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Abstract

Background Prolonged fasting may improve metabolic health, but controlled data in healthy adults with longer
follow-up and multi-omics profiling are limited. We investigated the immediate and 12-week follow-up effects of a
5-day fasting intervention on body composition, gut microbiome, and circulating and fecal metabolites, and assessed
whether baseline characteristics predict individual weight-loss response.

Methods In a randomized, waitlist-controlled trial, 38 healthy adults completed a 5-day fasting intervention with
12-week follow-up (LEANER study). Outcomes included body mass index and body composition, gut microbiome
composition, and plasma and fecal metabolites. Changes over time and between groups were evaluated using
regression-based models and paired non-parametric tests, as appropriate. Additionally, permutation-based
multivariate testing was performed on microbiome and metabolome data. Twelve-week body weight response
was predicted using data-driven machine learning with cross-validation, followed by external validation in three
independent cohorts undergoing prolonged fasting protocols.

Results Fasting reduced body mass index acutely, predominantly driven by loss of fat mass, and these improvements
partially persisted at 12 weeks. Fasting induced marked shifts in gut microbiome composition and in plasma and fecal
metabolites. Post-fasting and longer-term changes in microbial diversity were associated with baseline microbiome
diversity. A model combining baseline microbiome and clinical variables predicted body mass index response at 12
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weeks; prominent predictors included an unclassified Faecalibacterium species, Oscillibacter sp. 50_27, low-density
lipoprotein cholesterol, and systolic blood pressure. The model generalized to three independent cohorts, including
individuals with metabolic syndrome, patients with multiple sclerosis exposed to repeated fasting, and healthy

volunteers fasting for 6-12 days.

Conclusions In healthy adults, a 5-day prolonged fasting intervention produces robust short-term metabolic
changes with partial persistence and consistent remodeling of the gut microbiome and metabolite profiles.
Baseline microbiome and clinical characteristics can help stratify expected longer-term responses, supporting the

development of individualized fasting-based interventions.

Trial registration ClinicalTrials.gov, NCT04452916. Prospectively registered on June 29, 2020.

Keywords Fasting, Gut microbiome, Weight loss, Machine learning, Personalized nutrition, Precision medicine, Multi-

omics, Prevention, Metabolic health

Background

Fasting interventions have gained renewed attention for
their potential to modulate metabolism, reshape the gut
microbiome, and promote healthy aging [1]. While fast-
ing protocols vary widely from time-restricted eating to
fasting-mimicking diets [2], and prolonged food absti-
nence lasting up to several weeks (up to 26 days) [3], the
underlying principle is consistent: transient caloric depri-
vation triggers coordinated physiological responses that
may confer long-term health benefits [4].

Continuous energy restriction remains the most estab-
lished dietary strategy for weight loss, whereas intermit-
tent fasting encompasses distinct approaches, including
time-restricted eating, alternate-day fasting, and whole-
day fasting [4]. Randomized studies indicate that these
interventions can reduce body weight and improve
selected cardiometabolic risk factors, although intermit-
tent fasting regimens have not consistently demonstrated
greater efficacy than continuous energy restriction [5, 6].
By contrast, prolonged fasting over several consecutive
days remains less well characterized in randomized con-
trolled studies, particularly in healthy adults with longi-
tudinal follow-up and integrated molecular phenotyping.

Evidence from patient populations, including those
with metabolic syndrome [7], autoimmune diseases [8,
9], and cancer [10], suggests that fasting can influence
key regulatory pathways such as autophagy, insulin sen-
sitivity, and oxidative stress [1]. In individuals with meta-
bolic syndrome, we previously demonstrated that a 5-day
fast atop a DASH (Dietary Approaches to Stop Hyper-
tension) diet induced profound and coordinated changes
in gut microbiome composition and immune cell states
most of which were reversed at 12 weeks follow-up [7].
Using immune cell population or microbiome profiles,
we developed models that predicted sustained antihy-
pertensive effects, supporting the concept of data-driven
stratification [5].

