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Abstract

:

It is currently unknown whether associations between gut microbiota composition and type 2 diabetes (T2D) differ according to the ethnic background of individuals. Thus, we studied these associations in participants from two ethnicities characterized by a high T2D prevalence and living in the same geographical area, using the Healthy Life In Urban Settings (HELIUS) study. We included 111 and 128 T2D participants on metformin (Met-T2D), 78 and 49 treatment-naïve T2D (TN-T2D) participants, as well as a 1:1 matched group of healthy controls from, respectively, African Surinamese and South-Asian Surinamese descent. Fecal microbiome profiles were obtained through 16S rRNA gene sequencing. Univariate and machine learning analyses were used to explore the associations between T2D and the composition and function of the gut microbiome in both ethnicities, comparing Met-T2D and TN-T2D participants to their respective healthy control. We found a lower α-diversity for South-Asian Surinamese TN-T2D participants but no significant associations between TN-T2D status and the abundance of bacterial taxa or functional pathways. In African Surinamese participants, we did not find any association between TN-T2D status and the gut microbiome. With respect to Met-T2D participants, we identified several bacterial taxa and functional pathways with a significantly altered abundance in both ethnicities. More alterations were observed in South-Asian Surinamese. Some altered taxa and pathways observed in both ethnicities were previously related to metformin use. This included a strong negative association between the abundance of Romboutsia and Met-T2D status. Other bacterial taxa were consistent with previous observations in T2D, including reduced butyrate producers such as Anaerostipes hadrus. Hence, our results highlighted both shared and unique gut microbial biomarkers of Met-T2D in individuals from different ethnicities but living in the same geographical area. Future research using higher-resolution shotgun sequencing is needed to clarify the role of ethnicity in the association between T2D and gut microbiota composition.
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1. Introduction


Type 2 Diabetes (T2D) is considered as a major global public health concern [1]. Differences in prevalence across different ethnicities are known, both between countries as well as between ethnicities living in the same geographical area [2,3]. In the latter, the prevalence of T2D is often higher in ethnic minority groups compared to the host population, as depicted in several cohort studies [2,3,4,5]. In the Healthy Life In Urban Setting (HELIUS) study, South-Asian Surinamese in Amsterdam had the highest prevalence of T2D among all ethnic groups, and African Surinamese also showed a much higher prevalence compared to the Dutch population [3]. However, the underlying mechanism of this difference remains unclear [2]. In this regard, T2D is often caused by a combination of multiple genetic and environmental factors, including lifestyle and biological factors, which may also partially differ between ethnicities [1,6]. Recently, the gut microbiome, composed of trillions of bacteria, viruses and fungi and their corresponding genes, was also suggested to play a role in the development of T2D [7,8,9,10,11].



In addition to its known role in several fundamental processes in the host, including nutrient metabolism and the host immune response, the gut microbiome is indeed also proposed to be involved in host glycemic control and associated with insulin resistance [10,11,12,13,14,15]. Several studies have shown differences in microbiome structure or function between healthy and (pre)diabetic subjects [7,8,9,10,16,17,18,19,20,21]. A lower abundance of butyrate producing bacteria in (pre)diabetic subjects was identified in multiple studies, but other findings were inconsistent [7,9,10,19,20]. Recently, oral antidiabetic drugs, and especially metformin, were shown to alter the gut microbiome composition and function, which might have confounded some of the previous results [9,22,23,24]. Furthermore, across those studies, individuals with different ethnic origins were included, which could explain some of the inconsistencies between studies. Some studies even showed that some associations could not be replicated in another ethnic cohort within the same study [8,9,21,25]. This might suggest that the identified associations could be ethnic specific, in line with generally observed differences in microbiome composition across different ethnicities [21,26,27,28]. However, the influence of potential confounders, such as different study designs, sample size, geographical location or medication use, on the observed differences could not be excluded in these previous T2D studies.



From the above observations, the question arises if different gut microbiome profiles in T2D are indeed observed in subjects from different ethnic descent. Insights herein could improve future applications of the gut microbiome in personalized prevention, diagnostic tools or therapeutic strategies. Therefore, in the ongoing HELIUS study, we analyzed the differences in gut microbiome composition and function between healthy and T2D subjects of South-Asian Surinamese and African Surinamese descent, two ethnic minority groups with a high prevalence of T2D living in Amsterdam (NL), taking into account their metformin medication status.




2. Materials and Methods


2.1. Study Population


The HELIUS study is an ongoing study, at baseline including 18–70 years old residents of Amsterdam, the Netherlands. Participants were randomly recruited from the municipal registry, stratified by their ethnic origin, being of either Dutch, South-Asian Surinamese, African Surinamese, Turkish, Moroccan or Ghanaian descent (mainly first-generation immigrants). A detailed description of the study design, study population and rationale is provided elsewhere [29,30]. In the current analyses, we included only participants who provided a stool sample during the baseline visit between 2011 and 2015 and for whom gut microbiome profiles were available. The HELIUS study was approved by the Academic Medical Center (AMC) Medical Ethics Committee, and all participants provided informed consent.




2.2. Baseline Data Collection


Recruited participants completed a questionnaire including items related to sociodemographic characteristics, lifestyle (including physical activity, smoking, alcohol use and dietary habits) and health status. They underwent a physical examination, including measurements of anthropometric characteristics (e.g., height, weight and waist circumference) and blood pressure, and a review of current medication. Overnight fasted blood samples were drawn and used for determination of HbA1c, glucose and lipid profile. Furthermore, a subset of participants collected their own stool sample at home using a collection tube. They were asked to bring the sample to the research location within 6 h after collection or otherwise to store it in the freezer overnight and bring it the next day. At the research location, samples were temporarily stored at −20 °C, before daily transport to the AMC, where they were checked for conformity and stored at −80 °C. Information regarding participants’ antibiotic use in the past three months, probiotic use and whether they had diarrhea in the past week was recorded when participants handed in the sample. A subsample of the HELIUS cohort also provided detailed dietary intake data from ethnic-specific food frequency questionnaires (FFQs), as previously described [31,32].




2.3. Profiling of Fecal Microbiota Composition


Sequencing of the stool samples was performed at the Wallenberg Laboratory (Sahlgrenska University of Gothenburg, Gothenburg, Sweden). Total genomic DNA was extracted from a 150 mg fecal sample aliquot using a repeated bead beating method [33]. Fecal microbiome composition was profiled by sequencing the V4 region of the 16S rRNA gene on an Illumina MiSeq instrument (Illumina RTA v1.17.28; MCS v2.5, San Diego, CA, USA) with 515F and 806R primers designed for dual indexing [34] and the V2 Illumina kit (2 × 250 bp paired-end reads). Here, 16S rRNA genes from each sample were amplified in duplicate reactions in volumes of 25 μL, which contained 1× Five Prime Hot Master Mix (5PRIME GmbH, Hamburg, Germany), 0.4 mg mL−1 BSA, 5% dimethylsulfoxide, 200 nM of each primer and 20 ng of genomic DNA. PCR was carried out under the following conditions: initial denaturation at 94 °C for 47 min; followed by 25 cycles of denaturation at 94 °C for 45 s; annealing at 52 °C for 60 s; elongation at 72 °C for 90 s; and a final elongation step at 72 °C for 10 min. Duplicates were combined, purified with the PCR Clean-Up kit (Macherey-Nagel, Düren, Germany) and the NucleoSpin Gel, and quantified using the Quant-iT PicoGreen dsDNA kit (Invitrogen, Waltham, MA, USA). Purified PCR products were diluted to 10 ng/μL and pooled in equal amounts. To remove short amplification products, these pooled amplicons were purified again using Ampure magnetic purification beads (Agencourt, Beverly, MA, USA). Negative controls were included for each sample. Gel electrophoresis was used to confirm the absence of detectable PCR products in these negative controls. Positive controls were not included in these runs. However, the protocol used to analyze the samples was optimized using mock samples. Libraries for sequencing were prepared by mixing the pooled amplicons with PhiX control DNA purchased from Illumina. This input DNA contained 15% PhiX and had a concentration of 3 pM and resulted in the generation of about 700 K clusters/mm2 and an overall percentage of bases with quality score higher than 30 (Q30) higher than 70%. All analytical procedures were blinded for ethnicity (but not randomized).




2.4. Bioinformatics Pipeline


USEARCH (v11.0.667_i86linux64, [35]) was used to process the raw sequencing reads. To merge the paired-end reads, the merging step (using ‘fast_mergepairs’ command) was performed with a maximum of 30 allowed differences in the overlapping regions (‘maxdiffs’) and a maximum of 1 expected error (‘fastq_maxee’) as a quality filter threshold (using the ‘fastq_filter’ command). After merging the paired-end reads and quality filtering, Amplicon Sequence Variants (ASVs) were obtained by dereplicating the remaining contigs and denoising the unique sequences using the UNOISE3 algorithm. Subsequently, all merged reads were mapped against the resulting ASVs to produce an ASV table. ASV sequences longer than 260 base pair or shorter than 250 base pair (i.e., ASVs not matching the expected amplicon length) were filtered out. Taxonomy was assigned using the ‘assignTaxonomy’ function from the ‘dada2′ R package (v1.12.1) and the SILVA reference database (v.132) [36,37]. MAFFT (v. 7.427 [38,39]) using default settings was then used to align the ASV sequences. From the resulting multiple sequence alignment, a phylogenetic tree was constructed with the ‘double precision’ build of FastTree (v. 2.1.11 [40]) using a generalized time-reversible model (‘-gtr’). The tree, taxonomy and ASV table were integrated using the ‘phyloseq’ R package (v. 1.28.0 [41]). Lastly, the ‘vegan’ R package (v 2.5-6 [42]) was used to rarefy the ASV table to 14,932 counts per sample. Of all 6056 sequenced samples, samples with insufficient counts (<5000 counts per sample, n = 24) were excluded at this rarefaction stage, resulting in a final complete dataset of 6032 samples with 22,532 ASVs. Lastly, this rarefied ASV table was inputted to PICRUSt2 (v 2.2.0_b) with default parameters to predict MetaCyc pathway abundances per sample [43].




2.5. Ascertainment of T2D and Controls


Type 2 diabetes was defined based on either fasting glucose levels ≥7.0 mmol/L, fasting HbA1c levels ≥48 mmol/mol or use of antidiabetic medication. To account for the known confounding effect of metformin on the gut microbiome [9,22,23,24], T2D cases were further divided into ‘T2D cases on metformin treatment’ (Met-T2D) and ‘T2D cases not taking any antidiabetic medication’ (treatment-naïve, TN-T2D). T2D cases not classified as Met-T2D or TN-T2D were excluded.



