
1 
 

Disentangling disease- and drug signatures of the human gut microbiome: 

the case of type 2 diabetes mellitus 

 

1Kristoffer Forslund*, 1Falk Hildebrand*, 2Trine Nielsen*, 3Gwen Falony*, 4, 5Emmanuelle Le Chatelier*, 

1Shinichi Sunagawa, 4, 5Edi Prifti, 3Sara Vieira-Silva, 6Valborg Gudmundsdottir, 6Helle K. Pedersen, 

2Manimozhiyan Arumugam, xx, 1Paul Costea, 1Jens Roat Kultima, Torben Jørgensen, xxx, 4,5Joël Dore,  

MetaHIT consortium, 6,7H. Bjørn Nielsen, 6,7Søren Brunak, 3, 8,9Jeroen Raes, 1,10Torben Hansen, Jun 

Wang, S. 4,5,11Dusko Ehrlich#, 1Peer Bork#, 2,12, Oluf Pedersen# 

 

1 European Molecular Biology Laboratory, Heidelberg, Germany, 2 The Novo Nordisk Foundation Center for 

Basic Metabolic Research, Faculty of Health and Medical Sciences, University of Copenhagen, Copenhagen, 

Denmark,  3 Department of Bioscience Engineering, Vrije Universiteit, Brussels, Belgium, 4 MICALIS, Institut 

National de la Recherche Agronomique, Jouy en Josas, France, 5Metagenopolis, Institut National de la 

Recherche Agronomique, Jouy en Josas, France, 6 Center for Biological Sequence Analysis, Technical University 

of Denmark, Kongens Lyngby, Denmark 7Novo Nordisk Foundation Center for Biosustainability, Technical 

University of Denmark, Kongens Lyngby, Denmark, 8Department of Microbiology and Immunology, Rega 

Institute, KU Leuven, Belgium, 9VIB Center for the Biology of Disease, Leuven, Belgium, 10Faculty of Health 

Sciences, University of Southern Denmark, Odense, Denmark, 11 King’s College London, Centre for Host-

Microbiome Interactions, Dental Institute Central Office, Guy’s Hospital, United Kingdom, Institute of 

Biomedical Sciences, 12 Faculty of Health and Medical Sciences, University of Copenhagen, Copenhagen, 

Denmark. 

 
 * These authors contributed equally to this work. 
# Corresponding authors. 
 



2 
 

In recent years several correlations between common chronic human disorders and altered gut microbiota 

composition and function have been reported (Shreiner et al. 2015, Cho & Blaser 2012, Kinross et al. 2011, 

Sekirov et al. 2010). However, in the majority of these reports treatment regimens were not considered and 

conclusions could thus be confounded by drug microbiotal impacts. This is especially problematic as it may 

obfuscate microbial causes, protective factors, or diagnostically relevant signals. The present study addresses 

disease and drug signatures in the human gut microbiome of type 2 diabetes (T2D), the prevalence of which is 

globally spiraling upwards. Two recent quantitative gut metagenomics studies in T2D patients non-stratified for 

treatment yielded divergent conclusions regarding its associated gut microbiotal dysbiosis (Qin et al. 2012; 

Karlsson et al. 2013). Here we show using 784 available human metagenomes how antidiabetic medication 

confounds these results and we analyse in details the effects of the most widely used antidiabetic drug, 

metformin.  

We provide support for microbial mediation of therapeutic effects of metformin through short-chain fatty acid 

(SCFA) production and bring function potential evidence for reported adverse effects through an increase in 

Escherichia. Controlling for metformin treatment, we report a unified signature of gut microbiome shifts in T2D, 

in line with previous indications of a depletion of butyrate-producing taxa (Qin et al. 2012; Karlsson et al. 2013), 

resulting in functional microbiota shifts, in part alleviated by metformin-induced microbiome changes. Overall, 

the present study of T2D is a paradigm case emphasizing the need of disentangling specific disease effects from 

drug effects on human microbiomes. 

T2D is a disorder of elevated blood glucose levels (hyperglycaemia) shown primarily to be due to insulin 

resistance and inadequate insulin secretion. Genetic and environmental risk factors are known, the latter 

including dietary habits and a sedentary lifestyle (Schellenberg et al. 2013). The potential role of gut 

microbiome changes in T2D pathogenesis, pathophysiology and progression has been increasingly recognized 

(Larsen et al. 2010; Qin et al. 2012; Karlsson et al. 2013; Zhang et al. 2013). While some T2D microbiome 

findings are consistent, such as depletion of butyrate-producing gut commensals, other findings diverge 

between study reports (de Vos & Nieuwdorp 2013, see also Supplementary Discussion). Treatment involves 
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both medication and lifestyle intervention and reported gut dysbiosis may be confounded by these factors.  

For example, T2D patients often receive metformin, an oral blood glucose lowering and non-metabolizable 

compound with a primary and dominant metabolic effect on inhibition of liver glucose production (Pernicova & 

Korbonitis 2014). The drug has adverse effects including vitamin B12 and bile acid malabsorption and in at least 

30% of patients, gastrointestinal discomfort including diarrhea, nausea, vomiting, and increased flatulence 

(Czyzyk et al. 1968, Carter et al 2002, Bouchoucha et al. 2011), the mechanisms of which are still poorly 

understood. Studies in animal models (De Vadder et al. 2014; Shin et al. 2013) and humans (Napolitano et al 

2014) suggest that some beneficial effects of metformin on glucose metabolism may be microbially mediated, 

but this scenario has not been thoroughly investigated.  Here, we built a multi-country T2D metagenomic 

dataset, starting from gut microbial samples from a non-diabetic Danish cohort of 277 individuals from the 

MetaHIT project (Le Chatelier et al. 2013) with additional novel Danish MetaHIT metagenomes from 75 T2D and 

31 type 1 diabetes (T1D) mellitus patients sequenced using the same protocols (samples abbr. MHD). Treatment 

information, including metformin medication status, was further obtained for all MHD samples, as well as for 

samples from a previously described (Karlsson et al. 2013) cohort of 53 female Swedish T2D patients along with 

92 nondiabetic individuals (43 with normal glucose tolerance and 49 with impaired glucose tolerance) (SWE) 

and from a subgroup of 71 Chinese T2D patients with available information about antidiabetic treatment as 

well as 185 non-diabetic Chinese individuals (Qin et al. 2012) (CHN) (112 further samples from Qin et al. lacked 

treatment metadata and were presently used only for assessing country and study batch effects). For all these 

784 gut metagenomes (Supplementary Table S1), community taxonomic composition was determined using the 

mOTU methodology (Sunagawa et al. 2013). Similarly, functional composition was determined using 

orthologous group assignment of the gene catalog (Li et al. 2014) augmented with MGS-assisted abundance 

estimates (Nielsen et al. 2014). To improve resolution of host-relevant microbial gene functions, we used SEED 

(Overbeek et al. 2014) modules as well as an updated version of the Gut Metabolic Modules (GMM) curated for 

bacterial gut metabolism (Le Chatelier et al. 2013). 

