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ABSTRACT

Background Metabolic dysfunction-associated steatotic liver
disease (MASLD) is the leading cause of chronic liver disease
globally, with rising prevalence linked to metabolic syndrome
(MetS). Excessive liver fat accumulation (steatosis) worsens
disease progression and MASLD prognosis. Moreover, gut
microbiota dysbiosis might promote steatosis, accelerating the
disease progression to severe stages. Identifying gut microbiota
signatures specific to steatosis severity might improve its
diagnosis and inform personalised interventions in MASLD.
This study aimed to characterise associations between gut
microbiota composition and hepatic steatosis severity in a
cohort of patients with MASLD/MetS. Ultimately, we aimed to
assess the potential for microbiota features to enhance the
diagnosis of severe steatosis.

Methods A cross-sectional cohort of 61 patients with MetS
with extensive clinical history was recruited at different stages
of MASLD. Transient elastography was used to evaluate liver
fibrosis and steatosis severity. Participants’ faecal microbiota
were profiled using 16S rRNA gene sequencing. Statistical
analyses first identified correlations between microbiota
profiles and patients’ phenotypes, while disentangling
important confounders such as medication. Identified features
were then used to build predictive models for diagnosing
severe steatosis.

Results High steatosis severity was distinctly associated
with a higher prevalence of the inflammation-associated
Bacteroides 2 (Bact2)-enterotype, accompanied by a lower
proportion of beneficial commensals (eg, Akkermansia) and a
higher proportion of opportunistic bacteria (eg, Streptococcus).
Patients harbouring a Bact2-enterotype reached severe
steatosis at lower Fatty Liver Index (FLI) thresholds. Using
Bact2-carrier status together with FLI in a predictive model
significantly improved the classification of severe steatosis
(accuracy 90%, receiver operating characteristics 96%) when
compared with FLI alone.

Conclusion Gut microbiota composition and dysbiosis
(defined as Bact2-enterotype) are distinctly associated with
steatosis severity in MASLD/MetS. Patient stratification by
microbiota composition enhances the diagnostic classification
of severe steatosis in MASLD, suggesting a potential for
personalised interventions in patients with microbiota
dysbiosis.
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Metabolic dysfunction-associated steatotic liver disease
(MASLD) has become the most prevalent chronic liver
disorder, driven by the global rise in metabolic syndrome
(MetS). Hepatic steatosis exacerbates disease progres-
sion and worsens the prognosis of MASLD.

= Gut microbiota dysbiosis is a hallmark of MASLD and
MetS and might promote liver fat accumulation, accel-
erating the progression to severe steatosis. However,
specific microbiota signatures independently associated
with hepatic steatosis severity remain unclear.

= Identifying such signatures might improve diagnostic
performance, enabling earlier identification of patients
with severe steatosis.

WHAT THIS STUDY ADDS

= Our study identified a distinct disruption of the gut mi-
crobiota with increasing levels of steatosis, including an
increased prevalence of the infliammation-associated
enterotype (Bacteroides 2 (Bact2)-enterotype).

= Incorporating Bact2-carrier status together with estab-
lished clinical predictors (notably Fatty Liver Index) im-
proved the diagnostic classification of severe steatosis.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Our findings support the potential for gut microbiota
profiling and patient stratification by gut microbiota as a
non-invasive solution to improve the diagnosis of severe
steatosis in MASLD.

= This could enhance early detection and help
stratify patients at higher risk of severe hepatic
conditions, thus improving MASLD management.

= Future research is necessary to validate these microbial
diagnosis markers and explore causal mechanisms for

MASLD progression and prognosis in larger cohorts.

INTRODUCTION

Metabolic dysfunction-associated steatotic
liver disease (MASLD), formerly known as
non-alcoholic fatty liver disease (NAFLD),!
has become the primary contributor to
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chronic liver disease globally, approximately affecting
38% of the population.” The rapid increase in its prev-
alence is largely due to the parallel growth of metabolic
syndrome (MetS).> MASLD is often referred to as the
hepatic counterpart of MetS.* ° Metabolic disturbances
in MetS, such as increased oxidative stress, chronic
low-grade inflammation, insulin resistance and dyslipi-
daemia, contribute to excessive fat accumulation in the
liver (steatosis), accelerating disease progression and
worsening MASLD prognosis.*™”

Emerging evidence suggests that the gut microbiota
might play a role in the onset and progression of hepatic
steatosis in MASLD.*'® Dysbiosis, an imbalance in the
gut microbial composition hindering its commensal
role, is characteristic of MASLD and MetS. Patients with
MASLD/MetS often show reduced diversity and benefi-
cial commensals with an overrepresentation of opportu-
nistic bacteria.''™® These imbalances might contribute
to increased intestinal inflammation and gut permea-
bility, leading to endotoxinaemia and low-grade systemic
inflammation, which might promote steatosis and accel-
erate the progression to severe stages.

