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ABSTRACT
Alterations in the gut microbiome affect the development and severity of metabolic dysfunction- 
associated steatotic liver disease (MASLD) or metabolic dysfunction-associated steatohepatitis (MASH). 
We analyzed microbiomes of obese children with and without MASLD, MASH, and healthy controls. 
Electronic databases were searched for studies on the gut microbiome in children with obesity with/ 
without MASLD or MASH, providing shotgun-metagenomic-sequencing data. Nine studies and an 
additionally recruited cohort were included. Fecal microbiomes of children with MASLD (n = 153) and 
MASH (n = 70) were significantly different in alpha- and beta-diversity (p < 0.001) compared to obese (n  
= 58) and healthy (n = 132). Species Faecalibacterium_prausnitzii and Prevotella_copri are differentially 
abundant between obese, MASLD and MASH groups. XGBoost and random forest-models accurately 
predict MASLD over obesity with an AUROC of 87% and MASH over MASLD with 89%. Pathway- 
abundance-based models accurately predict MASLD over obesity with an AUROC of 81% and MASH 
over MASLD with 88%. The composition of the gut microbiome is altered with increasing hepatic 
fibrosis and concomitant species-abundance increase of Prevotella_copri (p = 0.0082). Machine-learning 
models discriminate pediatric from adult MASH with an AUROC of 97%. The gut microbial composition 
is increasingly altered in children with the progression of MASLD toward MASH. This can be utilized as 
a fecal biomarker and highlights the impact of diet on the gut microbiome for disease intervention.
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Introduction

Metabolic dysfunction-associated steatotic liver 
disease (MASLD) is the most common cause of 
chronic liver disease in children and adolescents 
and, when progressing progress to steatohepatitis, 
cirrhosis and end-stage liver disease, the second 
most common reason for liver transplantation in 
the world for adults, as it might.1,2 Globally, the 
MASLD prevalence is estimated to range between 
5% and 8%.3 It is defined as the pathological accu
mulation of lipid droplets in >5% of hepatocytes 
with at least one out of five cardiometabolic cri
teria, e.g., presence of impaired glucose regulation, 
type 2 diabetes, overweight or obesity, hyperten
sion or dyslipidemia.4,5 It may develop into meta
bolic dysfunction associated steatohepatitis 
(MASH), characterized by hepatic inflammation 
and cell injury, which might further progress to 

cirrhosis and end-stage liver disease.5 MASLD 
and MASH have recently emerged as the most 
prevalent chronic liver disorders in developed 
countries.6,7 Furthermore, patients with MASLD 
are at risk of type 2 diabetes mellitus, heart disease 
and, as a consequence of cirrhosis, liver cancer or 
other forms of malignancies.8,9 Although MASLD 
is a known complication of obesity in youth, factors 
contributing to disease severity and progression 
remain unknown.2,10

The intestinal microbiome is a complex ecosys
tem composed of trillions of microbes, existing 
symbiotically with the host. The microbiome is 
semi-transitive impacted by both maternal and 
external factors. These compositional changes pro
vide differentiating cues for immune development, 
mucosal protection, and metabolic functions.4,11 In
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some disorders describing the micro-ecology has 
given insights into overall disease development.12 

Growing evidence suggests that the composition of 
gut microbiota might predispose, even fuel the 
development of MASLD.6,13–15

The characterization of the gut microbiota was 
driven by 16S-rRNA sequencing and deepened by 
improved accessibility to shotgun sequencing 
technologies.16 It has become evident that altera
tions in bacterial colonization result in changes of 
the dominant bacterial products in the gut, i.e. 
dietary metabolites, such as short-chain fatty acids 
(SCFA), trimethylamine N-oxide (TMAO) and 
secondary bile acids. These products function in 
many physiological traits of the epithelium, this 
includes facilitating the development of loosened 
epithelial tight junctions dubbed a “leaky gut”. 
Further, these weakened junctions lead to 
increased intestinal permeability and consecutively 
translocation of bacterial products, via the portal 
circulation, to the liver, potentially driving hepatic 
inflammation and concomitant parenchymal 
changes.14,17,18 These changes in gut microbiome 
composition can be both translated to diagnostic 
approaches as well as used to target and alter the 
gut microbiome by modifying agents such as diet
ary habits or pre- and probiotics. Our understand
ing of how these microbes and respective microbial 
metabolites influence inflammatory and other gut- 
related disorders is a steadily growing field.19–21

Alterations in gut microbiome beta diversity 
were altered in both the MASLD and obese chil
dren as compared to the healthy control group.4,11 

More specifically, a significant increase in 
Bacteroida and decrease in Firmicutes phyla were 
observed in MASLD children compared to 
healthy.22 Interestingly, these changes in gut 
microbiota can be observed early in infancy.23 

Which puts the influence of diet on the gut micro
biome center stage for early dietary disease inter
ventions. Furthermore, specific compositional 
changes of the intestinal microbiota were also 
shown to allow for MASH disease course predic
tion in adult cohorts.24 A systematic approach to 
meta-analyze a larger pediatric cohort of the grow
ing body of studies on gut microbial composition 
and metabolic function in patients with obesity and 
associated MASLD or MASH employing shotgun 
metagenomics is lacking. This study closes this gap 

and further explores the applicability of recent 
machine learning algorithms in discriminating dis
ease states in this large systematic cohort. The use 
of diverse cohorts of large datasets combined with 
modern machine learning tools should elucidate 
new avenues of understanding for the MASLD 
disease state.