Comparing gut microbial taxonomic and functional profiles between T2D (n = 199) and control (n = 554) 
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metagenomic samples we recover associations previously reported as significant (Qin et al. 2012; Karlsson et al. 

2013), also taking into account the novel Danish MetaHIT T2D samples (Supplementary Discussion, 

Supplementary Table S2). Metagenomes from these non-treatment stratified T2D patients, when compared 

with non-diabetic samples (ND CTRL), show enrichment of the bacterial genus Lactobacillus and depletion of 

the newly characterized genus Intestinibacter (Gerritsen et al. 2014). However, the inferred associations only 

partly overlap between the three cohorts. Significant demographic and microbial (functional, taxonomic and 

diversity-associated) differences existed between the study sets (Supplementary Discussion, Supplementary 

Table S3) which could contribute to this divergence. Therefore, all statistical tests were blocked for study source 

as confounder (Hothon et al 2006). Testing the influence of different glucose-lowering drugs prescribed to T2D 

patients, we found that most therapy-attributable variability at genus level in our joint dataset could be 

explained solely using metformin treatment status (no significant differences were found testing for 

compositional changes as a result of any of the other drugs, with or without metformin treatment treated as 

confounder; see Supplementary Table S4). The drug was suggested as a potential confounder in the initial 

analysis of the SWE dataset (Karlsson et al. 2013 supplement), but its impact was not thoroughly tested and 

quantified. Since the fraction of metformin treated T2D patients (“T2D metformin+”) varied strongly between 

studies (21% CHN, 38% SWE and 77% MHD) T2D samples were subsequently stratified based on metformin 

treatment status. Multivariate analysis on the gut microbiota showed significant (Permanova FDR < 0.005) 

differences in taxonomic composition between metformin-untreated T2D (“T2D metformin-“) (n = 106) 

patients and non-diabetic control (“ND CTRL”) (n = 554) samples, consistent with a broad-range dysbiosis in T2D 

(Figure 1A, Supplementary Table S5). While metformin treatment status could be reliably classified from the 

microbial composition using support vector machines (SVMs), metformin-untreated T2D status itself could not 

(Figure 1B, Suppl. Table S9). In contrast, treatment-blinded T2D samples could in all three cohorts be separated 

from ND CTRL samples with similar accuracy as previously reported (Qin et al. 2012, Karlsson et al. 2013), 

suggesting that the higher classifier performance of our metformin+ classifier compared to the metformin- is 

generally applicable. (Supplementary Table S14). 
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We further explored the T2D gut microbiome alterations in 106 metformin-untreated T2D from 554 ND CTRL 

samples through univariate tests of microbial taxonomic and functional differences, with significant trends 

shown in Figure 2A. Metformin-untreated T2D was associated with a decrease in genera containing known 

butyrate producers such as Roseburia, Subdoligranulum, and a cluster of butyrate-producing Clostridiales spp. 

(Supplementary Table S6), consistent with previous indications (Qin et al. 2012; Karlsson et al. 2013). Although 

an increase in Lactobacillus was seen in treatment-non-stratified T2D samples, this trend was eliminated or 

reversed when controlling for metformin. Functionally, we found an enrichment of catalase and modules for 

ribose, glycine and tryptophan amino acid degradation, but a decrease in threonine and arginine degradation 

and in pyruvate synthase capacity (Supplementary Table S7). While these functional differences could result 

from strain-level composition changes or be a compound effect of subtle enrichment/depletion of ecological 

guilds providing these functions, the abundance of most of the modules correlated with abundance of the 

significantly altered microbial genera (Figure 2A). Complementary analysis using SEED pathways 

(Supplementary Table S7) offered additional insights, including significant enrichment for genes for 

metabolizing erythritol, an artificial sweetener, a finding which possibly reflects an effect of dietary 

interventions in diabetic patients visible in the gut microbiota.  

To interpret our findings on T2D gut microbiota shifts further, we compared with 31 adult T1D patients 

(Supplementary Table S1). This group exhibits long-term adaptations of the microbiota to glucose-control in 

T1D treatment, and also shares the basic phenotype of dysglycaemia with T2D patients, allowing us to separate 

purely dysglycaemic signals from T2D-specific microbial features. Overall, in the T1D microbiomes, gene 

richness was significantly (Wilcox FDR < 0.1) elevated (Figure 2B), whereas in T2D it was lower (Supplementary 

Table S8), the latter has been reported previously (Larsen et al. 2010). Our T1D samples were distinguishable 

with high ROC-AUC values from both 277 MHD healthy and 75 MHD T2D samples using an SVM classifier 

(Supplementary Discussion, Supplementary Table S9). With or without adjusting for community richness 

differences (using both a regression model and selective subsampling), T1D samples were enriched (Wilcox FDR 

< 0.1) for several taxa including Methanobrevibacter and Ruminococcus (Supplementary Table S10). Features 
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found to distinguish metformin-untreated T2D from ND CTRL microbiomes did not replicate when comparing 

T1D to ND CTRL. Instead, most contrasts between metformin-untreated T2D metfsamples and controls were 

reversed in adult T1D patients. In contrast, some microbial functions differentially abundant in T2D and controls 

showed similar trends in T1D samples (Figure 2A), although not significantly so due to lower statistical power. 

We therefore conclude that the bulk of gut microbiota shifts in T2D are not simply the effect of dysglycaemia, 

but rather are directly or indirectly associated with the causes or progression of T2D. 

