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There is evidence that nonalcoholic fatty liver disease (NAFLD) is affected by gut microbiota. Therefore, we investigated its
modiﬁcations in pediatric NAFLD patients using targeted metagenomics and metabolomics. Stools were collected from 61
consecutive patients diagnosed with nonalcoholic fatty liver (NAFL), nonalcoholic steatohepatitis (NASH), or obesity and
54 healthy controls (CTRLs), matched in a case-control fashion. Operational taxonomic units were pyrosequenced targeting
16S ribosomal RNA and volatile organic compounds determined by solid-phase microextraction gas chromatography-mass
spectrometry. The a-diversity was highest in CTRLs, followed by obese, NASH, and NAFL patients; and b-diversity distinguished between patients and CTRLs but not NAFL and NASH. Compared to CTRLs, in NAFLD patients Actinobacteria were signiﬁcantly increased and Bacteroidetes reduced. There were no signiﬁcant differences among the NAFL, NASH,
and obese groups. Overall NAFLD patients had increased levels of Bradyrhizobium, Anaerococcus, Peptoniphilus, Propionibacterium acnes, Dorea, and Ruminococcus and reduced proportions of Oscillospira and Rikenellaceae compared to CTRLs. After
reducing metagenomics and metabolomics data dimensionality, multivariate analyses indicated a decrease of Oscillospira in
NAFL and NASH groups and increases of Ruminococcus, Blautia, and Dorea in NASH patients compared to CTRLs. Of
the 292 volatile organic compounds, 26 were up-regulated and 2 down-regulated in NAFLD patients. Multivariate analyses
found that combination of Oscillospira, Rickenellaceae, Parabacteroides, Bacteroides fragilis, Sutterella, Lachnospiraceae, 4methyl-2-pentanone, 1-butanol, and 2-butanone could discriminate NAFLD patients from CTRLs. Univariate analyses
found signiﬁcantly lower levels of Oscillospira and higher levels of 1-pentanol and 2-butanone in NAFL patients compared
to CTRLs. In NASH, lower levels of Oscillospira were associated with higher abundance of Dorea and Ruminococcus and
higher levels of 2-butanone and 4-methyl-2-pentanone compared to CTRLs. Conclusion: An Oscillospira decrease coupled to
a 2-butanone up-regulation and increases in Ruminococcus and Dorea were identiﬁed as gut microbiota signatures of NAFL
onset and NAFL-NASH progression, respectively. (HEPATOLOGY 2017;65:451-464)
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T

he term “gut-liver axis” is used to describe the
close relationship that is established between
the gut and liver beginning in the very early

stages of fetal life. The liver receives most of its blood
supply from the intestine through the portal vein and is
therefore one of the organs that is most exposed to
potentially toxic factors originating in the gut, including
all or part of the gut microbiota, and bioactive

Abbreviations: Act-GLP-1, active glucagon-like peptide 1; ALT, alanine aminotransferase; AST, aspartate aminotransferase; AUROC, area under
the receiver operating characteristic curve; BMI, body mass index; CTRL, control; FDR, false discovery rate; GGT, gamma-glutamyl transpeptidase;
HOMA-IR, homeostasis model assessment of insulin resistance; LPS, lipopolysaccharide; LV, latent variable; MB, metabolomics; MG, metagenomics;
NAFL, nonalcoholic fatty liver; NAFLD, nonalcoholic fatty liver disease; NASH, nonalcoholic steatohepatitis; OTU, operational taxonomic unit; PCA,
principal component analysis; PH, phenomics; PLS, partial least squares; PLS-DA, PLS discriminant analysis; Tot-GLP-1, total glucagon-like peptide
1; VOC, volatile organic compound; WC, waist circumference.
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components of food that have been processed by the gut
microbiota.(1) Thus, quantitative and qualitative variations in the bacteria that compose the gut microbiota
may actively contribute to the pathogenesis of several
liver diseases, including nonalcoholic fatty liver disease
(NAFLD), alcoholic steatohepatitis, and cirrhosis.(2-7)
NAFLD is one of the most common causes of chronic
liver disease worldwide.(8) It affects children and adults
with genetic and lifestyle (e.g., overnutrition or malnutrition and physical inactivity) risk factors. NAFLD ranges
from simple steatosis (also called nonalcoholic fatty liver
[NAFL]) to a more severe form deﬁned as nonalcoholic
steatohepatitis (NASH) characterized by steatosis, ballooning, inﬂammation, and eventually ﬁbrosis.(9) In
addition to liver-related complications, NAFLD is
increasingly recognized as a complication of obesity, and
its clinical impact on patient outcome has been demonstrated in large cohort studies showing higher than
expected prevalence of cirrhosis and hepatocellular carcinoma in both obese and diabetic patients.(1) In fact, in
approximately 20% of cases, NASH develops into cirrhosis and related complications, such as portal hypertension, liver failure, and cancer.(10) Today, it is widely
accepted that NAFLD pathogenesis is more complex
than the “two-hit hypothesis,” which proposes that intrahepatic fat accumulation increases susceptibility to liver
damage and allows for deteriorating pathological conditions.(11) Several studies have demonstrated that the gut
microbiota affects NAFLD pathogenesis.(12-17)
The widespread epidemic of obesity and diabetes
and the diversity in presentation at the individual level
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might be explained by the relationship between the
host and the intestinal microbiota. Indeed, more than
4 million gene products from the microbiome can
potentially interact with the immune system to induce
a tissue metabolic infection, which is the molecular origin of the low-grade inﬂammation that characterizes
the onset of obesity and diabetes.(18) Considering that
obesity is a major risk factor for NAFLD in humans,
there is evidence that the gut microbiota can directly
inﬂuence body weight in several ways: (1) it affects the
proportion of calories obtained from the intestinal contents; (2) bile acids have bacteriostatic effects, thereby
affecting the absorption and emulsiﬁcation of fats and
lipid-soluble vitamins in the small intestine; (3) it contributes to increased intestinal permeability through
loss of epithelial barrier integrity; (4) bacterial translocation into the systemic circulation is increased, allowing
more hepatic access for ethanol and bacterial endotoxins
such as lipopolysaccharide (LPS); (5) microbial LPS is
recognized by Toll-like receptor 4, which triggers
nuclear factor jB-mediated proinﬂammatory cytokine
production; (6) dietary choline modulation; and (7)
development of insulin resistance in the host.(19)
The gut microbiota meets the deﬁnition for a tissue
organ developed by Burcelin and colleagues based on
its complexity and behavior as it is able to manage the
entire framework of metabolic activities associated
with the network of microbial communities.(20) Therefore, the well-characterized gut-liver axis might correctly be considered the gut-microbiota-liver network
due to the high degree of interconnectedness between
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TABLE 1. Anthropometric and Laboratory Parameters of the Subjects Belonging to the Case-Control Study Groups
CTRL
(n 5 54)