Severe steatosis increases the risk of developing
fibrosis, cirrhosis and hepatocellular carcinoma.'® There-
fore, effective management of steatosis is important for
improving patient outcomes. Incorporating gut micro-
biota profiles alongside clinical diagnostic predictors
of steatosis could enhance diagnostic performance for
severe cases, allowing earlier identification of patients
at high risk for severe steatosis and reducing the risk of
progression to more severe stages, such as fibrosis.'" '
However, specific gut microbiota signatures directly linked
to hepatic steatosis remain incompletely understood.'® *”
Steatosis covariates such as obesity, medication use and
other metabolic risk factors can impact gut microbiota
signatures and therefore hinder the study of the relation-
ship between the microbiota and steatosis.” Identifying
gut microbiota signatures specific to steatosis—indepen-
dent of confounding factors—might enhance the diag-
nosis of severe steatosis in MASLD."

In this study, we aimed to examine the relationship
between gut microbiota composition and hepatic steatosis
in the microbiota e Doenca Hepdtica Nao Alcoodlica
(microDHNA)  cross-sectional ~ cohort, comprising
patients with MetS across different stages of MASLD. We
sought to determine whether steatosis was independently
associated with distinct alterations in the gut ecosystem.
Additionally, we aimed to evaluate whether incorporating
gut microbiota profiles together with established clinical
predictors could improve the diagnostic classification of
severe steatosis.

METHODS

Study design and study participants

As previously described,'” the microDHNA cohort
recruited patients aged between 18 years and 75 years
with a diagnosis of MetS, who were followed up in the

outpatient setting of our tertiary centre. A total of 118
patients were screened between May 2021 and November
2022, and 65 patients were included in the cohort.
Sixty-one participants provided a faecal sample and were
included in the present analyses. The exclusion criterion
was inability to provide informed consent. MetS was diag-
nosed by fulfilment of at least three of the five National
Cholesterol Education Programme ATP TII criteria.'?
The recruitment process included a detailed health
questionnaire, physical examination, blood collection
for predefined biochemical analyses, hepatic transient
elastography and stool sample collection for microbiota
analysis.

Clinical definitions

In agreement with clinical guidelines, we calculated the
Fatty Liver Index (FLI) Score® as a diagnostic predictor
of hepatic steatosis, and the body mass index (BMI),
aspartate transaminase/alanine transaminase ratio, and
diabetes (BARD),?' the NAFLD Fibrosis Score (NFS)*
and the Fibrosis-4® Index (FIB-4) scores as diagnostic
predictors of hepatic fibrosis. The cut-off values FLI<30,
BARD<2, FIB-4<1.3 and NFS<-1.46 were considered low-
risk (clinically normal) A

Transient elastography

Liver stiffness (LS) and the controlled attenuation
parameter (CAP) were measured using FibroScan (Echo-
sens, Paris, France) to evaluate liver fibrosis and steatosis
severity, respectively. An investigator with extensive expe-
rience (>1000 procedures) carried out all LS and CAP
assessments using either the M or XL probe, in line with
international guidelines and the manufacturer’s instruc-
tions. The median LS value was recorded in kilopascals
(kPa). According to international guidelines, only proce-
dures with atleast 10 valid readings, a success rate (ratio of
number of successful measurements over total measure-
ments) higher than 60%, and an interquartile range
(IQR) for measurements/median ratio below 30% were
included in the analysis.”* CAP was assessed using radiof-
requency data and the region of interest used for the LS
measurements. The median CAP value was recorded in
decibels per metre (dB/m). CAP and LS determination
were evaluated simultaneously, and CAP values were only
considered whenever LS measurements were valid. We
applied commonly used cut-off values to define fibrosis
and steatosis severity: <7.0 kPa for absent fibrosis, >7.0 kPa
for the presence of liver ﬁbrosis,% <236 dB/m for absent
steatosis, =236 and <302dB/m for mild-to-moderate
steatosis, and >302dB/m for severe steatosis® (table 1).

Stool sample collection and microbiota profiling

Stool samples were collected from each participantin their
home environment. Samples were immediately stored
in their home freezer. Frozen samples were delivered to
our centre, processed and stored at —80°C until analysis.
The time between sample collection and delivery did not
exceed 24 hours. DNA was extracted from faecal samples
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Table 1 Demographics and clinical characteristics of the microDHNA cohort

Variable N Summary
Age (years) 61 63 (57-70)
Gender (male) 61 43%

BMI (kg/m?) 61 30 (27-32)
Absent steatosis (CAP <236 dB/m) 11 46.93%
Mild-to-moderate steatosis (CAP >236 dB/m and CAP <302 dB/m) 23 22.45%
Severe steatosis (CAP >302 dB/m) 15 30.61%
Waist-hip ratio 61 0.96 (0.91-1.00)
Glycated haemoglobin (A1c (%)) 60 6.9 (6.0-7.7)
High-density lipoprotein (HDL (mg/dL)) 60 49 (41-55)
Low-density lipoprotein (LDL (mg/dL)) 60 87 (64-101)
Total cholesterol (mg/dL) 60 162 (131-178)
Triglycerides (mg/dL) 60 137 (86-172)
Estimated glomerular filtrate rate (eGFR (mL/min)) 52 81 (70-98)
Albumin-creatinine (Cr) ratio 44 1(1-1)
Steatosis (dB/m) 49 276 (239-322)
Fibrosis (kPa) 49 6.4 (4.2-6.6)
Aspartate transaminase (AST(U/L)) 60 27 (19-30)
Alanine transaminase (ALT(U/L)) 60 27 (17-30)
Gamma-glutamyl transferase (GGT(U/L)) 58 46 (18-46)
Alkaline phosphatase (ALP (U/L)) 54 75 (57-84)
Fatty Liver Index (FLI) 58 68 (51-88)
BMI AST/ALT Ratio and Diabetes Score (BARD) 60 3 (3-4)
Fibrosis-4 Index (FIB-4) 58 1.4 (0.9-1.6)
Non-alcoholic Fatty Liver Disease Fibrosis Score (NFS) 49 -0.92 (-1.90--0.06)
Medication load 61 5.2 (4.0-7.0)
Diuretics 61 52%
Angiotensin receptor blocker (ARB) 61 49%