Suspecting microbial mediation of some of the therapeutic effects of metformin, we next compared T2D 

metformin-treated (n = 93) and T2D metformin-untreated (n = 106) samples to characterize the treatment 

effect in more detail. Multivariate contrasts of T2D metformin-treated with T2D metformin-untreated samples 

appeared weaker than those between T2D metformin-untreated and ND CTRL samples, and were significant 

only at bacterial family level (Permanova FDR < 0.1), suggesting the effects of metformin treatment on gut 

microbial composition is poorly captured by multivariate analysis. Univariate tests of the effects of metformin 

treatment showed a significant increase of Escherichia spp. and a reduced abundance of Intestinibacter, the 

latter fully consistent across the different country datasets (Figure 3A) whereas the former is not seen in the 

CHN cohort, where diabetics and controls alike are enriched for Escherichia spp. relative to the healthy 

Scandinavian individuals. Correcting for BMI, gender or fasting plasma glucose and serum insulin differences 

among groups (some of which were significantly different, Supplementary Table S8) retained these differences 

as significant (Supplementary Table S11). Serum concentrations of metformin were obtained for the MHD 

cohort and correlated significantly with abundances of both genera (Figure 3B). These metformin-induced 

changes might derive from taxon-specific resistance/sensitivity to the bacteriostatic or bactericidal properties of 

metformin (Cabreiro et al. 2013). Analysis of gut microbial functional potential (Figure 3C) suggested that 

indirect metformin treatment effects, including reduced intestinal lipid absorption (Czyzyk et al. 1968) and 

lipopolysaccharide (LPS)-triggered production of reactive nitrogen species, can provide a competitive advantage 

to Escherichia species (Winter et al. 2013) which might lead to a positive feedback loop further contributing to 

the observed taxonomic changes. At the same time, metformin might revert T2D-associated changes, several 
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gut microbial genera are more similar in abundance to ND CTRL levels under metformin treatment, notably 

Subdoligranulum, and to some extent Akkermansia though the trend was inconsistent between country subsets 

(Supplementary Figure S1), where the latter was previously shown to reduce insulin resistance when 

administered as a probiotic in mouse (Everard et al. 2013). With respect to microbiota-mediated impact on host 

glucose regulation, the functional analyses (Figure 3C) demonstrated significantly enhanced butyrate and 

propionate production potential in metformin-treated individuals (Supplementary Table S11). Intriguingly, 

recent studies in mice have shown that an increase in colonic production of these SCFAs triggers intestinal 

gluconeogenesis (IGN) via complementary mechanisms. Butyrate activates IGN gene expression through a 

cAMP-dependent mechanism in enterocytes, while propionate, itself a substrate of IGN, activates IGN gene 

expression via a gut-brain neural circuit involving the fatty acid receptor FFAR3 (De Vadder et al. 2014; Croset et 

al. 2001). The net result for the host of an increased IGN is – unlike with increased hepatic gluconeogenesis – a 

beneficial effect on glucose and energy homeostasis. Taken together, our characterization of a metformin-

associated human gut microbiome suggests novel mechanisms probably contributing to the beneficial effects of 

the drug on host metabolism.   

Both at a compositional and functional level, we found significant microbiome alterations that are consistent 

with well-known side-effects of metformin treatment (Figure 3C). Most metformin-associated functional shifts 

could be attributed to the significantly increased abundance of Escherichia. This was indirectly demonstrated by 

removing all contributions to the functional profiles from putative Escherichia genes, which left no significant 

differences between groups (Supplementary Table S13). Thus, the observed symptoms of gastrointestinal 

distress may derive from the Escherichia-associated increase in lipopolysaccharide synthesis potential (Rhee 

2014), or the corresponding increase for 14 SEED virulence subterms (including virulence regulators, adhesion 

and biofilm formation genes, antibiotic resistance genes and fimbriae), as well as from enhanced sulfate 

metabolism potential (Supplementary Table S13). Increased genetic potential for hydrogen production will not 

only contribute to further enhancement of hydrogen sulfide production, but also to bloating, a clinically well-

known side effect of metformin treatment (Florez et al. 2010). Further, intestinal bile acid absorption is reduced 
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in metformin-treated patients; this might cause an increased availability of sulfate from conjugated bile 

steroids, leading to increased sulfate reduction (Van Eldere 1988). Sulphur metabolism in itself is associated 

with intestinal bloating and discomfort (Manichanh 2013). 

Another known adverse effect of metformin treatment is vitamin B12 (cobalamin) deficiency resulting from 

metformin-induced small intestinal malabsorption (Reinstatler et al. 2012). We determined serum cobalamin 

concentrations for MHD patients (Supplementary Table S8), showing a concomitant decrease with increasing 

plasma metformin levels (Figure 3B) and thus confirming a dose-dependent effect of metformin treatment on 

vitamin B12 malabsorption (Liu et al. 2014). We expected drug-driven ileal vitamin B12 malabsorption and 

consequently elevated colonic availability to be reflected in increased microbial cobalamin uptake potential and 

abundance of both B12 transporters and taxa harboring them, including Escherichia; our metagenome analysis 

confirmed this (Figure 3B). Consequently, cobalamin malabsorption may also partially explain the metformin-

associated gut taxonomic shifts we have demonstrated. 

In conclusion, our results suggest partial gut microbial mediation of both therapeutic and adverse effects of the 

most widely used antidiabetic drug, metformin. Overall, our study of T2D is a paradigm case illustrating the 

need of disentangling specific disease effects from drug effects on human microbiomes. The importance of this 

point was further highlighted by the fact that the previously reported high accuracy (Qin et al. 2012; Karlsson et 

al. 2013) of gut microbial signatures for identifying T2D patients was dramatically reduced when stratifying 

samples by metformin treatment, generally suggesting a need to bear previous treatment in mind both when 

developing and applying microbiome-based diagnostic tools for common disorders.  

Brief methods 

Participant enrolment and sampling 

For the previously unpublished Danish samples the following can be summarized: Written informed consent 

was obtained from all patients before participation in the study. The study was approved by the Ethical 

Committees of the Capital Region of Denmark. All patients were examined after an overnight fast with blood 

samples, anthropometrics and interview on mode of treatment. Stool samples were collected and frozen 
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immediately. DNA was extracted and sequenced as described (LeChatelier et al. 2013).  

