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Richness of human gut microbiome
correlates with metabolic markers
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We are facing a global metabolic health crisis provoked by an obesity epidemic. Here we report the human gut microbial
composition in a population sample of 123 non-obese and 169 obese Danish individuals. We find two groups of individuals
that differ by the number of gut microbial genes and thus gut bacterial richness. They contain known and previously
unknown bacterial species at different proportions; individuals with a low bacterial richness (23% of the population) are
characterized by more marked overall adiposity, insulin resistance and dyslipidaemia and a more pronounced
inflammatory phenotype when compared with high bacterial richness individuals. The obese individuals among the
lower bacterial richness group also gain more weight over time. Only a few bacterial species are sufficient to distinguish
between individuals with high and low bacterial richness, and even between lean and obese participants. Our
classifications based on variation in the gut microbiome identify subsets of individuals in the general white adult
population who may be at increased risk of progressing to adiposity-associated co-morbidities.
Modern living with a sedentary everyday life, a constant boom of
easily accessible and energy-dense food, and exposure to additional
‘obesogenic’ environmental factors together with extended life expectancy has resulted in an epidemic of metabolic disorders characterized
by a core of excessive body fat accumulation. Projection estimations
predict that, on a global scale, cases will rise from 400 million obese
adults in 2005 to more than 700 million in 2015, and this trend will
continue towards 2030 (refs 1, 2). Some individuals seem to be more
susceptible to the obesogenic environment of modern living than others,
suggesting an important inherited component, supported by several twin,
family and adoption studies, with heritability estimates ranging from
40% to 70% (refs 3–5). Studies of variation in the human genome have
so far resulted in the discovery of more than 50 validated genome-wide
significant loci associated with overall adiposity and body composition6212.
Yet, despite a reasonable number of obesity susceptibility variants identified, the proportion of explained genetic variance of body mass index
(BMI) remains low, that is, a few per cent (ref. 6). Emerging evidence
suggests, however, that variation in our ‘other genome’—the collective
genome of the microorganisms inhabiting our body, known as the

microbiome—may have an even greater role than human genome variation in the pathogenesis of obesity given its direct interaction with
environmental factors. Recent studies show that the human gut microbiota may be altered in obese relative to lean individuals, even if inconsistent changes have been reported. An increase in the phylum Firmicutes
and a decrease in Bacteroidetes associated with obesity was observed in
some13,14, but not all, studies15, with the inverse also reported16. An
increase of Actinobacteria in obese individuals was also reported17.
Mouse gut microbiota obesity-related alterations are characterized
by changes in the Firmicutes to Bacteroidetes ratio, which is increased
in the obese animals18,19. These changes are probably not a mere consequence of obesity, because the obese phenotype can be transmitted
by gut microbiota transplantation in mice, indicating that gut microbial populations may have an active role in obesity pathogenesis20,21.
Establishment of a catalogue of bacterial genes from the human gut22
encouraged us to address the hypothesis that variation in the gut
microbiome at gene and species levels defines subsets of individuals
in the adult population who are at increased risk of obesity-related
metabolic disorders.
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informatique des Systèmes Complexes, F-93143 Bondy, France. 22Faculty of Health Sciences, University of Southern Denmark, DK-8200 Odense, Denmark. 23King Abdulazziz University, Jeddah 21589,
Saudi Arabia. 24Novo Nordisk Foundation Center for Basic Metabolic Research, University of Copenhagen, DK-2200 Copenhagen, Denmark. 25Center for Sequencing Aarhus University, DK-8000 Aarhus C,
Denmark. 26Hagedorn Research Institute, DK-2820 Gentofte, Denmark. 27Institute of Biomedical Science, Faculty of Health and Medical Sciences, University of Copenhagen, DK-2200 Copenhagen,
Denmark. 28Faculty of Health, Aarhus University, DK-8000 Aarhus, Denmark.
*These authors contributed equally to this work.
{A list of authors and affiliations appears at the end of the paper.
2 9 AU G U S T 2 0 1 3 | VO L 5 0 0 | N AT U R E | 5 4 1

©2013 Macmillan Publishers Limited. All rights reserved

RESEARCH ARTICLE
The abundance of known intestinal bacteria can be assessed by the
mapping of a large number of sequencing reads from total faecal DNA
onto a reference set of their genomes23. This approach, which we term
quantitative metagenomics, was extended here to assess the abundance
of genes from the reference catalogue in a cohort of 292 non-obese and
obese individuals.

Bimodal distribution of microbial genes
Comparison of gene number across the total study sample of 292 individuals showed a bimodal distribution of bacterial genes (Fig. 1a and
Supplementary Table 1). A similar distribution was detected in obese
French individuals using a different sequencing technology24. As the
number of genes detected had some dependence on the number of
matched reads (Supplementary Fig. 1), we downsized the data set to
11 million reads, thus excluding 15 individuals and the bimodal distribution was again observed (Fig. 1b). We term hereafter the individuals with ,480,000 genes ‘low gene count’ (LGC) and others ‘high
gene count’ (HGC). They had, on average, 380,000 and 640,000 genes,
a difference of some 40% and harboured less or more rich microbiota,
respectively, as shown by scoring several single copy marker genes (Supplementary Fig. 2). Human intestinal tract chip (HITChip) analysis25,
based on the widely accepted 16S ribosomal DNA phylogenetic marker, confirmed the bimodal distribution and the difference of richness
of microbial communities between the LGC and HGC individuals
(Supplementary Fig. 3 and Supplementary Table 1).
Low richness of gut microbiota has been reported in patients with
inflammatory bowel disorder (IBD)22,26,27, elderly patients with
inflammation28 and in obese individuals17, but the differences of richness within these groups or among non-obese individuals were not
previously detected. As the composition of the gut microbiota seems
to be rather stable over long periods of adulthood29, its richness may
well be a characteristic feature of an individual. In mice, the richness
seems to be affected by repeated antibiotic treatments30, and host genetics could also have a role31. Also notable diversity differences were
observed between the urban US population and rural populations from
two developing countries32. Further studies, focusing specifically on the
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Figure 1 | Distribution of low and high gene count individuals (n 5 292).
a, Gene counts from all uniquely matched reads. b, Gene counts adjusted to
11 million uniquely mapped reads per individual. Vertical line indicates the
threshold of the LGC and the HGS individuals; the observed bimodal
distribution was not statistically significant by the dip-test.

richness of the gut microbiota across broad cohorts, might help to
determine the causes for its variation.