Beta blocker (BB) 61 28%

ACE inhibitor (ACEI) 61 34%
Calcium channel blocker (CCB) 61 28%
Mineralocorticoid antagonists 61 6.6%

Other antihypertensives (HTs) 61 1.6%
Sulphonylurea 61 15%
Acarbose 61 1.6%
Proprotein convertase subtilisin/kexin type nine inhibitor (PCSK9i) 61 3.3%
Clopidogrel 61 4.9%
Metformin 61 66%
Glucagon-like peptide-1 (GLP1) analogue 61 30%
Sodium-glucose co-transporter-2 inhibitor (SGLT2i) 61 31%
Dipeptidyl peptidase IV inhibitor (DPP4i) 61 16%

Insulin 61 51%

Statin 61 90%
Ezetimibe 61 15%

Fibrate 61 16%
Acetylsalicylic acid (ASA) 61 31%

Continued
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Open access

I

Table 1 Continued

Variable N Summary
Hepatotoxic medication 61 39%
Alcohol (units) 61 41%

Coffee (units) 61 1.6 (1.0-2.5)
Fruit (units) 61 2.7 (2.0-3.5)
Yoghurt (units) 61 0.52 (0-1.00)
Exercise 61 52%

N (data available); Summary (percentage (%) or median (IQR)).

BMI, body mass index; CAP, controlled attenuation parameter; microDHNA, microbiota e Doenga Hepatica Nao Alcodlica.

using the QJAamp PowerFecal Pro DNA Kit (Qiagen,
Germany) following the manufacturer’s instructions.
Following extraction, DNA concentration was quantified
using a Nanodrop One spectrophotometer (Thermo
Scientific, Waltham, Massachusetts, USA) by measuring
absorbance at 260nm. The quality of the extracted DNA
was assessed based on the 260/230 absorbance ratio and
confirmed by agarose electrophoresis. DNA samples were
sent to the Genomics Facility at Instituto Gulbenkian
Ciéncia, where the V4 region of the 16S rRNA gene was
sequenced using Illumina MiSeq technology.27

Computational methods

Metagenomic data preprocessing was performed
using DADA2 V.1.29.0,® including filtering, trimming
(filterAndTrim function with options: truncLen (130,
200), trimLeft (30, 30) and truncQ (11)), quality control,
merging of sequencing pairs and taxonomy assignment
with the Ribosomal Database Project classifier trainset
V.18,* using the default parameters except otherwise
specified. Samples were transformed using the variance
stabilising transform, as recommended for compositional
data,” " with the poscounts option as fit type, ideal for
zero-inflated data, and the local option for estimating
dispersion.

Additional microbiota features were derived from the
compositional profiles: microbiota alpha-diversity and
community types (or enterotypes). Shannon’s Diver-
sity Index was calculated using the estimate richness
function in phyloseq V.1.42.0.** Community-typing was
performed using Dirichlet multinomial mixtures (DMM)
models (dmn function in R) as described by Holmes et
al® and Devolder et al,** using the genus-level phyloge-
netic count matrix (non-rarefied sequencing data). We
combined the study cohort samples with 75 samples
from alternative data sets (31 samples from, European
Genome-phenome Archive (EGAC00001001168) and 44
samples from inhouse data sets from the same geograph-
ical region and with identical data generation handling).
The DMM method applies probabilistic models to cluster
samples with similar microbiota composition. The
method is well suited for overdispersed compositional
count data and provides biologically meaningful group-
ings. As strongly supported and consistently replicated

. . 3441
in numerous Western population cohorts, we set the

optimal number of clusters to four. The probability for
enterotype assignment was calculated for all samples,
and the four clusters were labelled (for easier interpre-
tation) after genera of predominant abundance in their
respective model composition:” Rum (Ruminococcaceae,
31.1% of samples), Prev (Prevotella; 11.5% of samples),
and Bactl and Bact2 (Bacteroides; 14.8% and 42.6% of
samples, respectively). For comparison with the current
study, reference data on the population-level enterotype
distribution (and its relation with BMI (kg/ m?)) from a
Belgian cohort (the Flemish Gut Flora Project (FGFP),
n=2345) were obtained from Vieira-Silva et al.*

Statistical analyses of the microbiota profiles were all
performed in R statistical software (The R Foundation for
Statistical Computing) using the packages vegan V.2.6-4,"
phyloseq,stats V.4.2.2,% FSA V.0.9.4" and rstatix V.0.7.2.%
Data visualisations were executed using the ggplot2V.3.4.2
R package.® All statistical tests were two-sided. Values of p
were corrected for multiple testing using the Benjamini-
Hochberg method (reported as adjP) when tests were
performed on lists (n>1) of features for each data vari-
able or data variable type and when performing multiple
pairwise group (n>2) comparisons (eg, Kruskal-Wallis test
with post hoc Dunn test). Significances were defined as
p<0.05and adjP<0.1. The Shannon Diversity Index was
considered a stand-alone feature (n=1); raw values of p
were reported. More details on specific statistical analyses
are provided below.