Obese
(n 5 8)

NAFL
(n 5 27)

NASH
(n 5 26)

23 M/31 F
10.24 6 2.51
17.59 6 1.79
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
Absent

3 M/5 F
11.25 6 2.65
26.15 6 4.38*
82.38 6 9.78
41.50 6 47.70
33.75 6 24.03
20.25 6 14.14
82.25 6 14.86
183.40 6 27.67
89.56 6 11.35
47.15 6 29.49
3.22 6 1.39
4.73 6 0.34
0.71 6 0.21
3.39 6 0.55
1.22 6 0.44
16.42 6 7.21
Absent

21 M/6 F
12.04 6 2.78*
26.46 6 4.43*
85.21 6 8.32
32.30 6 22.74
28.52 6 11.71
15.93 6 7.86
100.6 6 76.01†
151.9 6 30.74†
90.43 6 9.99
58.99 6 33.92
4.39 6 2.95
4.70 6 0.23
0.54 6 0.25
3.65 6 0.41
1.39 6 0.65
14.66 6 8.52
Present

11 M/15 F
12.27 6 2.47*
27.42 6 6.45*
88.15 6 6.60
44.46 6 16.73
33.15 6 18.02
21.15 6 20.52
111.7 6 49.13†
168.40 6 28.33
87.40 6 27.35
61.95 6 40.28
3.81 6 1.79
4.76 6 0.24
0.71 6 0.44
3.89 6 0.68
1.20 6 0.42
17.64 6 8.96
Present

Parameters
Gender
Age (years)
BMI (kg/m2)
WC (cm)
ALT (U/L)
AST (U/L)
GGT (U/L)
Triglycerides (mg/dL)
Cholesterol (mg/dL)
Glucose (mg/dL)
Insulin (lU/mL)
HOMA-IR
Albumin (g/dL)
Bilirubin (mg/dL)
Tot-GLP-1 (pmol/L)
Act-GLP-1 (pmol/L)
LPS (EU/mL)
Steatosis

Data are mean 6 standard deviation.
*P < 0.05 versus CTRL.
†
P < 0.05 versus obese.
Abbreviation: n.d., not determined.

the microbiota and host. Recently developed systems
biology approaches are able to integrate gut microbiota
targeted metagenomics (MG) and metabolomics (MB)
data and clinical phenomics (PH) parameters into a
multilayered system of “integrated omics” data.(21) In
this study, we took a hypothesis-driven approach, rather
than a data-driven approach,(22) to study the structural
and functional role of the gut microbiota in the onset
and progression of pediatric NAFLD by evaluating the
fecal gut microbiome of patients with NAFL, NASH,
or obesity in terms of the phylome and metabolome
compared to healthy controls (CTRLs).

Patients and Methods
HUMAN SUBJECTS
Children and adolescents (n 5 61) ranging in age
from 7 to 16 years were recruited from the HepatoMetabolic Disease Unit of the Paediatric Hospital
Bambino Gesu (Rome, Italy) during 2013. Patients
were stratiﬁed based on their diagnosis with NAFL
(n 5 27), NASH (n 5 26), or obesity (n 5 8) and
matched in a case-control fashion to CTRLs (n 5 54)
with an overlapping age range enrolled in the Paediatric Hospital Bambino Gesu Human Microbiome Unit.
The Hospital Ethics Research Committee approved
the study, which was conducted in accordance with the
Declaration of Helsinki (as revised in Seoul, Korea,

October 2008). Written informed consent was obtained
from parents of the enrolled subjects. The study was
approved by the Paediatric Hospital Bambino Gesu
Ethics Committee (protocol no. 768.12).

PH DATA
PH data, including body mass index (BMI), waist
circumference (WC), alanine aminotransferase (ALT),
aspartate aminotransferase (AST), gamma-glutamyl
transpeptidase (GGT), triglycerides, cholesterol, glucose, insulin, homeostasis model assessment of insulin
resistance (HOMA-IR), plasma levels of total and
active glucagon-like peptide 1 (Tot-GLP-1 and ActGLP-1, respectively), and circulating levels of LPS
were collected for patients. Gender, age, and BMI
were recorded for the CTRLs (Table 1).