Healthy controls were included if they were normoglycemic (both fasting glucose levels <5.6 mmol/L and fasting HbA1c levels <39 mmol/mol), did not self-report diabetes and did not fulfil more than 1 of the following metabolic syndrome criteria: high blood pressure (systolic blood pressure ≥130 mmHg or diastolic blood pressure ≥85 mmHg or use of blood pressure lowering medication), high blood triglycerides (≥1.7 mmol/L or lipid lowering medication), reduced HDL cholesterol (<1.03 mmol/L (male), <1.29 mmol/L (female) or lipid lowering medication) or high fasting plasma glucose (≥5.6 mmol/L or glucose lowering medication). The central obesity component (waist circumference ≥80 cm (female), ≥90 cm (Hindu male) and ≥94 (non-Hindu male)) was not taken into account due to its high prevalence. In case of missing data for a particular criterion, this criterion was considered as fulfilled.



Participants were excluded if they had taken antibiotics in the past three months or if this variable was unknown. In addition, healthy controls were also excluded in case they had missing values for at least one of the following values: fasting glucose levels, fasting HbA1c levels, antidiabetic medication use, metabolic syndrome status, age, sex or BMI.



Based on low number of T2D cases in the Ghanaian, Turkish, Moroccan and Dutch groups, the present study only focused on the African Surinamese (Met-T2D: n = 111, TN-T2D: n = 78) and South-Asian Surinamese (Met-T2D: n = 128, TN-T2D: n = 49). Healthy controls from the same ethnic group were selected for Met-T2D and TN-T2D cases using a 1:1 propensity score matching based on age, sex and BMI. (MatchIt R package v. 3.0.2. [44]). The matching was performed separately by T2D treatment status, so that the same healthy participant could serve as control for both the Met-T2D and TN-T2D cases.




2.6. Statistical Analysis


Since T2D cases were matched to controls based on only a limited number of general variables [45], and we did not observe a positively skewed distribution of within pairs correlations for bacterial features. We performed unpaired analyses for all downstream analyses.



Anthropometric and clinical values are summarized with mean ± standard deviation or median (Inter Quartile Range) for normally and non-normally distributed variables, respectively. Differences in these variables between controls and diabetes subjects were compared with two sample t-tests or Wilcoxon rank-sum tests, respectively. Counts (%) are provided for categorical variables and compared with a Fisher exact test or Chi-squared test.



We obtained dietary patterns scores for a subset of individuals by performing a principal components analysis with VARIMAX rotation (function ‘principal’ from psych R package v. 2.0.9 [46]) on 44 nonzero food group variables from the ethnic-specific FFQs. Based on the interpretability of the patterns and the scree plot, 2 patterns were retained. Food items with an absolute factor loading of ≥0.3 were considered to contribute significantly to a diet pattern. A score for each diet pattern, representing the adherence to this pattern, for each individual was used in the sensitivity analyses.



The diversity of gut microbiota for each individual was assessed with several α-diversity indices calculated at the ASV level, namely richness (number of unique ASVs, function ‘specnumber’ from vegan R package 2.5-6 [42]), Faith’s PD (function ‘pd’ from picante R package v.1.8.2. [47]), Shannon index and inverse Simpson index (both with function ‘diversity’ from vegan R package [42]). Linear regression, with each α-diversity index as outcome variable, was performed to test the effect of T2D on the α-diversity index. Models were tested without adjustment and with adjustment for age, sex and BMI (“covariate-adjusted” model) and additionally for proton pump inhibitor (PPI) use, statin use, beta blocker use and use of medication working on the renin-angiotensin system (“covariate-and-medication-adjusted” model). For participants with available dietary information from FFQs, the same models were tested as well as models with an additional adjustment for dietary scores (“diet-adjusted” model, “covariate-and-diet-adjusted” models and “covariate-medication-and-diet-adjusted” models).



The interindividual dissimilarities in gut microbiota composition (β-diversity) were assessed with both the unweighted and weighted UniFrac distances (function ‘UniFrac’ from phyloseq v 1.30.0 R package [48]) and the Bray–Curtis dissimilarity index (function ‘vegdist’ from vegan R package [42]) all obtained at the ASV level. Dissimilarities were plotted using Principal Coordinate Analysis (PCoA, function ‘pcoa’ of ape v5.3 R package [49]) on the first 2 components. Statistical differences in β-diversity estimates between T2D cases and healthy controls were tested using PERMANOVA (function ‘adonis’ from vegan R package [42], 10,000 permutations). Unadjusted, ”covariate-adjusted” and “covariate-and-medication-adjusted” models were used in both the full dataset and in the subset of participants with available dietary scores. In the latter the “diet-adjusted”, “covariate-and-diet-adjusted” and “covariate-medication-and-diet-adjusted” models were also tested.



All of the above-described analyses regarding α- and β-diversity were performed for each ethnicity separately and stratified by T2D status (Met-T2D vs. their matched healthy controls or TN-T2D vs. their matched healthy controls). Interactions between T2D status and ethnicity were tested by introducing the product of T2D status and ethnicity in a model already including T2D status and ethnicity.



Within each ethnicity, read counts of individual ASVs were compared between T2D cases (Met-T2D or TN-T2D, separate analysis) and their controls to identify differentially abundant ASVs. Only ASVs with on average ≥ 3 reads per sample (≥0.02%) in the specific dataset under consideration were included in the analysis. Since ASV abundance is not normally distributed and no golden standard for ASV analysis is available, we applied a sensitivity analysis with different models and transformation methods (data not shown) to select significant differentially abundant ASVs. While we observed that results were dependent on the chosen model or transformation in some cases, we decided to use the Wilcoxon rank-sum test on the untransformed read counts to compare the abundances, since this model uses the least assumptions about the distribution. p-values were corrected for multiple comparisons using Benjamini–Hochberg correction (p. adjust) [50]).



For each T2D status, ASVs that remained significant after this correction in either of the two ethnicities were further analyzed with a sensitivity analysis to disentangle the effect of potential confounders. Therefore, linear regression models with arcsin square-root transformed relative abundances of each ASV as output were run for each ethnicity separately, using the same type of adjustments as for the α- and β-diversity measures (unadjusted, “covariate-adjusted”, “covariate-and-medication-adjusted” models in the full cohort and the subset of participants with available diet information; “diet-adjusted”, “covariate-diet-adjusted” and “covariate-medication-and-diet-adjusted” models only in the subset of participants with available diet information). To verify if T2D had a different effect on the abundance of the identified ASVs for a specific ethnicity, we tested the interaction effect between T2D and ethnicity on the abundance of the selected ASVs by introducing the product of T2D status and ethnicity in a model already including T2D status and ethnicity.



To compare the predicted functional differences of the gut microbiome between T2D cases and controls, PICRUSt2 read counts were normalized to relative abundances using total sum scaling. Only pathways with an average abundance ≥ 0.02% in the specific dataset under consideration were included in the analysis. We conducted the same analysis as those conducted for ASV. However, in the sensitivity analysis, pathway abundances were log-transformed after addition of a pseudocount (0.01%).



For all statistical analysis, R v.3.6.2 [51] was used in RStudio (v 1.2.5033). p-values ≤ 0.05 (either Benjamini–Hochberg corrected or for terms in (un)adjusted linear models) were considered to be statistically significant for single terms, whereas for interaction terms a criterion of p-value ≤ 0.20 was used. Since in the sensitivity analysis of the ASV and pathway abundances p-values were no longer corrected for multiple comparisons, ASVs and pathways were only considered as significantly associated with T2D in a specific ethnicity if they were significant in both the Benjamini–Hochberg corrected Wilcoxon analysis and the linear regression models.




2.7. Machine Learning


We built machine learning models to predict T2D status (T2D vs. matched controls) based on microbiome profile for both Met-T2D and TN-T2D status for each ethnicity separately. Models were built on the same features included in the Wilcoxon analyses described above. All models were constructed with the same stability selection procedure to ensure robustness of the results and prevent overfitting. [52] For this, we reshuffled the order of the samples in the original dataset 50 times. After each shuffle, the dataset was split into a training (80% of the data) and a test set (20% of the data) with an equal balance between T2D cases and controls in both sets. The test set was not seen by the model during training. We preprocessed the training dataset by adding a random variable (to enable discrimination of predictive features later) and scaling the dataset with zero mean, unit variance. We then fitted an extremely randomized tree model [53] on this training dataset after tuning the hyperparameters of the model with 5-fold cross validation. Once the model was built, we used the test set to obtain performance measures. Model performance was represented by the Area Under the Curve (AUC). Feature importance was assessed by both the permutation feature importance [54] and Shapley Additive exPlanations (SHAP) importance (function ‘TreeExplainer’ with feature_perturbation = ’tree_path_dependent’ from shap v. 0.35.0 Python package [55]).



Final model performance, SHAP feature importance and permutation feature importance were obtained by averaging the scores across the different shuffles. Features were selected as important to distinguish T2D cases and healthy controls if they were both present in the top 20 of the average SHAP importance and in the top 20 of the average permutation importance. The machine learning pipeline was implemented in Python v3.7.6, using the scikit-learn (v 0.22.1) package.





3. Results


In total, 189 African Surinamese T2D cases (111 Met-T2D and 78 TN-T2D) and 177 South-Asian Surinamese T2D cases (128 Met-T2D and 49 TN-T2D) were included. After matching, 130 African Surinamese and 128 South-Asian Surinamese were selected as healthy controls, some of them being matched to both a Met-T2D and a TN-T2D case. Since both metformin use and ethnicity are known confounders for the gut microbiome [9,22,23,24,26], all analyses were performed according to metformin use and ethnicity (i.e., African Surinamese Met-T2D cases vs. matched controls, African Surinamese TN-T2D cases vs. matched controls, South-Asian Surinamese Met-T2D cases vs. matched controls, and South-Asian Surinamese TN-T2D cases vs. matched controls). Characteristics of participants according to T2D status are provided in Table 1. Despite the propensity-score matching, T2D cases were in general older or had a higher BMI. These differences were particularly observed between South-Asian Surinamese Met-T2D cases and controls, where T2D cases were also more often male. Furthermore, T2D cases had a higher prevalence of all metabolic syndrome components, except for central obesity in South-Asian Surinamese TN-T2D. Regarding medication use, statins were only taken by T2D cases, use of beta blockers and medications targeting the renin-angiotensin system was higher in Met-T2D cases in both ethnic groups, while South-Asian Surinamese Met-T2D cases took more often PPIs. Detailed FFQs diet information was available for about 30% of the subjects and used to generate adherence scores for two dietary patterns, namely adherence to a “healthy” diet (PC1, with significant factor loadings including vegetables, fruit, olive oil and fish) and adherence to a “Western” diet (PC2, with significant factor loadings including fast food, sweets and snacks); see Supplementary Table S1.