Microbial species of LGC and HGC groups
The differences in gene numbers indicate that the LGC and HGC individuals contain different microbial communities. To assess the difference in phylogenetic composition between the two, we combined
reference genome mapping with gene abundance data at the phylum,
genus and species level.
We first examined the general phylogenetic composition at higher
taxonomic levels based on sample-wise rarefied read abundances that
were mapped on publicly available reference genomes and binned at
the genus and phylum level. Forty-six genera differed significantly in
abundance between the HGC and LGC individuals (Supplementary
Table 2). Although Bacteroides, Parabacteroides, Ruminococcus (specifically R. torques and R. gnavus), Campylobacter, Dialister, Porphyromonas, Staphylococcus and Anaerostipes were more dominant in
LGC, 36 genera, including Faecalibacterium, Bifidobacterium, Lactobacillus, Butyrivibrio, Alistipes, Akkermansia, Coprococcus and Methanobrevibacter, were significantly associated with HGC. For 33 of these,
genera probes were present on the HITChip and their abundance was
determined (Supplementary Table 2); the correlation with read mapping was very high (Pearson’s r of 0.85 and 0.90 in HGC and LGC
individuals, respectively). At the phylum level, this phylogenetic shift
resulted in a higher abundance of Proteobacteria and Bacteroidetes in
LGC individuals versus increased populations of Verrucomicrobia, Actinobacteria and Euryarchaeota in HGC individuals (Supplementary Fig. 4).
Next, we studied the specific species that were differentially abundant between LGC and HGC individuals. In this approach, we identified the genes that were significantly different between the LGC and
HGC individuals by the Wilcoxon rank-sum test, comparing 204 (70%
of total) randomly chosen individuals 30 times. We similarly compared
126 ‘extreme’ individuals, containing ,400,000 genes or .600,000
genes. A total of 120,723 genes were found in all 60 tests at P , 0.0001
and were analysed further.
We searched for genes from the same species by comparison with
all sequenced genomes (Supplementary Materials). At a threshold of
95% identity (the species-level cut-off23) over at least 90% of the gene
length, 10,225 genes (8.5%) were assigned to a total of 97 genomes
representing some 73 species (Supplementary Table 3). However, a
vast majority (93.4%) belonged to only 9 species, which varied significantly in abundance between the LGC and HGC individuals, as
illustrated in Fig. 2a (upper part), where the presence and abundance
of 50 arbitrarily chosen ‘tracer’ genes from each species in the individuals of the cohort is displayed. As expected, these genes have a
sharply bimodal distribution: 71% of individuals had either all or none
of the genes from a species and thus harboured or lacked that species, at
the present depth of analysis. The first five species were more frequent
in LGC individuals, whereas the last four species were more frequent in
the HGC group.
Taken together, our analyses highlight the contrast between the
distribution of anti-inflammatory species, such as Faecalibacterium
prausnitzii33,34, which are more prevalent in HGC individuals and
potentially pro-inflammatory, Bacteroides and R. gnavus35, associated
with IBD36,37 and found to be more frequent in LGC individuals.
However, a vast majority (.90%) of the 120,723 genes with significantly differing abundances between the LGC and HGC gene individuals could not be assigned to a known bacterial genome. These genes
must also belong to bacterial species that are present at different abundances in the two groups of individuals. We thus attempted to cluster the
genes from the same species using a gene abundance-based approach.
We proposed that the genes of a given bacterial species should be
present at a similar abundance in an individual but should display
large variations across a cohort, as species abundance is known to vary
immensely among individuals (10–10,000-fold)22. The genes that vary
in abundance in a coordinated way are thus likely to be from the same

5 4 2 | N AT U R E | VO L 5 0 0 | 2 9 AU G U S T 2 0 1 3

©2013 Macmillan Publishers Limited. All rights reserved

ARTICLE RESEARCH
a

LGC

q

HGC
1

C. bolteae

0
1

C. symbiosum

0
1

C. clostridioforme

0
1

C. ramosum

0
1

R. gnavus

0
1

F. prausnitzii

0
1

R. inulinivorans

0
1

C. eutactus

0
1

M. smithii

0
1

HL-39

0
1

HL-15

0
1

HL-7

0
1

HL-53

0
1

HL-8

0
1

HL-13

0
1

HL-26

0

59,147

Gene number

True positive rate

AUC

0.8
0.7
0.6
0.5

0

5

10
Species

15

20

3.2 × 10–13
1.1 × 10–15
1.4 × 10–19
5.4 × 10–18
2.7 × 10–23
1.1 × 10–15
4.4 × 10–14
8.2 × 10–13
2.1 × 10–09
1.9 × 10–15
8.1 × 10–13
4.3 × 10–22
2.8 × 10–21
5.0 × 10–19
9.2 × 10–21

878,816

b 1.0
0.9

6.1 × 10–12

1.0
0.8
0.6
0.4
0.2

AUC = 0.98
0.0
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 2 | Bacterial species with different distribution among 292 HGC and
LGC individuals. a, Presence and abundance of 50 ‘tracer’ genes for
representative species differentially abundant in LGC and HGC groups; Mann–
Whitney probability (q value, FDR adjusted40) is given. Genes are in rows,
frequency is indicated by colour gradient (white, not detected; red, most
abundant); individuals, ordered by increasing gene number, are in columns,
proportion of the tracer genes in individuals is shown on the right. Top, known
species; bottom, unknown species. C. bolteae, Clostridium bolteae;
C. clostridioforme, Clostridium clostridioforme; C. eutactus, Coprococcus
eutactus; C. ramosum, Clostridium ramosum; C. symbiosum, Clostridium
symbiosum; F. prausnitzii, Faecalibacterium prausnitzii; M. smithii,
Methanobrevibacter smithii; R. gnavus, Ruminococcus gnavus; R. inulinivorans,
Roseburia inulinivorans. b, Left, AUC values for the best combinations of
species in a ROC analysis. Right, AUC for the best combination of four species.

species. We tested this hypothesis for the 10,225 taxonomically assigned
genes that differ significantly between LGC and HGC individuals, by
computing the Spearman correlation coefficients for each gene with all
the other genes and grouping those that were correlated above a given
threshold. A large majority (8,125; 79.4%) clustered into only 8 groups
that included the 9 most highly represented species shown in Fig. 2
(Clostridium bolteae and C. clostridioforme genes were in the same
group). The specificity and the sensitivity of clustering were very high
(average of 97.8% and 91.8%, respectively, for 7 homogeneous groups),
indicating that the approach is efficient and can be used to cluster all the
significantly different genes.
In total, 76,564 genes (63% of 120,723) were grouped into 1,440
clusters of two or more genes at a threshold of rho . 0.85, used to
favour the specificity of clustering. Some 58 clusters contained $75
genes and included 90% of the genes; 52 contained genes from previously unknown species (Supplementary Table 4). Genes from a cluster originated from the same species in most cases, as shown by (1)
coherence of the BLASTP taxonomic assignments; (2) homogeneity
of abundance and abundance variation; (3) homogeneity of tetramer
composition38; and (4) significant physical linkage (Supplementary