TARGETED MG OF GUT
MICROBIOTA
A single stool sample was collected and processed
from each subject. Genomic DNA was isolated using
the QIAamp DNA Stool Mini Kit (Qiagen, Germany). The V1-V3 region of the 16S ribosomal RNA
locus was ampliﬁed for pyrosequencing using a 454Junior Genome Sequencer (Roche 454 Life Sciences,
Branford, CT). Reads were analyzed by Quantitative
Insights into Microbial Ecology (v.1.8.0), grouped
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into operational taxonomic units (OTUs) at a sequence
similarity level of 97% by PyNAST for taxonomic
assignment, and aligned by UCLUST for OTUs
matching against Greengenes database (v. 13.8). Signiﬁcantly different OTUs were selected by false discovery rate (FDR)-adjusted P values.

TARGETED MB OF GUT
MICROBIOTA
Of the 115 stool samples collected 110 were also
processed for MB. Samples were preconditioned
according to the manufacturer’s instructions, and volatile organic compounds (VOCs) were extracted using
carboxen-polydimethylsiloxane-coated ﬁber (85 lm)
and a manual solid-phase microextraction holder
(Supelco Inc., Bellefonte, PA). Signiﬁcantly different
molecules were selected by FDR-adjusted P values.

STATISTICAL ANALYSIS
OF META-OMICS DATA

Multivariate Analysis
The meta-omic data from targeted MG and MB
were analyzed using supervised and unsupervised methods including principal component analysis (PCA), the
partial least squares (PLS) method, and PLS discriminant analysis (PLS-DA). PCA and PLS-DA were performed using Unscrambler X software, version 10.3
(CAMO Software, Oslo, Norway). The results were
validated through full leave-one-out cross-validation
procedures and Marten’s uncertainty test,(23-25) which
couples full cross-validation to the jackknife principle(26)
and allows the detection of those original variables that
are signiﬁcantly related to the PLS models. The data
matrix was preprocessed before multivariate analysis by
mean centering and scaling (i.e., the means of each column were set to 0 and their standard deviations to 1).
This common procedure was applied to the data matrix
prior to PLS because it allowed us to compare the covariations of the signals independent of their numerical
size, while keeping the factorial structure of the data
intact.

Univariate Analysis
Data normality was evaluated using the ShapiroWilk test. Because the data distribution was not
normal, nonparametric tests (Kruskal-Wallis and
Mann-Whitney) were applied to compare the data
from different groups of patients. The P values from
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the nonparametric statistical analyses were adjusted for
multiple testing using FDR.(27)
For further details, see the Supporting Information.

Results
PATIENT CHARACTERISTICS
This study used 61 consecutively enrolled NAFL
(n 5 27), NASH (n 5 26), or obese (n 5 8) patients
treated in the Hepato-Metabolic Disease Unit of the
Paediatric Hospital Bambino Gesu. The PH parameters of the patients compared to the CTRLs (n 5 54)
are shown in Table 1. The mean age of the NAFL and
NASH patients was signiﬁcantly (P < 0.05) higher
than that of the CTRLs, and the BMI of the CTRLs
was signiﬁcantly lower than that of the obese, NAFL,
and NASH groups (P < 0.05). No statistically signiﬁcant differences were found between groups with
regard to the metabolic parameters, with the exception
of triglycerides in the NAFL and NASH groups and
of cholesterol in NAFL, compared to obese children
(Table 1).
A heatmap of the PH data assisted in visualizing the
hierarchical clustering of individual properties (Fig. 1).
The PH data from all of the patients appeared to fall
into three main clusters: (1) WC, BMI, age, Tot-GLP1, and Act-GLP-1; (2) GGT, ALT, AST, cholesterol,
triglycerides, glucose, homeostasis model assessment of
insulin resistance, and insulin; and (3) bilirubin, albumin, and LPS (Fig. 1A). Based on their PH parameters,
patients were clustered into one of ﬁve groups: (1) primarily patients with NAFL or NASH (n 5 17) characterized by the highest values for age, Tot-GLP-1, and
Act-GLP-1 and the lowest values of WC and BMI,
with generally low values for the other PH parameters;
(2) primarily NAFL patients (n 5 18) characterized by
low values for all PH parameters; (3) primarily NAFL
patients (n 5 8) characterized by high values for WC,
BMI, age, Tot-GLP-1, and Act-GLP-1 and low values
for the other PH parameters; (4) primarily NAFL
patients (n 5 10) characterized by high levels of LPS,
albumin, and bilirubin and low values for the other PH
parameters; and (5) primarily NASH patients (n 5 8)
characterized by high levels of GGT, ALT, AST, cholesterol, triglycerides, glucose, HOMA-IR, and insulin.
Among the NASH patients, there were two main
clusters in the PH data: (1) WC, BMI, age, TotGLP-1, Act-GLP-1, GGT, ALT, AST, and cholesterol and (2) triglycerides, bilirubin, albumin, glucose,
insulin, and HOMA-IR. The NASH patients were
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FIG. 1. Correlation heatmap for anamnestic parameters in all NAFLD patients (A) and for anamnestic parameters in NASH patients
only (B). Red, NASH; pink, NAFL; green, obese.


grouped into three clusters (Fig. 1B): (1) patients with
medium or high values for WC, BMI, age, albumin,
and cholesterol and low values for the other PH data
(n 5 6); (2) patients with medium or high levels of triglycerides, bilirubin, albumin, glucose, insulin, and
HOMA-IR (n 5 10); and (3) patients with high values for all the PH parameters but particularly group 1
(n 5 10).