3.1. Gut Microbiome Diversity Analysis


Analyses of α-diversity measures are displayed in Figure 1 and Supplementary Table S2. The diversity of the gut microbiota in South-Asian Surinamese Met-T2D cases was lower compared to their healthy controls, indicated by a lower richness (p = 0.000716), Shannon index (p = 0.0027), inverse Simpson index (p = 0.0169) and phylogenetic diversity (Faith’s PD, p = 0.0103). After adjusting for age, sex, BMI and medication use, both South-Asian Surinamese Met-T2D and TN-T2D cases were characterized by a significantly lower richness and diversity (Met-T2D: Shannon, TN-T2D: Faith’s PD) compared to their healthy controls. In African Surinamese, we only observed a significantly lower phylogenetic diversity in Met-T2D cases (p = 0.0324) compared to their controls, which remained significant after adjusting for age, sex and BMI. In addition, a significant interaction effect between Met-T2D and ethnicity was observed for the Shannon index and richness, supporting the difference in observed associations between ethnic groups. In the subsample with available dietary information, T2D status was not associated with α-diversity in any of the models (with or without additional adjustment for dietary patterns (see Supplementary Table S3).



Although no clear separation was seen visualizing the results of the PCoA using the three β-diversity measures (see Figure 2 for the Bray–Curtis dissimilarity plot), subsequent PERMANOVA analysis (see Supplementary Table S4) revealed dissimilar microbiota compositions between Met-T2D cases and their healthy controls in both ethnicities based on Bray–Curtis (African Surinamese: p = 0.0332, South-Asian Surinamese: p = 0.0002) and unweighted UniFrac (African Surinamese: p = 0.0186, South-Asian Surinamese: p = 0.0005). Only South-Asian Surinamese Met-T2D cases had a significantly different weighted UniFrac dissimilarity compared to their healthy controls (p = 0.0013), supported by a significant interaction effect between Met-T2D and ethnicity. However, only the effect of Met-T2D on Bray–Curtis dissimilarity in the African Surinamese remained significant after adjusting for age, sex, BMI and medication use. The same analyses in the diet subsample revealed either no significant effects of T2D or the effect vanished after adjusting for the dietary patterns (see Supplementary Table S5).




3.2. Analysis of Biomarkers for T2D


To identify differentially abundant ASVs between T2D cases and matched healthy controls, we applied univariate analyses on each dataset on a prefiltered subset of ASVs (see Supplementary Table S6). After adjusting the results of the Wilcoxon analysis for multiple testing, 41 ASVs were significantly different between South-Asian Surinamese Met-T2D cases and their healthy controls. Fewer significant ASVs were identified in the African Surinamese, where only eight ASVs were significantly different between Met-T2D cases and their healthy controls (see Figure 3A). In both ethnicities, the identified ASVs were more often less abundant in Met-T2D cases. Whereas in both ethnicities TN-T2D was associated with the abundance of some ASVs based on the unadjusted p-values, remarkably none of them remained significant after adjusting for multiple testing.



Several ASVs assigned to the Peptostreptococcaceae family (Romboutsia, Intestinibacter bartlettii and Terrisporobacter), several ASVs assigned to Clostridium sensu stricto 1, and one ASV assigned to Escherichia/Shigella were associated with Met-T2D in both ethnicities (see Figure 3A), with a lower abundance of the Peptostreptocacceae and Clostridium and a higher abundance of Escherichia/Shigella ASVs in Met-T2D subjects compared to their matched controls. By contrast, some ASVs were uniquely identified in either African Surinamese or South-Asian Surinamese. For example, one ASV assigned to Anaerostipes hadrus (ASV 81) was only identified in African Surinamese, while several ASVs assigned to members of the Lachnospiraceae, Lactobacillaceae, Christensenellaceae, Erysipelotrichaceae and Ruminococcaceae families were unique for the South-Asian Surinamese.



To further disentangle the effect of age, sex, BMI and medication use on our results, we performed a sensitivity analysis using multiadjusted linear regression models (with arcsin-root-transformed ASV abundance) for all ASVs that were significantly associated with Met-T2D in at least one ethnicity after multiple testing correction in the previous analyses (see Figure 3B). For robustness, associations between ASVs and Met-T2D were only considered significant if they were significant in both the Wilcoxon test and sensitivity analysis. Interactions between Met-T2D and ethnicity were tested to verify potential differential associations between Met-T2D status and ASVs according to ethnicity. We observed that for the African Surinamese the effect of Met-T2D remained significant for all selected ASVs, whereas this was not the case for the South-Asian Surinamese (Supplementary Table S7). In South-Asian Surinamese, the effect of Met-T2D remained significant in only eight of the ASVs (mainly assigned to the Lachnospiraceae family) in both “covariate-adjusted” models and “covariate-and-medication-adjusted” models. For most of these ASVs, the Met-T2D effect was uniquely significant for the South-Asian Surinamese, with significant interactions between Met-T2D status and ethnicity. In the subgroups with available dietary information, African Surinamese Met-T2D cases still showed a significant lower abundance for several ASVs belonging to the Peptostreptococcacceae family and Clostridium sensu stricto 1 after adjusting for age, sex, BMI and dietary patterns compared to their controls, and for Romboutsia also after adjusting for medication use. In South-Asian Surinamese, Met-T2D cases had a lower abundance of Bifidobacterium compared to their controls after adjusting for age, sex, BMI, medication use and dietary patterns, whereas the abundance of Romboutsia and Clostridium sensu stricto 1 was only significantly lower after adjusting for age, sex, BMI and dietary patterns (see Supplementary Table S7).



To assess if the gut microbiome composition could distinguish T2D cases from controls, which would be useful for future diagnostic applications, we trained extremely randomized tree classifiers on the ASV read counts. For both ethnicities, it was not possible to separate TN-T2D cases from their matched controls with high accuracy, indicated by an average AUC of 0.64 ± 0.09 and 0.46 ± 0.09 for the South-Asian Surinamese and African Surinamese, respectively. By contrast, Met-T2D status could be predicted with a high accuracy in both ethnicities, as shown by an average AUC of 0.81 ± 0.05 and 0.78 ± 0.06 for South-Asian Surinamese and African Surinamese, respectively. The most important features separating Met-T2D cases from their matched controls for each ethnicity were then obtained by combining two feature importance scores [54,55], resulting in 14 biomarkers for the African Surinamese (Figure 4A, left) and 12 biomarkers for the South-Asian Surinamese (Figure 4A, right). Of these, six and seven markers, respectively, were also identified as associated with Met-T2D status in the Wilcoxon analysis and in some cases even in the sensitivity analysis. ASVs assigned to Escherichia/Shigella, Clostridium sensu stricto 1, Romboutsia and Intestinibacter bartlettii were important for classifying Met-T2D cases in both ethnicities (Figure 4B) of which Romboutsia was the most important feature in both ethnicities and with both feature importance scores. In addition, for African Surinamese, several Lachospiraceae, including Anaerostipes hadrus, were among the most important features as well as ASVs assigned to Olsenella and Bilophila wadsworthia. For South-Asian Surinamese other Lachnospiraceae, including Lachnoclostridium, as well as ASVs assigned to Bifidobacterium, Streptococcus and Erysipelotrichaceae_UCG-003 were selected.




3.3. Functional Analysis


Lastly, we analyzed the difference in functional potential of the gut microbiome between T2D cases and their healthy controls in all datasets. Univariate analyses on a prefiltered set of MetaCyc pathway abundances predicted by PICRUSt2 revealed 176 significantly altered pathways in South-Asian Surinamese Met-T2D cases compared to their matched controls. However, in African Surinamese, only nine pathways were significantly altered in Met-T2D cases (see Figure 5A and Supplementary Table S8). The abundances of these pathways identified in the African Surinamese were all higher in Met-T2D cases and mostly also significant in the South-Asian Surinamese. In line with the ASV analysis, no significantly altered pathways were present between TN-T2D cases and their matched controls in both ethnicities.



Figure 5B shows the most significantly altered pathways in Met-T2D cases compared to their controls for both ethnicities. Several pathways representing menaquinol biosynthesis, fermentation of pyruvate and TCA cycle IV had a higher abundance in Met-T2D cases in both ethnicities, whereas South-Asian Surinamese Met-T2D cases also displayed a significantly lower abundance of several amino acid biosynthesis pathways. Disentangling the effect of potential confounders revealed that African Surinamese Met-T2D cases still showed a significantly higher abundance of the selected pathways after adjusting for age, sex and BMI but most of the time not after additional correction for medication use (Supplementary Table S9). On the other hand, South-Asian Surinamese Met-T2D cases had significantly lower abundance for their top 11 most significant pathways after adjusting for both age, sex, BMI and medication use, except for the TCA cycle IV pathway, which was robustly present with a higher abundance in Met-T2D cases. These less abundant pathways were uniquely selected for South-Asian Surinamese, with significant interaction effects between Met-T2D and ethnicity. Subanalyses of models on the highlighted pathways above adjusted for age, sex and BMI in the groups with dietary information revealed either no significant effects for Met-T2D or the effect disappeared after adjusting for the dietary patterns.



Subsequent machine learning models could not distinguish T2D subjects from controls with a high accuracy based on the predicted pathways abundances for both African Surinamese datasets (average AUC Met-T2D cases vs. matched controls: 0.59 ± 0.06, average AUC TN-T2D cases vs. matched controls: 0.51 ± 0.06) and the South-Asian Surinamese TN-T2D cases vs. matched controls (average AUC 0.52 ± 0.12). Prediction performance of the model in the South-Asian Surinamese Met-T2D vs. matched controls was only modest, as indicated by the average AUC of 0.7 ± 0.06.





4. Discussion


In this study, we showed differences in gut microbiome α- and β–diversity measures, as well as in abundances of bacterial taxa (ASVs) and functional pathways between individuals with diabetes on metformin treatment and their healthy controls from two ethnic minority groups (South-Asian Surinamese and African Surinamese) living in the same geographical area and characterized by a high T2D prevalence. Furthermore, we showed that Met-T2D cases could be separated from their healthy controls based on their gut microbiome composition in both ethnicities using machine learning classifiers. Some of the Met-T2D-associated ASVs and pathways showed overlap between ethnicities. The gut microbiome of South-Asian Surinamese displayed more alterations between Met-T2D cases and controls, indicated by lower α-diversity measures and more significantly differentially abundant ASVs and pathways than the gut microbiome of the African Surinamese, when the same Met-T2D status was considered. By contrast, except for a lower richness and phylogenetic diversity in South-Asian Surinamese TN-T2D cases compared to their controls, we did not observe any other relation between TN-T2D and the gut microbiome in both ethnicities.



