Altered amino acid metabolism between coronary heart disease patients with and without type 2 diabetes by quantitative 1h nmr based metabolomics. J Pharm Biomed Anal. (2021) 206:114381. doi: 10.1016/j.jpba.2021.114381


	 Liu X, Gao J, Chen J, Wang Z, Shi Q, Man H, et al. Identification of metabolic biomarkers in patients with type 2 diabetic coronary heart diseases based on metabolomic approach. Sci Rep. (2016) 6:30785. doi: 10.1038/srep30785


	 Ahmed KA, Muniandy S, Ismail IS. Role of nϵ-(carboxymethyl) lysine in the development of ischemic heart disease in type 2 diabetes mellitus. J Clin Biochem Nutr. (2007) 41:97–105. doi: 10.3164/jcbn.2007014


	 Virak V, Nov P, Chen D, Zhang X, Guan J, Que D, et al. Exploring the impact of metabolites function on heart failure and coronary heart disease: insights from a mendelian randomization (mr) study. Am J Cardiovasc Dis. (2024) 14:242. doi: 10.62347/OQXZ7740


	 Dehghanbanadaki H, Dodangeh S, Parhizkar Roudsari P, Hosseinkhani S, Khashayar P, Noorchenarboo M, et al. Metabolomics profile and 10-year atherosclerotic cardiovascular disease (ascvd) risk score. Front Cardiovasc Med. (2023) 10:1161761. doi: 10.3389/fcvm.2023.1161761


	 Molek P, Zmudzki P, Wlodarczyk A, Nessler J, Zalewski J. The shifted balance of arginine metabolites in acute myocardial infarction patients and its clinical relevance. Sci Rep. (2021) 11:83. doi: 10.1038/s41598-020-80230-3


	 Oravilahti A, Vangipurapu J, Laakso M, Fernandes Silva L. Metabolomics-based machine learning for predicting mortality: Unveiling multisystem impacts on health. Int J Mol Sci. (2024) 25:11636. doi: 10.3390/ijms252111636


	 Wang N, Li J-Y, Zeng B, Chen G-L. Sphingosine-1-phosphate signaling in cardiovascular diseases. Biomolecules. (2023) 13:818. doi: 10.3390/biom13050818


	 Mantovani A, Bonapace S, Lunardi G, Canali G, Dugo C, Vinco G, et al. Associations between specific plasma ceramides and severity of coronary-artery stenosis assessed by coronary angiography. Diabetes Metab. (2020) 46:150–7. doi: 10.1016/j.diabet.2019.07.006


	 Spijkers LJ, van den Akker RF, Janssen BJ, Debets JJ, De Mey JG, Stroes ES, et al. Hypertension is associated with marked alterations in sphingolipid biology: a potential role for ceramide. PloS One. (2011) 6:e21817. doi: 10.1371/journal.pone.0021817


	 Li N, Zhang F. Implication of sphingosin-1-phosphate in cardiovascular regulation. Front bioscience (Landmark edition). (2016) 21:1296. doi: 10.2741/4458


	 Ndrepepa G. Aspartate aminotransferase and cardiovascular disease—a narrative review. J Lab Precis Med. (2021) 6:2335–2342. doi: 10.21037/jlpm-20-93


	 Ndrepepa G, Holdenrieder S, Cassese S, Xhepa E, Fusaro M, Laugwitz K-L, et al. Aspartate aminotransferase and mortality in patients with ischemic heart disease. Nutrition Metab Cardiovasc Dis. (2020) 30:2335–42. doi: 10.1016/j.numecd.2020.07.033


	 Zoppini G, Cacciatori V, Negri C, Stoico V, Lippi G, Targher G, et al. The aspartate aminotransferase-to-alanine aminotransferase ratio predicts all-cause and cardiovascular mortality in patients with type 2 diabetes. Medicine. (2016) 95:e4821. doi: 10.1097/MD.0000000000004821


	 Ercan N, Nuttall F, Gannon M, Redmon J, Sheridan K. Effects of glucose, galactose, and lactose ingestion on the plasma glucose and insulin response in persons with non-insulin-dependent diabetes mellitus. Metabolism. (1993) 42:1560–7. doi: 10.1016/0026-0495(93)90151-D