TARGETED MG OF GUT
MICROBIOTA: ECOLOGICAL
DIVERSITY OF NAFL, NASH,
AND OBESE PATIENTS
COMPARED TO CTRLS
A total of 918,876 sequencing reads were obtained
from the 115 fecal samples. In terms of ecological diversity, the number of OTUs varied from 1,082 to 37,794
for the entire sample set, the Shannon index was
1.38 4 5.90, the Chao1 index was 58.11 4 899.56,

phylogenetic distance was 6.00 4 39.45, and the number of unique OTUs ranged from 43 to 480 with a
Good’s coverage of 0.95-1 (Supporting Table S1 and
Fig. S1). Based on the Shannon index, there was a hierarchy of ecological diversity in which CTRLs > obese
> NASH > NAFL (Supporting Fig. S1). An analysis
of variance was used to assess signiﬁcant differences in
the a-diversity term for the number of OTUs, Shannon
index, and Chao1 index and the entire phylogenetic distance tree for all four groups (NASH, NAFL, obese,
and CTRLs). Good’s coverage was not included in the
analysis. Signiﬁcantly different (P < 0.05) numbers
of OTUs were recorded for the CTRL (4,808.56 6
4,388.67) and NASH (9,206.81 6 6,446.73) groups,
the CTRL and NAFL (13,837.22 6 10,381.8) groups,
and the NAFL and obese (5,779 6 2,696.25) groups
(Supporting Table S1). All of the differences in the
Shannon index were statistically signiﬁcant (Supporting
Table S1). The values for the a-Shannon pairs for each
patient subset were compared to the CTRLs using
Fisher’s least signiﬁcant difference test applied to
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FIG. 2. Metagenomics b-diversity plots and phylogenetic unweighted pair group method with arithmetic mean tree. Principal component plots of the diversity in the microbial communities from fecal samples from all subjects (A) and compared to CTRLs stratiﬁed
by diagnosis with NAFL, NASH, or obesity (B); jackkniﬁng analysis to measure the robustness of b-diversity by two-dimensional
plot (C) and unweighted pair group method with arithmetic mean hierarchical clustering (D). Blue line, CTRL; red line, patient sample set. Abbreviations: PC, principal component; PCoA, principal coordinate analysis.


differences in the mean values. The following pairs were
statistically signiﬁcant: NAFL versus NASH (20.75 6
0.00), NAFL versus obese (20.98 6 0.01), and NAFL
versus CTRLs (20.98 6 0.00). In contrast, the mean
differences in the a-Shannon values between the NASH
versus CTRL, NASH versus obese, and obese versus
CTRL groups were not signiﬁcant (Supporting Table
S1). The Chao1 and entire phylogenetic distance tree
analyses showed statistically signiﬁcant differences
between the CTRLs and both the NASH and NAFL
groups. The difference in Good’s coverage was statistically different only between the CTRL and NAFL
groups (Supporting Table S1). The b-diversity, visual-
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ized by PCA, showed clear separation between the
patient and CTRL groups (Fig. 2A). However, there
were no clearly deﬁned clusters for the patients stratiﬁed
into the NAFL, NASH, and obese groups (Fig. 2B).
This was conﬁrmed using a jackkniﬁng analysis performed on a smaller, randomly chosen number of
sequences from each sample plotted in a twodimensional b-diversity plot (Fig. 2C) and by the
unweighted pair group with arithmetic mean hierarchical
clustering method, which indicated three main and four
secondary clusters (Fig. 2D).
The majority of the OTU sequences were assigned
to six main phyla: Actinobacteria, Bacteroidetes,
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FIG. 3. Pie charts of OTU distribution. The distribution of the
OTUs was compared between
patients (A) and CTRLs (B) and
within the NAFLD patients
stratiﬁed by diagnosis: NAFL
(C), NASH (D), and obese (E).


Firmicutes, Verrucomicrobia, Proteobacteria, and Tenericutes. The most abundant phyla in all of the subjects
were Firmicutes, Bacteroidetes, and Proteobacteria. In
the NAFL patients, the main phyla were Firmicutes
(61%), Bacteroidetes (21%), Proteobacteria (13%), and
Actinobacteria (2.1%). In the NASH patients compared
to the NAFL patients, Firmicutes were increased (71%)
and Bacteroidetes (15%), Proteobacteria (9.8%), and
Actinobacteria (1.3%) were decreased (Supporting
Table S2). The relative abundance of Firmicutes (63%)
and Bacteroidetes (24%) in the obese group was similar
to that of the NAFL patients, while Proteobacteria
(1.36%) and Actinobacteria (0.4%) decreased compared
to the NAFL patients (Supporting Table S2). In the
CTRLs compared to the patient groups, Firmicutes
(55%) were decreased and Bacteroidetes (32%) were
increased (Supporting Table S2). A Kruskal-Wallis test
indicated that Actinobacteria (0.0153 versus 0.0099, P
5 0.048) was signiﬁcantly increased in all patients compared to the CTRLs and that Bacteroidetes (0.1940
versus 0.3236, P 5 0.029) was signiﬁcantly decreased
(Fig. 3A,B; Supporting Table S2). There were no signiﬁcant differences between the CTRLs and the NAFL
and NASH patient groups; however, the obese patients
were signiﬁcantly different from the CTRLs and the
NAFL group (Fig. 3C-E; Supporting Table S2).