Microbial community variation visualisation: Micro-
biota interindividual variation was visualised by uncon-
strained ordination principal coordinates analysis (PCoA)
using Bray-Curtis dissimilarity on the genus-level compo-
sitional matrix (PCoA; ordinate function in R package
phyloseq), with overlay of metadata associated with micro-
biota variation (displayed as arrows) using a post hoc fit
on the PCoA (envfit function in R package vegan). The
R package loreplotr V.0.2.1"7 was used to visualise changes
in enterotype prevalence with continuous patient data
(steatosis severity).

Correlation between patient metadata and microbial
community variation: Constrained analysis of coordinates
(single distance-based redundancy analysis (dbRDA);
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capscale function in R package vegan; Bray-Curtis dissim-
ilarity; genus-level) was used to quantify correlations
between microbiota composition and single metadata
variables. Metadata variables with a significant association
(after correction for multiple testing by the Benjamini-
Hochberg method) were then used in a stepwise dbRDA
to obtain the best model, with maximum explanatory
power (R?) from metadata variables with non-redundant
contributions (stepwise dbRDA; ordiR2step and capscale
function in R package vegan (forward selection of vari-
ables); Bray-Curtis dissimilarity; genus-level). This analysis
included variables summarised in table 1; medications
taken by less than 10% of the cohort were excluded from
further analyses.

Correlation between specific taxa and patient data:
Taxa unclassified at the genus level or with less than 5
reads in 40% of samples were excluded from the associa-
tion analyses. Spearman rank correlations were used for
rank-order correlations between continuous variables.
Wilcoxon rank-sum tests were used to test the median
differences of continuous variables between two different
groups, and Kruskal-Wallis tests with post hoc Dunn
tests were used for more than two groups. One-sample
Wilcoxon signed-rank tests were used to test whether
median values of continuous variables were greater or
smaller than a reference value. For categorical variables,
statistical differences between patient groups were evalu-
ated using pairwise y” tests. Standardised effect sizes were
retrieved for the abovementioned tests: p for Spearman
rank correlations, Cramer’s V for X2 tests, and rank
biserial for one-sample Wilcoxon signed-rank tests and
Wilcoxon rank-sum tests (effectsize V.0.8.3 R package).*
Binary response and numerical response variables were
respectively modelled using logistic regression (Logit;
glm function in R package stats) and linear regression
(Im function in R package stats), with single or multiple
explanatory variables; numerical microbiota data were
rank transformed to reduce skewness (rank function in
the R package stats).

Prediction model building (classification of severe
steatosis): We randomly stratified the microDHNA
participants with measured steatosis severity (n=49)
into a training set (n=39) and a holdout test set (n=10)
isolated before training. The holdout test set consisted
of a randomly selected balanced (equal representation)
subset of participants with (n=5) and without (n=5)
severe steatosis and was not used in model training.
Prior to modelling, numerical microbiota data were rank
transformed to reduce skewness (rank function in the R
package stats) and all data were scaled and centred (across
the training and holdout test sets) using the package
recipes V.1.0.4" (step_scale and step_center functions).
Missing FLI data (n=2 missing) were imputed with bagged
tree models (step_impute_bag function). Bayesian logit
models (bayesglm function in the arm V.1.18-1" R
package) were trained on the training set (n=39) using
package caret V.6.0-94°', with repeated cross-validation
(twofold cross-validation and 20 repeats). Because the

training data set was imbalanced for severe steatosis status
(Yes=25.6%; No=74.3%), upsampling was performed
during model training to create a balanced data set with
both categories having the same proportion (N max=58).
Sensitivity, specificity, accuracy and the receiver operating
characteristics (ROC) curve were calculated using the
predict function from the stats package and the confu-
sion matrix function from the caret package. Finally, the
model’s generalisability was evaluated on the holdout test
set.

RESULTS

Clinical characterisation of the microDHNA cohort

We documented the anthropometric data of the
microDHNA cross-sectional cohort. The cohort recruit-
ment resulted in the inclusion of n=61 patients with
MASLD/MetS, with an average age of 63 years (range
41-76), average BMI of 30kg/m® (range 19-45) and a
balanced gender distribution (57% female, 43% male).
Patient characterisation also comprised liver function
and structural metrics, medication and lifestyle param-
eters (table 1). All participants were medicated, taking
between 2 and 10 different medications, with 59% expe-
riencing polypharmacy (5 or more medications).”® The
cohort comprised patients across different stages of
MASLD (online supplemental table SI and figure 1),
with a wide spectrum of steatosis (dB/m) progression
(min=171dB/m, max=400dB/m). Steatosis severity and
the FLI in the studied population significantly exceeded
the clinically normal thresholds of 236dB/m and 30,
respectively (one-sample Wilcoxon signed-rank test,
median=268, rank biserial=0.66, and median=71, rank
biserial=0.95, respectively, p<0.05). Liver fibrosis (kPa)
and the FIB-4 scores were within normal ranges of 7.0 kPa
and 1.3, respectively (one-sample Wilcoxon signed-rank
test, median=>5.7 kPa, rank biserial=—0.47 and median=1.2,
rank biserial=—0.054, respectively, p>0.05). However, the
BARD and the NFSs (non-invasive predictors of advanced
liver fibrosis) were higher than the clinical threshold of 2
and -1.46, respectively (one-sample Wilcoxon signed-rank
test, median=3, rank biserial=0.91 and median=-0.71,
rank biserial=0.43, respectively, p<0.05). In summary, the
clinical characterisation of the patients revealed that this
cohort was in the early stages of liver disease, as charac-
terised by severe liver steatosis, but mild to moderate liver
fibrosis (despite a clear BARD and NFS predicted risk).