4.1. Gut Microbiota Composition Is Comparable in Treatment Naïve Diabetic Cases and Controls


Our statistically nonsignificant results in the ASV and pathway analyses for TN-T2D status in both ethnicities are in line with some previous studies [9,21]. However, several other studies have reported significant alterations in the gut microbiome of TN-T2D compared to controls [9,16,19,56]. Explanations could be either the use of shotgun sequencing data or a larger sample size. In this latter regard, our study included fewer TN-T2D cases than Met-T2D cases which could have resulted in a lower statistical power in the analysis. Furthermore, some of these previous studies did not use a matching strategy to account for potential confounders, whereas matching can greatly reduce the number of gut microbiome and T2D associations [57]. Taking all of this together suggests that true T2D patterns in treatment-naïve diabetes subjects might be subtle and complex and therefore requires high-resolution gut microbiome sequencing on large datasets [21]. In this regard, Falony et al. [58] estimated that a sample size of more than 1000 subjects is probably needed to adequately assess the relationship between obesity and microbiota composition in a cohort study, even when confounders such as age and gender are taken into account.




4.2. Overlapping Biomarkers between Ethnicities Were Previously Related to Metformin Use


Contrary to TN-T2D status, we did identify statistically significant results according to Met-T2D status. Those cases could express a more severe diabetic phenotype compared to the untreated diabetes cases. However, previous studies have reported that metformin use itself affects gut microbiome composition, even in healthy normoglycemic individuals [9,22,23,24,59,60]. Therefore, disentangling the effect of metformin from the effect of type 2 diabetes on the gut microbiome in our datasets is difficult. Interestingly, of all ASVs associated to Met-T2D in both ethnicities, almost all have been related to metformin use before in humans with the same direction. Clostridium sensu stricto 1 [23] and Peptostreptococcaceae Romboutsia [24], Terrisporobacter [23], and especially Intestinibacter bartlettii [9,22,23,60] were decreased, while Escherichia [9,22,23,24] showed an increase after metformin treatment in previous studies. In our study, Romboutsia was identified as a robust and strong biomarker in the relation between Met-T2D and the gut microbiome in both ethnicities. Besides its potential relation to metformin use [24,61,62], Romboutsia was also previously negatively correlated with the abundance of Enterobacteriaceae, in line with the observed higher abundance of Escherichia/Shigella in Met-T2D cases in our study [63]. As for the other overlapping ASVs, the effect of Met-T2D remained significant on the abundance of Clostridium sensu stricto 1, Peptostreptococcaceae Terrisporobacter and Intestinibacter bartlettii, and Escherichia/Shigella after all adjustments in African Surinamese, while those significant effects vanished in South-Asian Surinamese after adjustment for other medication use (often not addressed in the previous studies). While interactions between Met-T2D and ethnicity were significant for Peptostreptococcaceae Terrisporobacter and Intestinibacter bartlettii, they were not for Clostridium sensu stricto 1 and Escherichia/Shigella, indicating that associations in South-Asian Surinamese could not be excluded for these ASVs. By contrast, South-Asian Surinamese Met-T2D cases had a significantly higher abundance of Lachnoclostridium, also previously related to metformin use [21,23] which was not observed in African Surinamese and was robust against adjustment for confounders. Metformin use has also often been related to increased abundances of Proteobacteria abundance, Akkermansia muciniphila, and butyrate and propionate production potential. [9,18,22,23] Except for the association with A. Muciniphila, this was replicated in our study in both ethnicities, although represented by different ASVs and often only as important biomarkers in the machine learning analyses. The functional analysis revealed the same pattern. Almost all pathways that overlapped between both ethnicities have been related to metformin use before, including an increase in pathways corresponding to fermentation of pyruvate to butanoate or related to menaquinol (vitamin K2) biosynthesis and to TCA cycle. [22,64] However, the effect of Met-T2D on the abundance of these pathways was less robust against the adjustment for confounders in our study. Most of these ASVs and pathways were identified in randomized controlled trials in European descent populations. Herein, we showed that similar alterations were also observed in individuals from non-European descent although sometimes only in one ethnicity, which could suggest that metformin affects the gut microbiome in a universal way, while there might be some ethnic-specific effect on some taxa [18,21]. However, randomized controlled trials investigating the effect of metformin in other ethnicities are needed for confirmation. Furthermore, some of the abovementioned taxa were identified as altered in the same direction in treatment-naïve T2D subjects [10,19], including Romboutsia [10], Intestinibacter bartlettii [19] and Lachnoclostridium [10]; therefore, caution is needed before attributing those effects solely to metformin.




4.3. Biomarkers Related to Cardiometabolic Indicators Mostly Represented by Different ASVs across Ethnicities


Besides potential metformin-driven effects, we also observed patterns previously related to type 2 diabetes or other cardiometabolic parameters in our Met-T2D analyses. For instance, a lower abundance of butyrate producers has been reported in diabetes [9,10], which is consistent with our results of several ASVs assigned to potential butyrate producing genera that showed a lower abundance in Met-T2D cases in both ethnicities [18,65]. For both ethnicities, ASVs assigned to Anaerostipes hadrus were indeed significantly and robustly negatively associated with Met-T2D [66]. This species has been negatively correlated with BMI and blood glucose levels and exhibit a composite inositol catabolism-butyrate biosynthesis pathway that has been associated with lower metabolic disease risk [67]. Likewise, several ASVs assigned to Lachnospiraceae, a family containing several butyrate producers [65], were significantly and specifically less abundant in South-Asian Surinamese Met-T2D compared to their controls, with a strong interaction effect between Met-T2D and ethnicity. In addition, we identified ASVs previously related to blood pressure or to circulating lipid metabolites, including the Clostridium sensu stricto 1 and Peptostreptococcaceae [68,69]. ASVs negatively associated with blood pressure, VLDL particles or small HDL particles in general were less abundant in Met-T2D cases compared to controls in our study, whereas ASVs positively associated with these features were more abundant. However, these associations were often not robust against the adjustment for confounders. These observations could illustrate the overall less healthy metabolic phenotype in individuals with T2D.




4.4. Alterations in Functional Potential of the Gut Microbiome Were More Frequent in South-Asian Surinamese


Finally, functional predictions revealed a large number of significantly different pathways in South-Asian Surinamese Met-T2D cases compared to controls, but only a small number in the African Surinamese, with significant interactions between Met-T2D and ethnicity for most pathways. This could relate to a more disturbed functional capacity of the gut microbiome but also to a better representation of South-Asian Surinamese taxa in the PICRUSt database. However, machine learning analyses did not reveal a clear distinction between Met-T2D cases and controls based on these pathways. South-Asian Surinamese Met-T2D cases in our study showed a reduced biosynthesis potential of several amino acids, including branched chain amino acids (BCAAs). Remarkably, BCAAs are often positively associated with insulin resistance or T2D, and BCAA synthesis was even enriched in samples after addition of metformin to an in vitro gut simulator [10,13,22]. Further research is therefore required if these pathways are specific for South-Asian Surinamese and if these represent a metformin-related or diabetes-related pattern.




4.5. Relation to Results in Other Cohorts with the Same Genetic Background


Previous sequence data of the gut microbiome in individuals with African and South-Asian genetic backgrounds have already revealed taxa associated with type 2 diabetes in those ethnic groups [16,17,21,61,70,71,72,73]. In Indian subjects, several studies have reported a higher abundance of Escherichia in treated T2D cases and a higher abundance of Lactobacillus in both treated and untreated T2D cases [16,17,73]. Taxa belonging to the Lachnospiraceae or Ruminococcaceae families were often enriched in controls compared to T2D cases. These results are in line with ours. By contrast, we did not identify Prevotella as a biomarker, and results regarding α-diversity were inconsistent across studies [16,17,73]. Recently, Alvarez-Silva et al. [21] analyzed the relation between the gut microbiome and T2D in a large Danish–Indian cohort (not living in the same geographic area) taking several potential confounders, including metformin and other medication use, into account. They could only discover metformin unrelated T2D-associated taxa in the total cohort but not in the Indian subcohort. In this Indian cohort, also no functional biomarkers remained significant after correction for all confounders. These results are in line with the results in our TN-T2D South-Asian Surinamese cases. Lastly, a higher abundance of Lachnoclostridium, but not Escherichia/Shigella, was observed in metformin-treated diabetes subjects compared to untreated ones in this Indian subpopulation [21]. While we did not compare treated and untreated diabetes subjects, these results are in line with our results in the metformin-treated South-Asian Surinamese cases after correction for all considered confounders. In Nigerian subjects, taxa from the families Clostridiaceae and Peptostreptococcaceae showed a lower abundance in T2D subjects (all or more than half on metformin treatment) in two studies compared to controls [70,71]. In addition, Doumatey et al. [70] mentioned a lower abundance of Anaerostipes in T2D subjects. These are all in agreement with our study. However, they reported a higher α-diversity in T2D subjects.




4.6. Strengths and Limitations


While several other studies have compared T2D subjects to controls from different ethnicities [8,9,21,25], the main strength of our study is the inclusion of two different ethnicities from the same geographic area. Both ethnicities were analyzed with the same univariate and machine learning pipelines, which allowed us to compare the results. Furthermore, we applied a matching procedure and stratified the diabetes subjects on metformin use to account for potential confounders. However, this study also has several limitations. First of all, while we reduced the effect of potential confounders as much as possible, we could not eliminate it completely. Biomarkers were only identified in the metformin treated diabetes subjects, but we were not able to disentangle the effect of metformin from a potential effect of diabetes stage. In some cases, the identified biomarkers were dependent on the model or transformation method used, indicating that some caution must be applied to interpret those results. Furthermore, statins, also known to affect the gut microbiome, were only taken by diabetes subjects, which could have masked some of the T2D effects [64,74]. Lastly, matching did not eliminate all differences in age, sex and BMI between healthy and diabetes subjects, especially for the South-Asian Surinamese Met-T2D vs. controls. This could also explain the less robust results for ASV abundance after adjusting for these confounders [57]. Another limitation of this study is the difference in sample size between the metformin-treated groups and the treatment-naïve groups, especially for the South-Asian Surinamese. In addition, diet information was only available for a small part of the samples, which resulted in different sample sizes and probably limited power in these analyses. By contrast, within treatment groups, samples sizes were comparable between both ethnicities. Therefore, comparisons across ethnicities were not limited by sample size. Furthermore, we used 16S rRNA sequencing data, which does not provide information at the species, strain or functional level, and we could have missed subtle changes. Moreover, functional prediction was performed using PICRUSt, which is limited to the included reference sequences and might not capture the true functional potential. For follow-up research, it would be interesting to analyze shotgun data in equally sized groups. Lastly, our study is cross-sectional, and therefore no causative statements of gut microbiome changes and type 2 diabetes or metformin use can be made. In the future, longitudinal data for both ethnicities could shed light on this causal aspect.