In Table 2 the distribution of the OTUs at the species
level is shown for those OTUs that have at least 1%
abundance. Among the Actinobacteria, the Coriobacteriaceae appeared to decrease across the groups (NAFL >
NASH > obese versus CTRLs), but these ﬁndings did
not attain statistical signiﬁcance. Within the Bacteroidetes, the relative abundance of the Bacteroidaceae family
and the Bacteroides genus was not signiﬁcantly different
between the patient groups and CTRLs, but there was
some evidence that they were reduced in the NASH
patients. At the species level, only Bacteroides ovatus
showed some evidence of variation between the groups,
but the results did not attain statistical signiﬁcance, consistent with the trends at higher taxonomic levels. In
addition, Rikenellaceae was more abundant in the
CTRLs compared to each patient group, but the results
were not statistically signiﬁcant. Among the Firmicutes,
the abundance of the Oscillospira genus was signiﬁcantly
lower (P 5 0.053) in all of the patient groups (0.66
in NAFL and NASH, 1.19 in obese) compared to
the CTRLs (2.05). Grouping the patients, Bradyrhizobium, Anaerococcus, Peptoniphilus, Propionibacterium
acnes, Dorea, and Ruminococcus were statistically (P <
0.05) increased, while Oscillospira and Rikenellaceae
appeared reduced compared to the CTRL group
(Supporting Table S2).
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458

Mollicutes

Verrucomicrobiaceae

Enterobacteriaceae
Pseudomonadaceae

Comamonadaceae

Veillonellaceae

Erysipelotrichaceae

Ruminococcaceae

Lachnospiraceae

Clostridiaceae

Lactobacillaceae
Streptococcaceae

Rikenellaceae
(Barnesiellaceae)

Prevotellaceae

Porphyromonadaceae

Bacteroidaceae

Coriobacteriaceae

1.2

0.00

11.73
1.41

0.07

0.66
0.63
6.05

1.27

0.72

1.7

0.3
1.36

0.23

10.76
1.01
0.23
2.38

1.48

RF39

9.61
3.26

0.01

13.64

1.74

27.20

18.22

1.47

0.32
1.72

3.41
0.93

1.66

0.54

14.75

2.01

0.18

0.18

13.09

61.36

21.45

2.15

NAFL†

Akkermansia muciniphila

Comamonas

Dialister
Phascolarctobacterium

Eubacterium biforme

Oscillospira
Ruminococcus
Faecalibacterium prausnitzii

Blautia

Clostridium

Streptococcus

Prevotella
Prevotella copri

Parabacteroides

Bacteroides
Bacteroides caccae
Bacteroides fragilis
Bacteroides ovatus

Collinsella aerofaciens

*OTUs with average abundance 1%.
†
Numbers listed are percentages. Bold indicates signiﬁcance.

Tenericutes

Verrucomicrobia

Proteobacteria

Firmicutes

Bacteroidetes

Actinobacteria

OTUs*

0.61

9.88

71.81

15.28

1.34

9.34
0.02

0.06

15.06

4.29

26.63

31.02

4.08

1.14
2.07

1.44
0.48

2.98

1.6

8.39

0.89

NASH

0.5

0.61

0.00

14.27
0.17

0.61

0.66
1.98
5.83

2.77

1.07

2.06

0.14
2.83

0.75

6.38
1.24
0.04
0.41

0.41

2.4

1.36

63.5

24.4

0.39

1.12
0.00

0.01

13.15

0.51

29.74

12.28

4.43

0.01
0.55

3.7
0.26

0.27

0.18

19.79

0.27

Obese

7.3

2.4

0.00

12.8
0.03

0.02

1.19
4.75
8.21

1.14

3.23

0.54

0.09
0.0

0.11

14.67
0.92
2.35
1.49

0.08

1.6

8.27

55.91

32.36

0.99

TABLE 2. Abundance of Gut Microbiota OTUs at the Species Level (L2) in Patients and Control Subjects

9.36.042
0.01

1.06

8.88

3.44

28.95

10.75

2.42

0.03
1.50

6.08
2.07

1.98

2.03

18.27

0.92

CTRL

0.2

1.6

1.05

7.81
0.66

1.11

2.05
3.3
5.33

1.3

1.54

1.31

1.27
0.7

1.59

12.9
1.16
1.15
2.44

0.53

0.43

0.25
0.23

0.56
0.82
0.12
0.85
0.68

0.06
0.14
0.05
0.05
0.01
0.42
0.56
0.04
0.81
0.00
0.16
0.72
0.10
0.12
0.79
0.54
0.61

0.01
0.01
0.02
0.70
0.31
0.02
0.02
0.08
0.93
0.62
0.40
0.00
0.06

0.01
0.03
0.07

P

0.68

0.62
0.56

0.67
0.86
0.47
0.89
0.86

0.30
0.50
0.30
0.37
0.70
0.67
0.54
0.33
0.87
0.05
0.56
0.83
0.54
0.47
0.87
0.73
0.79

0.06
0.15
0.22
0.83
0.56
0.22
0.15
0.39
0.95
0.80
065
0.05
0.35

0.06
0.18
0.39

FDR
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TARGETED MB OF GUT
MICROBIOTA: VOCS
DISCRIMINATE BETWEEN
PATIENTS AND CTRLS
Bacterial metabolites were isolated from fecal samples
as VOCs. The following 292 VOCs were characterized:
terpenes (n 5 39); indoles (n 5 6); azetidines (n 5 1);
amides (n 5 1); amines (n 5 3); thiols (n 5 1); eterocycles (n 5 3); furanones (n 5 2); alchohols (n 5 47);
aldehydes (n 5 19); esters (n 5 51); acids (n 5 13);
aromatic hydrocarbons (n 5 17); phenols (n 5 5); sulfur compounds (n 5 2); pyrazines (n 5 1); pyridines
(n 5 5); ketons (n 5 38); alkenes (n 5 20); alkanes
(n 5 17); and hydrazines (n 5 1). There was substantial
variance between samples and low variance between
technical replicates. The levels of 26 of the 292 metabolites, primarily alcohols, acids, aldehydes, ketones,
amines, and esters that result from microbial actions,
were up-regulated in the patients (NASH/NAFLD/
obese) compared to CTRLs (Supporting Table S3).
Only 2 of the 292 metabolites (aromatic hydrocarbons
and hydrazines) were down-regulated in the patients
compared to CTRLs. For further details, see Supporting Information.