Generation and availability of metagenomic samples 

The other metagenomic samples are the same as in Li et al. (2014) and references therein (excluding 14 

samples removed due to low average read length), with newly sequenced samples deposited in the European 

Bioinformatics Institute Sequence Read Archive under accession ERP004605. 112 samples from Qin et al. lacked 

metformin treatment metadata and were therefore discarded except for measuring differences between the 

country datasets disregarding treatment or diabetic status. Further data relating to the novel Danish MHD 

samples can also be found in (accompanying paper). Characteristics of all study participants included in the 

present protocol are given in Supplementary Table S1. 

Metagenomic processing 

The MOCAT software package (Kultima et al. 2012) was used to construct a nonredundant metagenomic 

reference gene catalog which was annotated using the KEGG v62 (Kanehisa et al. 2008) and eggNOG v3 (Powell 

et al. 2012) databases. Reference gene abundances and mOTU taxonomic composition measures were likewise 

computed using MOCAT, with the latter then binned also at broader taxonomic levels including bacterial genera. 

Reference gene and KEGG KO abundances were rarefied to a common depth of 7M reads per sample. Co-

abundant reference genes were clustered into co-abundance gene groups (CAGs) or metagenomic species 

(MGS) as described in Nielsen et al. (2014), with abundance profiles for each determined from the rarefied 

data. These abundance profiles were in turn used to calculate functional profiles based on sufficiently complete 

representation of genes within a pathway/module in each CAG/MGS, using SEED (Overbeek et al. 2014) and the 

gut-specific GMM modules set of Le Chatelier et al. (2013). Basic statistics for samples are provided in 

Supplementary Table S1. 

Statistical testing 

Nonparametric univariate tests of significantly different feature abundance used Kruskal-Wallis tests across all 

conditions blocked for study source as implemented in the COIN package (Hothorn et al. 2006). Any features for 

which P < 0.2 were subjected to post-hoc MWU tests likewise blocked for study source comparing each pair of 
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conditions separately. Any feature for which Benjamini-Hochberg FDR < 0.1 (Benjamini & Hochberg 1995) in 

such a comparison was accepted as significantly different between that pair of conditions. Correlation analyses 

were conducted analogously using a COIN implementation of a Spearman test blocked for study source. 

Ordination analyses used the VEGAN package (Dixon 2003) applied to Bray-Curtis distances taken on rarefied 

and log-transformed taxa abundance matrices, with significance for multivariate differences between sample 

sets determined using PERMANOVA (Anderson 2001) permutation testing as implemented in the VEGAN 

package, also adjusting for study source. 

Classifier construction and evaluation 

An R reimplementation of the robust recursive feature elimination support vector machine (rRFE-SVM; Abeel 

2009) was trained to distinguish sample subsets from each other, after first determining optimal number of 

features by cross-validation. For performance evaluation ROC-AUC score distributions were likewise determined 

under cross-validation, separately for data from each source study. 
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Materials & Methods 
 