	 Liu Y, Gan L, Zhao B, Yu K, Wang Y, Männistö S, et al. Untargeted metabolomic profiling identifies serum metabolites associated with type 2 diabetes in a cross-sectional study of the alpha tocopherol, beta-carotene cancer prevention (atbc) study. Am J Physiology-Endocrinol Metab. (2023) 324:E167–75. doi: 10.1152/ajpendo.00287.202


	 Cuomo P, Capparelli R, Iannelli A, Iannelli D. Role of branched-chain amino acid metabolism in type 2 diabetes, obesity, cardiovascular disease and non-alcoholic fatty liver disease. Int J Mol Sci. (2022) 23:4325. doi: 10.3390/ijms23084325


	 Vanweert F, Schrauwen P, Phielix E. Role of branched-chain amino acid metabolism in the pathogenesis of obesity and type 2 diabetes-related metabolic disturbances bcaa metabolism in type 2 diabetes. Nutr Diabetes. (2022) 12:35. doi: 10.1038/s41387-022-00213-3


	 White PJ, McGarrah RW, Herman MA, Bain JR, Shah SH, Newgard CB. Insulin action, type 2 diabetes, and branched-chain amino acids: a two-way street. Mol Metab. (2021) 52:101261. doi: 10.1016/j.molmet.2021.101261


	 Kanehara R, Goto A, Sawada N, Mizoue T, Noda M, Hida A, et al. Association between sugar and starch intakes and type 2 diabetes risk in middle-aged adults in a prospective cohort study. Eur J Clin Nutr. (2022) 76:746–55. doi: 10.1038/s41430-021-01005-1


	 Rani L, Saini S, Shukla N, Chowdhuri DK, Gautam NK. High sucrose diet induces morphological, structural and functional impairments in the renal tubules of drosophila melanogaster: A model for studying type-2 diabetes mediated renal tubular dysfunction. Insect Biochem Mol Biol. (2020) 125:103441. doi: 10.1016/j.ibmb.2020.103441


	 Sun H, Zhang S, Zhang A, Yan G, Wu X, Han Y, et al. Metabolomic analysis of diet-induced type 2 diabetes using uplc/ms integrated with pattern recognition approach. PloS One. (2014) 9:e93384. doi: 10.1371/journal.pone.0093384


	 Tessari P, Cecchet D, Cosma A, Vettore M, Coracina A, Millioni R, et al. Nitric oxide synthesis is reduced in subjects with type 2 diabetes and nephropathy. Diabetes. (2010) 59:2152–9. doi: 10.2337/db09-1772


	 Piatti P, Monti LD, Valsecchi G, Magni F, Setola E, Marchesi F, et al. Long-term oral l-arginine administration improves peripheral and hepatic insulin sensitivity in type 2 diabetic patients. Diabetes Care. (2001) 24:875–80. doi: 10.2337/diacare.24.5.875


	 Ahola-Olli AV, Mustelin L, Kalimeri M, Kettunen J, Jokelainen J, Auvinen J, et al. Circulating metabolites and the risk of type 2 diabetes: a prospective study of 11,896 young adults from four finnish cohorts. Diabetologia. (2019) 62:2298–309. doi: 10.1007/s00125-019-05001-w


	 Ghosh T, Philtron D, Zhang W, Kechris K, Ghosh D. Reproducibility of mass spectrometry based metabolomics data. BMC Bioinf. (2021) 22:1–25. doi: 10.1186/s12859-021-04336-9







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 © 2025 Elshrif, Isufaj, El-Menyar, Ullah, Beotra, Al-Maadheed, Mohamed-Ali, Saad and Al Suwaidi. 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-16-1531525-g003.jpg
(A) QCBio

(B) QBB

1,5-anhydroglucitol (1,5-AG)

6-bromotryptophan

sphingomyelin (d18:2/14:0, d18:1/14:1)*

lingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)*

sphingomyelin (d18:2/23:1)*

sphingomyelin (d18:2/24:1, d18:1/24:2)*

lingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)*

sphingomyelin (d18:2/24:2)*

sphingomyelin (d18:1/20:1, d18:2/20:0)*

sphingomyelin (d18:2/18:1)*

1-(1-enyl-palmitoyl)-GPC (P-16:0)*

1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)*

(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)*

lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)