INTEGRATED PROFILING
OF THE TARGETED MG
AND MB RESULTS
The data pertaining to the OTUs and VOCs were
compiled into a single database and processed using
multivariate analyses. Databases compiled using this
approach are characterized by a large quantity of null
data that in many cases lead to misleading results by
affecting the overall variance of the data ﬁeld.(22) To
prevent this, prior to assembling the database, the data
sets were iteratively tested to ﬁnd less populated variables and subjects so that the ﬁnal database was <25%
null data. The ﬁnal compiled data set included 44 variables (33 OTUs and 11 VOCs) and 89 subjects (45
CTRLs, 5 obese, 16 NAFL, and 23 NASH). PCA
was used to explore the data in an unsupervised manner and identify outliers. After excluding 6 patients in
the NASH group as outliers, the score plot of the ﬁrst
two components did not show samples clustering
depending on the disease status (Supporting Fig. S2),
and the variance explained by the ﬁrst two components
was low (19% of total variance). Outliers were still
present in the principal component score plot outside
the Hotelling T2 ellipse including 3 of 5 obese chil-
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dren, 1 CTRL, and 1 NASH patient. Therefore, the
ﬁnal analysis was performed excluding the obese children and all of the outliers. To identify an integrated
MG/MB proﬁle for CTRLs and patients, PLS-DA
was performed using 44 variables and the 79 remaining
subjects, using the health status (CTRLs or patients)
as an external Y variable.
The median values and interquartile range of the
data used for the multivariate analysis are reported in
Supporting Tables S4 and S5. The PLS-DA score
plot showed a signiﬁcant distinction between the
CTRLs and the NAFLD patients along latent variable
1 (LV1) (R2 5 0.688, Q2 5 0.328; Fig. 4A). Based on
the PLS model, patients had signiﬁcantly higher levels
of Lachnospiraceae, 4-methyl-2-pentanone, 1-butanol,
and 2-butanone compared to CTRLs (Supporting Fig.
S3A). In addition, patients had a lower abundance of
Oscillospira, Rikenellaceae, Parabacteroides, Bacteroides
fragilis, and Sutterella compared to CTRLs (Supporting Fig. S3A). The PLS-DA model did not appear to
discriminate between the proﬁles of patients with
NASH and NAFL (Fig. 4A). The average area under
the receiver operating characteristic curve (AUROC 5
0.978) conﬁrmed that the model was able to discriminate between patients and CTRLs (Fig. 4B). Thus,
the PLS-DA model primarily reﬂects differences in
the MG/MB proﬁle of liver steatosis in NAFL and
NASH patients compared to healthy individuals.
To determine whether targeted MG and MB variables could be used as putative biomarkers to discriminate disease progression, we independently analyzed
the NAFL and NASH patient groups. However, the
PLS-DA model (Fig. 4C) showed that only the
NAFL patients could be signiﬁcantly distinguished
from CTRLs (R2 5 0.768, Q2 5 0.450) along both
signiﬁcant LVs. Indeed, the average AUROC (0.997)
conﬁrmed that the model was able to discriminate the
NAFL patients from the CTRL group (Fig. 4D).
Based on the PLS model, NAFL patients had higher
levels of Lachnospiraceae, 1-pentanol, 2-butanone,
and 2-pentanone and low abundance of Oscillospira,
Parabacteroides distasonis, Parabacteroides, Bacteroides
fragilis, Coprococcus, and Anaerostipes compared to
CTRLs (Supporting Fig. S3B). However, as this is
based on NAFL patients, this PLS-DA model reﬂects
the targeted MG/MB proﬁle of liver steatosis not
complicated by ﬁbrosis.
The PLS-DA models built using data from the
CTRLs versus NASH (Supporting Fig. S4) and
NAFL versus NASH patients did not show any significant discriminating features between groups (one LV
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FIG. 4. PLS-DA of CTRLs versus NAFL and NASH patients and related receiver operating characteristic curves. The PLS scores plot
shows signiﬁcant distinctions between the CTRLs and patients along LV1 (R2 5 0.688, Q2 5 0.328) (A). The average AUROC (0.9778)
conﬁrmed that the model was able to discriminate patients from healthy control (B). PLS-DA of CTRLs versus NAFL. The PLS-DA
model based on the CTRL and NAFLD data showed signiﬁcant distinctions between the two classes (R2 5 0.768, Q2 5 0.450, two signiﬁcant LVs) (C). The average AUROC (0.997) conﬁrmed that the model was able to discriminate NAFL patients from CTRLs (D).