5. Conclusions


In conclusion, we examined ethnic specific type 2 diabetes-related alterations in the gut microbiome of two ethnic groups (South-Asian Surinamese and African Surinamese) living in the same geographical area. No statistically significant biomarkers were identified between controls and treatment-naïve subjects in both ethnicities. However, significant differences in gut microbiome composition and function were identified in metformin-treated T2D individuals compared to controls and more so in South-Asian Surinamese. The ASV with the strongest association was assigned to Romboutsia and was consistently less abundant in Met-T2D cases compared to controls in both ethnicities. Since this taxon was previously related to metformin use, as were some other identified markers, this may indicate a metformin-driven signal. Other identified taxa were previously related to diabetes, blood pressure or lipid profiles but were often represented by different ASVs in different ethnicities. Identifying metformin-unrelated, true type 2 diabetes patterns in the gut microbiome is thus complex. More research, preferably using shotgun sequencing at higher resolution in prospective studies, is necessary to investigate if different strains or species are indeed implicated in type 2 diabetes in both ethnicities to guide future prevention, diagnostic or therapeutic approaches.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/nu13093289/s1, Table S1: Dietary patterns, Table S2: Alpha diversity, Table S3: Alpha diversity in diet cohort, Table S4: Beta diversity, Table S5: Beta diversity on diet subcohort, Table S6: Overview of the univariate Wilcoxon analysis for all ASVs, Table S7: Overview of significant associations between Met-T2D status and arcsin-square root transformed ASV abundance from linear regression models in African Surinamese and South-Asian Surinamese, Table S8: Overview of the univariate Wilcoxon analysis for all functional pathways, and Table S9: Overview of significant associations between Met-T2D status and log-transformed pathway abundance from linear regression models in the African Surinamese and South-Asian Surinamese.





Author Contributions


Conceptualization, E.L., B.-J.v.d.B. and M.N.; methodology, M.B., M.D. and K.Z.; formal analysis, M.B. and M.D.; visualization, M.B.; writing—original draft, M.B., M.D. and E.L.; writing—review and editing, K.Z., B.-J.v.d.B. and M.N.; supervision, E.L., M.D. and M.N.; resources and funding, M.N.; guarantor, E.L. All authors have read and agreed to the published version of the manuscript.




Funding


M.B. is appointed on a NNF CAMIT grant 2018 (to M.N.). M.N. is supported by a personal ZONMW VICI grant 2020 [09150182010020]. This research has been also supported by ZonMw for Technology Hotel grant [40–43500–98–5007]. The HELIUS study is conducted by the Amsterdam University Medical Centers, location AMC and the Public Health Service of Amsterdam. Both organizations provided core support for HELIUS. The HELIUS study is also funded by the Dutch Heart Foundation, the Netherlands Organization for Health Research and Development (ZonMw), the European Union (FP-7), and the European Fund for the Integration of non-EU immigrants (EIF). The study reported here was additionally supported by (an) additional grant(s) from the Dutch Heart Foundation [2010T084], ZonMw [200500003], European Union (FP-7) [278901], and European Fund for the Integration of non-EU immigrants (EIF) [2013EIF013] all assigned to K. Stronks.




Institutional Review Board Statement


The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the Academic Medical Center (AMC) Medical Ethics Committee.




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The HELIUS data are owned by the Amsterdam UMC, location AMC in Amsterdam, the Netherlands. Any researcher can request the data by submitting a proposal as outlined at http://www.heliusstudy.nl/.




Acknowledgments


We are most grateful to the participants of the HELIUS study and the management team, research nurses, interviewers, research assistants and other staff who have taken part in gathering the data of this study. Some illustrations in the graphical abstract are from Servier Medical Art (smart.servier.com).




Conflicts of Interest


E. Levin is founder of Horaizon, the Netherlands. M. Balvers is a part time employee of Horaizon. M. Nieuwdorp is founder and a member of the Scientific Advisory Board of Caelus Health, The Netherlands as well as in the Scientific Advisory Board of Kaleido Biosciences, USA. However, none of these conflicts bear any relevance to the content of the current paper. The other authors declare no conflicts of interest.




References


	



DeFronzo, R.A.; Ferrannini, E.; Groop, L.; Henry, R.R.; Herman, W.H.; Holst, J.J.; Hu, F.B.; Kahn, C.R.; Raz, I.; Shulman, G.I.; et al. Type 2 diabetes mellitus. Nat. Rev. Dis. Primers 2015, 1, 1–23. [Google Scholar] [CrossRef] [PubMed]

	



Meeks, K.A.C.; Freitas-Da-Silva, D.; Adeyemo, A.; Beune, E.J.A.J.; Modesti, P.A.; Stronks, K.; Zafarmand, M.H.; Agyemang, C. Disparities in type 2 diabetes preva-lence among ethnic minority groups resident in Europe: A systematic review and meta-analysis. Intern. Emerg. Med. 2016, 11, 327–340. [Google Scholar] [CrossRef]

	



Snijder, M.B.; Agyemang, C.; Peters, R.J.; Stronks, K.; Ujcic-Voortman, J.K.; van Valkengoed, I.G.M. Case Finding and Medical Treatment of Type 2 Diabetes among Different Ethnic Minority Groups: The HELIUS Study. J. Diabetes Res. 2017, 2017, 1–8. [Google Scholar] [CrossRef] [PubMed]

	



Tillin, T.; Hughes, A.D.; Godsland, I.F.; Whincup, P.; Forouhi, N.G.; Welsh, P.; Sattar, N.; McKeigue, P.M.; Chaturvedi, N. Insulin Resistance and Truncal Obesity as Important Determinants of the Greater Incidence of Diabetes in Indian Asians and African Caribbeans Compared with Europeans: The Southall And Brent REvisited (SABRE) cohort. Diabetes Care 2012, 36, 383–393. [Google Scholar] [CrossRef] [PubMed]

	



Muilwijk, M.; Nieuwdorp, M.; Snijder, M.B.; Hof, M.H.P.; Stronks, K.; van Valkengoed, I. The high risk for type 2 diabetes among ethnic minority populations is not explained by low-grade inflammation. Sci. Rep. 2019, 9, 19871–19878. [Google Scholar] [CrossRef] [PubMed]

	



ID Federation. IDF Diabetes Atlas, 9th ed.; ID Federation: Brussels, Belgium, 2019. [Google Scholar]

	



Qin, J.; Li, Y.; Cai, Z.; Li, S.; Zhu, J.; Zhang, F.; Liang, S.; Zhang, W.; Guan, Y.; Shen, D.; et al. A metagenome-wide association study of gut microbiota in type 2 diabetes. Nature 2012, 490, 55–60. [Google Scholar] [CrossRef]

	



Karlsson, F.H.; Tremaroli, V.; Nookaew, I.; Bergström, G.; Behre, C.J.; Fagerberg, B.; Nielsen, J.; Bäckhed, F. Gut metagenome in European women with normal, impaired and diabetic glucose control. Nature 2013, 498, 99–103. [Google Scholar] [CrossRef]

	



Forslund, K.; Hildebrand, F.; Nielsen, T.; Falony, G.; Le Chatelier, E.; Sunagawa, S.; Prifti, E.; Vieira-Silva, S.; Gudmundsdottir, V.; Pedersen, H.K.; et al. Disentangling the effects of type 2 diabetes and metformin on the human gut microbiota. Nature 2015, 528, 262–266. [Google Scholar] [CrossRef]

	



Wu, H.; Tremaroli, V.; Schmidt, C.; Lundqvist, A.; Olsson, L.M.; Krämer, M.; Gummesson, A.; Perkins, R.; Bergström, G.; Bäckhed, F. The Gut Microbiota in Prediabetes and Diabetes: A Population-Based Cross-Sectional Study. Cell Metab. 2020, 32, 379–390.e3. [Google Scholar] [CrossRef]

	



Lynch, S.V.; Pedersen, O. The Human Intestinal Microbiome in Health and Disease. N. Engl. J. Med. 2016, 375, 2369–2379. [Google Scholar] [CrossRef]

	



Gérard, C.; Vidal, H. Impact of Gut Microbiota on Host Glycemic Control. Front. Endocrinol. 2019, 10, 29. [Google Scholar] [CrossRef] [PubMed]

	



Pedersen, H.K.; Gudmundsdottir, V.; Nielsen, H.B.; Hyotylainen, T.; Nielsen, T.; Jensen, B.A.H.; Forslund, K.; Hildebrand, F.; Prifti, E.; Falony, G.; et al. Human gut microbes impact host serum metabolome and insulin sensitivity. Nature 2016, 535, 376–381. [Google Scholar] [CrossRef] [PubMed]

	



Le Chatelier, E.; Nielsen, T.; Qin, J.; Prifti, E.; Hildebrand, F.; Falony, G.; Alemida, M.; Arumugam, M.; Batto, J.-M.; Kennedy, S.; et al. Richness of human gut microbiome correlates with metabolic markers. Nature 2013, 500, 541–546. [Google Scholar] [CrossRef] [PubMed]

	



Koh, A.; Molinaro, A.; Ståhlman, M.; Khan, M.T.; Schmidt, C.; Mannerås-Holm, L.; Wu, H.; Carreras, A.; Jeong, H.; Olofsson, L.E.; et al. Microbially Produced Imidazole Propionate Impairs Insulin Signaling through mTORC1. Cell 2018, 175, 947–961.e17. [Google Scholar] [CrossRef] [PubMed]

	



Gaike, A.H.; Paul, D.; Bhute, S.; Dhotre, D.P.; Pande, P.; Upadhyaya, S.; Reddy, Y.; Sampath, R.; Ghosh, D.; Chandraprabha, D.; et al. The Gut Microbial Diversity of Newly Diagnosed Diabetics but Not of Prediabetics Is Significantly Different from That of Healthy Nondiabetics. mSystems 2020, 5, 1–17. [Google Scholar] [CrossRef]

	



Bhute, S.; Suryavanshi, M.V.; Joshi, S.M.; Yajnik, C.S.; Shouche, Y.S.; Ghaskadbi, S.S. Gut Microbial Diversity Assessment of Indian Type-2-Diabetics Reveals Alterations in Eubacteria, Archaea, and Eukaryotes. Front. Microbiol. 2017, 8, 214. [Google Scholar] [CrossRef]

	



De La Cuesta-Zuluaga, J.; Mueller, N.T.; Corrales-Agudelo, V.; Velásquez-Mejía, E.P.; Carmona, J.A.; Abad, J.M.; Escobar, J.S. Metformin is associated with higher relative abundance of mucin-degrading akkermansia muciniphila and several short-chain fatty ac-id-producing microbiota in the gut. Diabetes Care 2017, 40, 54–62. [Google Scholar] [CrossRef]

	



Zhong, H.; Ren, H.; Lu, Y.; Fang, C.; Hou, G.; Yang, Z.; Chen, B.; Yang, F.; Zhao, Y.; Shi, Z.; et al. Distinct gut metagenomics and metaproteomics signatures in prediabetics and treatment-naïve type 2 diabetics. EBioMedicine 2019, 47, 373–383. [Google Scholar] [CrossRef]

	



Allin, K.H.; Tremaroli, V.; Caesar, R.; Jensen, B.; Damgaard, M.T.F.; Bahl, M.I.; Licht, T.R.; Hansen, T.; Nielsen, T.; Dantoft, T.M.; et al. Aberrant intestinal microbiota in individuals with prediabetes. Diabetologia 2018, 61, 810–820. [Google Scholar] [CrossRef]