Microbiota composition in the microDHNA cross-sectional
cohort is linked to hepatic steatosis severity

To identify potential associations between the gut micro-
biota, a known contributor to human metabolic health,
and liver function in MASLD, we explored which patient
parameters most correlated with gut microbiota composi-
tion in our cohort (table 1, online supplemental table S2).
Steatosis severity (continuous measure) and metformin
intake emerged as significant, independent determinants
of genus-level variation in the microbiota community
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(stepwise multivariate dbRDA, full model R2=4.34%;
steatosis R2=3.2%, adjP=0.004, metformin R2=1.14%,
adjP=0.046, N (multivariate model)=49; figure la). The
impact of metformin on the gut microbiota composition
is well documented and can be a confounder in micro-
biota studies, including medicated patients.”*”” However,
we confirmed that the association between steatosis
and microbiota variation persisted when restricting the
analysis to only metformin users (univariate dbRDA,
R2=S.54%; p=0.006, n=32). Moreover, steatosis-associated
sequelae and risk factors—such as fibrosis and high
BMI, respectively—could also potentially confound the
steatosis-microbiota associations, but in our cohort, their
correlation with microbiota composition was modest when
tested individually (univariate dbRDA R steatosis=3.2%,
BMI=1.25%, fibrosis=0%) and non-significant when
combined with steatosis (stepwise dbRDA, steatosis
severity R?=3.2%, adjP=0.006; BMI R>=0.25%, adjP=0.33;
fibrosis R?>=0.26%, adjP=0.33, n=49).

We identified four distinct enterotypes within our
cohort labelled based on some of the dominant fractions
of the clusters’ representative composition,” termed Prev,
Rum, Bactl and Bact2 and with representative composi-
tion comparable to prior literature (online supplemental
figure 2). Enterotypes have been linked to dietary prefer-
ences and to disease in Western populations,*0 3841 5860
In particular, the Bact2 enterotype has been found in
multiple diseases to have the key characteristics of dysbi-
otic microbiota, including low density of microbial cells,
low species diversity, depleted abundance of butyrate-
producing bacteria and associated microbial metabolic
pathways (eg, n-butyrate synthesis pathway), an essential
mediator of hostmicrobiota homoeostasis.”*™*' *** More-
over, Bact2 has been found to be associated with systemic
as well as gastrointestinal inflammation measured by C
reactive protein (CRP) and faecal calprotectin levels,
respectively.” * * *' We confirmed that in our cohort,
Bact2 was associated with lowered diversity (Shannon
Index) and decreased proportions of beneficial commen-
sals such as Faecalibacterium, Coprococcus, Oscillibacter, Rose-
buria, etc (Kruskal-Wallis post hoc Dunn test, adjP<0.1,
n=61, online supplemental figure 2 and table S3).
Overall, 42.6% of the faecal samples from our cohort
were classified as Bact2. This prevalence significantly
exceeded the 13.4% observed in lean participants and
the 19% observed in overweight or obese participants in
the Western population, FGFP cohort (n=2345)%" 38 (X2
test, Cramer’s V=0.17and 0.21, respectively, adjP<0.001,
figure 1b) (online supplemental table S4).

Having found that steatosis severity and metformin
intake correlated with microbiota composition (figure 1a),
we analysed their association with enterotypes (online
supplemental table S5). We observed Bact2 to be more
prevalent in patients with more severe steatosis (bino-
mial logistic regression (Logit), OR=1.01, adjP=0.077,
n=49, figure 1c). Metformin users also showed a higher
prevalence of Bact2 (Logit, OR=5.20, adjP=0.040, n=61),
as previously reported.” A similar increase in Bact2

prevalence in patients with more severe steatosis was
observed in metformin users only (figure 1c), confirming
our result was not confounded by this medication.

We next focused on identifying specific genera with
abundances linked to steatosis severity and/or metformin
use. The relative proportions of 15 genera were linked
either with steatosis severity or with metformin, without
overlap between the lists (online supplemental table
S5). These distinct patterns suggest that steatosis and
metformin intake have distinct impacts on the gut
ecosystem. On one hand, steatosis severity was notably
associated with decreased proportions of beneficial
commensals such as Akkermansia, Intestinimonas, Methano-
brevibacter and Oscillibacter and increased proportions of
the opportunistic Streptococcus (Spearman rank correla-
tion adjP<0.1, n=49, figure 1d,e). Metformin intake, on
the other hand, was associated with increased propor-
tions of the opportunistic genus Escherichia and reduced
Intestinibacter (Wilcoxon rank-sum test adjP<0.1, n=61,
figure 1d).