R2 5 0.480, Q2 5 0.186; one LV R2 5 0.444, Q2 5
ND, respectively), meaning that these PLS-DA models were not able to show statistically robust covariations of targeted MG and MB variables with liver
ﬁbrosis.
The Spearman rank test was used to assess whether
there were any associations between targeted MG and
MB variables (Supporting Table S6). The following
correlations were observed: (1) a positive correlation
between Streptococcus and Blautia in all subjects and the
CTRL, NAFL, and NASH groups; (2) a negative correlation between Streptococcus and Oscillospira in all
subjects and the CTRLs; (3) a positive correlation
between 1-butanol and 1-pentanol in all subjects and
the CTRL, NAFL, and NASH groups; (4) a positive
correlation between 4-methyl-2-pentanone and Blau-
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tia in the NAFL group; and (5) a negative correlation
between 2-butanone and Ruminococcus and Coprococcus
in the NAFL group (Supporting Table S6).
Spearman rank correlations were used to assess the
relationships between signiﬁcant targeted MG/MB
variables and some PH variables (Supporting Table
S7). In all of the patients with common liver steatosis
treatment, the abundance of Blautia and Streptococcus
was positively correlated with LPS levels (R 5 0.37
and 0.43, P 5 0.0207 and 0.00558, respectively),
Ruminococcus was correlated with insulin levels (R 5
0.37, P 5 0.0204), and Dorea was correlated with
BMI (R 5 0.41, P 5 0.0101). None of the metabolites
correlated with PH variables (Supporting Table S7).
Notably, the correlations between Blautia and Streptococcus and LPS levels were driven by the NASH
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TABLE 3. Univariate Statistical Analysis of OTUs and Metabolites Found To Be Significantly Different
by the Mann-Whitney U Test
CTRL

Streptococcus*
Lachnospiraceae Ruminococcus†
Lachnospiraceae Blautia‡
Lachnospiraceae Coprococcus§,jj
Lachnospiraceae Dorea†
Oscillospira†,¶
1-Butanol§
1-Pentanol‡,¶
Phenol§
2-Butanone†,¶
4-Methyl-2-pentanone†,‡

NAFL

NASH

Median

IQR

Median

IQR

Median

IQR

0.080
0.038
0.376
0.251
0.000
1.110
8.884
10.881
16.821
14.980
264.781

0.000-0.348
0.000-0.264
0.089-1.044
0.058-0.969
0.000-0.060
0.506-3.620
0.107-35.984
3.439-34.510
2.678-35.813
4.959-29.310
72.536-300.865

0.158
0.157
0.129
0.071
0.009
0.337
44.535
28.590
57.444
41.789
171.505

0.024-0.608
0.018-0.402
0.080-0.454
0.019-0.250
0.000-0.086
0.087-0.572
7.277-91.160
12.894-86.488
22.069-145.729
12.171-140.312
18.233-480.070

0.382
0.339
0.728
0.356
0.101
0.603
16.357
6.588
24.734
46.521
532.025

0.078-0.952
0.078-1.337
0.203-3.052
0.082-0.777
0.020-0.237
0.105-1.398
0.133-34.552
0.115-18.667
7.223-112.237
22.063-120.637
315.450-721.279

Statistical signiﬁcance expressed as follows: *HC versus NASH (uncorrected P < 0.05), †HC versus NASH (FDR-adjusted P of
VOCs and OTUs), ‡NAFL versus NASH (FDR-adjusted P of VOCs and OTUs), §HC versus NAFL (uncorrected P < 0.05),
jj
NAFL versus NASH (uncorrected P < 0.05), ¶HC versus NAFL (FDR-adjusted P of VOCs and OTUs).

patients, and the correlation between Ruminococcus and
insulin levels was mainly driven by the NAFL patients.
To decrease the dimensionality of the data, univariate
analyses were performed on the reduced data obtained
by multivariate analysis (Table 3). Signiﬁcantly lower
levels of Oscillospira and higher levels of 1-pentanol and
2-butanone were reported in patients with NAFL compared to CTRLs (Table 3). NASH patients had lower
levels of Oscillospira and were independently associated
with high abundance of Dorea and Ruminococcus and
with higher levels of 2-butanone and 4-methyl-2pentanone compared to CTRLs (Table 3).

Discussion
Targeted MG data highlighted values of a-diversity,
suggestive of reduced diversity going from CTRLs to
obese, NASH, and ﬁnally NAFL patients in a pediatric
setting. Despite a higher number of sequences for the
NAFL samples compared to the other groups, the species richness appeared reduced, suggesting the lowest
ecological diversity under NAFL conditions. A pivotal
study by Turnbaugh and coworkers(28) suggested that
obesity in mouse models can be discussed in terms of a
signiﬁcant decrease in the level of diversity in the gut
microbiota. This suggests an analogy between obese
mice and gut microbiota of obese patients characterized
by reduced diversity of the microbial community and
abnormal energy input.(29)
The b-diversity parameter clearly distinguished
between patients with NAFLD and CTRLs. In contrast, when patients were stratiﬁed based on diagnosis
(NAFL, NASH, or obese) there was no net separation
between groups. The sum of these analyses indicated