Materials and methods

Ethics statement

This study was conducted in accordance with the 
guidelines of the Institutional Review Board of the 
Medical University of Innsbruck (nr. 1095/2020) 
and the Declaration of Helsinki and Istanbul. 
Written informed consent was obtained from par
ticipants included at the Medical University of 
Innsbruck.

Search strategy and data extraction

This systematic review was conducted in accor
dance with the Meta-analysis Of Observational 
Studies in Epidemiology (MOOSE) reporting 
guidelines.25 Relevant studies to be included in 
the meta-analysis were identified by a systematic 
literature search using the following bibliographic 
databases: PubMed, Scopus and Web of Science, 
and NCBI, the Genome Sequence Archive (GSA) 
and the EMBL European nucleotide archive (ENA) 
as data repositories. Search terms are “pediatric”, 
“children”, “adolescence”, “childhood”, “infant”, 
“obesity”, “fatty liver”, “NAFLD”, “NASH”, 
“MASLD”, “MASH”, “steatosis”, “steatohepatitis”, 
“gut”, “microbiota”, “microbiome”, “shotgun” and 
“metagenomic”. For further details on the screen
ing and extraction methodology see Supplementary 
Methods.

Inclusion and exclusion criteria

Studies on the gut microbiome in children with 
obesity with or without MASLD or MASH pro
viding shotgun metagenomics sequencing data. 
Following the new diagnostic criteria for 
MASLD and pediatric recommendations,26 

patients formerly categorized as NAFLD with 
obesity and steatosis were subgrouped as
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MASLD in this study. According to the findings 
of the European LITMUS consortium cohort, 
where 98% of patients diagnosed with NAFLD 
fulfilled the MASLD criteria.27 MASLD diagno
sis or exclusion must be based on ultrasound, 
magnetic resonance imaging or liver histology. 
A certain subset of adult studies will be included 
to allow comparison of gut microbial signatures 
between children/adolescents and adults with 
progressing MASLD and fibrosis. MASLD and 
MASH are used as terminology in this manu
script but given the recent changes in terminol
ogy, incorporated studies use NAFLD and 
NASH terminology.

Obesity was defined as a BMI in the 95th 
percentile or above, without MASLD subse
quently referred to as subgroup “obese”. In 
addition, we excluded children without diagnos
ing markers such as, ultrasound, magnetic reso
nance imaging or liver histology. Studies that 
included type 2 diabetes patients were also 
excluded. MASLD diagnosis was based on ultra
sound, liver histology or abdominal fast- 
magnetic resonance imaging to assess intrahe
patic fat content. MASH was defined as an 
additional biochemical or biopsy proven hepatic 
inflammation.

Studies with insufficient raw data annotation, 
insufficient metadata, or without shotgun metage
nomics sequencing data available (16S-rRNA 
sequencing) or use of antibiotics were excluded.

A local cohort was included fulfilling the above 
inclusion criteria after obtaining written consent to 
participate. Adult cohorts were selected based on 
the availability of raw sequencing and metadata to 
fit the ethnicities included in the pediatric cohort.

Shotgun metagenomic sequencing

Stool samples were collected and stored at −80°C. 
250 mg of fecal sample were used to extract DNA 
with QIAmp PowerFecal Pro DNA kit (Qiagen, 
Venlo, The Netherlands). DNA was sent for library 
preparation and shotgun metagenomics sequen
cing using a DNBSEQ PE150 platform at BGI 
company (Shenzhen, China). For further details 
on raw sequencing read processing see 
Supplementary Methods.

Bioinformatics and statistical analyses

Taxonomic profiles and read counts were inte
grated into a phyloseq object using the R (R: 
A language and environment for statistical com
puting. R foundation for Statistical Computing, 
Vienna, Austria) package phyloseq for down
stream analyses. The batch effect of the included 
studies was removed by applying MMUPHin 
with studies as batch effect and disease state as 
covariate.28 Alpha-diversity was calculated based 
on richness (“observed”), and Shannon diversity 
measures and Mann-Whitney-U-tests were 
applied. Beta-diversity was visualized as principal 
coordinates analysis on the Bray-Curtis distance 
that is calculated after performing variance stabi
lizing transformation. Beta-diversity was tested 
using a non-parametric multivariate statistical 
permutation (permutational multivariate analysis 
of variance (PERMANOVA)) test with the 
R package vegan for differential taxa abundance, 
linear discriminant analysis effect size (LEfSe) 
(Kruskal and Wilcox-threshold ≤0.01, LDA 
threshold ≥4) was used.

Random forest (RF) and Extreme Gradient 
Boosting (XGB), both with 10-fold cross validation 
and five repeats, were used to build prediction 
models for bacterial composition and metabolic 
pathways using the R package caret. RF hyperpara
meter tuning was carried out to define the ideal 
number of tries and trees. XGB hyperparameter 
tuning was carried out to define the ideal number 
of rounds, learning rate, maximum depth of a tree, 
gamma, minimum child weight, subsamples and 
column samples by tree. Here, we specifically 
took advantage of the shrinkage parameter to 
limit the overfitting of our XGB model. Receiver 
operating characteristics curves were plotted using 
the R package MLeval.