Figs 5–8). This conclusion was further supported by the correlation of
the abundance of the 16S rRNA gene sequences represented on the
HITChip for 27 of the 58 clusters (Supplementary Table 4; it is possible that the HITChip resolution of closely related genomes may have
been insufficient or that the corresponding 16S sequences were lacking for 31 clusters). We conclude that the clustering procedure grouped
the genes of the same species, even if in some cases genes from more
than a single species were grouped (C. bolteae and C. clostridioforme, or
probably prophages present in genomes from several species; Supplementary Fig. 9). A similar approach was applied in a recent paper,
published while the present manuscript was under revision39.
Analyses of the 50 genes from the clusters with known taxonomic
assignment have shown that they are present on cognate genomes
only and on all cognate genomes (Supplementary Table 5). By extrapolation, we suggest that the same holds true for unknown groups and
that the cluster genes can be used as tracers for the species they derive
from. Average abundance of the tracer genes was thus equated to the
average abundance of the cognate species.
Distribution of unknown species across LGC and HGC individuals
of the cohort was clearly biased (Fig. 2a, lower part, and Supplementary Fig. 10). Genes for 10 of the species and the Bacteroides genus
were present on the metagenomic arrays (Methods); in all cases the
HGC/LGC bias found by sequencing was also detected by the arrays
(Fig. 2 and Supplementary Table 4). BLASTP analysis indicated that
37% and 92% of the clusters had at least 80% of the genes with the
same taxonomy at a genus and phylum level, respectively, a value similar
to that observed for all clusters analysed in this paper (Supplementary
Fig. 11). HITChip and BLASTP taxonomic assignments were not fully
overlapping but whenever both were available they were congruent;
when combined, up to 63% of the species could be assigned to a genus.
However, there was no obvious stratification of the species prevalent in
LGC and HGC individuals at this taxonomic level (Supplementary
Table 4).
To test whether LGC and HGC individuals could be distinguished
by the bacterial species they contain, we performed a receiver operating
characteristic (ROC) analysis. First, we estimated the abundance of 58
species that were significantly different in abundance between LGC and
HGC individuals (Supplementary Table 6). For each individual, we
used these values to compute a score, named decisive bacterial abundance (DBA) score, equal to the sum of abundances of the species more
frequent in HGC individuals subtracted by the sum of the abundances
of species more frequent in LGC individuals. The DBA scores were
calculated exhaustively for all combinations of up to 19 species and
were used in the ROC analysis; the area under curve (AUC) values
for the best combinations are shown in Fig. 2b, left. The best combination of four species gave an AUC value of 0.98 (Fig. 2b, right); in a
tenfold cross-validation test40 with 90% of randomly chosen individuals
the AUC value of 0.976 6 0.02 (mean 6 s.d.) was obtained for the
groups of the remaining 10%, indicating the robustness of the analysis.
Selection of the most distinctive species on the entire cohort does not
seem to lead to a significant over-fit, as the algorithm established with
one cohort gives comparably high AUC values with an unrelated
cohort24. Future work, searching for correlations of gene abundances
and gene counts without separation of individuals into the LGC and
HGC groups, may allow identifying additional species that explain variation of gene numbers.

Microbial metabolism of LGC and HGC groups
Through the functional annotation of the reference gene catalogue to
KEGG Orthology (KO) groups, abundances of KO groups were determined for the LGC and HGC individuals as in ref. 22. Using the
enzyme annotations of the different KO groups, 51 manually defined
gut metabolic pathway modules (Supplementary Table 7) differed significantly in abundance between both groups (Methods). LGC individuals had a higher abundance of peroxidase, catalase and TCA modules,
suggesting increased capacity to handle exposure to oxygen/oxidative
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stress. Furthermore, the genomic potential for production of metabolites
with possible deleterious effects on host health (among which procarcinogens)—including modules for b-glucuronide degradation, degradation of aromatic amino acids, and dissimilatory nitrate reduction—
was significantly higher in LGC participants. Many of the significantly
increased modules could be due to the increased abundance of Bacteroides
spp. (for example, pectin degradation). By contrast, HGC individuals
were characterized by a potentially increased production of organic
acids—including lactate, propionate and butyrate—combined with a
higher hydrogen production potential. Concerning hydrogen removal,
a shift from a methanogenic/acetogenic ecosystem in HGC individuals
towards a sulphate-reducing one in LGC individuals might take place.
The functional capacity of the microbiota in LGC and HGC individuals, when combined with the phylogenetic signal, leads to several
interesting observations: in the former group we see (1) a reduction of
butyrate-producing bacteria; (2) increased mucus degradation potential combined with a decreased Akkermansia to R. torque/gnavus ratio);
(3) reduced hydrogen and methane production potential combined
with increased hydrogen sulphide formation potential; (4) an increase
in Campylobacter/Shigella abundance; and (5) an increased potential to
manage oxidative stress (peroxidase). Overall, this suggests that LGC
individuals harbour an inflammation-associated microbiota (Fig. 3).

Phenotypes of the HGC and LGC groups
Characteristics of study materials are given in Supplementary Table 8.
We performed an anthropometric and biochemical phenotyping of
multiple interrelated features of LGC and HGC individuals, and identified significant differences between them at a false discovery rate
(FDR)41 of up to 10% (Table 1 and Supplementary Table 9). This value
was used to avoid missing significant associations; a less stringent level,
up to 25%, was chosen in a recent and comparable study design42. The
LGC individuals, who represented 23% of the total study population,
included a significantly higher proportion of obese participants (Fig. 4a;
the difference is significant for men and a trend is detected for women),
and were as a group characterized by a more marked adiposity, as reflected by an increase in fat mass percentage and body weight (Table 1).
The adiposity phenotype of LGC people was associated with increased
serum leptin, decreased serum adiponectin, insulin resistance, hyperinsulinaemia, increased levels of triglycerides and free fatty acids, decreased HDL-cholesterol and a more marked inflammatory phenotype
(increased highly sensitive C-reactive protein (hsCRP) and higher white
blood cell counts) than seen in HGC individuals (Table 1). We further
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Figure 3 | Functional and phylogenetic shifts in the LGC microbiome. Top,
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richness. Left, antibiotic-mediated perturbation of the richness; Right,
proteobacterial lipopolysaccharide-mediated perturbation of the richness. AB,
antibiotic; IR, insulin resistance.