that health status was a major effect factor for determining the phylogenetic composition of these samples.
Exceptions were present in all four study groups, likely
reﬂecting the effects of other genetic and environmental factors on the microbiome.(12)
With regard to the phylum present, the most abundant OTUs in all subjects were Firmicutes, followed by
Bacteroidetes, Proteobacteria, Actinobacteria, Verrucomicrobia, and Tenericutes. Actinobacteria were statistically prevalent in the patients’ set versus CTRLs, while
the opposite was observed for Bacteroidetes. Differences
between our study and previous work likely reﬂect variations in environmental and dietary factors, as well as
age, among the patient cohorts.(12,30)
At lower taxonomic levels, the abundance of Coriobacteriaceae, which has been linked to chronic tissue
inﬂammation and is increased in patients with colononly Crohn’s disease,(31) was higher in patients with
NAFLD than CTRLs. Within the NAFLD patients,
abundance was greatest in the NAFL patients, followed
by NASH and obese patients. These observations suggest that Coriobacteriaceae may have a role in the necroinﬂammation observed in the NAFL phenotype.
Bacteroidaceae and Bacteroides were reduced in
NAFL and NASH and increased in obese patients
compared to CTRLs. The abundance of Blautia was
extremely high in NASH but not in NAFL or obese
children. Remarkably, Oscillospira was signiﬁcantly less
abundant in the NAFL, NASH, and obese patients
compared to the CTRLs. This observation was corroborated by multivariate and univariate analyses. These
ﬁndings are consistent with the microbiome description
published by Raman and coworkers.(30) In a study by
Lam and coworkers,(32) Oscillibacter-like organisms were
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FIG. 5. Graphical picture of
microbiota MB and MG signatures at the onset and during
progression of pediatric NAFLD.


characterized as a potentially important gut microbe
that mediates high saturated fat diet-induced gut dysfunction. This group, including Oscillibacter and Oscillospira, has been consistently detected in the microbial
community of humans.(33,34) Interestingly, in a study by
Tims and coworkers,(35) Oscillospira guillermondii and
related bacteria were more abundant in siblings with a
lower BMI, consistent with our data.
Zhu and coworkers highlighted a speciﬁc functional
interaction between Enterobacteriaceae (e.g., Escherichia coli) and ethanol metabolism, through the
mixed-acid fermentation pathway.(12,13) While we did
not observe signiﬁcant differences in E. coli speciﬁcally
compared to CTRLs, we did observe a greater abundance of Enterobacteriaceae in NAFL and NASH
compared to CTRLs. Ethanol was also up-regulated
in 9 out of 27 NASH patients compared to CTRLs.
However, we did not measure blood or breath alcohol
concentrations, only the volatile fraction by solid-phase
microextraction gas chromatography-mass spectrometry. Indeed, Michail and coworkers,(36) who also measured ethanol in the soluble fraction, reported higher
values of this metabolite in obese NAFLD patients
compared to obese subjects or CTRLs. Moreover, in a
pivotal study by Raman and coworkers,(30) ethanol did
not emerge as a speciﬁc NASH-related metabolite but
was a ubiquitous element of the gut microbiota, regardless of disease or health. In addition to E. coli, Zhu and
coworkers(12) noted that other gut microbial genera,
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including Bacteroides, Biﬁdobacterium, and Clostridium,
are capable of producing alcohol. Therefore, collectively
these genera may cause a signiﬁcant burden for liver
alcohol-scavenging mechanisms.
We were able to identify a speciﬁc fecal signature
that distinguished patients with NAFL from healthy
CTRLs characterized by high levels of 2-butanone and
low relative abundance of Oscillospira. This signature
may be a potential biomarker proﬁle for liver steatosis.
In another recent gas chromatography-mass spectrometry study, the levels of 2-butanone in the breath
of patients with liver disease were elevated.(37,38)
2-Butanone can be produced in the gut through oxidized nicotinamide adenine dinucleotide-dependent
secondary alcohol dehydrogenase activity in a basic
(pH) environment by microorganisms including
yeast(39) and Enterobacteriaceae,(40) as well as endogenously through liver metabolism.(41) However, production of 2-butanone and 1-butanol has also been linked
to Streptococcus pneumoniae metabolism,(42) which was
elevated in NASH patients but did not attain statistical
signiﬁcance with FDR correction. Intriguingly, the
abundance of Streptococcus and 1-butanol levels
appeared to be negatively correlated with insulin levels
in NASH patients, suggesting that this genus may
contribute to insulin-resistance preceding type 2 diabetes, a common metabolic syndrome of NAFLD.
Univariate analyses supported further investigations
into the relationship between increased 4-methyl-2-
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pentanone and NASH in larger cohorts. The increase in
Ruminococcus and Dorea suggests a possible association
with the NAFL-NASH transition. However, the positive correlations between Ruminococcus and Dorea and
between insulin levels and BMI underscore the complexity of the metabolic processes in the transition from
steatosis to steatohepatitis. The concurrent changes in
Ruminococcus, Dorea, Streptococcus, and Oscillospira should
be further investigated in relation to the evolution of liver
steatosis toward ﬁbrosis (Fig. 5). Overall, during the evolution of liver pathology, the variations in the whole
microbial ecosystem appear to be more important than
single variations of speciﬁc genera or species.
To the best of our knowledge, this is the ﬁrst proofof-concept study applying an integrated omics-based
approach to differentially describe the gut microbiota
cometabolism in NAFLD patients compared to healthy
controls in a pediatric setting.
In the complex scenario of NAFLD, the interrelated
enterotype-metabotype framework appears to contribute
to creating a signature that changes during disease
progression. In particular, the combination of a low
abundance of Oscillospira with high levels of 2-butanone
may be a speciﬁc intestinal MG and MB proﬁle for liver
steatosis in children. The high relative abundance of
Lachnospiraceae, Ruminococcus, and Dorea observed in
pediatric patients with NASH suggests that changes in
the gut microbiota are associated with disease severity.
These ﬁndings might provide development of a
speciﬁc metabolic diagnostic proﬁle of steatosis and suggest a ﬁrst-line probiotic candidate for treating NAFLD.
Future studies in larger, well-characterized cohorts are
required to validate the proposed model and to better
describe other associations between gut microbiota phylotypes, metabotypes, and disease phenotypes.
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