Metabolic effects of weight loss interventions such
as fasting may be assessed by determination of resting
energy expenditure (REE). REE is defined as the energy

required to sustain vital physiological functions while
at rest and without any external activity or food intake
[11]. It accounts for approximately 60—75% of total daily
energy expenditure and is the most significant contribu-
tor to overall metabolism [11]. The value is influenced by
factors including age, sex, genetics, and body composi-
tion, with lean muscle mass being a dominant determi-
nant [12]. Changes in REE are central to understanding
metabolic adaptations and the effects of interventions,
whether nutritional, pharmacological, or involving life-
style changes. Reliable measurement is typically achieved
through indirect calorimetry, considered the gold stan-
dard [13, 14]. Changes in REE may reflect body responses
to interventions and contribute to understanding indi-
vidual variability in weight management and energy
requirements.

In parallel, gut microbiome profiling has emerged as a
powerful tool for personalized medicine [15]. Microbial
signatures have been linked to energy metabolism [16],
weight regulation [17, 18], and immune modulation [19,
20]. Personalized dietary approaches that account for
microbiome composition have demonstrated superior
outcomes in metabolic control [8]. Emerging applications
extend to autoimmune, neuropsychiatric, and oncologic
indications, underscoring the potential of microbiome-
informed strategies in precision medicine [15, 21].

Despite these advances, the long-term effects of pro-
longed fasting in healthy individuals remain poorly char-
acterized. Most existing studies rely on non-randomized
designs, lack adequate control groups, or fail to include
follow-up assessments. Furthermore, many interventions
are performed in multimodal clinical settings involving
exercise, psychological support, and dietary coaching [7],
making it difficult to isolate the effect of fasting alone.

Here, we present a randomized, waitlist-controlled
study investigating the effects of a 5-day prolonged fast-
ing intervention in healthy adults, with follow-up assess-
ments at 12 weeks. We integrated clinical, microbiome,
and metabolome profiling to characterize the immedi-
ate and 12-week follow-up physiological responses to
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Fig. 1 Physiological effects of prolonged fasting in healthy individuals. a) Schematic overview of the randomized waitlist-controlled trial. A total of 38
healthy participants were recruited. The first 19 participants immediately underwent prolonged fasting, while the remaining 19 served as a waitlist control
group. After the initial intervention period, the waitlist group also underwent the same prolonged fasting protocol, resulting in a complete dataset of
38 participants undergoing prolonged fasting. The fasting intervention consisted of a 5-day period with 250 kcal/day, preceded and followed by base-
line and follow-up visits at days 0, 5, and 90. Stool, blood, and clinical data were collected at each visit. The waitlist group was assessed at an additional
baseline (day—90) to control for temporal fluctuations. b) Glucose time series measured by continuous intradermal monitoring starting one day prior
to fasting (pink) or at baseline for the waiting list control (grey). ¢) Quantification of absolute changes in mmol/L of mean daytime (6am to 10pm) (top)
and night (10pm to 6am) glucose levels (bottom), with changes compared to the individual baseline (day 1). Paired t-test with Benjamini-Hochberg false
discovery rate correction (BH-FDR), *q<0.1, **q < 0.01, ***q < 0.001. d) Resting energy expenditure (REE), e) respiratory exchange ratio (RER), f) body mass
index (BMI), and g) body fat percentage at the different study visits. Each point represents one participant, lines connect individuals, boxplot (middle) for
all participants, violins (right side) and dots coloured by sex. P-values are from Wilcoxon signed-rank tests and were corrected using the Holm method

prolonged fasting. Using machine learning (ML), we
show that sustained weight loss can be predicted from
baseline microbiome and clinical features. Results were
validated in one independent healthy cohort and cohorts
with metabolic syndrome and multiple sclerosis. Our
findings offer mechanistic insight into fasting responses
and support the potential of microbiome-informed strat-
egies for personalized lifestyle interventions.