Danish MetaHIT diabetic study 
Patients with type 2 diabetes (T2D) were either recruited from the Inter99 study population (Jørgensen et al 
2003) or from the out-patient clinic at Steno Diabetes Center, Gentofte, Denmark. Patients with known T2D 
were included if the patient had clinical defined T2D at the day of examination according to WHO definition 
(WHO 1999). Inclusion criteria were serum C-peptide above 200 pmol/l or a negative serum glutamic acid 
decarboxylase (GAD) 65 antibodies, exclusion of other forms of diabetes, no antibiotic treatment two months 
prior to inclusion, and no known gastro-intestinal diseases, no previous bariatric surgery or medication known 
to affect immune system.  
All patients with type 1 diabetes (T1D) were recruited from the out-patient clinic at Steno Diabetes Center, 
Gentofte, Denmark (n=31). Inclusion criteria were HbA1c above 8.0 % (64 mmol/l) to ensure high level of 
hyperglycemia, no antibiotics two months prior to inclusion, and no known gastro-intestinal diseases.  
All study participants were of North European ethnicity. The study was approved by the local ethical committee 
of Copenhagen (HC-2008-017), and was in accordance with the principals of the Declaration of Helsinki. All 
individuals gave written informed consent before participation in the study. 
The participants were examined on two different days with approximately 14 days apart. The first day 
participants were examined after an over-night fast. Height was measured without shoes to the nearest 0.5 cm, 
and weight was measured without shoes and wearing light clothes to the nearest 0.1 kg. Hip and waist 
circumference was measured using a non-expandable measuring tape to the nearest 0.5 cm. Waist 
circumference was measured midway between the lower rib margin and the iliac crest. Hip circumference was 
measured as the largest circumference between the waist and the thighs. Blood pressure was assessed while 
the participant was lying at an up-right position after at least 5 minutes of rest using a cuff of appropriate size 
(A&D, UA-787 plus digital or A&D, UA-779). Blood pressure was measured at least twice and the average of the 
measurements was calculated. At the second day of examination all participants delivered a stool sample 
collected at home.  
Information medications were obtained by questionnaire and interview at the first day of examination. Of the 
75 T2D patients, ten patients (12 %) received no hyperglycaemic medications, 58 patients (77 %) received 
biguanide (metformin) of these 28 patients (37 %) received metformin as only hyperglycaemic medication, ten 
patients (13 %) got sulfonylurea alone or in combination with metformin, 14 patients (19 %) received oral anti-
diabetic drugs and insulin treatment and four patients (5 %) were on insulin treatment only. Eleven patients (15 
%) patients received dipeptidyl peptidase-4 (DPP4) inhibitors or glucagon-like peptide-1 (GLP1) all of them in 
with metformin. Patients were reported as receiving antihypertensive treatment if at least one of the following 
drugs were reported: spironolactone, thiazides, loop diuretics, beta blockers, calcium channel blockers, 
moxonidin or drugs affecting the renin-angiotensin system (n=55 for T2D (73 %) and n=23 (74%) for T1D. 
Patients receiving statins, fibrates and/or ezetimibe were reported as receiving lipid lowering medication (n= 56 
for T2D (75 %; all on statin treatment), and n=24 for T1D (77 %; 74 % on statin treatment).  All patients with 
type 1 diabetes were on insulin treatment as only hyperglycaemic treatment. 
All biochemical analyses were performed on blood samples drawn in the morning after over-night fast of at 
least 10 hours. Plasma glucose was analyzed by a glucose oxidase method (Granutest, Merck, Darmstadt, 
Germany) with a detection limit of 0.11 mmol/l and intra and interassay coefficients of variation (CV) of <0.8 
and <1.4%, respectively. HbA1c was measured on TOSOH G7 by ion-exchange high performance liquid 
chromatography. Serum C-peptide was measured using a time-resolved fluoroimmunoassay with the 
AutoDELFIA C-peptide kit (Perkin-Elmer, Wallac, Turku, Finland), having a detection limit of 5 pmol/l and intra- 
and interassay CV of <4.7% and <6.4%, respectively. Serum insulin (excluding des [31, 32] and intact proinsulin) 
was measured using the AutoDELFIA insulin kit (Perkin-Elmer, Wallac, Turku, Finland) with a detection limit of 3 
pmol/l and with intra and interassay CV of <3.2% and <4.5%, respectively. Plasma cholesterol, plasma HDL-
cholesterol and plasma triglycerides are all measured on Vitros 5600 using reflect-spectrophotometrics.  Plasma 
LDL – cholesterol have been calculated using Friedewald´s equation (Friedewald 1972). Blood leucocytes and 
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white blood cell differential count are measured on Sysmex XS 1000i using flow cytometrics. Plasma metformin 
was determined by high performance liquid chromatography followed by tandem mass spectrometry (LC-
MS/MS). Briefly the proteins were precipitated with acetonitril containing the deuterated internal standard, 
Metformin-d6, Hydrochloride and the supernatant diluted by acetonitril. The analysis was performed on a 
Waters Acquity UPLC I-class system connected to a Xevo TQ-S tandem mass spectrometer in electrospray 
positive ionization mode. Separation was achieved on a Waters XBridgeT BEH Amide 2.5µm column and 
gradient elution with A: 100 mM ammonium formate pH 3.2 and B: Acetonitril. The MRM transitions used for 
metformin and metformin-d6 were 130.2>71.0 and 136.2>60.0. 
Calibrators were prepared by spiking drug free serum with metformin to a concentration of 2000 ng/ml. B12 
was measured using Vitros Immunodiagnostic Products. GAD95 was measured on serum samples by a sandwish 
ELISA (RSR ltd.). Inter-assy and intra-assay CV were < 16.6 % and <6.7 % respectively, and with a detection limite 
of 0.57 U/ml. 
Stool samples were obtained at the homes of each participant and samples were immediately frozen by storing 
them in their home freezer. Frozen samples were delivered to Steno Diabetes Center using insulating 
polystyrene foam containers, and then they were stored at -80 °C until analysis. The time span from sampling to 
delivery at the Steno Diabetes Center was aimed to be as short as possible and no more than 48 hours. 
A frozen aliquot (200 mg) of each faecal sample was suspended in 250 μl of guanidine 
thiocyanate, 0.1 M Tris, pH 7.5, and 40 μl of 10% N-lauroyl sarcosine. Then, DNA extraction was conducted 
as previously described (Manichanh, 2006). The DNA concentration and its molecular size were estimated 
nanodrop (Thermo Scientific) and on agarose gel electrophoresis.   
 
Generation and availability of metagenomic samples 
Danish metagenomic samples have previously been reported in Li et al. (2014) and are deposited in the 
European Bioinformatics Institute Sequence Read Archive under accession ERP004605. 
All information on Swedish data were retrieved from published data (Karlsson, 2013). In addition to published 

available data on Chinese individuals, we retrieved information on 
metformin treatment on a subset of 71 T2D patients. 
 

Metagenomic analysis 

Construction of a non-redundant metagenomic reference gene catalogue 
Illumina shotgun sequencing was applied to DNA extracted from 620 faecal samples originating from the 
MetaHIT project (Supplementary Table S13). Raw sequencing data were processed using the MOCAT (version 
1.1) software package (Kultima et al. 2012). Reads were trimmed (option read_trim_filter) using a quality and 
length cutoff of 20 and 30bp, respectively. Trimmed reads were subsequently screened against a custom 
database of Illumina adapters (option screen_fastafile) and the human genome version 19 using a 90% identity 
cutoff (option screen). The resulting high-quality reads were assembled (option assembly) and assemblies 
revised (option assembly revision). Genes were predicted on scaftigs with a minimum length of 500 bp (option 
gene_prediction). 
Predicted protein-coding genes with a minimum length of 100 bp were clustered at 95% sequence identity 
using CD-HIT [version 4.6.1; (Li and Godzik 2006)] with parameters set to: -c 0.95, -G 0 -aS 0.9, -g 1, -r 1). The 
representative genes of the resulting clusters were “padded” (i.e., extended up to 100 bp at each end of the 
sequence using the sequence information available from the assembled scaftigs), resulting in the final reference 
gene catalogue used in this study. 
The reference gene catalogue was functionally annotated using SmashCommunity [version 1.6; (Arumugam et 
al. 2011)] after aligning the amino acid sequence of each gene to the KEGG [version 62; (Kanehisa et al. 2008)] 
and eggNOG [version 3; (Powell et al. 2012)] databases. 
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Profiling of metagenomic samples 
Raw insert (sequenced fragments of DNA represented by single or paired-end reads) count profiles were 
generated using MOCAT (Kultima et al. 2012) by mapping high-quality reads from each metagenome to the 
reference gene catalogue (option screen) using an alignment length and identity cut-off of 45 and 95%, 
respectively. For each gene, the number of inserts that matched the protein-coding region was counted. Counts 
of inserts that mapped with the same alignment score to multiple genes were distributed equally among them. 
Taxonomic abundances where computed at the level of metagenomic operational taxonomic units (mOTUs 
(Sunagawa et al. 2013)) and subsequently binned at broader taxonomic levels (genus, family, class, etc.). 