HUMANn3 output, e.g., metabolic pathway in 
MetaCyc nomenclature relative abundance as 
counts per million, was further analyzed for differ
ential abundance after centered log ration normal
ization by the ANOVA-like differential expression 
(ALDEx2) tool. Output was visualized as a volcano 
plot or bar chart using the R packages 
EnhancedVolcano and ggplot2.

Association analysis of taxonomic abundance on 
family level with sample metadata was done using
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microbiome multivariable association with linear 
models (MaAsLin2). Fixed effects were ethnicity. 
A zero-inflated negative binominal regression with 
a taxa-prevalence-threshold of 0.1 was applied. The 
difference in taxonomic abundances was deemed 
significant when p < 0.001.

All statistical analyses were performed using 
R statistical software. Bonferroni-correction was 
applied to compensate for multiple testing and 
stated (BF) were used. A p-value ≤0.05 was con
sidered significant. Samples with missing metadata 
were excluded from the according analysis. Bar, 
box and dot plots were generated via the 
R ggplot2 package, for dendrogram generation 
ggtree and ggtreeExtra were used and world map 
was generated using ggplot2 and maps. Schematics 
and figures were compiled using the Illustrator CC 
2020 (Adobe).

Results

Study cohort

The study cohort comprises 353 individuals iden
tified through a systematic literature and database 
search from nine studies4,7,10,11,29–33 (Figure 1a,b) 
and additional 60 individuals, who were recruited 
from our center. In total, the pediatric cohort com
prises 281 individuals with obesity of which 153 
with MASLD and 70 with MASH, and 132 healthy 
individuals as controls (Tables 1, 2). Median age of 
obese patients was 13 y (interquartile range (IQR) 
9.6–14), 13 y (IQR 12–14.7, 62 not available (NA)) 
of patients with steatosis, 12 y (IQR 10–14) for 
individuals with MASH and 9 y (IQR 5.7–12) in 
the control group (Table 1). Median body mass 
index (BMI) was 30.2 (IQR 27.9–30.3) in obese 
patients, 31.1 (IQR 26.9–32.7) in MASLD patients 
and 30.8 (IQR 26.6–34.6) in patients with MASH 
and 16 (IQR 15.6–17.6) in the control group 
(Table 1). Median alanine aminotransferase 
(ALT) levels were 21 U/l (IQR 20.8–27) in obese, 
48.6 U/l (IQR 30–57) in MASLD, and 63.1 U/l 
(IQR 31–60) in MASH, patients and 26 U/l (IQR 
24.1–28.3) in the control group (Table 1). Median 
aspartate aminotransferase (AST) levels were 20.8  
U/l (IQR 18.3–29) in obese, 40 U/l (IQR 32–40) in 
MASLD, and 40 U/l (IQR 32–57) in MASH, 
patients and 32 U/l (IQR 29.4–34.2) in the control 

group (Table 1). In MASH patients, no or mild 
fibrosis (F0–1) was present in 48.6%, moderate 
fibrosis (F2) in 14.3% and severe (F3–4) in 8.6% 
of patients. Data on fibrosis was missing in 28.6%. 
An additional adult MASLD cohort with and with
out liver fibrosis comprising 163 individuals was 
included (Supplementary Table S1).27,34

Composition of the gut microbiome

First, we assessed the ecological composition of gut 
microbiota. Observed richness was significantly 
reduced in patients with MASH compared to 
healthy (BF p < 0.0001), obese (BF p < 0.0001) and 
MASLD patients (BF p = 0.0006). We found no 
change in Shannon diversity between the different 
subgroups (Figure 1d). Further, microbial commu
nity composition of all groups (e.g., healthy, obese, 
MASLD and MASH) was different as tested by 
Bray-Curtis similarity (PERMANOVA all compar
isons p < 0.001) (Figure 1e). We compared relevant 
relative change in abundance focusing on MASLD 
and MASH microbiome abundance both on phyla 
and on species. Bacteroidota was reduced in 
MASLD compared to healthy (BF p < 0.0001). In 
contrast, Firmicutes were increased in MASLD 
compared to healthy (BF p = 0.00011) (Figure 2a, 
Supplementary Figure S1A). We observed 
a difference in the relative abundance decrease of 
Faecalibacterium prausnitzii between obese and 
both MASLD (p = 0.00059) and MASH (p =  
0.00055). We also saw a decrease in abundance in 
Alistipes putredinis between healthy and both 
MASLD (p = 0.0033), and MASH (p = 0.0046) 
(Figure 2b, Supplementary Figure S1B). Notably, 
Eubacterium rectale is comparatively more abun
dant in MASLD than in MASH (BF p = 0.011) and 
much more abundant in both MASLD and MASH 
compared to healthy (p < 0.0005, p = 0.071) 
(Figure 2b, Supplementary Figure S1B). As we 
could not observe a clear association of certain 
species with the analyzed conditions (Figure 2c), 
we further investigated organismal importance for 
differentiation in dichotomous disease states using 
linear discriminant (LEfSe) analysis. When com
paring obese with MASLD patients, we found 
Faecalibacterium prausnitzii to be important for 
differentiation in the obese and Hungatella hathwe
wayi in the MASLD group (Figure 2b,d). When