tested the significance of our observations by treating the gene counts
as a continuous variable and examining its correlation with the anthropometric and biochemical variables. All but two (BMI and weight) of
the observed differences between LGC and HGC individuals were found
significantly associated with the gene counts (Table 1). Together, these
analyses suggest that the LGC individuals are featured by metabolic
disturbances known to bring them at increased risk of pre-diabetes,
type-2-diabetes and ischaemic cardiovascular disorders43,44. Similar
abnormalities were found in the accompanying paper24.
We propose that an imbalance of potentially pro- and anti-inflammatory
bacterial species triggers low-grade inflammation and insulin resistance (Fig. 3). In parallel, we suggest that an altered gut microbiota of
LGC individuals induces the noted increase in levels of serum fasting
induced adipose factor (FIAF, also known as ANGPLT4), eliciting an
increased release of triglycerides and free fatty acids (Table 1), as evidenced by studies in rodent models45–47. Broad spectra antibiotics may
improve glycaemic regulation and change the hormonal, inflammatory and metabolic status in obese mice. Possibly, the reduction of
diversity mediated by the antibiotic treatments has a different effect
in mice48 and man, or, alternatively, is counterbalanced by the restoration of the pro- and anti-inflammatory species balance, which may have
been altered in the obese animals. Antibiotic use in early childhood, which
may have affected the richness, led to an increased risk of overweight49.
Interestingly, obese LGC individuals gained on average significantly
more weight than HGC individuals during the past 9 years (Fig. 4b);
the BMI change was significant without and with linear adjustment for
baseline BMI and age. We searched for species associated to the BMI
change among the 58 species that differed significantly between LGC
and HGC individuals (Supplementary Table 6) and found eight (Fig. 4c).
The average weight gain of individuals with the lowest or undetectable
levels of a species was in all cases greater than that of their counterparts
with the highest species levels; all eight species were more abundant in
HGC than in LGC individuals. These species may therefore protect
against weight gain. All but one (Methanobrevibacter smithii) lack specieslevel taxonomic assignment, but four could be assigned at a genus level
(Anareotruncus colihominis, Butyrivibrio crossotus and Faecalibacterium;
Supplementary Table 4). All are butyrate producers, in agreement with the
general tendency of lower butyrate producers among the LGC individuals.

Gut microbes of lean and obese individuals
We also attempted to assess the difference in bacterial species between
the lean (BMI , 25 kg m22, n 5 96) and obese (BMI . 30 kg m22,
n 5 169) individuals by the approach used for LGC/HGC individuals
(Methods). Only 15,894 significantly different genes (P , 0.05) were
found, indicating that the gut microbiota of lean and obese individuals
differs less than that of the LGC and HGC individuals. The genes were
attributed to 18 species by the covariance-based clustering (Supplementary Fig. 12 and Supplementary Tables 10 and 11). To test whether lean
and obese individuals can be distinguished by these species, we carried
out an exhaustive ROC analysis, with tenfold cross validation (Supplementary Fig. 12). The best AUC, of 0.78, was reached with nine
species. This accuracy, albeit lower than that for the separation of LGC
and HGC individuals, is substantially better than an AUC of 0.58,
achieved by ROC analysis of 32 human genome loci associated with
adiposity measures6. Accordingly, we suggest that the obesity-associated
signal in the human gut microbiome may be much stronger than that
presently known in the human genome. This view is supported by
efficient discrimination of lean and obese individuals in a previous
study, in which an AUC of 0.88 was reached with a combination of
50 16S-defined operational taxonomic units (OTUs), separated at the
92% homology level50.

Discussion
Contemporary lifestyle is associated with a tide of metabolic abnormalities characterized by a core of excessive body fat accumulation.
However, obesity is not just obesity. Some obese individuals seem to
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Table 1 | Characteristics of 292 participants stratified by low and high gene counts
LGC

HGC

LGC versus HGC

68 (23/45)
55 (50–62)
32 (29–34)
95 (75–103)
37 (29–42)
50 (35–91)
1.9 (1.2–3.3)
1.32 (0.97–1.76)
0.55 (0.39–0.70)
20 (14–30)
17.0 (6.7–32.6)
7.5 (5.5–12.9)
6.4 (5.2–7.8)
2.1 (1.6–2.3)
2.3 (1.1–5.7)
88 (72–120)

224 (113/111)
57 (50–61)
30 (23–33)
86 (71–102)
31 (25–39)
44 (26–66)
1.6 (0.9–2.6)
1.15 (0.82–1.57)
0.48 (0.35–0.60)
19 (15–26)
8.3 (3.4–26.4)
9.6 (6.7–13.7)
5.6 (4.8–6.9)
1.8 (1.5–2.1)
1.4 (0.6–2.7)
78 (60–101)

P

N (men/women)
Age (years)
BMI (kg m22)
Weight (kg)
Whole body fat (%)
S-insulin (pmol l21)
HOMA-IR
P-triglycerides (mmol l21)
P-free fatty acids (mmol l21)
P-ALT (U l21)
S-leptin (mg l21)
S-adiponectin (mg l21)
B-leucocytes (109 l21)
B-lymphocytes (109 l21)
P-hsCRP (mg l21)
S-FIAF (mg l21)

Gene count
q

0.86
0.035
0.019
0.0069
0.0095
0.012
0.0014
0.014
0.22
0.0036
0.006
0.0021
0.00082
0.00088
0.0047

0.89
0.059
0.037
0.022
0.023
0.027
0.013
0.029
0.31
0.019
0.022
0.014
0.012
0.012
0.021

P

q

277 (133/144)*
0.81
0.84
0.11
0.18
0.12
0.18
0.0024
0.014
0.0052
0.018
0.0059
0.018
0.00073
0.0062
0.00042
0.0062
0.029
0.06
0.00058
0.0062
0.016
0.036
0.0026
0.014
0.0037
0.015
0.0038
0.015
0.0088
0.023

Descriptive data are reported as median and interquartile range. To test for differences between the HGC and LGC group, a linear model adjusting for age and sex (P) was applied. In the analysis of plasma triglycerides,
treatment for lipid lowering medications was added as a covariate to the linear model. Benjamini–Hochberg method was used for multiple testing corrections setting the FDR at 10% (q). A similar model was applied to
test for associations with gene counts. The P-, S- and B- prefixes denote plasma, serum and blood. ALT, alanin aminotransferase; HOMA-IR, homeostatic model assessment of insulin resistance.
*n 5 277 owing to downsizing of the reads to 11 million.

have a benign prognosis, whereas others progress to co-morbidities
such as type-2 diabetes, ischaemic cardio- and cerebrovascular disorders,
and non-alcoholic liver disorders. It is also recognized that human
obesity in the context of pathogenesis, pathophysiology and therapeutic responsiveness is a heterogeneous condition. The present report
provides evidence that studies of alterations in our other genome— the
microbial gut metagenome—may define subsets of adult individuals
with different metabolic risk profiles and thereby contribute to resolve
some of the heterogeneity associated with adiposity-related phenotypes.
We demonstrate that an almost perfect stratification of LGC and
HGC individuals can be achieved with very few bacterial species, suggesting that simple molecular diagnostic tests, based on our other
genome, can be developed to identify individuals at risk of common
b
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morbidities. Therefore, focus on our other genome may spearhead development of stratified approaches for treatment and prevention of widespread chronic disorders. Beyond metabolic dysfunctions, low-grade
inflammation is associated with a plethora of chronic diseases. Whether
a low gut bacterial richness is common to many or even all of those, as
already reported for IBD22,26,27, could be revealed by exploring gut microbiota at a deep metagenomic level in a broad variety of these afflictions.