Enterotyping enhances the diagnostic classification of severe

hepatic steatosis in MASLD

We next aimed to evaluate whether including microbiota
profiles could enhance the diagnosis of steatosis beyond
the predictive power of established clinical parameters.
We first identified differences in microbiota features
and clinical parameters between patients with divergent
steatosis severity status. In 49 patients with measured
steatosis severity, 15 (30.6%) were classified as having
severe steatosis (CAP >302dB/m) (see online supple-
mental table S6 for their comparative characteristics).
Significant group differences in clinical parameters and
gut microbiota features were identified (online supple-
mental table S7). Participants with severe steatosis had
a higher BMI and FLI (Logit, OR>1, adjP<0.1, n=49,
figure 2a), and a different microbial composition (univar-
iate dbRDA, R2=4.O4%; p=0.001, n=49). These microbiota
differences were also reflected—in the severe steatosis
group—as a higher prevalence of the Bact2 enterotype
(73.3% vs non-severe steatosis 29.41%) (Logit, OR=6.60,
adjP=0.026, n=49, figure 2a), lower microbial diversity
(Logit, OR=0.95, p=0.016, n=49, figure 2b), reduced
proportions of Akkermansia, Alistipes, Neglecta, Inhubacter
and Sporobacter, (Logit, OR<1, adjP<0.1, n=49, figure 2c¢)
and increased proportions of Streptococcus (Logit,
OR=1.06, adjP=0.07, n=49, figure 2c).

Building on these significant associations, we trained
several predictive models to evaluate the added value
of microbiota profiling in classifying severe steatosis.
Recognising that microbiota profiling remains costly
and time-consuming in clinical settings, we aimed to
quantify whether integrating steatosis-associated micro-
bial features in a prediction model could improve diag-
nostic performance beyond the performance achieved
with well-established predictors of hepatic steatosis,
such as the FLI. Therefore, we compared the classifica-
tion performance of Bayesian Logit models trained with
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Figure 1 The gut microbiota composition in the microbiota e Doencga Hepatica Nao Alcodlica (microDHNA) n=61 cohort is
distinctly associated with steatosis severity (continuous measure, dB/m) and metformin use. (a) Visualisation of inter-individual
differences in microbiota profiles (genus level composition) using principal component analysis (PCoA). Enterotypes (Bact2,
Bact1, Rum, Prev) are represented by color. Vectors represent the post-hoc fit of the microbiota variation associated with the
significant, independent determinants of genus-level variation in the microbiota community, steatosis severity and metformin
intake (online supplemental table S2). Boxplots surrounding the PCoA represent the enterotype distribution data points along
each PCo axis. The body of the box plot represents the first and third quartiles of the distribution, the line represents the
median and the whiskers extend from the quartiles to the last data point within 1.5xinterquartile range, with outliers beyond. (b)
Enterotype distribution in the microDHNA cohort and compared with lean and overweight or obese participants in the Western
population, Flemish Gut Flora Project (FGFP) data set. The microDHNA cohort showed greater prevalence of the dysbiotic
Bact2 enterotype than lean and overweight/obese participants of the general Western population (n=2345, Chi-squared tests,
online supplemental table S4). (c) Prevalence switch of enterotypes with steatosis severity in all participants and restricted to
metformin users, showing the increase in Bact2 prevalence in patients with more severe steatosis (logistic regression (Logit),
odds ratio=1.01, adjP=0.077, n=49, online supplemental table S5). Coloured areas represent the stacked enterotype prevalence
along the steatosis gradient, with lines provided by multinomial Logit of enterotypes by steatosis severity, and data points
(light grey) jittered at the corresponding steatosis severity level. (d) Genera proportions associated with steatosis severity

and metformin intake (online supplemental table S5). Heatmap representation of the effect size of the associations (colour)
(Spearman’s rank correlation p for steatosis severity and Wilcoxon rank-sum test rank biserial for metformin). Adjustment

for multiple testing was performed using the Benjamini-Hochberg method (adjP). The asterisks represent the significance

level (adjP<0.1%). (e) Scatter plot representation highlighting genera proportions significantly correlated with steatosis severity
(Spearman rank correlation test; adjP<0.1, online supplemental table S5). Bact1, Bacteroides1; Bact2, Bacteroides2 Prev,
Prevotella; Rum, Ruminococcaceae.
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Figure 2 Performance of Fatty Liver Index (FLI) and microbiota profiling in classifying severe steatosis (=302 dB/m) among
patients with measured steatosis severity (n=49). (a, b, c) Higher FLI, positive Bact2 carrier status, lower diversity (Shannon
index), a lower proportion of beneficial commensals and a higher proportion of opportunistic bacteria were associated with
severe steatosis (online supplemental table S7). (a) Severe steatosis probability given FLI (logistic regression (Logit), FLI odds
ratio (OR)=1.08, adjP=0.042, n=47). (b) Prevalence of Bact2 in participants with and without severe steatosis (Logit, Bact2
OR=6.6, adjP=0.026, n=49). (c) Box-violin plots highlighting microbial diversity and genera proportions significantly associated
with severe steatosis (Logit, p<0.05 and adjP<0.1, respectively, n=49). Adjustment for multiple testing was performed using the
Benjamini-Hochberg method (adjP). The asterisks represent the significance level (p<0.05* for Shannon index/adjP<0.1* for
genera) (d) Bayesian Logit model performance for classifying severe steatosis in a holdout test set (online supplemental table
S8). Model training was performed with cross-validation on a random selection of 39 of 49 patients (training set). Bayesian
Logit models trained with the following variable sets: (1) FLI, (2) severe steatosis-associated genera, (3) microbiota diversity
(Shannon index), (4) dysbiosis (Bact2 carrier status) and (5-8) combinations of the variable sets. The final evaluation of the
models’ performance (sensitivity, specificity, accuracy and receiver operating characteristic curve (ROC)) is shown in the panel
and was executed on samples excluded from training (holdout test set, n=10). The holdout test set was balanced for severe
steatosis status, including five patients with and five without severe steatosis (see methods and online supplemental figure 3).
The FLI alone model performance is labelled in purple. The best-performing model (FLI+Dysbiosis), with the highest accuracy
and ROC) in the holdout test set, is labelled in orange. (e) Variable importance in the best-performing model for severe steatosis
(online supplemental table S8). The model included FLI (coefficient=1.75) and the Bact2 carrier status (coefficient=0.67). The
variable importance of scaled variables is sorted from most important (top) to least important (bottom) and indicated by number
(1 being the most important). (f) Severe steatosis probability given FLI plus Bact2 carrier status (multivariate Logit, n=47). (g)