4 T. ZÖGGELER ET AL.



Figure 1. Study design, cohort composition and diversity metric: (a) meta-analysis of observational studies in epidemiology (MOOSE) 
flowchart depicting screening and selection process of studies included in the systematic review. (b) World map indicating countries of 
origin of patient cohort. (c) Schematic overview of the study cohort. (d) Alpha-diversity of gut microbiota shown as observed richness 
and Shannon diversity. In patients with MASLD and MASH in both richness (observed) and Shannon diversity metrics differed 
significantly; *** p < 0.001. Bonferroni corrected Mann–Whitney U tests were used. (E) Beta-diversity is shown as multidimensional 
scaling (MDS) using a principal coordinate analysis with Bray-Curtis distance measures. All groups differ markedly from each other; *** 
p < 0.001. PERMANOVA test was used.
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MASH we compared to MASLD patience, Dialister 
hominis was a key marker in the MASH group 
(Figure 2e). We repeated this analysis on subgroups 
of our data to be sure that age nor gender were 
biasing our overall results. Thus, we compared 
subgroups of each population to see if there was 
any statistical variation (Supplementary Figure S2, 
3 and 4). We found that there was a significant 
difference between the age subgroups for both 
patients with MASLD and obesity, but there were 
no obvious sources of differentiation in the overall 
dataset. Likewise, we saw a significant difference 
between the gender and the MASLD dataset, but 
also saw no overlapping markers of significance in 
the LDA (Supplementary Figure S2, 3 and 4).

Multivariable association analysis of overall 
taxonomic abundance and sample metadata 
further highlighted a positive association with 
Klebsiella pneumonia and Phocaeicola plebius with 
Chinese ethnicity and Bacteroides nordii with 
Hispanic ethnicity compared to Caucasian 

ethnicity (Supplementary Figure S5A). It is of 
note that these associated microbes did not impact 
our comparison of patience with the disease of 
interest.

Gut microbial communities separate MASLD and 
MASH

As microbial community diversity differed particu
larly in patients with MASLD and MASH from 
healthy and obese groups, we focused further ana
lysis on the composition of gut microbiota in 
pediatric patients with MASLD. While we found 
microbial richness and community structure to be 
altered between obese patients and MASLD 
patients (p < 0.001) (Figures 1e and 3a).

We trained supervised machine learning models 
to elucidate further any specific microbial compo
sitional patterns that might better predict MASLD 
in patients as compared to the obese population. 
Using XGBoost, these microbial features had

Table 1. Composition of study cohort.
Control (n = 132) Obese (n = 58) MASLD (n = 153) MASH (n = 70) p-value

Female (%) 60 (45.5), 5 NA 27 (46.6) 21 (31.8), 62 NA 17 (24.3) p < 0.001*
Median age in years (IQR) 9 (5.7–12) 13 (9.6–14) 13 (12–14.7), 62 NA 12 (10-14) p < 0.001¶

Median BMI (IQR) 16 (15.6–17.6), 5 NA 30.2 (27.9–30.3) 31.1 (26.9–32.7) 30.8 (26.6–34.6) p < 0.001¶

Median ALT U/l (IQR) 26 (24.1–28.3) 21 (20.8–27) 48.6(30-57) 63.1(31-60) p < 0.001¶

Median AST U/l (IQR) 32 (29.4–34.2) 20.8 (18.3–29) 40.0 (32-40) 40(32-57) p < 0.001¶

Hepatic fibrosis (%)
0–1 34 (48.6%)
2 10 (14.3)
3 6 (8.6)
NA 20 (28.6)

ALT – alanine aminotransferase, AST – aspartate aminotransferase, BMI – body mass index, IQR – interquartile range, NA – not available; 4-group comparison 
p-values are calculated by * Fisher’s exact test, ¶ Kruskal Wallis test.

Table 2. Included studies and characteristics of the individual study population and data availability.

Study Cohort
Median age in 

years (IQR)
Median BMI 

(IQR) City/country
Accession 
number

Kordy 2021 control (n = 20) 
MASH (n = 20)

12 (8–14.3) 
12.5 (11-16)

17.6 (15.9–18.9) 
32.7 (27.7–37)

Los  
Angeles/USA

PRJNA480711

Li 2023 control (n = 22) 5.4 (5.2–6) 14.3 (13.5–14.8) Chengdu/China CNP0004872
Liang 2022 control (n = 5) 

MASLD (n = 8)
NA 
NA

NA 
NA

Beijing/China CRA007303

Maya-Lucas 2019 control (n = 10) 9.9 (9.9–9.9) 17.4 (17.4–17.4) Mexico City/Mexico PRJNA385215
Orbe-Orihuela 2022 control (n = 26) 9 (7-10) 16.4 (15.2–22.3) NA/Mexico PRJNA721692
Schwimmer 2019 MASLD (n = 38) 

MASH (n = 48)
12.5 (11–13.8) 
12 (10–13.3)

29.1 (26.3–32.8) 
29.9 (26–34.4)

San Diego/USA PRJNA546034

Testerman 2022 obese (n = 18) 
MASLD (n = 18)