	



Alvarez-Silva, C.; Kashani, A.; Hansen, T.H.; Pinna, N.K.; Anjana, R.M.; Dutta, A.; Saxena, S.; Støy, J.; Kampmann, U.; Nielsen, T.; et al. Trans-ethnic gut microbiota signatures of type 2 diabetes in Denmark and India. Genome Med. 2021, 13, 1–13. [Google Scholar] [CrossRef]

	



Wu, H.; Esteve, E.; Tremaroli, V.; Khan, M.T.; Caesar, R.; Mannerås-Holm, L.; Ståhlman, M.; Olsson, L.M.; Serino, M.; Planas-Fèlix, M.; et al. Metformin alters the gut microbiome of individuals with treatment-naive type 2 diabetes, contributing to the therapeutic effects of the drug. Nat. Med. 2017, 23, 850–858. [Google Scholar] [CrossRef] [PubMed]

	



Bryrup, T.; Thomsen, C.W.; Kern, T.; Allin, K.H.; Brandslund, I.; Jørgensen, N.R.; Vestergaard, H.; Hansen, T.H.; Hansen, T.; Pedersen, O.; et al. Metformin-induced changes of the gut microbiota in healthy young men: Results of a non-blinded, one-armed intervention study. Diabetologia 2019, 62, 1024–1035. [Google Scholar] [CrossRef] [PubMed]

	



Elbere, I.; Kalnina, I.; Silamikelis, I.; Konrade, I.L.; Zaharenko, L.; Sekace, K.; Radovica-Spalvina, I.; Fridmanis, D.; Gudra, D.; Pirags, V.; et al. Association of metformin administration with gut microbiome dysbiosis in healthy volunteers. PLoS ONE 2018, 13, e0204317. [Google Scholar] [CrossRef]

	



Wang, Y.; Luo, X.; Mao, X.; Tao, Y.; Ran, X.; Zhao, H.; Xiong, J.; Li, L. Gut microbiome analysis of type 2 diabetic patients from the Chinese minority ethnic groups the Uygurs and Kazaks. PLoS ONE 2017, 12, e0172774. [Google Scholar] [CrossRef]

	



Deschasaux, M.; Bouter, K.E.; Prodan, A.; Levin, E.; Groen, A.K.; Herrema, H.; Tremaroli, V.; Bakker, G.J.; Attaye, I.; Pinto-Sietsma, S.-J.; et al. Depicting the composition of gut microbiota in a population with varied ethnic origins but shared geography. Nat. Med. 2018, 24, 1526–1531. [Google Scholar] [CrossRef]

	



Vangay, P.; Johnson, A.; Ward, T.L.; Al-Ghalith, G.A.; Shields-Cutler, R.R.; Hillmann, B.M.; Lucas, S.K.; Beura, L.K.; Thompson, E.A.; Till, L.M.; et al. US Immigration Westernizes the Human Gut Microbiome. Cell 2018, 175, 962–972.e10. [Google Scholar] [CrossRef]

	



Keohane, D.M.; Ghosh, T.; Jeffery, I.B.; Molloy, M.G.; O’Toole, P.W.; Shanahan, F. Microbiome and health implications for ethnic minorities after enforced lifestyle changes. Nat. Med. 2020, 26, 1089–1095. [Google Scholar] [CrossRef]

	



Stronks, K.; Snijder, M.B.; Peters, R.J.G.; Prins, M.; Schene, A.H.; Zwinderman, A.H. Unravelling the impact of ethnicity on health in Europe: The HELIUS study. BMC Public Health 2013, 13, 402. [Google Scholar] [CrossRef]

	



Snijder, M.B.; Galenkamp, H.; Prins, M.; Derks, E.; Peters, R.J.G.; Zwinderman, A.H.; Stronks, K. Cohort profile: The Healthy Life in an Urban Setting (HELIUS) study in Amsterdam, The Netherlands. BMJ Open 2017, 7, e017873. [Google Scholar] [CrossRef]

	



Beukers, M.; Dekker, L.; de Boer, E.; Perenboom, C.W.M.; Meijboom, S.; Nicolaou, M.; de Vries, J.H.M.; Brants, H.A.M. Development of the HELIUS food frequency questionnaires: Ethnic-specific questionnaires to assess the diet of a multiethnic population in The Netherlands. Eur. J. Clin. Nutr. 2015, 69, 579–584. [Google Scholar] [CrossRef]

	



Dekker, L.H.; Snijder, M.B.; Beukers, M.H.; De Vries, J.H.M.; Brants, H.A.; De Boer, E.J.; Van Dam, R.M.; Stronks, K.; Nicolaou, M. A prospective cohort study of dietary patterns of non-western migrants in the Netherlands in relation to risk factors for cardiovascular diseases: HELIUS-Dietary Patterns. BMC Public Health 2011, 11, 441. [Google Scholar] [CrossRef] [PubMed]

	



Mobini, R.; Tremaroli, V.; Ståhlman, M.; Karlsson, F.; Levin, M.; Ljungberg, M.; Sohlin, M.; Forslund, H.B.; Perkins, R.; Bäckhed, F.; et al. Metabolic effects ofLactobacillus reuteriDSM 17938 in people with type 2 diabetes: A randomized controlled trial. Diabetes Obes. Metab. 2017, 19, 579–589. [Google Scholar] [CrossRef] [PubMed]

	



Kozich, J.J.; Westcott, S.L.; Baxter, N.T.; Highlander, S.K.; Schloss, P.D. Development of a Dual-Index Sequencing Strategy and Curation Pipeline for Analyzing Amplicon Sequence Data on the MiSeq Illumina Sequencing Platform. Appl. Environ. Microbiol. 2013, 79, 5112–5120. [Google Scholar] [CrossRef]

	



Edgar, R.C. Search and clustering orders of magnitude faster than BLAST. Bioinformatics 2010, 26, 2460–2461. [Google Scholar] [CrossRef] [PubMed]

	



Callahan, B.J.; McMurdie, P.J.; Rosen, M.J.; Han, A.W.; Johnson, A.J.A.; Holmes, S.P. DADA2: High-resolution sample inference from Illumina amplicon data. Nat. Methods 2016, 13, 581–583. [Google Scholar] [CrossRef] [PubMed]

	



Quast, C.; Pruesse, E.; Yilmaz, P.; Gerken, J.; Schweer, T.; Yarza, P.; Peplies, J.; Glöckner, F.O. The SILVA ribosomal RNA gene database project: Improved data processing and web-based tools. Nucleic Acids Res. 2013, 41, 590–596. [Google Scholar] [CrossRef] [PubMed]

	



Katoh, K.; Misawa, K.; Kuma, K.I.; Miyata, T. MAFFT: A novel method for rapid multiple sequence alignment based on fast Fourier transform. Nucleic Acids Res. 2002, 30, 3059–3066. [Google Scholar] [CrossRef] [PubMed]

	



Katoh, K.; Standley, D.M. MAFFT multiple sequence alignment software version 7: Improvements in performance and usability. Mol. Biol. Evol. 2013, 30, 772–780. [Google Scholar] [CrossRef]

	



Price, M.N.; Dehal, P.S.; Arkin, A.P. FastTree 2—Approximately Maximum-Likelihood Trees for Large Alignments. PLOS ONE 2010, 5, e9490. [Google Scholar] [CrossRef] [PubMed]

	



McMurdie, P.J.; Holmes, S. phyloseq: An R Package for Reproducible Interactive Analysis and Graphics of Microbiome Census Data. PLoS ONE 2013, 8, e61217. [Google Scholar] [CrossRef]

	



Oksanen, J.; Blanchet, F.G.; Friendly, M.; Kindt, R.; Legendre, P.; McGlinn, D.; Minchin, P.R.; O’Hara, R.B.; Simpson, G.L.; Solymos, P.; et al. Vegan: Community Ecology Package, R Package Version 2.5–7. 2019. Available online: https://CRAN.R-project.org/package=vegan (accessed on 18 September 2021).

	



Douglas, G.M.; Maffei, V.J.; Zaneveld, J.R.; Yurgel, S.N.; Brown, J.R.; Taylor, C.M.; Huttenhower, C.; Langille, M.G.I. PICRUSt2 for prediction of metagenome functions. Nat. Biotechnol. 2020, 38, 685–688. [Google Scholar] [CrossRef] [PubMed]

	



Ho, D.E.; Imai, K.; King, G.; Stuart, E. MatchIt: Nonparametric Preprocessing for Parametric Causal Inference. J. Stat. Softw. 2011, 42, 1–28. [Google Scholar] [CrossRef]

	



Pearce, N. Analysis of matched case-control studies. BMJ 2016, 352, i969. [Google Scholar] [CrossRef] [PubMed]

	



Revelle, W. Psych: Procedures for Personality and Psychological Research, R Package Version 1.8.10. Available online: https://CRAN.R-project.org/package=psych (accessed on 18 September 2021).

	



Kembel, S.W.; Cowan, P.D.; Helmus, M.; Cornwell, W.K.; Morlon, H.; Ackerly, D.D.; Blomberg, S.P.; Webb, C.O. Picante: R tools for integrating phylogenies and ecology. Bioinformatics 2010, 26, 1463–1464. [Google Scholar] [CrossRef] [PubMed]

	



Lozupone, C.; Knight, R. UniFrac: A New Phylogenetic Method for Comparing Microbial Communities. Appl. Environ. Microbiol. 2005, 71, 8228–8235. [Google Scholar] [CrossRef] [PubMed]

	



Paradis, E.; Schliep, K. ape 5.0: An environment for modern phylogenetics and evolutionary analyses in R. Bioinformatics 2018, 35, 526–528. [Google Scholar] [CrossRef] [PubMed]

	



Benjamini, Y.; Hochberg, Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. J. R. Stat. Soc. Ser. B 1995, 57, 289–300. [Google Scholar] [CrossRef]

	



R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2020; Available online: https://www.R-project.org (accessed on 18 September 2021).