METHODS SUMMARY
Informed consent was obtained from all 292 volunteers from the Ethical Committees of the Capital Region of Denmark before participation in the study. All
individuals were examined after an overnight fast with blood sampling and anthropometric measurements. Faeces samples were collected from all volunteers and
frozen immediately; DNA was extracted and sequenced as described22. Gene frequency profiles were established by matching the sequencing reads from an individual sample onto the gut bacterial catalogue22, genes significantly different by
frequency between the groups of individuals were identified by Wilcoxon ranksum test. Genes were clustered by abundance covariance at a selected Spearman correlation coefficient. Taxonomic gene assignments were carried out using BLASTN
against an in-house reference catalogue of 3,340 complete and draft microbial
genomes downloaded from NCBI databanks at a cut-off of 95% identity23. Functional annotation was carried out by BLASTP against the eggNOG and KEGG
databases as reported22. Abundance of a given species in each individual was estimated as a mean abundance of 50 tracer genes for that species, a value very close to
that of the mean abundance of all genes of that species. ROC analysis was based on
a combination of bacterial species. For each combination, only a single model was
considered, based on the DBA score, computed as the sum of abundances of the
species more frequent in one group of individuals subtracted by the sum of the
abundances of species more frequent in another group. To select the best models,
we used the cross-validated AUC criterion, well adapted to classification models
for binary outcome data. Association of microbial composition and metabolic
traits were analysed as cross-sectional or continuous variable, upon appropriate
normalization; the Benjamini–Hochberg41 method to correct for multiple testing
was used, setting the FDR at 10%.
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Figure 4 | Evolution of BMI in obese and non-obese LGC and HGC
individuals (n 5 265). a, LGC individuals are more frequently obese. b, LGC
obese individuals gained more weight over 9 years. c, Bacterial species
associated with weight change. BMI change was computed for at least 125 (all)
or 60 (obese) individuals having undetectable or lowest level of a species
(‘Low level’) and for at least 40 (all) or 30 (obese) individuals having the highest
abundance of the same species (‘High level’). Average BMI change of low
and high level groups was significantly different (P , 0.05 or *P , 0.01), with
the exception of HL-52 for all individuals (P 5 0.052); for obese, BMI and
age were adjusted.

Full Methods and any associated references are available in the online version of
the paper.
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METHODS
Study population. The study participants were recruited from the Inter99 study
population. The Inter99 study is a randomized, non-pharmacological intervention study for the prevention of ischaemic heart disease, and was conducted at the
Research Centre for Prevention and Health in Glostrup, Denmark, between 1999
and 2006 (clinicalTrials.gov: NCT00289237)51. The participants in the Inter99
study were examined at baseline, after 1, 3 and 5 years depending on the type of
intervention.
For the present study individuals with BMI , 25 kg m22 or BMI . 30 kg m22
at year five in the Inter99 study were randomly selected from track records. They
had no known gastrointestinal disease, no previously bariatric surgery, no medications known to affect the immune system, and no antibiotics 2 months before
faecal sample collection. Individuals with type-2 diabetes at the day of examination were excluded. In total, 292 non-diabetic individuals were included in the
protocol. All had North European ethnicity. At the time of the current physical
examination, 96 (33%) of study volunteers were lean with BMI , 25 kg m22, 27
(9%) were overweight with BMI between 25 and 30 kg m22, and 169 (58%) were
obese with BMI . 30 kg m22, according to World Health Organization definitions52.
The study was approved by the local Ethical Committees of the Capital Region of
Denmark (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.
Phenotyping. The participants were examined on two different dates, approximately 14 days apart. On the first day, participants were examined in the morning
after an overnight 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 were recorded 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. On the second day
of examination, all participants delivered a stool sample collected at home and
dual-emission X-ray absorptiometry (DXA) was performed. Analyses of data from
the DXA scan were conducted with the integrated software (Hologic Discovery A,
Santax). Sagittal height was measured at the time of the DXA scan with the use of
the Holtain–Kahn abdominal caliper at the highest point of the abdomen with the
participant supine and while breathing out. Participant receiving statins, fibrates
and/or ezetimibe were reported as receiving lipid-lowering medication.
Derived anthropometrical measure and index of insulin resistance. Intraabdominal adipose tissue (cm2) was calculated using data from DXA scans and
anthropometry using the equation53: y 5 2208.2 1 4.62 (sagittal diameter, cm) 1
0.75 (age, years) 1 1.73 (waist, cm) 1 0.78 (trunk fat, %). HOMA-IR was calculated as: (fasting plasma glucose (mmol l21) 3 fasting serum insulin (mU l21))/
22.5 (ref. 54).
Biochemical measurements. All analyses were performed on blood samples drawn
in the morning after an overnight fast from at least 22:00 the previous evening.
Plasma glucose was analysed by a glucose oxidase method (Granutest, Merck)
with a detection limit of 0.11 mmol l21 and intra- and inter-assay 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 insulin (excluding des-31,32-proinsulin and intact proinsulin) was
measured using the AutoDELFIA insulin kit (Perkin-Elmer, Wallac) with a detection limit of 3 pmol l21 and with intra- and inter-assay CV of ,3.2% and ,4.5%,
respectively. Plasma total cholesterol, plasma HDL-cholesterol and plasma triglycerides were all measured on Vitros 5600 using reflect-spectrophotometrics. Blood
leucocytes and white blood cell differential count were measured on Sysmex XS
1000i using flow cytometrics. Plasma ALT and plasma total free fatty acids were
analysed using standard biochemical methods (Modular Evo). Plasma hsCRP was
analysed by a particle-enhanced immunoturbidmetric assay on MODULAR Evo
using CRPL3 kit (Roche) with a detection limit of 0.3 mg l21 and intra- and interassay CV of ,4.0% and ,6.2%, respectively.
Serum adiponectin was analysed using a two-site-sandwich ELISA kit for measuring total human adiponectin (TECO). Detection limit was 0.6 ng ml21 and
intra- and inter-assay CV were ,4.66% and ,6.72%, respectively. Serum FIAF
was measured using a quantitative sandwich ELISA (Adipo Bioscience). Detection
limit was 0.6 mg l21 and the intra- and inter-assay CV of 4% and 8%, respectively.
Serum lipopolysaccharide binding protein was analysed by a solid phase sandwich
ELISA kit (Abnova) with intra- and inter-assay CV of ,6.1% and ,17.8%, respectively. Serum IL-6 and serum TNF-a were analysed by Luminex using the Bio-Plex
Pro cytokine assay (Bio-Rad), whereas serum leptin was measured using the BioPlex Pro diabetes assay.
Faecal sampling. Stool samples were obtained at the homes of each participant
and samples were immediately frozen in their home freezer. Frozen samples were
delivered to Steno Diabetes Center using insulating polystyrene foam containers,