12.6 (9.6–13.7) 
12.9 (11.4–14.8)

30.3 (30.3–30.3) 
35.2 (35.2–35.2)

New Haven/USA PRJNA328258

Zhang 2024 MASLD (62) NA NA Beijing/China PRJNA914785
Zhou 2022 control (n = 15) 

obese (n = 16) 
MASLD (n = 27)

13 (12–15.5) 
14 (13-15) 

14 (12.5–16)

20.7 (18.8–21.4) 
28.4 (27.8–28.9) 
29.2 (28.1–32.4)

Shenzen/China PRJNA890867

This study control (n = 34) 
obese (n = 24) 
MASH (N = 2)

9 (7-12) 
10 (6-13) 

12 (11.5–12.5)

16 (15.1–18.4) 
29.2 (26.2–31) 

34.8 (33.2–36.4)

Innsbruck/Austria PRJEB73820

BMI–body mass index, IQR interquartile range, NA–not available.
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Figure 2. Relative abundance, disease association and differential abundance of taxa: (a) relative abundance of top 20 most abundant 
phyla is shown comparing healthy, obese, MASLD and MASH patients. Bacteroidota and firmicutes differ in abundance. (b) Relative 
abundance of top ten most abundant species is shown comparing healthy, obese, MASLD and MASH patients. (c) Dendrogram 
depicting top 20 most abundant species (inner circle/box plots) and associated conditions on the three outer circles. (d and e) linear 
discriminant analysis (LDA) showing differentially abundant species in (d) obese and MASLD patients and (e) in patients with MASLD 
or MASH.
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Figure 3. Community diversity and disease state prediction in MAFLD and MASH: (a) beta-diversity is shown as multidimensional 
scaling (MDS) using a principal coordinate analysis with Bray-Curtis distance measures. Both groups differ markedly from each other; 
*** p < 0.001. PERMANOVA test was used. (b) Area under the receiver operating characteristics curve (AUROC) of 83% (CI 0.79–0.87) of 
the XGBoost model discriminating obese patients with or without MASLD. (c) AUROC of 81% (CI 0.76–0.86) of the random forest model 
discriminating obese patients with or without MASLD. (d) Dotted box-plot of log10-transformed species abundance of top ten 
discriminative genus-features identified by supervised machine-learning with ranked feature importance of the XGBoost and random 
forest (RF) model, and LDA (log10) values from differential abundance analysis comparing obese patients with (yellow) against 
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a strong discriminatory power with an area under 
the receiver operating characteristic curve 
(AUROC) value of 87% (confidence interval (CI): 
0.82–0.92) (Figure 3b, Supplementary Table S2). 
Applying a second model based on random forest 
reached an AUROC of 85% (CI: 0.79–0.81) 
(Figure 3c, Supplementary Table S3). Both models 
identified the abundance of Anaeeoburteicum hal
lii, as the most distinguishing feature for differen
tiation (Figure 3d).

Using a similar methodology, we compared 
MASLD to MASH. Community structure was sig
nificantly different between patients with MASLD 
and MASH (p < 0.001), indicating an increasing 
interplay of the gut microbiome and progression 
of liver disease severity (Figures 1e and 3e). 
XGBoost and RF models were able to have strong 
discriminatory power of MASH over MASLD with 
an AUROC of 89% (CI: 0.84–0.94) (Figure 3f,g, 
Supplementary Table S4 and 5). Abundance of 
Romboutsia timonensis, Intestinibacter bartletti 
and Anaerobutyricum hallii were among the top 
discriminative features of the model (Figure 3h).

In conclusion, the gut microbial composition is 
increasingly altered with the progression of MASLD 
toward MASH. This allows for accurate discrimina
tion between pediatric MASLD and MASH.

Gut microbial metabolic pathways in pediatric 
MASLD

Taxonomic composition diverged between obese 
individuals and patients with MASLD, thus we 
studied the metabolic capacity of the metagenome. 
Differential abundance showed metabolic capabil
ities between the obese and MASLD patients chan
ged but to a similarly minor degree as seen in the 
community-based analysis (Figure 4a). Conversely, 
comparisons between the MASLD and MASH 
groups revealed more significantly regulated path
ways (Figure 4b, Supplementary Table S6 and 7). 

When comparing MASLD patients to obese 
patients, no pathway was significantly changed 
(log10 (p) > 1.3) (Figure 4a,c, Supplementary 
Table 6). In contrast, several pathways were signif
icantly lower abundant in the MASLD patients 
(log10 (p) <-1.3) (Figure 4a,c, Supplementary 
Table 6). The comparison between MASH and 
MASLD revealed several pathways that signifi
cantly changed in abundance. This illustrates the 
striking difference between the two microbial 
populations both in function and in composition 
(Figure 4b,d, Supplementary Table 7). Notably, 
nylon-6 oligomer degradation has a significantly 
higher abundance of gene abundance (log10 (p) 
<-3) in the MASLD patients as compared to the 
MASH patients as well (Figure 4b,d, 
Supplementary Table 7). In order to further deci
pher the differences between groups, we trained 
XGBoost and RF models based on the abundance 
of metabolic pathway data with the intention of 
classifying MASLD and MASH, respectively, to 
the two comparisons of obese and MASLD. 
MASLD was distinguished with an AUCROC of 
81% (CI: 0.76–0.86) by XGB and an AUCROC of 
79% (0.73–0.85) in RF (Figure 4e and 
Supplementary Figure S6A). MASH was distin
guished with an AUROC 88% (CI: 0.83–0.93, 
XGBoost) and an AUROC 85% (CI: 0.79–0.91, 
RF) (Figure 4f and Supplementary Figure S6C). 
Interestingly, the abundance of the “methanogen
esis from acetate” pathway was the strongest dis
criminative feature to separate MASLD from both 
obesity and MASH by both models 
(Supplementary Figure S6B and D). This was 
further emphasized by the significant difference 
in abundance between MASLD and the other sub
groups differential abundance analyses (Figure 4g).