	



Meinshausen, N.; Bühlmann, P. Stability selection. J. R. Stat. Soc. Ser. B Stat. Methodol. 2010, 72, 417–473. [Google Scholar] [CrossRef]

	



Geurts, P.; Ernst, D.; Wehenkel, L. Extremely randomized trees. Mach. Learn. 2006, 63, 3–42. [Google Scholar] [CrossRef]

	



Fisher, A.; Rudin, C.; Dominici, F. Model class reliance: Variable importance measures for any machine learning model class, from the “rashomon” perspective. arXiv 2018, arXiv:1801.01489. [Google Scholar]

	



Lundberg, S.M.; Erion, G.; Chen, H.; DeGrave, A.; Prutkin, J.M.; Nair, B.; Katz, R.; Himmelfarb, J.; Bansal, N.; Lee, S.-I. From local explanations to global understanding with explainable AI for trees. Nat. Mach. Intell. 2020, 2, 56–67. [Google Scholar] [CrossRef] [PubMed]

	



Wang, J.; Li, W.; Wang, C.; Wang, L.; He, T.; Hu, H.; Song, J.; Cui, C.; Qiao, J.; Qing, L.; et al. Enterotype Bacteroides Is Associated with a High Risk in Patients with Diabetes: A Pilot Study. J. Diabetes Res. 2020, 2020, 1–11. [Google Scholar] [CrossRef] [PubMed]

	



Vujkovic-Cvijin, I.; Sklar, J.; Jiang, L.; Natarajan, L.; Knight, R.; Belkaid, Y. Host variables confound gut microbiota studies of human disease. Nat. Cell Biol. 2020, 587, 448–454. [Google Scholar] [CrossRef]

	



Falony, G.; Joossens, M.; Vieira-Silva, S.; Wang, J.; Darzi, Y.; Faust, K.; Kurilshikov, A.; Bonder, M.J.; Valles-Colomer, M.; Vandeputte, D.; et al. Population-level analysis of gut microbiome variation. Science 2016, 352, 560–564. [Google Scholar] [CrossRef] [PubMed]

	



Sun, L.; Xie, C.; Wang, G.; Wu, Y.; Wu, Q.; Wang, X.; Liu, J.; Deng, Y.; Xia, J.; Chen, B.; et al. Gut microbiota and intestinal FXR mediate the clinical benefits of metformin. Nat. Med. 2018, 24, 1919–1929. [Google Scholar] [CrossRef]

	



Elbere, I.; Silamikelis, I.; Dindune, I.I.; Kalnina, I.; Ustinova, M.; Zaharenko, L.; Silamikele, L.; Rovite, V.; Gudra, D.; Konrade, I.; et al. Baseline gut microbiome composition predicts metformin therapy short-term efficacy in newly diagnosed type 2 diabetes patients. PLoS ONE 2020, 15, e0241338. [Google Scholar] [CrossRef]

	



Therdtatha, P.; Song, Y.; Tanaka, M.; Mariyatun, M.; Almunifah, M.; Manurung, N.; Indriarsih, S.; Lu, Y.; Nagata, K.; Fukami, K.; et al. Gut Microbiome of Indonesian Adults Associated with Obesity and Type 2 Diabetes: A Cross-Sectional Study in an Asian City, Yogyakarta. Microorganisms 2021, 9, 897. [Google Scholar] [CrossRef]

	



Li, R.; Yao, Y.; Gao, P.; Bu, S. The Therapeutic Efficacy of Curcumin vs. Metformin in Modulating the Gut Microbiota in NAFLD Rats: A Comparative Study. Front. Microbiol. 2021, 11, 1–15. [Google Scholar] [CrossRef]

	



Magruder, M.; Edusei, E.; Zhang, L.; Albakry, S.; Satlin, M.J.; Westblade, L.F.; Malha, L.; Sze, C.; Lubetzky, M.; Dadhania, D.M.; et al. Gut commensal microbiota and decreased risk for Enterobacteriaceae bacteriuria and urinary tract infection. Gut Microbes 2020, 12, 1805281. [Google Scholar] [CrossRef]

	



Vich Vila, A.; Collij, V.; Sanna, S.; Sinha, T.; Imhann, F.; Bourgonje, A.; Mujagic, Z.; Jonkers, D.M.A.E.; Masclee, A.A.M.; Fu, J.; et al. Impact of commonly used drugs on the composition and metabolic function of the gut microbiota. Nat. Commun. 2020, 11, 1–11. [Google Scholar] [CrossRef]

	



Louis, P.; Flint, H.J. Formation of propionate and butyrate by the human colonic microbiota. Environ. Microbiol. 2017, 19, 29–41. [Google Scholar] [CrossRef]

	



Krautkramer, K.A.; Fan, J.; Bäckhed, F. Gut microbial metabolites as multi-kingdom intermediates. Nat. Rev. Genet. 2021, 19, 77–94. [Google Scholar] [CrossRef]

	



Zeevi, D.; Korem, T.; Godneva, A.; Bar, N.; Kurilshikov, A.; Lotan-Pompan, M.; Weinberger, A.; Fu, J.; Wijmenga, C.; Zhernakova, A.; et al. Structural variation in the gut microbiome associates with host health. Nature 2019, 568, 43–48. [Google Scholar] [CrossRef]

	



Verhaar, B.J.H.; Collard, D.; Prodan, A.; Levels, J.H.M.; Zwinderman, A.H.; Bäckhed, F.; Vogt, L.; Peters, M.J.L.; Muller, M.; Nieuwdorp, M.; et al. Associations between gut microbiota, faecal short-chain fatty acids, and blood pressure across ethnic groups: The HELIUS study. Eur. Heart J. 2020, 41, 4259–4267. [Google Scholar] [CrossRef] [PubMed]

	



Vojinovic, D.; Radjabzadeh, D.; Kurilshikov, A.; Amin, N.; Wijmenga, C.; Franke, L.; Ikram, M.A.; Uitterlinden, A.G.; Zhernakova, A.; Fu, J.; et al. Relationship between Gut Microbiota and Circulating Metabolites in Population-Based Cohorts. Nat. Commun. 2019, 10, 5813. [Google Scholar] [CrossRef] [PubMed]

	



Doumatey, A.P.; Adeyemo, A.; Zhou, J.; Lei, L.; Adebamowo, S.N.; Adebamowo, C.; Rotimi, C.N. Gut Microbiome Profiles Are Associated with Type 2 Diabetes in Urban Africans. Front. Cell. Infect. Microbiol. 2020, 10, 63. [Google Scholar] [CrossRef] [PubMed]

	



Afolayan, A.; Adebusoye, L.; Cadmus, E.; Ayeni, F. Insights into the gut microbiota of Nigerian elderly with type 2 diabetes and non-diabetic elderly persons. Heliyon 2020, 6, e03971. [Google Scholar] [CrossRef]

	



Pushpanathan, P.; Srikanth, P.; Seshadri, K.G.; Selvarajan, S.; Pitani, R.S.; Kumar, T.D.; Janarthanan, R. Gut Microbiota in Type 2 Diabetes Individuals and Correlation with Monocyte Chemoattractant Protein1 and Interferon Gamma from Patients Attending a Tertiary Care Centre in Chennai, India. Indian J. Endocrinol. Metab. 2016, 20, 523–530. [Google Scholar] [CrossRef] [PubMed]

	



Das, T.; Jayasudha, R.; Chakravarthy, S.; Prashanthi, G.S.; Bhargava, A.; Tyagi, M.; Rani, P.K.; Pappuru, R.R.; Sharma, S.; Shivaji, S. Alterations in the gut bacterial microbiome in people with type 2 diabetes mellitus and diabetic retinopathy. Sci. Rep. 2021, 11, 1–15. [Google Scholar] [CrossRef]

	



Vieira-Silva, S.; Falony, G.; Belda, E.; Nielsen, T.; Aron-Wisnewsky, J.; Chakaroun, R.; Forslund, S.K.; Assmann, K.; Valles-Colomer, M.; Nguyen, T.T.D.; et al. Statin Therapy Is Associated with Lower Prevalence of Gut Microbiota Dysbiosis. Nature 2020, 581, 310–315. [Google Scholar] [CrossRef]








[image: Nutrients 13 03289 g001 550] 





Figure 1. Overview of α-diversity measures in African and South-Asian Surinamese for the Met-T2D (Met) and TN-T2D (TN) datasets (T2D cases and matched controls) for (A) Shannon Index, (B) inverse Simpson index, (C) richness and (D) Faith’s PD. Significant differences are indicated with different symbols for different models: * (no adjustment for confounders), # (adjustment for age, sex and BMI) and + (adjustment for age, sex, BMI and medication use) and different number of symbols for different significant levels (*/#/+ = p ≤ 0.05, **/##/++ = p ≤ 0.01 and ***/###/+++ = p ≤ 0.001). 
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Figure 2. Visualization of the PCoA analysis on the Bray–Curtis dissimilarity index for both African and South-Asian Surinamese in the (A) Met-T2D dataset (Met-T2D cases and matched controls) and (B) TN-T2D dataset (TN-T2D cases and matched controls) and with p values for the (1) PERMANOVA without adjustment, (2) PERMANOVA with adjustment for age, sex and BMI and (3) PERMANOVA with adjustment for age, sex, BMI and medication use. 
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Figure 3. Overview of the Wilcoxon analysis and sensitivity analysis on ASVs for all datasets (T2D cases and their matched controls). (A) Overview of the Wilcoxon analysis on the ASVs for all datasets. Only features that were significant in at least one dataset are displayed. Features are displayed as (ASV nr)_(taxonomy name). Significant features after correction for multiple testing are indicated with a *. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, not significant features are indicated with a -; no symbol indicates that the feature was filtered out before the analysis was applied. Color of each feature indicates the difference in median relative abundance (in %) for this ASV. Green indicates a lower median relative abundance of the feature in T2D cases compared to their healthy controls, red indicates a higher median relative abundance of the feature in T2D cases compared to their healthy controls and white indicates an equal median relative abundance of the feature in both T2D cases and their healthy controls. Met_Afr = Met-T2D dataset for African Surinamese, TN_Afr = TN-T2D dataset for African Surinamese, Met_SA = Met-T2D dataset for South-Asian Surinamese and TN_SA = TN-T2D dataset for South-Asian Surinamese. (B) Overview of the sensitivity analysis for all significant ASVs identified with the multiple testing corrected Wilcoxon analysis on the Met-T2D datasets. ASVs are indicated by taxonomy name. Duplicate taxonomy names indicate different ASVs. The color of the rectangle in front of the ASVs indicates the ethnicity for which the model was performed. Empty rectangle indicates the ASV was significant in the Wilcoxon test after adjusting for multiple testing, a partly transparent box indicates T2D was significant after adjusting for age, sex and BMI, using linear models with arcsin-root transformed ASV abundance as dependent variable, whereas a fully filled box indicates T2D was significant after adjusting for age, sex, BMI and use of PPI, statins, beta blockers or drugs targeting the renin-angiotensin system. Rectangles filled with stripes indicates that T2D was significant in the model adjusted for age, sex, BMI and medication use, but not in the model only adjusted for age, sex and BMI. Results for adjusted models are only shown if the ASV was significantly different for that ethnicity in the multiple testing corrected Wilcoxon test. Triangles indicates the results of the interaction effect between T2D and ethnicity. Filling patterns for triangles are equivalent to the filling patterns for the rectangles, with an addition of a black circumference indicating the interaction term was not significant in the unadjusted model.–equal median relative abundance of ASV between Met-T2D cases and healthy controls, ↓ lower median relative abundance of ASV and/or negative regression coefficient in Met-T2D cases compared to healthy controls, ↑ higher median relative abundance of ASV and/or positive regression coefficient in Met-T2D cases compared to healthy controls. 
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Figure 4. Overview of identified biomarkers in machine learning models for the African Surinamese Met-T2D dataset (Met-T2D cases and matched controls) and the South-Asian Surinamese Met-T2D dataset (Met-T2D cases and matched controls). (A): Abundance of identified biomarkers for the African Surinamese Met-T2D dataset (left) and the South-Asian Surinamese Met-T2D dataset (right). Biomarkers are indicated with (ASV nr)_(taxonomy). Values are scaled medians of zero mean unit variance scaled features. Only the features which were selected for the ethnic group under consideration are displayed. (B) Overlap in selected ASVs for classifying Met-T2D cases in the machine learning analysis across ethnicities. ASVs are indicated by taxonomy name. Duplicate taxonomy names indicate different ASVs. Color of box in front of the ASVs indicates the ethnicity for which the ASV was important. –equal median relative abundance of ASV between Met-T2D cases and matched healthy controls, ↓ lower median relative abundance of ASV in Met-T2D cases compared to matched healthy controls, ↑ higher median relative abundance of ASV in Met-T2D cases compared to matched healthy controls. 
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Figure 5. Overview of significant pathways in the Wilcoxon analysis. (A) Overlap in significant pathways with the Wilcoxon analysis after correction for multiple testing, without adjusting for confounders, in African Surinamese and South-Asian Surinamese in the Met-T2D datasets (Met-T2D cases and matched controls). (B) Overview of the most significant pathways selected by Wilcoxon analysis according to T2D status in both ethnicities. Significant pathways after correction for multiple comparison are indicated with a *. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, not significant pathways are indicated with a -, no symbol indicates the pathway was filtered out before the analysis was applied. Color of each pathway indicates the difference in median relative abundance (in %) for this pathway. Green indicates a lower median relative abundance of the pathway in T2D cases compared to their matched healthy controls, red indicates a higher median relative abundance of the pathway in T2D cases compared to their matched healthy controls and white indicates an equal median relative abundance of the pathway in both T2D cases and their matched healthy controls. Only significant pathways were tested with a linear regression model, using log-transformed relative abundances of the pathways as dependent variable, to adjust for (a) age, sex and BMI or (b) age, sex, BMI and use of PPI, statins, beta blockers or medication working on the renin-angiotensin system. Significant pathways after adjustment are indicated with the corresponding character. Met_Afr = Met-T2D dataset (Met-T2D cases and matched controls) for African Surinamese, TN_Afr = TN-T2D dataset (TN-T2D cases and matched controls) for African Surinamese, Met_SA = Met-T2D dataset (Met-T2D cases and matched controls) for South-Asian Surinamese and TN_SA = TN-T2D dataset (TN-T2D cases and matched controls) for South-Asian Surinamese. 
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Table 1. Population characteristics. Overview of population characteristics for African Surinamese and South-Asian Surinamese for both metformin treated (Met-T2D) and treatment-naïve (TN-T2D) diabetes subjects and their matched controls.
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African Surinamese