1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-

N6-carboxymethyllysi

prolylglyc

1-carboxyethylphenylalan

1-carboxyethylval
phenylacetylglutam

deoxycholic acid 12-sulfate*

2-aminoheptanoate

N,N,N-trimethyl-5-aminovalerate

3-hydroxyoctanoate

3-hydroxydecanoate

2-hydroxybutyrate/2-hydroxyisobutyrate

3-methyl-2-oxobutyrate
3-methyl-2-oxovalerate

4-methyl-2-oxopentanoate

glucuronate

ribulonate/xylulonate/lyxonate*
1-stearoyl-2-arachidonoyl-GPE (18:0/20:4)

1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)*
I-palmitoyl-2-docosahexaenoyl-GPE (16:0/22:6)*

glucose
mannose

fructose
erythronate*

fructosyllysine

methylsuccinoylcarnitine

gluconate
mannonate*

mannonate*

gluconate

erythronate*

mannose

glucose

fructose

methylsuccinoylcarnitine

fructosyllysine
1-palmitoyl-2-docosahexaenoyl-GPE (16:0/22:6)*
1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)*
1-stearoyl-2-arachidonoyl-GPE (18:0/20:4)
ribulonate/xylulonate/lyxonate*

glucuronate

4-methyl-2-oxopentanoate
3-methyl-2-oxovalerate

3-methyl-2-oxobutyrate
2-hydroxybutyrate/2-hydroxyisobutyrate
3-hydroxydecanoate

3-hydroxyoctanoate
N,N,N-trimethyl-5-aminovalerate
2-aminoheptanoate

deoxycholic acid 12-sulfate*
phenylacetylglutamine

1-carboxyethylvaline
1-carboxyethylphenylalanine

prolylglycine

N6-carboxymethyllysine
1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)*
lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)*
1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)*
1-(1-enyl-palmitoyl)-GPC (P-16:0)*
sphingomyelin (d18:2/18:1)*

sphingomyelin (d18:1/20:1, d18:2/20:0)*
sphingomyelin (d18:2/24:2)*

sphingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)*
sphingomyelin (d18:2/24:1, d18:1/24:2)*
sphingomyelin (d18:2/23:1)*

sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)*
sphingomyelin (d18:2/14:0, d18:1/14:1)*
6-bromotryptophan

1,5-anhydroglucitol (1,5-AG)

mannonate*

gluconate

erythronate*

mannose

glucose

fructose

methylsuccinoylcarnitine

fructosyllysine
1-palmitoyl-2-docosahexaenoyl-GPE (16:0/22:6)*
1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)*
1-stearoyl-2-arachidonoyl-GPE (18:0/20:4)
ribulonate/xylulonate/lyxonate*

glucuronate

4-methyl-2-oxopentanoate
3-methyl-2-oxovalerate

3-methyl-2-oxobutyrate
2-hydroxybutyrate/2-hydroxyisobutyrate
3-hydroxydecanoate

3-hydroxyoctanoate
N,N,N-trimethyl-5-aminovalerate
2-aminoheptanoate

deoxycholic acid 12-sulfate*
phenylacetylglutamine

1-carboxyethylvaline
1-carboxyethylphenylalanine

prolylglycine

N6-carboxymethyllysine
1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)*
lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)*
1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)*
1-(1-enyl-palmitoyl)-GPC (P-16:0)*
sphingomyelin (d18:2/18:1)*

sphingomyelin (d18:1/20:1, d18:2/20:0)*
sphingomyelin (d18:2/24:2)*

sphingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)*
sphingomyelin (d18:2/24:1, d18:1/24:2)*
sphingomyelin (d18:2/23:1)*

sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)*
sphingomyelin (d18:2/14:0, d18:1/14:1)*
6-bromotryptophan

1,5-anhydroglucitol (1,5-AG)





OEBPS/Images/fendo-16-1531525-g001.jpg
4000 Samples
1001 Cases

2999 Controls
1159 Metabolites

3679 Samples
969 Cases

2710 Controls
641 Metabolites

Unknown
Metabolites

No

Missingness
> 20%

No

No

Unknown
T2D Status

Yes

Yes

Yes

Yes

222 Metabolites

7 Samples
296 Metabolites

40 Samples

274 Samples





OEBPS/Images/fendo-16-1531525-g005.jpg
(A) QCBio

E— 0
— [ ] (11)
- [ ] (45%)

glucose = - (2)
3-hydroxyoctanoate = - ( 45*)
2_aminoheptanoate = . (45*)
Wit [ ] (45%)
1—stearoyl—((1-31§:(o)) i D ( 4 5*)
@ acisoga = . (1 3)
S oS - ] (45%)
Z il ] (8)
= gt 1 B
hexadecanedioate (C16-DC) = I (45%)
1-carboxyethylphenylalanine = I (45%)
phenylacetylglutamine = I ( 45*)
N6-carboxymethyllysine = I (45*)
androstenediol (3aeroh:6 ;uigt%hg) ] [l (4 5*)
| (45%)
indoleacetylglutamine = I (45%)
isoursodeoxycholate = I (45*)