and stored at 280 uC 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 h.
DNA extraction. A frozen aliquot (200 mg) of each faecal sample was suspended
in 250 ml of guanidine thiocyanate, 0.1 M Tris, pH 7.5, and 40 ml of 10% N-lauroyl
sarcosine. Then, DNA extraction was conducted as previously described26. The
DNA concentration and its molecular size were estimated by nanodrop (Thermo
Scientific) and on agarose gel electrophoresis.
Illumina sequencing. DNA library preparation followed the manufacturer’s instruction (Illumina). We used the workflow indicated by the provider to perform cluster
generation, template hybridization, isothermal amplification, linearization, blocking and denaturing and hybridization of the sequencing primers. The base-calling
pipeline (version IlluminaPipeline-0.3) was used to process the raw fluorescent
images and call sequences.
We constructed one library (clone insert size 200 base pairs (bp)) for each of the
first batch of 15 samples; two libraries with different clone insert sizes (135 and
400 bp) for each of the second batch of 70 samples, and one library (350 bp) for
each of the third batch of 207 samples.
After sequencing, we performed quality control and screened human genome
contaminant. Finally, we generated 26.0 million–186.1 million high-quality reads
for the 292 samples, with an average of 68.2 million high-quality reads. Sequencing read length of the first batch of 15 samples was 44 bp, the second batch was
75 bp, and the third batch was 75 bp and 90 bp.
Microbial gene abundance profiling by quantitative metagenomics. An average of 34.1 million paired-end reads were produced for each sample and, after
removing human contamination (,0.1%, on average), 19.9 6 6.7 million reads
were mapped at a unique position of the reference catalogue of 3.3 million genes,
using SOAP2.21 (ref. 55) by allowing at most two mismatches in the first 35-bp
region and 90% identity over the read sequence; reads mapping at multiple positions (13.4%, on average) were discarded. The abundance of a gene in a sample
was estimated by dividing the number of reads that uniquely mapped to that gene
by the gene length and by the total number of reads from the sample that uniquely
mapped to any gene in the catalogue. The resulting set of gene abundances,
termed a microbial gene profile of an individual, was used for further analyses;
Illumina and Solid sequencing platforms gave highly similar gene profiles for the
same DNA samples24.
Gene counting. On the basis of the pair-oriented counting result of each samples,
we selected the threshold of one read for gene identification to include the rare
genes into the analysis. We identified 91,032–1,005,488 genes for the 292 samples,
with an average of 670,528 genes.
Read downsizing. To eliminate the influence of sequencing depth fluctuation, we
sampled the alignment results and downsized the number of mapped pairs to
11 million for each sample. After that, we found 59,147–878,816 genes for the 292
samples, with an average of 578,512 genes.
Diversity estimate by single copy gene scoring. Genes belonging to the orthologous groups COG0085, COG052, and COG0090 from 3,515 prokaryotic genomes were clustered to OTUs at 95% identity by UCLUST and used as a reference
database. Paired-end Illumina reads from 292 metagenomic samples were mapped
at 95% identity cut-off using soap2.21 (ref. 55). The numbers of fragments that
were assigned to the reference sequences were counted so that each fragment’s
weight equals 1, that is, a fragment assigned to N different reference sequences contributes 1/N to each reference sequence. Fragment counts of reference sequences
were grouped to yield OTU counts. Samples with low sampling effort, that is, with
less than 3,000 fragments mapped to reference genes, were removed leaving 229
samples for comparative analyses. OTU counts were normalized by gene length,
scaled by the maximum count across all marker genes, and down-sampled using
the vegan package to the minimum sum of OTU counts across all samples to compare species richness between high and low gene content groups.
Phylogenetic microarray analysis. HITChip microarray analyses were performed
as described previously25. In short, 16S rRNA genes were amplified the T7promBact-27-for and Uni-1492-rev primers from 10 ng fecal DNA extracts. On these
amplicons an in vitro transcription and subsequent labelling with Cy3 and Cy5
dyes were performed. Labelled RNA was fragmented and hybridized on the arrays
at 62.5 uC for 16 h in a rotation oven (Agilent Technologies). The arrays were washed,
dried, scanned and the signal intensity data was extracted as described (http://
www.agilent.com). Microarray data normalization and analysis were carried out
with a set of R-based scripts (http://r-project.org), while making use of a custom
designed database, which operates under the MySQL database management system (http://www.mysql.com).
From the 3,699 unique HITChip probes, we selected the probes that accounted
for the top 99.9% of the total signal. These probes were counted for each sample to
measure richness, which was between 713 and 1,597 probes per sample. The probes
that accounted for the lowest 0.1% of the total signal were regarded as background
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noise and were not taken into account for further analysis. Probe signal values were
used to calculate the inverse Simpson’s diversity index for each sample.
HITChip probes specificity can be assigned to three phylogenetic levels based
on 16S rRNA gene sequence similarity: order-like groups, genus-like groups
(sequence similarity .90%), and phylotype-like groups (sequence similarity .98%)24.
Relative abundances were calculated for each specificity level by summing all signal
values of the probes targeting a group and dividing by the total of all probe signals
for the corresponding sample. All comparisons between the HGC and LGC individuals were assessed with dependent two-group Wilcoxon signed rank tests. When
statistical tests were performed on a large number of variables the obtained P values
were adjusted by a Bonferroni correction. To place the gene count and BMI marker
species (HL and oble, referring to species significantly different between HGC/LGC
and obese/lean individuals, respectively) in HITChip phylogeny, Spearman correlation coefficients were calculated between the metagenomic profiling frequencies and relative abundances of the phylotype-like across 251 samples. A threshold
of 0.7 was used to associate 16S to a species.
The Pearson correlation coefficient between the log(gene count) and log(probe
count) was 0.8 and the concordance between assignments of individuals to a low
or high richness class by the two techniques (gene counts or probe counts) was 88%.
Metagenomic microarray analysis. A 2.1-million-feature custom Roche NimbleGen
microarray targeting a 700,000 genes subset of the MetaHit human gut gene
catalogue22 was designed and manufactured. The subset of genes was prioritized
for genes that were observed in more than 20 of the 124 gene catalogue samples.
DNA extracted from faecal samples were labelled and hybridized according to
standard NimbleGen protocols. Data was pre-processed and Shannon diversity
index calculated using the RMA implementation under the ‘oligo’ package and the
vegan package, respectively, both available in the statistical programming environment R.
To validate the observed biomarkers for low/high gene counts found by sequencing, we compared the data to DNA microarray signals for the same samples and
individuals. Thus, the tracer genes for known and unknown species indicated in
Fig. 2 were compared to a microarray gene set comprising more than 700,000 gutassociated genes selected from the MetaHit Gene Catalog8 in addition to reference
genomes. Perfect matches were found for 129 tracer genes on the DNA microarray.
To test whether a similar discrimination could be obtained from the microarray
data, the samples were divided into low and high diversity sets using the Shannon
diversity index. Using this index, 90 samples were categorized as low diversity, and
70 were categorized as high. Differences in DNA abundance signals between low
and high diversity samples were tested for the 129 matching genes (t-test). Summarized, in terms of species the following groups were associated to low diversity, C.
clostridioforme/C. bolteae, HL-7, HL-39, R. gnavus, HL-15 and Bacteroides, whereas
HL-53 and M. smithii were associated to high diversity. These DNA microarray
observations support the quantitative metagenomics results (Fig. 2 and Supplementary Table 4).
Phylogenetic annotation. Taxonomic assignment of predicted genes for global
analysis was carried out using BLASTN to assign reads to a reference genome database at a cut-off of 95% sequence identity and .100 bp overlap, unless indicated
otherwise. This assignment was used as high confidence assignment on species
level. As reference database we used 1,869 available reference genomes from NCBI
and the set of draft gastrointestinal genomes from the DACC (http://hmpdacc.org/),
both as of the 15 July 2011 version. The assigned reads to each taxonomic group per
sample were rarefied to 5.5 million reads (the size of the smallest sample), on this
rarefied matrix taxonomic groups were tested for significant differences in abundance using a Wilcoxon rank-sum test. Multiple testing corrections were performed using the Benjamini–Hochberg method40 (q , 0.1). From the same matrix
we calculated the genus abundance as the percentage of reads assigned from
5.5 million total reads per sample; this matrix was used to calculate the class-wise
means as well as standard deviations expressed in percentages (Supplementary
Table 2).
Functional annotation. BLASTP was used to search the protein sequences of the
predicted genes in the eggNOG database56 and KEGG database57 with E # 1025 as
described previously8, and the NOG/KEGG OG of the best hit was assigned to
each gene. The genes annotated by COG were classified into the 25 COG categories, and genes that were annotated by KEGG were assigned to a set of manually determined gut metabolic modules (G.W. et al., manuscript in preparation).
The relative pathway/module abundance of higher order functional categories
were calculated from rarefied KO abundances. Modules were deemed present
when $30% of the enzymes were recovered, after manual removing of overly
‘promiscuous’ enzymes (that is, present in multiple modules) before abundance
calculation. For higher-level functional assignments, KO abundances were summed
and distributed evenly when KO groups appeared in multiple categories. Functional
differences were calculated with a Wilcoxon rank-sum test and multiple testing
corrections were performed using the Benjamini–Hochberg method40 (q , 0.05).