Methods

Study design

We performed a randomized, waitlist-controlled study
(LEANER study, ClinicalTrials.gov; NCT04452916, sub-
mitted 29.06.20290) carried out at the Experimental and
Clinical Research Center of Charité — Universitidtsmed-
izin in Berlin, from 02 November 2020 (enrolment of the
first patient) to 14 December 2022 (primary completion
date). The study protocol (Additional file 1) was approved
by the institutional review board of Charité — Univer-
sitdtsmedizin Berlin (EA1/033/20) and all participants
provided written informed consent before entering
the study. We collected and managed study data using
REDCap electronic data capture tools hosted at Charité
— Universitidtsmedizin Berlin [22, 23]. This study was
exploratory, and we did not calculate a pre-determined
sample size. Instead, the size of the recruited cohort was
determined based on methodological and feasibility con-
siderations. Flow diagram of recruitment and enrollment
of patients according to Consort 2025 guidelines [24] is
shown in Additional file 2: Figure S1. A general overview
of the study is provided in Fig. 1a.

Eligibility criteria

We included individuals aged 20-50 years who were
assigned male or female at birth and identified as men
and women, respectively; with a body mass index
between 20 and 30 kg/m? Exclusion criteria were heart,
lung, liver, and kidney diseases requiring medical inter-
vention, prescribed medication (except oral contracep-
tives), postoperative phases, current or chronic infection,
antibiotic treatment or a fasting week within the last
6 months, habitual use of dietary supplements, food
intolerances, > 2 kg body weight change within the last

month, pregnancy, lactation, vegan diet, smoking, drug,
or alcohol abuse.

Intervention

Participants received oral and written instructions on
the method of prolonged fasting. Expert guidance was
provided by experienced nutritionists and certified fast-
ing counselors in a group setting with 5-10 participants
per group. After sufficient instruction, the fasting was
performed individually at home, with the possibility
of reaching out to the counselor at any time or to con-
nect with other group members (if patients gave consent
to share this information). Participants were encour-
aged but not required to take time off during this week.
Fasting was preceded by one preparation day, on which
participants consumed a low-calorie, fiber-rich diet, e.g.
fruits, vegetables, potatoes, rice, and oats.

During the five fasting days, participants were allowed
to consume 200-250 kcal/d through vegetable juices and
vegetable broths. Herbal teas and water could be con-
sumed ad libitum. At the morning of fasting day 6, we
performed the study visit and patients were instructed
for the refeeding phase. A detailed fasting plan including
refeeding recommendation is provided as Additional file
2: Supplementary Table S1.

Randomization

We assigned participants randomly according to a locked
list created by www.randomizer.at (two treatments: wait-
ing, fasting; 1 factor: self-reported sex; permuted blocks;
block sizes 4, 2, 6, 4). Due to the nature of the interven-
tion and the wait-list design, blinding was not possible.

Outcome measures

We established all outcome measures in advance and did
not adapt them during or after the study. The primary
outcome measure was resting energy expenditure (REE
in kcal/d) after 5 days of fasting vs. baseline 1 assessed by
indirect calorimetry. The primary outcome was analyzed
immediately after study completion and the primary
endpoint was met. Subsequently, secondary outcomes
were analyzed. Secondary outcomes were body compo-
sition, cardiovascular parameters, various routine blood
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parameters, glucose variability, gut metagenome, fecal,
and plasma metabolome. In addition, we assessed com-
pliance and safety of fasting. Key secondary analyses
include multivariate and univariate analysis of each space
as well as subsequent predictive machine-learning based
analysis.

Study center assessments

The waiting group underwent assessments four times,
the fasting group three times. The fasting group had one
baseline visit (baseline 1) and started the intervention
within two to eleven days afterwards, the waiting group
had two baseline visits with a 12-week waiting period in
between (baseline 0 and baseline 1) and also started the
intervention within a maximum of 11 days after base-
line 1. These two baselines allowed detection of random
time effects on the assessed outcome measures. For both
groups, the next visit was on the morning of the sixth
fasting day directly before breaking the fast (fasting). To
assess medium-term effects of fasting, there was another
visit after 12 weeks (follow-up). Except for the additional
baseline 0 in the waiting group, all assessments were
identical between the groups. All examinations described
hereafter were performed at all study visits.