Rarefaction of metagenomic data, microbial diversity measurements 
For all metagenome-derived measures excepting the mOTU taxonomic assignments, rarefied read counts were 
used, obtained as follows. Data matrices were rarefied to 7M reads per sample. This threshold was chosen to 
include most samples, but 5 Chinese and 21 Swedish samples were excluded  due to having less than 7M reads 
per sample. Rarefactions were done using custom C++ software. In total we did 30 repetitions, in each of which 
we measured the richness, evenness, chao1 and Shannon diversity metrics within a rarefaction. The median 
value of these was taken as the respective diversity measurement for each sample. The first of 30 rarefactions 
of each sample was used to create a rarefied gene abundance matrix and KO abundance profiles were 
calculated by summing the rarefied abundance of genes annotated to the respective KO gene. 

Metagenomic species (MGS) construction 
Clustering of the catalogue genes by co-abundance, as described in Nielsen et al. (2014), defined 10,754 co-
abundance gene groups (CAGs) with very high correlations (Pearson correlation coefficient > 0.9). The 925 
largest of these with more than 700 genes were named metagenomic species (MGS). The abundance profiles of 
the CAGs and MGS were determined as the medium gene abundance (downsized to 7M reads per sample) 
throughout the samples. Furthermore, the CAGs and MGS were taxonomically annotated, by sequence 
similarity to known reference genomes.  

Functional annotation/binning of metagenomes 
To avoid falsely drawing gut microbial functional conclusions from high abundance of single genes remotely 
homologous to members of a functional pathway, an approach was used that required presence of multiple 
pathway members. Functional pathway abundance was calculated from gene KO annotation and MGS 
abundances per sample. The information on which KOs were present in which MGS was used to calculate the 
module presence within a CAG/MGS, with the restriction that >90% of KO’s necessary for the completion of a 
reaction path were present in a specific CAG, taking alternative enzymatic pathways into account. The module 
abundance within a sample was calculated from CAG abundance in each respective sample, summing all CAG’s 
which had the module present. Rarefied CAG/MGS abundances were used, so no further normalization of the 
module abundance matrix was required. Abundance of genetic potential falling under the same higher-order 
functional levels was calculated by summing up all abundances of the lower-level functional modules within 
each sample. 
Existing functional annotation databases cover gut metabolic pathways relatively poorly. To account for this, a 
number of additional bacterial gene functional modules were curated and annotated, extending the KEGG 
system; these are referred to in result tables as “augmented modules”. 

Univariate tests of taxonomic or functional abundance differences 
Microbial taxa where mean abundance over all samples was less than 3 reads, or which were present in less 
than 3 samples were excluded from univariate and classifier analyses. 
Univariate testing for differential abundances of each taxonomic unit between two or more groups was tested 
using Mann-Whitney-U or Kruskal-Wallis tests, respectively, corrected for multiple testing using the Benjamini-
Hochberg false discovery control procedure rate (e.g. q-values) (Benjamini & Hochberg, 1995). Post-hoc 
statistical testing for significant differences between all combinations of two groups was conducted only for taxa 
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with a difference significant at P < 0.2. Wilcoxon rank-sum tests were calculated for all possible group 
combinations and corrected for multiple testing again using the Benjamini-Hochberg false discovery rate. To 
control for potential confounders such as source study, we used a blocked independence test as implemented in 
the COIN software package (Hothorn et al. 2006) for R to test for taxonomic, functional or metabolomics 
abundance differences between groups, applying these independence tests in the framework of post-hoc 
testing as described above. 
Analysis of correlations between taxonomic or functional features, community diversity indices and sample 
metadata variables were conducted using Spearman correlation tests as implemented in R, and corrected for 
multiple tests using the Benjamini-Hochberg false discovery rate control procedure. To control for confounders 
such as source study in univariate correlation analyses, blocked Spearman tests as implemented in COIN were 
used. 
In some analyses taxa were corrected for the influence of a continuous confounder variable like microbial 
community richness, in these cases the residual of a linear model built using normalized, log-transformed taxa 
abundances was used to correct for the confounding variable. Power analysis was conducted by randomly 
subsampling to a given sample number, repeated 5 times to achieve robust results. 

Ordinations and multivariate tests 
All ordinations (NMDS, dbRDA) and subsequent statistical analyses were calculated using the R-package vegan 
(Dixon 2003) using Bray-Curtis distances taken on the rarefied and log-transformed taxa abundance matrices, 
then visualized with custom R scripts. Community differences were calculated using a permutation test on the 
respective NMDS reduced feature space, as implemented in vegan. 
Furthermore, we calculated intergroup differences for the microbiota using PERMANOVA (Anderson, 2001) as 
implemented in vegan. This test compares the intragroup distances to the intergroup distances in a permutation 
scheme and from this calculates a P-value. For all PERMANOVA tests we used 2e5 randomizations and a log-
transformed genus-level mOTU abundance matrix, using Bray-Curtis intersample distances. PERMANOVA post 
hoc P-values were corrected for multiple testing using the Benjamini-Hochberg false discovery rate control 
procedure. 
To test for intragroup dispersion, inter-sample distances were calculated as described above and tested for 
equal intragroup dispersions using betadisper (Anderson et al. 2006) as implemented in vegan; the significance 
was calculated using anova test statistic. 

Classifier construction and evaluation 
An L1 restricted LASSO procedure was used to test for an optimal value of lambda (number of features to be 
used) in a 5-fold cross-validated and internally 4-fold cross-validated run on all data. After this, the previously 
determined value of lambda was manually controlled for number of features used against the root mean square 
error of the classifier. In a 5-fold cross-validation an independent LASSO classifier was trained on 4/5 of the data 
using the previously determined value of lambda, and response values were predicted on 1/5 of the data. LASSO 
models with a Poisson response type were used in all cases. Fasting glucose was log-transformed and HbA1c 
was left untransformed to approximate normal distributions in both cases. 
2-class classifications between T2D and ND CTRL samples were calculated with a R reimplementation of the 
robust recursive feature elimination support vector machine (rRFE-SVM) (Abeel 2009) procedure. The RFE was 
performed on 4/5 of the data, of which randomly 90% were selected. This was repeated 200 times in each cross-
validation, a feature ranking was created from an average over these runs. Classifier performance was tested on 
the remaining 1/5 of samples using the pre-established feature list. Furthermore, we also trained an SVM on a 
predetermined set of samples corresponding to 4/5 of all samples, the trained SVM was then applied to the 
remaining 1/5 of the data, in case of several cohorts, ROC-AUC scores were measured for each cohort separately. 
 