FLI threshold for severe steatosis in Bact2 carriers (+) (n=26) and non-carriers (+) (n=21) (online supplemental table S9). Bact2
carriers reached severe steatosis at a lower FLI threshold than non-carriers (74 vs 101, respectively) (linear regression, Bact2
carriers, coefficient=1.84, p<0.001; Bact2 non-carriers, coefficient=0.96, p<0.001). Bact2, Bacteroides?2
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the following variable sets: (1) FLI, (2) Severe steatosis-
associated genera, (3) Microbiota diversity (Shannon
Index), (4) Dysbiosis (Bact2-carrier status) and (5-8)
Combinations of the variable sets. Model training was
performed with cross-validation on a random selection of
39 of the 49 patients (training set). A final evaluation of
models’ performance was executed on samples excluded
from training (holdout test set, n=10) to provide support
for model generalisation (and rule out overfitting)
(online supplemental figure 3).

The model, including FLI alone, had a high accuracy in
classifying severe steatosis (80%) and ROC (92%) in the
holdout test set. Among the microbiota features, Bact2
carrier status was the feature that had the best perfor-
mance alone with an accuracy and ROC of 80%. The best-
performing model was achieved by combining FLI and
Bact2 carrier status, reaching an accuracy of 90% and an
ROC of 96%, which corresponded to a 10% increase in
accuracy and a 4% increase in ROC, as compared with
FLI alone (online supplemental table S8, figure 2d). In
this model, FLI remained the most important predictor
(coefficient=1.75), followed by Bact2 carrier status (coef-
ficient=0.67) (online supplemental table S8, figure 2e,f).
Further analysing the relationship between FLI and severe
steatosis in patients stratified by enterotypes (Bact2/not
Bact2) revealed that Bact2 carriers reach severe steatosis
at a lower FLI threshold than non-carriers (74 vs 101,
respectively) (linear regression, Bact2 carriers, coeffi-
cient=1.84, p< 0.001, n=21; Bact2 non-carriers, coeffi-
cient=0.96, p=0.003, n=26, figure 2g, online supplemental
table S9).

DISCUSSION

Recent research has explored the role of gut microbiota
in the progression of MASLD. Patients with MASLD
often show an imbalanced gut microbiota with reduced
diversity and loss of beneficial commensals, and an
overrepresentation of opportunistic bacteria.'"™" Such
imbalances might promote liver fat accumulation and
accelerate the progression to severe steatosis.” Identifying
gut microbiota signatures specific to steatosis severity,
independent of confounding factors, is crucial for devel-
oping diagnostic predictors and possible new therapeutic
strategies for MASLD in MetS. We recruited 61 partici-
pants with MetS across different stages of MASLD, who
had minimal liver fibrosis but exhibited severe steatosis
and steatosis-related scores. Our analyses of gut micro-
biota composition associated with steatosis severity
revealed specific microbiota signatures linked to steatosis
severity, independent of medication use (particularly
metformin), and other potential confounders such as
recognised risk factors (like high BMI). This signature
was represented by decreased proportions of beneficial
commensals such as Akkermansia and higher proportions
of opportunistic bacteria such as Streptococcus, distinctly
correlated with more severe hepatic steatosis. We also
identified a novel association between steatosis severity

and the prevalence of the Bact2 enterotype, previously
described as being inflammation-associated in several
diseases,” *® * *I and notably characterised by a deple-
tion of butyrate-producing bacteria, essential for host-gut
microbiota homoeostasis.”**' *® * Having explored both
the microbiota signatures associated with steatosis severity
(continuous measure) and with severe steatosis classifica-
tion (patient classification on the clinical threshold of
CAP >302dB/m), we confirmed that the above-described
signature also reflected the transition to severe steatosis.