Assessments commenced in the morning following a
12-hour overnight fast. Participants were instructed to
abstain from caffeine, alcohol, and vigorous exercise for
24 h prior to the assessments.

Venous blood was drawn and sent to an accredited lab-
oratory (Labor Berlin, Berlin, Germany) that measured
parameters of glucose and lipid metabolism, blood count,
electrolytes, liver enzymes, uric acid, CRP, and renal
function according to international standards.

We measured waist and hip circumference to calcu-
late waist-to-hip ratio and determined body composition
(lean and fat mass) by air displacement plethysmography
(Bod Pod, Life Measurements, Inc., Concord, CA).

Indirect calorimetry was conducted following a 30 min
resting period while in a supine position within a ther-
moneutral environment for a duration of 30 min (Quark
RMR, COSMED, Italy). REE and respiratory exchange
ratio (RER) were calculated from oxygen consumption
and carbon dioxide production as described elsewhere
[25].

Office blood pressure and heart rate were determined
by five automated measurements within 10 min with an
upper arm cuff (Mobil-o-Graph, L.LE.M. GmbH, Stolberg,
Germany) in the absence of study personnel.

Independent cohorts

To assess the transferability of the BMI-response classi-
fier, we re-analyzed clinical and shotgun metagenomic
data from three previously published prolonged-fasting
cohorts [7, 26, 27]. The Maifeld cohort comprised 34

Page 5 of 23

participants with metabolic syndrome who underwent
either a 5-day prolonged fasting intervention followed
by a DASH diet or a DASH diet alone (ClinicalTrials.gov:
NCT02099968), with follow-up after 12 weeks [7]. The
Bahr cohort comprised 22 patients with multiple sclero-
sis who underwent two 7-day prolonged fasting periods
interspersed with intermittent fasting (ClinicalTrials.
gov: NCT03508414), with assessments performed nine
months apart [26]. The Ducarmon dataset comprised
healthy participants from the GENESIS (ClinicalTrials.
gov: NCT05449249) and OralFast (ClinicalTrials.gov:
NCT05031598) studies who underwent 6-12 days of
prolonged fasting [27]. For the present analysis, clinical
and metagenomic data from 47 participants from these
two subcohorts were used, with outcome assessment
after approximately 4 months in GENESIS and 3 months
in OralFast. Detailed recruitment procedures, eligibility
criteria, sample collection protocols, and original study
procedures for all external cohorts have been described
in the respective primary publications [7, 26, 27].

For the present study, sequencing data from all external
cohorts were reprocessed using the same microbiome-
processing pipeline as applied to the LEANER cohort, as
described below. The trained LEANER classifier was sub-
sequently applied without retraining to the Maifeld, Bahr,
and Ducarmon datasets to assess its transferability across
independent fasting cohorts. Cohort-specific responder
definitions were based on the available control or follow-
up structure of the respective studies. Model discrimina-
tion and calibration were assessed where permitted by
the respective study design and available outcome infor-
mation; post-hoc calibration analyses were performed
for the Maifeld and Ducarmon cohorts. Cohort-specific
exclusions resulting from microbiome sequencing-depth
requirements are detailed in the Microbiome data pro-
cessing subsection below.

Fecal samples

At each study visit, participants received two stool collec-
tion kits and were asked to collect two samples from one
stool at home as soon as possible following the study visit.
One sample was used for gut metagenome sequencing
(OMNIgene Gut, DNA Genotek, Ottawa, Canada) and
the other for metabolome analysis (OMNImet Gut, DNA
Genotek, Ottawa, Canada). These kits allow shipment
without cooling to the study center. Participants sent the
tubes to the study center at room temperature, where
they were stored at — 80 °C until further processing.