In addition to this analysis, we specifically tested 
pathways previously reported for differential abun
dance in our groups. Lipopolysaccharides (LPS) 
and bacteria with flagellar gene complexes can

without (blue) MASLD. (e) Beta-diversity shown as MDS using a principal coordinate analysis with Bray-Curtis distance measures. Both 
groups differ markedly from each other; *** p < 0.001. PERMANOVA test was used. (f) AUROC of 89% (CI 0.84–0.94) of the XGBoost 
model discriminating MASLD from MASH patients. (g) AUROC of 89% (CI 0.84–0.94) of the random forest model discriminating MASLD 
from MASH patients. (h) Dotted box-plot of log10-transformed species abundance of top ten discriminative genus-features identified 
by supervised machine-learning with ranked feature importance of the XGBoost and random forest (RF) model, and LDA (log10) values 
from differential abundance analysis comparing MASLD (yellow) from MASH (red) patients.
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Figure 4. Microbial metabolic pathways: (a) volcano plot of differentially abundant pathways comparing obese (left) and MASLD 
patients (right). p-value cutoff is 0.05. (b) Volcano plot of differentially abundant pathways comparing MASLD (left) and MASH patients 
(right). p-value cutoff is 0.05. (c) Diverging bar charts of the top differentially abundant metabolic pathways from ALDEx2 analysis in 
obese and MASLD patients. (d) Diverging bar charts of the top differentially abundant metabolic pathways from ALDEx2 analysis in 
MASLD and MASH patients. (e) Area under the receiver operating characteristics curve (AUROC) of 80% (CI 0.75–0.85) of the XGBoost 
model discriminating MASLD based on metabolic pathway abundance. (f) AUROC of 88% (CI 0.83–0.93) of the XGBoost model 
discriminating MASH based on metabolic pathway abundance. (g) Dot-box-plot of the methanogenesis from acetate pathway- 
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trigger the immune system. LPS biosynthesis 
showed a decrease in abundance between both 
MASLD and MASH (p = 0.042, p < 0.0001) com
pared to the obese group (Figure 4h). Flagellar 
motility genes were not significantly altered by 
comparison of any group (Supplementary Figure 
S7A). Next, we studied SCFA biosynthesis. 
Abundance of butyrate synthesis was significantly 
decreased in both MASLD and MASH (BF p =  
0.031 and 0.025) compared to the obese individuals 
(Figure 4j). In addition, we see this trend continues 
in propanoate production where MASLD and 
MASH are significantly decreased as compared to 
the obese group (Supplementary Figure 7B). 
Crucially, acetate production is significantly chan
ged between the MASLD and MASH group with 
the MASLD population having an increase in 
abundance (p = 0.0483) (Supplementary 
Figure 7C). Finally, we found that secondary bile 
acid synthesis increased in MASH over MASLD 
individuals (BF p = 0.046) (Supplementary 
Figure 7D). TMAO biosynthesis was decreased in 
MASH (p = 0.0078) compared to obese individuals 
(Figure 4i).

Intestinal microbial ecology distinguishes fibrotic 
and adult MASLD

The gut microbiome is increasingly altered in 
patients with MASH. We further explored the 
effect of hepatic fibrosis on the microbiome. 
Again, we found microbial richness and commu
nity structure to be altered between different grades 
of MASH fibrosis (0–3) (0 vs. 2 BF p < 0.032, 1 vs. 2 
BF p = 0.04, PERMANOVA all p < 0.001) but 
Shannon diversity was not altered (p = 1) 
(Figure 5a,b). The abundance of Bifidobacterium 
adolescentis (grade 0–1 vs. 3, BF p = 0.027 and p =  
0.028) and Prevotella copri (clade A) (grade 0 vs. 2, 
BF p = 0.0082; grade 1 vs. 2, BF p = 0.0091) were 
altered between several of the grades 
(Supplementary Figure S8A).

We were further interested, whether pediatric/ 
adolescent MASH affected the gut microbial 

composition in a similar fashion as found in adult 
MASH patients. While richness was decreased 
between adult and pediatric MASH patients (BF 
p < 0.001), Shannon diversity was not different 
(Supplementary Figure 9A). Microbial community 
structure differed significantly between all four 
groups tested (p < 0.001), as well as more specifi
cally between the pediatric and adult MASH 
groups with similar grade of fibrosis (p < 0.001) 
(Figure 5d, Supplementary Figure S9B). XGBoost 
and RF models distinguished pediatric from adult 
MASH with an AUROC of 97% (CI: 0.95–0.99, 
XGBoost) and an AUROC of 96% (CI: 0.93–0.99, 
RF) (Figure 5e,f, Supplementary Table S8 and 9). 
Abundance of Prevotella copri (clade A), 
Romboutsia timonensis and Phocaeicola dorei 
were among the top discriminative features of the 
model (Figure 5g). The composition of the gut 
microbiome is altered with increasing hepatic 
fibrosis and is clearly different between pediatric 
and adult MASH.