Genes significantly different in groups of individuals. Genes significantly different in abundance between groups of individuals were identified by the Wilcoxon
rank-sum test coupled to a bootstrapping approach.
Approximately 70% of the whole cohort (204 individuals) was randomly chosen and genes differentially abundant between LGC and HGC individuals were
identified at P # 0.0001 as threshold. This test was repeated 30 times. We also composed 30 groups of randomly chosen ‘extreme’ individuals that had ,400,000 or
.600,000 genes and applied the same test. Genes common to all 60 tests were
further analysed.
For lean and obese individuals we used a similar approach by randomly choosing 70% of individuals 30 times and using Wilcoxon rank-sum test at P # 0.05.
Gene clustering method. We used an unsupervised strategy to cluster genes of
the same species. Such genes are expected to be present at a similar abundance in
an individual but at different abundances in different individuals. The genes that
vary in abundance in a coordinated way are thus likely to be from the same
species. The clustering algorithm developed in Delphi6 programming language
consists of two steps: (1) Spearman correlation coefficients were determined for
all pairs of genes of each gene set, using the covariance abundance of the genes
among the 292 individuals, and the SpearmanRankCorrelation function included
in the free delphi correlation.pas library of the ALGLIB project (see http://www.
alglib.net/). (2) All the genes correlated above a given threshold were assigned to
the same cluster. If a gene of a given cluster was correlated with a gene of another
cluster above the threshold, the genes of the two clusters were merged (single
linkage algorithm).
A similar clustering approach was recently described, using Kendall tau instead
of Spearman R to compute correlation coefficients and double linkage (all genes
of a cluster are correlated above the threshold) rather than single linkage38. We
have not compared the performance of the two methods, but rather characterized
the outcome of the one we used.
Cluster characterization. To test whether the tracer genes originate from the same
species we carried out a number of analyses, using as control 135 clusters composed of randomly chosen catalogue genes.
(1) BLASTN. Some 17 clusters contained genes that matched a reference
genome at a threshold of 95% identity over 90% of gene length when mapped
against a collection of 6,006 genomes (the available reference genomes from NCBI
and the set of draft gastrointestinal genomes from the DACC and MetaHIT as of
the 3 August 2012 version. The taxonomic assignment was highly coherent (Supplementary Fig. 5). We denote these clusters hereafter as ‘known’, referring to their
taxonomy at the above-mentioned thresholds. Similarly, for clusters containing
genes that did not reach these thresholds, the genes were uniformly not assigned to
known genomes. We denote these clusters as ‘unknown’. A single exception to the
rule was a cluster having a high identity (97–99%, on average) with four different
genomes, Pseudoflavonifractor capilosus, F. prausnitzii L2-6, F. prausnitzii A2-16
and Subdoligranulum variabile DSM16176. The genes of this cluster were present
in the same order on all genomes (Supplementary Fig. 9); we suggest that they
derive from a (possibly defective) prophage or a conjugative transposon integrated
in the chromosome (BLASTP analysis reveals functions involved in DNA metabolism and transfer, such as DNA helicases or tra genes). A similar grouped
localization of the cluster genes was observed for the Roseburia inulinivorans
genome revealed in the accompanying manuscript (cluster MO-HL-16)24, suggesting that they also originate from a prophage or a transposon. These observations
point to the capacity of our clustering method to group genes not only of bacteria
but also of mobile and promiscuous elements, and indicate a potential source of
false positives, as regards grouping of genes from a single species. Identification of
all the catalogue genes that co-vary by abundance with the tracer genes could
probably help to differentiate clusters that represent bacterial species from those
that originate from promiscuous genetic elements, as the former should include
substantially more genes than the latter (species encode mostly .500 genes while
the promiscuous genetic elements encode generally ,100). Such systematic analysis is, however beyond the scope of the current work.
(2) Abundance covariance of the genes of each cluster was computed across all
individuals of our cohort and also across the French cohort from the accompanying manuscript24. The genes of both known and unknown clusters co-varied by
abundance in the two data sets (Danish and French, Supplementary Fig. 6; the
values were higher and more homogeneous in the former than the latter, presumably reflecting the data set size: 292 Danes and 49 French). For the randomly
constituted groups pairwise correlation values were close to zero (0.01 6 0.006).
(3) Abundance similarity. Abundance covariance does not imply that the genes
of a cluster have a similar abundance in an individual, as only the abundance
ratios could be constant. Nevertheless it is expected that the genes belonging to
the same species show similar abundance profiles as they are carried by the same
DNA molecule; this is a basic postulate of our approach to gene clustering. To
estimate abundance similarity we computed for each cluster a score of gene
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abundance variation for each individual as a ratio of the standard deviation of the
gene abundance over the mean in each individual. The known and unknown
clusters show very small and similar scores indicating the homogeneity of the
abundance signal. That is not the case for the randomly constituted groups (Supplementary Fig. 7).
(4) k-mer composition. This composition is similar across a given genome and
different from that of unrelated genomes37. We computed first the tetranucleotide
profile of each gene of a cluster and then the pairwise correlation of the profiles of
all genes of a cluster. Genes that belong to the known and unknown clusters have
similar highly correlated 4-mer profiles, whereas the genes of the control random
groups have a much lower correlation (Supplementary Fig. 8, left). Because the
cluster gene size (1,135 6 446 bp) is relatively low, we retrieved from the catalogue the contigs that carry the genes of each group. Indeed, about 2,000 bp is
estimated to be necessary for accurate measure of the 135 non-redundant 4-mer
combinations37. The contigs are longer than genes (4,084 6 3,678 bp) and have a
higher correlation of 4-mer profiles (Supplementary Fig. 8, right).
(5) Physical linkage of the genes. We retrieved from the gene catalogue the
scaffolds (composed of contigs that are ‘bridged’ by a paired-end sequence; one
end is in one contig and the other in another, but the two sequences are not
contiguous) that bear the tracer genes and searched for the presence of more than
one gene of a cluster on a scaffold. Most of the known and unknown groups had at
least some genes on the same scaffold (on average, about 18%) whereas randomly
composed clusters had none, a difference of high significance (P , 2 3 10216).
We conclude that the genes from a cluster originate, as expected, from the same
genome.
As only a minority of the tracer gene clusters (15%) could be assigned to specieslevel taxonomy by BLASTN, we used BLASTP against either a collection of 6,006
available genomes or the non-redundant sequences databases available at NCBI to
assess the taxonomy of other clusters. On the basis of the criterion of the homogeneity of the best-hit taxonomic assignment (with the threshold of at least 80% of
a cluster genes having the same taxonomic best hit assignment), 91.9% and 45.2%
of the clusters could be assigned at a phylum and genus level, respectively
(Supplementary Fig. 11 and Supplementary Tables 4 and 11). In all cases the
higher-level taxonomic assignments were congruent with the lower level ones.
Species abundance determination. We assessed whether the genes of a cluster
can be used as tracers for a species they originate from, using the known clusters
as benchmark. We examined whether the genes are either homologous to only the
cognate genome of a species when a single strain of a species was sequenced, or
homologous to all cognate genomes when multiple strains of a species were
sequenced. The results are summarized in Supplementary Table 5. Eight clusters
were in the first category and five in the second. Three of the latter matched two
genomes of inconsistent species annotation, but which belong to the same species
as deduced from the BLASTN comparison of the two genomes, which had an
average identity of the reciprocal best hit genes comprised between 99.5% and
99.8%. A single cluster matched two of the five sequenced F. prausnitzii genomes
with 98% average identity and three other genomes with an identity of 80–84%.
However, the three last genomes had an average reciprocal best-hit gene identity
with the two well-matched genomes of only 80.4–86% and therefore should
probably be considered as belonging to a different species. We conclude that,
for the known groups, the cluster genes are present (1) on cognate genomes only,
and (2) on all cognate genomes. By extrapolation, we suggest that the same holds
true for unknown groups and that the cluster genes can be used as tracers for the
species they derive from.
Abundance of a given species in each individual was estimated as a mean abundance of 50 tracer genes of each cluster. The values were very close to the mean frequency of all the genes of a cluster.
ROC analysis. The analyses were carried out to distinguish between HGC and
LGC individuals or lean and obese individuals by a combination of bacterial
species. For each combination, only a single decision model was considered. In
this very specific regression model weights are only allowed to take the values in
(0, 21, 1). More precisely, the weight of each species in a given combination that