Glucose sensors

We assessed glucose variability by continuous glucose
monitoring over 14 days. For this, participants wore a
glucose sensor that measured interstitial glucose concen-
trations in the subcutaneous tissue of the dorsal upper
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arm every 15 min (FreeStyle Libre Pro, Abbott, Chicago,
IL, USA). In contrast to the use of these sensors in dia-
betic patients, participants in this study could not see
their values during the measurement. Baseline assess-
ment was done only in the waiting group directly follow-
ing baseline visit 0. Additionally, fasting assessment was
done in all participants during preparation, fasting, and
refeeding.

Ketone and glucose measurements

On the five fasting days, participants independently mea-
sured their blood concentration of beta-hydroxybutyrate
(BHB) and glucose twice daily using a handheld glucom-
eter (Freestyle Precision Neo, Abbott, Chicago, IL, USA),
and recorded their values in a provided protocol. In addi-
tion, values were stored on the device and read out later
in the study center, providing an objective measure of
compliance.

Fecal metagenomic sequencing

DNA isolation

DNA was isolated using ZymoBIOMICS DNA Miniprep
Kit (ZymoReseach Europe GmbH, Freiburg, Germany).
In short, an aliquot of 250 pL of stool sample from the
OMNIgene Gut tube was added to a ZR BashingBead
Lysis Tube. The following extraction was done according
to the manufacturer’s instructions. DNA was eluted in
100 pL RNase/DNase-free water and collected in a 1.5-
mL Eppendorf tube. Total DNA concentration was mea-
sured using NanoDrop ND-1000 (Peqlab Biotechnologie
GmbH, Erlangen, Germany). Isolated DNA was stored at
-80 °C [28].

Shotgun metagenomics

Isolated DNA was shipped on dry ice to Novogene (Cam-
bridge, UK) for shotgun metagenomic DNA sequencing.
In short, DNA was fragmented and subsequently under-
went end repair and phosphorylation. After A-tailing,
adapter ligation was performed. Then 150 bp paired-end
sequencing was performed on the Illumina Novaseq 6000
platform with an aimed data collection of 6Gb raw data.

Microbiome data processing

Sequencing reads were mapped to the mOTUv2 (version
2.6) database, and read counts were subsequently rarefied
using the RTK R package (version 0.2.6.1) to standardize
sequencing depth across samples. Rarefaction involves
randomly subsampling reads to match the sample with
the lowest read depth, thereby mitigating biases intro-
duced by variable sequencing depth and enabling reliable
comparisons across cohorts. For the LEANER (healthy)
cohort, a cutoff of 3,859 reads was applied, resulting in
the exclusion of one sample due to insufficient sequenc-
ing depth. The same threshold was used for the Maifeld
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cohort [7], where one sample was also excluded. In the
Bahr dataset [26], applying the same rarefaction crite-
ria led to the exclusion of one sample. In the Ducarmon
dataset [27], applying the consistent rarefaction criteria
resulted in the exclusion of 9 baseline samples (7 from
GENESIS and 2 from OralFast trial). This consistent
approach enabled reliable comparisons across cohorts
and increased the robustness of downstream analyses.

Metagenome assembly

To recover representative genomes of the dominant
Oscillibacter and Faecalibacterium lineages, shotgun
metagenomic reads from the selected samples were
pooled prior to assembly. Because the combined paired-
end dataset exceeded the memory available for a single
assembly (> 280 GB compressed FASTQ), reads were par-
titioned into nine paired subsets using BBTools reformat.
sh v39.19, while preserving read pairing. Each partition
contained approximately 50 million paired reads and
was assembled independently using MEGAHIT v1.2.9).
Contigs generated from all partitions were subsequently
merged into a single assembly for downstream analyses.