' ' ' ' :

-2 -1 0 1 2

Coefficient
(B) QBB

A — 0
] @
3-methoxytyrosine = : (29*)
[ 1] (297)
uctose - [ ] (29%)
mannonate* = - (29*)
fructosyllysine = - (29*)
Ealveiisiny ] (11)
9 6-bromotryptophan = : (29*)
__8 N6-acetyllysine = I:l (29%)
g m— [ ] ©2)
E 3-aminoisobutyrate = |:| (29*)
acisoga = - (9)
N-acetylputrescine = - (29*)
3-hydroxydecanoate - - (26)
arachidonoyI—Gg’_Epalgg?g(l)f): i - (27)
1—(1—enyl—palmitoyl)—2—palrrEiFt)<1I1eg:)/(I)71(3éI:31()3* ] |:| (29*)
N-acetylserine = D (29*)
1—stearoyl—2—|ino(|1eg:)8/—1cg |:=2|) ] I:l (29%)
gamma-—glutamylcitrulline* = I:l (29%)

' ' ' ' ;

-2 -1 0 1 2

Coefficient





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-16-1531525-g002.jpg
Train 2022 (QBB) . 641 metabolites + 20 metabolites +
(75%) ) 747 (QCBio) o metehoTes 3 Covariates
Test 688 (QBB) - - 641 metabolites + 20 metabolites +
(25%) || 222 (QCBio) m Rilmstaboiies 3 Covariates 3 Covariates

P g only model only model Covariates model Covariates model





OEBPS/Images/fendo.2025.1531525_cover.jpg
& frontiers | Frontiers in Endocrinology

Coronary heart disease and type 2 diabetes
metabolomic signatures in the Middle East





OEBPS/Images/fendo-16-1531525-g004.jpg
AUC

AUC

20% 40% 60% 80% 100%

0

20% 40% 60% 80% 100%

0

(A) QCBio

O Covariates only

88.04 g7.e7 ©9-26

80.06
73.92 :
RF SVM

(B) GBB

97.91 97.97 ggep

O Metabolites only

88.49 88.59

98.74 98.72

78.02
55.69
RF SVM

87.82

93.5

O Metabolites + covariates

XGBoost

95.46 93.67

| |:| |

XGBoost

B Top metabolites + covariates

90.42

84.11
78.95
| |:| |
LD

A

95.24 97.37 97.33 g5 gq

| | |:| | |
LD

A






OEBPS/Images/fendo-16-1531525-g006.jpg
Density

(A) QCBIo
0.254 OR = 2.153 [1.784 - 2.597]
AUC = 0.872
Pvalue = 1.20e-15
[ ] cHD+|T2D - (n=137)
0.20+ | ] cHD+|T2D + (n=108)
0.15+
0.10+
0.05+
0.00+
-5 5 10
(B) QBB
OR =2.32[1.94 - 2.775]
AUC = 0.958
Pvalue = 2.91e-20
CHD- | T2D - (n=595)
0.154 CHD- | T2D + (n=70)
0.104
0.054
0.004
-15 -10 -5 10 15

(C) QCBio model on QBB dataset with covariates

0.2

Density

0.51

0.0

OR =10.52[8.312 — 13.314]
AUC =0.934
Pvalue = 2.27e-85

[ ] cHD- | T2D - (n=2438)
[ ] cHD-|T2D + (n=272)

-5 0 5

(D) QBB model on QCBio dataset with covariates

0.8
OR = 6.285 [4.976 - 7.938]
AUC = 0.863
Pvalue = 1.10e-53
02 [ ] cHD+ | T2D - (n=488)
| | cHD+ | T2D + (n=481)
>
@ (.11
(O]
()
0.51
0.0
—1 5 0 5 1