21 
 

References 
 
Li W, Godzik A. 2006. Cd-hit: a fast program for clustering and comparing large sets of protein or nucleotide 
sequences. Bioinformatics. 2006 Jul 1;22(13):1658-9. 
Arumugam M, Harrington ED, Foerstner KU, Raes J, Bork P. 2010. SmashCommunity: a metagenomic annotation 
and analysis tool. Bioinformatics. 2010 Dec 1;26(23):2977-8. doi: 10.1093/bioinformatics/btq536. 
Nielsen et al., A method for identifying metagenomic species and variable genetic elements by exhaustive co-
abundance binning.Nature Biotechnology 32 (8), 822-828 
Anderson MJ: Distance-based tests for homogeneity of multivariate dispersions. Biometrics 2006; 62: 245-253. 
 
 
 



22 
 

Figure legends 

Figure 1: Type 2 diabetes is confounded by metformin treatment. Major treatment effects are seen in 

multivariate analysis and in classifier performance. 

A. Projection of genus level gut microbiomes samples from Danish, Chinese and Swedish studies constrained 

by diabetic state and metformin treatment. Multivariate analysis reveals T2D dysbiosis which overlaps only in 

part with taxonomic changes in metformin-treated patients. The ordination projects all T2D metformin+ (n = 93, 

dark red), T2D metformin- (n = 106, orange) and ND CTRL (n = 554, teal) samples, with confounding country 

effect adjusted for. Bacterial genera which show significant effects of metformin treatment and T2D status 

compared to ND CTRL, respectively (limited to top five for each, respectively), are interpolated into the plane of 

maximal separation based on their abundances across all samples. Marginal box-/scatterplots show the 

separation of the constrained projection coordinates. The T2D separation is significant (Permanova FDR < 0.005) 

in the joint dataset and independently significant in CHN and MHD samples. The metformin separation is 

significant (Permanova FDR < 0.1; Canberra distances) in MHD and SWE samples. 

B. Classifying type 2 diabetes and metformin treatment status based on gut microbiome profiles. Support 

Vector Machine (SVM) classifiers were used to separate T2D metformin+ (n = 93), T2D metformin- (n = 106) and 

ND CTRL (n = 554) samples from each other based on genus-level gut microbiome taxonomic composition. 

Metformin-treated T2D samples can be well separated from controls (using Intestinibacter abundance as the 

only feature), whereas distinguishing T2D metformin- samples from ND CTRL samples works poorly even in the 

best case, requiring 63 distinct microbial features to achieve this separation. 

Figure 2: Gut microbiome signatures in metformin-naïve type 2 diabetes and in type 1 diabetes. Differences 

between healthy controls and T2D patients contrasted against T1D as an alternative form of dysglycaemia. 

A. Taxanomic and functional microbiome signatures of metformin-naïve type 2 diabetes. The heatmap shows 

bacterial genera and microbial gene functions that are significantly (study source adjusted KW-test and post-hoc 

MWU test FDR < 0.1, *: FDR < 0.05; +: FDR < 0.1) different in abundance between T2D metformin- (n = 106) and 

ND CTRL (n = 554) samples, revealing a robust diabetic signature across datasets. None of these features are 
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significantly different in a comparison of T1D (n = 31) with ND CTRL (n = 277) samples (adjacent heatmap cell 

rows), implying they are not direct effects of dysglycaemia. Central cells of the heatmap show Spearman 

correlations between abundance of bacterial taxa and microbial gene modules. 

B. Elevated gene richness in adult Type 1 diabetes samples. Comparing MHD samples only, T1D samples show 

significantly (Wilcox FDR < 0.1) higher gut microbiome richness (gene count) than all other sample subsets, 

which is the only significant diversity difference between these sample subsets. 

Figure 3:  Impact of metformin on the human gut microbiome Characterization of the microbially-mediated 

therapeutic and side effects of metformin. 

A. Gut microbial shifts under metformin treatment. Metformin treatment significantly (study-source adjusted 

KW-test and post-hoc MWU test FDR < 0.1, *: FDR < 0.05; ***: FDR < 0.001) increases Escherichia and lowers 

Intestinibacter abundance. 

B. Correlations between serum levels of metformin and vitamin B12 and gut microbiota in Danish MetaHIT 

samples. Serum metformin levels of T2D patients (n = 75) are significantly (Spearman FDR < 0.1) positively 

correlated with Escherichia abundance and vitamin B12 bacterial transporter abundances, and in significant 

negative correlation with Intestinibacter abundance. Serum vitamin B12 concentrations decrease as serum 

metformin levels increase. Dot markers are shown for all MHD samples where serum metformin concentration 

was measured. Metformin-untreated T2D samples are shown in orange, treated samples in dark red. Linear 

regression lines as well as Spearman coefficients and FDRs are shown.  

C. Microbial shifts under metformin treatment contribute to improved glucose control and to side effects. 

Schematic illustration of gut microbial changes and their impact on host health. Metformin effects on host 

physiological functions could explain the observed changes in gut taxa abundances (red ellipses) and microbial 

functional potential (blue box) in a synergistic (green arrow) or antagonistic (red arrow) manner. These in turn 

influence the host metabolism and induce previously described therapeutic (green background) and side (red 

background) effects of metformin treatment. 
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Supplementary table legends 

 

Supplementary Table S1 – Samples used in study. “Sample subsets” tab lists diabetes and metformin treatment 

status for all 784 samples where this is available. “Phenotypes” tab lists body mass index, fasting plasma 

glucose, fasting serum insulin, and Hba1c for all samples in the MHD, SWE and CHN datasets. To convert mU/l 

to pmol/l for insulin levels a factor of 6.0 was used. To convert HbA1c levels from % (DCTT) to mmol/mol (IFCC) 

the following formula was applied ((HbA1c % - 2.15)*10.929). “Sequencing statistics” tabs shows metagenome 

sample sizes and measurements, including QC measures, for all samples in the three study samples. 

Supplementary Table S2 – Significant (WRS P-values, and BH FDR-corrected Q-values blocked for country) 

differences in taxonomic (genus and family level) and functional (GMMs and KEGG modules) composition 

between T2D (n = 199) and ND CTRL (n = 554) samples disregarding medication status. 