Discussion

Obesity, MASLD and MASH are on the rise glob
ally, already affecting children and adolescents. 
Alterations in gut microbial composition are recog
nized not only as a consequence of altered systemic 
metabolism, but also as disease driving as gut and 
liver are in close concert anatomically, metaboli
cally and immunologically. We have collected and 
systematically analyzed a large international pedia
tric cohort to study the gut microbiome with high 
sequencing resolution in obese patients with and 
without liver disease. We delineate these differ
ences in microbial composition, which we feel can 
be utilized as biomarkers to predict the presence 
and stage of disease.

We observed changes in community structure 
and composition in gut microbiomes of obese 
patients with MASLD and MASH. Phylum- 
abundance of Bacteroidota was increased while 
Firmicutes were reduced in MASLD and MASH 
compared to obese children, consistent with prior

abundance. (h) Dot-box-plot of the lipopolysaccharide synthesis pathway-abundance. (i) Dot-box-plot of the trimethylamine N-oxide 
(TMAO) biosynthesis pathway-abundance. (j) Dot-box-plot of the butyrate synthesis pathway-abundance. (G–J): * p < 0.05, *** p <  
0.001, n.S. not significant. Bonferroni corrected Mann–Whitney U tests were used.
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Figure 5. Gut microbial dynamics in pediatric and adult patients with fibrosis: (a) alpha-diversity of gut microbiota differed in patients 
with MASH and grade 2 fibrosis in richness (observed). Shannon diversity metrics do not differ between groups; *** p < 0.001, n.S. not 
significant. Bonferroni corrected Mann–Whitney U tests were used. (b) Beta-diversity is shown as multidimensional scaling (MDS) 
using a principal coordinate analysis with Bray-Curtis distance measures. All groups differ markedly from each other; *** p < 0.001. 
PERMANOVA test was used. (c) Relative abundance of top 20 most abundant species is shown in patients with MASH and increasing 
grade of fibrosis. (d) Beta-diversity is shown as multidimensional scaling (MDS) using a principal coordinate analysis with Bray-Curtis 
distance measures. Colors indicate pediatric and adult MASH patients with symbols highlighting the grade of fibrosis. Both groups 
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findings.35,36 On a species-level, abundance 
dynamics of Faecalibacterium prausnitzii and 
Alistipes putredinis were found repetitively in dif
ferential abundance analyses. Our supervised 
machine learning models further showed the 
importance of Faecalibacterium prausnitzii micro
bial signatures to discriminate MASLD and MASH.

Altered abundance of Faecalibacterium praus
nitzii is associated with various diseases. 
Specifically, reduced levels are seen in different 
intestinal disorders.37 Supplementation with 
Faecalibacterium prausnitzii in mice improves 
metabolism, including enhanced glucose homeos
tasis, prevention of hepatic lipid accumulation, 
reduced liver damage and fibrosis, restoration of 
damaged gut barrier functions and alleviation of 
hepatic steatosis.38 However, only limited data exist 
regarding changes in children. We found higher 
Faecalibacterium prausnitzii levels in overweight 
children than in those with MASLD and higher 
levels in MASLD than those with MASH. Our 
supervised machine-learning model could identify 
MASLD over obesity with high accuracy using 
Faecalibacterium prausnitzii as a key feature. 
Together, the reduced intestinal abundance of 
Faecalibacterium prausnitzii could serve as both 
a biomarker and a potential therapeutic target.

While we identified the abundance of Prevotella 
copri (clade A) as a discriminative feature with 
enrichment in MASH, it has also been found 
enriched in adult MASLD patients and linked to 
a higher risk of disease progression, possibly due to 
increased intestinal permeability and reduced buty
rate production.39 Genomic analysis revealed sub
stantial functional diversity, particularly in 
carbohydrate metabolism, indicating that multi- 
generational dietary changes may contribute to 
reduced prevalence in westernized populations.

Our study further yields a comprehensive analy
sis of microbial metabolic pathway-abundance. 
While differential abundance testing and machine 

learning models allow to separate MASLD and 
MASH from obesity based on gene and pathway- 
abundance, we have further studied specific meta
bolic pathways associated with MASLD and MASH 
pathophysiology. The SCFA butyrate and propano
ate were shown to be of benefit in MASLD and 
MASH as they attenuate immune response and 
thereby protect against hepatic inflammation.13,40 

Indeed, we have found reduced pathway- 
abundance for butyrate and propanoate-synthesis, 
as expressed among others in Faecalibacterium 
prausnitzii or Prevotella spp.,41,42 in MASLD and 
MASH. These results resemble known data in more 
general occurrence of MASLD.20