	

	
South-Asian Surinamese




	

	
Met-T2D vs. Controls

	
TN-T2D vs. Controls

	
Met-T2D vs. Controls

	
TN-T2D vs. Controls




	

	
Healthy

	
T2D

	
p

	
Healthy

	
T2D

	
p

	
Healthy

	
T2D

	
p

	
Healthy

	
T2D

	
p






	
n

	
111

	
111

	

	
78

	
78

	

	
128

	
128

	

	
49

	
49

	




	
Sex male

	
41 (36.9%)

	
38 (34.2%)

	
0.78 (*)

	
46 (59.0%)

	
41 (52.6%)

	
0.52 (*)

	
47 (36.7%)

	
75 (58.6%)

	
0.00073 (*)

	
22 (44.9%)

	
23 (46.9%)

	
1 (*)




	
Age (in years)

	
56.5 ± 6.8

	
58.7 ± 6.5

	
0.013 (+)

	
57

(53–61)

	
57

(52–62.75)

	
0.65 (&)

	
45

(33.85–51.3)

	
58

(54.8–64)

	
<2.2 × 10−16 (&)

	
53

(49–59)

	
58

(50–62)

	
0.047 (&)




	
BMI (in kg/m2)

	
29.2 ± 4.8

	
30.3 ± 4.8

	
0.087 (+)

	
28.95 ± 5.1

	
31.33 ± 6.5

	
0.012 (+)

	
24.1

(22.0–26.5)

	
27.7

(25.3–30.7)

	
2.0 × 10−14 (&)

	
25.8

(23.6–28.0)

	
26.5

(24.1–30.4)

	
0.11 (&)




	
n with diet information

	
33 (29.7%)

	
27 (24.3%)

	
0.45 (*)

	
24 (30.8%)

	
20 (25.6%)

	
0.59

	
44 (34.4%)

	
57 (44.5%)

	
0.12 (*)

	
15 (30.6%)

	
16 (32.7%)

	
1 (*)




	
PCDiet 1

	
−0.12

(−0.53–0.11)

	
−0.12

(−0.43–0.10)

	
0.79 (&)

	
−0.12

(−0.58–0.32)

	
−0.12

(−0.33–0.01)

	
0.90 (&)

	
−0.16

(−0.41–0.08)

	
−0.04

(−0.37–0.31)

	
0.16 (&)

	
−0.20

(−0.37− -0.05)

	
−0.24

(−0.45–0.19)

	
0.89 (&)




	
PCDiet 2

	
−0.44

(−0.72–0.06)

	
−0.36

(−0.74–0.03)

	
0.82 (&)

	
−0.42

(−0.73–0.14)

	
−0.30

(−0.77–0.23)

	
0.86 (&)

	
−0.11

(−0.52–0.48)

	
−0.34

(−0.63–0.38)

	
0.26 (&)

	
−0.39

(−0.69– -0.11)

	
−0.17

(−0.49–0.90)

	
0.14 (&)




	
Fasting glucose (mmol/L)

	
5.0 (4.8–5.3)

	
7.2 (6.4–8.4)

	
<2.2 × 10−16 (&)

	
5.1 (4.8–5.3)

	
7.0 (6.1–7.9)

	
<2.2 × 10−16 (&)

	
5 (4.8–5.2)

	
7.6 (6.4–8.6)

	
<2.2 × 10−16 (&)

	
5.1 (4.9–5.3)

	
6.9 (6–7.5)

	
1.2 × 10−14 (&)




	
HbA1c (mmol/mol)

	
36 (33–38)

	
51 (46–60)

	
<2.2 × 10−16 (&)

	
36

(32.3–37.8)

	
50

(48–53)

	
<2.2 × 10−16 (&)

	
36 (34–37)

	
53 (49–64)

	
<2.2 × 10−16 (&)

	
37 (35–38)

	
50 (48–53)

	
<2.2 × 10−16 (&)




	
MetSyn Yes

	
0 (0%)

	
104 (93.7%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
63 (80.8%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
123 (96.1%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
40 (81.6%)

	
<2.2 × 10−16 ($)




	
Central obesity Yes

	
86 (77.5%)

	
101 (91.0%)

	
0.0099(*)

	
51 (65.4%)

	
64 (82.1%)

	
0.029 (*)

	
77 (60.2%)

	
122 (95.3%)

	
3.8 × 10−11 (*)

	
38 (77.6%)

	
40 (81.6%)

	
0.80 (*)




	
High blood pressure Yes

	
80 (72.1%)

	
102 (91.9%)

	
0.00025 (*)

	
56 (71.2%)

	
67 (85.9%)

	
0.050 (*)

	
34 (26.6%)

	
116 (90.6%)

	
<2.2 × 10−16 (*)

	
21 (42.9%)

	
35 (71.4%)

	
0.0080 (*)




	
Low HDL Yes

	
2 (1.8%)

	
79 (71.2%)

	
<2.2 × 10−16 (*)

	
3 (3.8%)

	
39 (50%)

	
2.7 × 10−10 (*)

	
20 (15.6%)

	
107 (83.6%)

	
<2.2 × 10−16 (*)

	
4 (8.2%)

	
35 (71.4%)

	
6.0 × 10−10 (*)




	
High Triglycerides Yes

	
0 (0%)

	
71 (64.0%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
29 (37.2%)

	
1.5 × 10−10 ($)

	
7 (5.5%)

	
104 (81.3%)

	
<2.2 × 10−16 (*)

	
7 (14.3%)

	
25 (51.0%)

	
0.00025 (*)




	
High glucose Yes

	
0 (0%)

	
111 (100%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
73 (93.6%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
128 (100%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
42 (85.7%)

	
<2.2 × 10−16 ($)




	
Insulin use Yes

	
0 (0%)

	
25 (22.5%)

	
1.3 × 10−8 ($)

	
0 (0%)

	
0 (0%)

	
1 ($)

	
0 (0%)

	
25 (19.5%)

	
1.6 × 10−8 ($)

	
0 (0%)

	
0 (0%)

	
1 ($)




	
PPI use Yes

	
12 (10.8%)

	
22 (19.8%)

	
0.093 (*)

	
5 (6.4%)

	
12 (15.4%)

	
0.12 (*)

	
4 (3.1%)

	
34 (26.6%)

	
3.4 × 10−7 (*)

	
3 (6.1%)

	
6 (12.2%)

	
0.49 ($)




	
Statin use Yes

	
0 (0%)

	
59 (53.2%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
13 (16.7%)

	
0.00014 ($)

	
0 (0%)

	
90 (70.3%)

	
<2.2 × 10−16 ($)

	
0 (0%)

	
17 (34.7%)

	
2.8 × 10−6 ($)




	
Laxative use Yes

	
4 (3.6%)

	
0 (0%)

	
0.12 ($)

	
1 (1.3%)

	
1 (1.3%)

	
1 ($)

	
1 (0.8%)

	
4 (3.1%)

	
0.37 ($)

	
0 (0%)

	
4 (8.2%)

	
0.12 ($)




	
Beta blockers Yes

	
9 (8.1%)

	
27 (24.3%)

	
0.0020 (*)

	
7 (9.0%)

	
13 (16.7%)

	
0.23 (*)

	
3 (2.3%)

	
39 (30.5%)

	
3.5 × 10−9 (*)

	
2 (4.1%)

	
9 (18.4%)

	
0.055




	
Renin-angiotensin use Yes

	
21 (18.9%)

	
65 (58.6%)

	
3.1 × 10−9 (*)

	
14 (17.9%)

	
24 (30.8%)

	
0.093 (*)

	
7 (5.5%)

	
71 (55.5%)

	
<2.2 × 10−16 (*)

	
4 (8.2%)

	
12 (24.5%)

	
0.056








Differences in clinical characteristics are tested with either two sample t-test (+), Wilcoxon rank-sum test (&), Chi-squared test (*) or Fisher exact test ($).
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