Supplementary Table S3 – Significant differences in taxonomic composition (genus and phylum level, KWT) and 

gene richness indices (KWT) for T2D patients between the three geographically separated datasets used in the 

study. Question mark notation in a taxon description indicates a novel taxon at that hierarchical level, e.g. 

“Bacteria; Firmicutes;?;?;?;?” indicates a currently uncharacterized Firmicutes. A post-hoc test was used to 

determine between subset significances, where “=” refers to n.s. differences and “>”, “>>” and “>>>” refer to p-

values < 0.05, 0.01 and 0.001, respectively. Metadata tab summarizes of some metadata differences between 

the three datasets(data are shown as median and interquartile range). 

Supplementary Table S4 – Investigating the influence of medications including statin, insulin and blood 

pressure lowering drugs on gut microbial genus abundance, tested for T2D samples. No significant differences 

(WRS P-values, and BH FDR-corrected Q-values blocked by source country) were found between treated and 

untreated T2D patients. Blocking also for metformin treatment yielded no further significant differences. 

Supplementary Table S5 – Multivariate significant differences in taxonomic composition between sample 

subsets. FDR values of betadisper test between T2D metformin- (n = 106), T2D metformin+ (n = 93) and ND 

CTRL (n = 554) samples with 104 repetitions, blocked for country effect on different taxonomic levels, using 
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Canberra distance.  

Supplementary Table S6 – Bacterial genera tested for significantly (study source adjusted WRS P-values, and BH 

FDR-corrected Q-values) different abundance between T2D metformin- (n = 106) and ND CTRL (n = 554) 

samples. All tests were corrected for study source. Question mark notation in a taxon description indicates a 

novel taxon at that hierarchical level, e.g. “Bacteria; Firmicutes;?;?;?;?” indicates a currently uncharacterized 

Firmicutes. 

Supplementary Table S7 – Bacterial functional modules (GMM and SEED modules, respectively) tested for 

significantly (study source adjusted WRS P-values, and BH FDR-corrected Q-values) different abundance 

between T2D metformin- (n = 106) and ND CTRL (n = 554) samples. All tests were corrected for study source. 

Question mark notation in a taxon description indicates a novel taxon at that hierarchical level, e.g. “Bacteria; 

Firmicutes;?;?;?;?” indicates a currently uncharacterized Firmicutes. 

Supplementary Table S8 – Clinical markers and taxonomic diversity indices tested for significant differences 

between sample sets based on metformin treatment or diabetes status. Shown are median values and standard 

deviations for subsets under comparison, WRS P-values, and BH FDR-corrected Q-values. 

Supplementary Table S9 – Performance of robust recursive feature elimination support vector machine (rRFE-

SVM) predictors built to separate sample subsets based on diabetes and metformin treatment status. The table 

shows cross-validated ROC-AUC classifier performance using a selected features subset for their separation of 

A) T2D metformin- (n = 106), T2D metformin+ (n = 93) or ND CTRL (n = 554)  states and B) T1D (n = 31) and 

MHD ND CTRL (n = 277) phenotype.  

Supplementary Table S10 – Bacterial genera that were significantly (WRS P-values, and BH FDR-corrected Q-

values) different in abundance between T1D (n = 31) and MHD ND CTRL (n = 277) samples. Question mark 

notation in a taxon description indicates a novel taxon at that hierarchical level, e.g. “Bacteria; 

Firmicutes;?;?;?;?” indicates a currently uncharacterized Firmicutes.  

Supplementary Table S11 – Two bacterial genera which were significantly different between T2D metformin+ (n 

= 106) and T2D metformin- (n = 93) samples (Escherichia  and Intestinibacter) were retested with a WRS-Test 
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correcting for the following potential confounders: BMI, gender, fasting plasma glucose and fasting serum 

insulin. All tests were corrected for study source. 

Supplementary Table S12 – Bacterial functional modules (GMM and SEED modules, respectively) tested for 

significantly (study source adjusted WRS P-values, and BH FDR-corrected Q-values ) different abundance 

between T2D metformin+ (n = 93) and T2D metformin- (n = 106) samples. All tests were corrected for study 

source. Question mark notation in a taxon description indicates a novel taxon at that hierarchical level, e.g. 

“Bacteria; Firmicutes;?;?;?;?” indicates a currently uncharacterized Firmicute. 

Supplementary Table S13 – Bacterial functional modules (GMM and SEED modules, respectively) tested for 

significantly (study source adjusted WRS P-values, and BH FDR-corrected Q-values ) different abundance 

between T2D metformin+ (n = 93) and T2D metformin- (n = 106) samples while excluding contributions from 

Enterobacteriaceae (see Supplementary Methods). All tests were adjusted for study source. Question mark 

notation in a taxon description indicates a novel taxon at that hierarchical level, e.g. “Bacteria; 

Firmicutes;?;?;?;?” indicates a currently uncharacterized Firmicute. 

Supplementary figure legends 

Supplementary Figure S1 –  Taxonomic microbiome composition comparison between T2D metformin- (n = 

106), T2D metformin+ (n = 93) and ND CTRL (n = 554) samples with particular focus on possible taxonomic 

restoration under metformin treatment for certain taxa. Boxplots show log-transformed read counts for mOTUs 

summarized at the level of bacterial genera, for the three country subsets across sample categories. Tests for 

significant differences (Kruskal-Wallis test adjusted for study source) were performed with P-values shown at 

the head of each figure. Star markers show results of tests for each country subset separately. 

Supplementary Figure S2 

Differences in physiological variables and microbiome characteristics between Chinese (n = 368), Danish 

MetaHIT (n = 383) and Swedish (n = 145) ( cohorts. A) Metadata variables are significantly different between 

cohorts, of which a subselection is displayed. B) In a PCoA ordination of Bray-Curtis distances between samples 

on family levels, clear differences between samples from the different cohorts become obvious. These are 
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largely explained by taxa differences, as summarized at the phylum level (C). Boxplots for taxa show log-

transformed read counts for mOTUs summarized at the level of bacterial genera, for the three country subsets 

across sample categories. For all boxplots, tests for significant differences (Kruskal-Wallis test adjusted for study 

source) were performed with P-values shown at the head of each figure. Star markers show results of tests for 

each country subset separately. 
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