belong to the set of the species more frequent in one group is equal to 1, whereas
that of the species that belong to the set of species more frequent in the other
group is equal to 21. The weight of each species that is outside of the combination
is 0. For each individual, this model yields a DBA score. As opposed to the infinite
number of regression models, such ternary models are finite and can be exhaustively explored. To select the best models, we used the cross-validated AUC criterion39
well adapted to classification models for binary outcome data.
Species correlated with the BMI change. For the entire cohort of 292 individuals,
40 individuals (14%) having the highest abundance of a species were compared
with at least 125 individuals (42%) having the lowest abundance (all individuals
lacking a species were included, when more numerous than 125); these numbers
were chosen to allow contrasting the extremes of the distribution while keeping
the sample size high enough to reduce the probability of a fortuitous difference in
BMI change. For the 169 obese individuals, 30 (18%) having the highest abundance of a species were compared with at least 60 individuals (36%) having the
lowest abundance (all individuals lacking a species were included, when more
numerous than 60). The differences were calculated with a Student’s t-test, the
BMI changes being normally distributed, and multiple testing correction was performed using the Benjamini–Hochberg method41 (q , 0.05).
Association of microbial composition and metabolic traits. We analysed the
association of (1) the high gene and low gene group, and (2) gene count as a continuous trait to quantitative traits applying a linear model adjusting for age and
sex. Plasma triglycerides, plasma HDL cholesterol, serum insulin, plasma ALT,
serum leptin and serum adiponectin and HOMA-IR were log transformed,
whereas blood leucocytes, lymphocytes, monocytes, neutrophilocytes, plasma
hsCRP, serum FIAF, plasma free fatty acids, serum TNF-a, serum interleukin
(IL)-6, serum lipopolysaccharide binding protein and BMI were rank normalized
before analyses in the linear model. In the analyses of triglycerides, treatment with
lipid lowering medications was added as a covariate to the linear model. We corrected for multiple testing by the Benjamini–Hochberg method41, setting the FDR
at 10%.
Bacterial species that discriminate between lean and obese individuals. To
assess the difference in bacterial species between the lean (BMI , 25 kg m22,
n 5 96) and obese (BMI .30 kg m22, n 5 169) individuals we searched for the
genes significantly different by abundance. Some 15,894 were found at P , 0.05, a
value lower than that for the LGC and HGC individuals, indicating that the gut
microbiota of lean and obese individuals differs less. In total, 14,149 could be
clustered into 187 groups by covariance, at a Spearman threshold of rho . 0.75,
and 90% of these (12,753) were found in only 18 groups, ranging from 2,507 to 68
genes (Supplementary Table 10); four were correlated with a 16S rRNA gene by a
co-variance-based HITChip analysis (Supplementary Table 11). The species
represented by the 18 clusters had a significantly different distribution among
the lean and obese individuals (Supplementary Fig. 12 and Supplementary Table
10); 4 were more frequent among the obese and 14 among the lean individuals.
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