The gut microbiome has a critical impact on 
bile acid homeostasis as it converts primary into 
secondary bile acids which are subsequently 
incorporated in the enterohepatic circulation. 
Alterations in bile acid levels and compositions 
have been reported in both MASLD and 
MASH.13,14,18 Indeed, our enzymatic-abundance 
analysis showed increased levels of bacterial bile 
acid synthesis in both obese and MASH patients. 
This has to be further validated by systemic and 
fecal bile acid measurements in larger cohorts and 
is of particular interest as modulation of the enter
ohepatic circulation by administration of farne
soid X receptor agonists are being tested in studies 
to treat MASH.43

Interestingly, our data could not show 
a significant increase in pro-inflammatory bacterial 
stimuli, e.g., LPS or flagellar expression, as reported 
previously,4 which might be accounted to the larger 
samples size of our study. Furthermore, we could 
not find the endogenous bacterial ethanol produc
tion in the gut as was shown to be associated with 
MASLD and MASH.42 While this study was not 
based on biochemical measurements, we could not 
detect an increased expression of ethanol dehydro
genase. In this case, biochemical measurements are 
certainly the superior approach.

differ markedly from each other; *** p < 0.001. PERMANOVA test was used. (e) Area under the receiver operating characteristics curve 
(AUROC) of 97% (CI 0.95–0.99) of the XGBoost model discriminating pediatric from adult MASH patients. (f) AUROC of 96% (CI 
0.93–0.99) of the random forest model discriminating pediatric from adult MASH patients. (g) Dotted box-plot of log10-transformed 
species abundance of top ten discriminative genus-features identified by supervised machine-learning with ranked feature impor
tance of the XGBoost and random forest (RF) model, and LDA (log10) values from differential abundance analysis comparing pediatric 
(yellow) and adult (red) MASH patients.
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We have further highlighted that gut microbial 
signatures of pediatric MASH patients differ from 
adult with comparable hepatic fibrosis grade. While 
a similar reduction in the beneficial species 
Faecalibacterium prausnitzii is found in progressed 
adult MASH, we do not find concomitant enrich
ment in Veillonella species, for example in our pedia
tric cohort.24 Certainly, an important discriminator 
might be age and lifestyle. We therefore see utmost 
importance to focus on therapeutic approaches incor
porating dietary changes and probiotics as children’s 
gut microbiota maturation is heavily influenced by 
diet and lifestyle, with recent research showing adapt
ability to dietary changes until school age.44 Our data 
corroborate this demand, as the lack of certain species 
in MASLD and MASH could be compensated by 
supplementation.

Moreover, the demonstrated differences in 
pediatric and adult microbiome in MASLD 
patients are corroborated by recent, partly meta- 
analytical, studies. While the presence of 
Faecalibacterium and Roseburia genera were asso
ciated with healthy controls in a study exploring 
the potential of a variety of supervised and 
advanced unsupervised ML algorithms comparing 
adult MASLD with alcoholic-associated liver dis
ease, the microbiome patterns in diseased patients 
do not overlap with the pediatric pattern in our 
study.19 Recently, a study preprint was published 
highlighting the potential of integrating large-scale 
microbiome data with metabolite data from sepa
rate adult cohorts in combination with 
a sophisticated randomization approach, demon
strating an increase in Parabacteroides genera and 
the metabolite pregnenetriol sulfate in MASLD.45 

Interestingly, we do not observe similar relevance 
in our study, but comparable approaches are still 
lacking in pediatric cohorts.

Despite the inclusion of studies from various 
countries, the inclusion of shotgun sequencing 
data limits the number of studies. Moreover, we 
find a certain overrepresentation of Chinese and 
Hispanic ethnicities in our study cohort. As the 
composition of the gut microbiome is strongly 
influenced by dietary habits, the composition of 
our study cohort might of course impact on the 
results. By multivariable association analysis, we 
could identify several species positively associated 
with the ethnicities included in our study. 

However, none of these species are among the key 
species identified in differential abundance ana
lyses or machine-learning models applied for dis
crimination of MASLD or MASH.

Our study harbors several strengths, including 
a large sample size drawn from a multinational 
cohort, ensuring diverse representation. 
Additionally, applied sequencing techniques offer 
unparalleled resolution depth, allowing for com
prehensive analysis. Moreover, we compare our 
findings with an adult cohort, providing valuable 
insights into age-related differences.

However, our study also has limitations, pri
marily stemming from its retrospective nature. 
While we analyze existing data together with 
our local cohort, inherent biases and missing 
information may influence our conclusions. 
Specifically in this analysis, we have inherent 
bias due to the populations we have sampled 
from. Our data has a high representation in spe
cific regions across the world that add a layer of 
bias to all of our analysis. In addition, the lack of 
availability of natural cohorts of populations lim
ited our ability to generate a validation cohort for 
the machine learning models. A validation cohort 
would not just allow us to test the viability of our 
conclusions but would spark further research that 
might elucidate specific biological implications of 
our findings. Despite these limitations, our study 
contributes to the understanding of the dynamics 
of gut microbiota in pediatric MASLD and 
MASH. Here, we both solidify some known bac
teria that play a role in MASLD and MASH, as 
well as suggest new organism that might play 
a role in the future analysis. We were able to 
analyze microbiome data using machine learning 
approaches to better describe differences between 
the distinct disease states. Here, we give potential 
tools for clinicians and microbiologists to explore 
in new datasets the viability and importance of 
these microbial factors.
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