We additionally explored how other patient clinical
parameters were associated with microbiota composition.
We could not find significant associations between micro-
biota composition and liver fibrosis in our cohort; this is
likely due to limited variation in fibrosis severity among
our recruited patients. Our observations do suggest that
more severe steatosis is associated with a higher preva-
lence of dysbiosis (as defined by the Bact2 enterotype),
before the progression of fibrosis. Regarding medication,
our results support previous findings linking higher Esche-
richia abundance and lower Intestinibacter abundance with
metformin use®* ™" as part of a potential side effect on
microbiota composition. Indeed, a clinical trial identified
similar microbiota alterations after metformin admin-
istration in treatment-naive men without diabetes, thus
disentangling the side effect from the therapeutic indica-
tion.”® These microbiota alterations might contribute to
the well-known gastrointestinal side effects of metformin,
which is the main reason for treatment interruption.” !

By building and comparing predictive models of severe
steatosis, we provided supporting evidence that inte-
grating microbiota features, particularly the Bact2 carrier
status, together with FLI, improved the classification of
severe steatosis. These results, as well as the fact that Bact2
carriers reached severe steatosis at a lower FLI threshold
than non-carriers, suggest that gut microbiota dysbiosis
might be a potential contributing risk factor for accel-
erated steatosis progression. The effective management
of steatosis is essential for reducing the risk of MASLD
progression in patients with MetS. Severe steatosis can
lead to inflammation and subsequent fibrosis as a result of
tissue repair. While microbial signatures in MASLD have
been proposed previously as tools to differentiate between
early and advanced stages of liver disease progression,'' ™
our results suggest that the microbiota could also facil-
itate differentiating between stages of liver steatosis in
MASLD. While host metabolic and liver dysfunction, as
reflected by the FLI, remained the strongest predictor
of severe steatosis, incorporating gut microbiota profiles
into clinical diagnostic predictors might offer additional
clinical value, allowing for earlier diagnosis and closer
management of patients with severe steatosis to prevent
further complications such as fibrosis development.

In these predictive models, we also found that Bact2
carrier status classified severe steatosis better than micro-
bial diversity or individual genera proportions. This
is likely because community-typing captures dysbiosis
while allowing for some variance in the composition and

Borges-Canha M, et al. eGastroenterology 2025;3:6100204. doi:10.1136/egastro-2025-100204 9

'salbojouyoal Jejiwis pue ‘Buluresy |y ‘Buiuiw elep pue 1xa) 01 parejal sasn 1o} Buipnjour ‘ybLAdod Ag pajoslold
1sanb Ag Gzogz 1aquiadaq 8T uo wod lwqg-Abojosaiusonseha)/:sdny woly papeojumoq "GZ0g 1snbny g uo ¥0200T-5202-0415eb8/9¢TT 0T Se paysiignd sy :ABojoI81u80.1SEHD


https://dx.doi.org/10.1136/egastro-2025-100204
https://dx.doi.org/10.1136/egastro-2025-100204
https://dx.doi.org/10.1136/egastro-2025-100204
https://dx.doi.org/10.1136/egastro-2025-100204
https://dx.doi.org/10.1136/egastro-2025-100204

might reflect a loss of function of the symbiotic micro-
biota. Indeed, the Bact2 enterotype has been shown to
have limited functional capacity for butyrate produc-
tion,™ a key metabolite in the maintenance of immune
tolerance and gut barrier integrity.”* In vitro studies of
faecal water from Bact2 carriers further revealed dimin-
ished levels of short-chain and medium-chain fatty acids
and furan compounds, elevated bile acid concentrations
and compromised epithelial barrier function.”® More-
over, the Bact2 enterotype shows increased abundance
of the genes involved in imidazole propionate biosyn-
thesis, which might impair glucose metabolism and
. . . 59 .

impact host inflammation.”™ These functional charac-
teristics align with the Bact2 enterotype being associated
with systemic as well as gastrointestinal inflammation,
estimated, respectively, by CRP and faecal calprotectin
levels.”* * *# While the current analysis, based on 16S
rRNA gene sequencing, precludes microbial metabolism
analysis, we did observe a depletion of butyrate producers.
Future studies, including an assessment of metabolism
through a multiomics approach, would be necessary to
pinpoint microbiota-host metabolic interactions asso-
ciated with MASLD, in particular, steatosis progression
under different gut microbiota modulations.

STUDY LIMITATIONS

While our findings align with current evidence in micro-
biota disruptions associated with metabolic disorders, our
cohort is of limited size and the generalisability of our
results should therefore be confirmed with future experi-
ments. Larger, multicentric cross-sectional cohorts would
shed light on how much the Bact2 enterotype, other
microbiota features or patient-specific factors might help
as predictors of MASLD progression. A broader disease
spectrum, inclusion of treatmentnaive patients, and
diverse representation of clinical and lifestyle risk factors
to MASLD would allow building more refined predictive
models of disease stages.

CONCLUSION

In conclusion, our results show that a significant disrup-
tion in the gut microbiota is distinctly linked to steatosis
severity. Incorporating gut microbiota profiles alongside
well-established predictors for severe steatosis enhanced
the diagnostic classification of severe steatosis, which
could allow earlier identification of patients at high risk
of developing fibrosis, cirrhosis and hepatocellular carci-
noma.'® Our results also suggested that dysbiosis could be
contributing to steatosis progression, which might open
new avenues for personalised interventions in patients
with disrupted microbiota composition. Further studies—
in larger cohorts with participants representing a broader
range of liver disease, and more extensive phenotyping
through multiomics data generation—are needed to
validate and expand on our findings and deepen our

understanding of host-microbiota interactions in this
complex disease.
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