Genome binning

Merged contigs were grouped into metagenome-assem-
bled genomes (MAGs) using MetaBAT?2. Contig coverage
was estimated by mapping the original reads back to the
assembled contigs. Genome completeness and contami-
nation were evaluated using CheckM. Candidate MAGs
were ranked according to estimated completeness and
contamination, and the highest-quality bins correspond-
ing to the target taxa were selected for downstream
analyses. Taxonomic classification of all MAGs was
performed using GTDB-Tk v2.4.0 with GTDB release
R220. Selected MAGs were annotated using Prokka.
Metabolic reconstruction was performed using DRAM.
DRAM assigns KEGG Orthology identifiers, metabolic
modules and pathway annotations from predicted pro-
tein sequences. Presence or absence of genes involved
in butyrate biosynthesis, tryptophan/indole metabolism
and other pathways of interest was determined from the
DRAM annotation outputs. Gene presence in each MAG
was summarized manually and visualized as a presence/
absence matrix.

Plasma metabolomics

Collection of plasma

Venous blood was collected in Vacutainer® EDTA tubes
(BD, Heidelberg, Germany) and immediately put on
crushed ice for 30 min and then centrifuged (3,000 x g,
4.°C, 10 min). Plasma was collected and stored at — 80 °C.
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Preparation of plasma for nuclear magnetic resonance
spectroscopy (NMR)

Plasma samples were prepared with a robotic system
(SamplePro Tube, Bruker BioSpin GmbH, Ettlingen, Ger-
many) by mixing 287 uL plasma with 287 pL IVDr buffer
(Bruker BioSpin GmbH, Ettlingen, Germany) and adding
10 pL formic acid (240 mM) as internal standard.

NMR measurement of plasma

All NMR experiments were performed on a 600 MHz
Bruker Avance III spectrometer, using a triple reso-
nance (*H, 3C, °N, ?H lock) helium cooled cryoprobe
with z-gradient. Samples were handled by an auto-
matic Bruker SampleJet sample changer (Bruker Biospin
GmbH, Ettlingen, Germany). Tuning and matching of
the probe as well as locking and shimming of the sam-
ple were performed automatically. Following the Bruker
IVDr protocol for plasma measurements for each sample,
four different types of 'H NMR spectra were acquired
at 310 K (1D NOESY, 2D JRES, 1D CPMG, and 1D spin
echo diffusion spectrum).

Data analysis of plasma NMR spectra

From the collected spectra of each specimen, 41 smaller,
non-lipoprotein metabolites were automatically identi-
fied and quantified using the Bruker IVDr Quantification
in Plasma/Serum B.I.Quant-PSTM platform. Of note,
only metabolites levels not bound to proteins were deter-
mined. Additionally, 112 lipoprotein parameters includ-
ing various lipoprotein fractions, classes and subfractions
were identified and quantified using the Bruker IVDr
Lipoprotein Subclass Analysis B.L.LISATM platform.

Stool metabolomics

Drying of stool samples

Fecal samples from OMNImet Gut tubes were processed
for metabolomics. Fecal samples (1 mL) were dissociated
two times after adding 2.5 mL 70% isopropanol using C
tubes with the gentleMACS OctoDissociator (Miltenyi
Biotec, Bergisch Gladbach, Germany). Aliquots of dis-
sociated samples were covered with perforated Parafilm
and dried overnight in a vacuum concentrator (Concen-
trator 5301, Eppendorf, Hamburg, Germany). Dried sam-
ples were stored at — 80 °C.

Preparation of stool for NMR

Dried stool samples were resuspended in 600 uL (<10 mg
dry weight), 800 pL (10-40 mg dry weight) or 1,000 uL
(>40 mg dry weight) of double distilled water and 10 pL
of an extraction standard (Nicotinic acid at 80 mmol/L)
were added. Samples were centrifuged three times (12
000 x g, 4 °C, 10 min) and supernatants were transferred
into a fresh vial after each centrifugation to remove par-
ticles. Of the final supernatant, 400 uL were mixed with
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200 pL of 0.1 mol/L phosphate buffer (pH 7.4) and 50 pL
of a 0.75% (w/v) solution of 3-trimethylsilyl-2,2,3,3-tet-
radeuteropropionate (TSP; Sigma-Aldrich, Taufkirchen,
Germany), which served as an internal standard, in deu-
terium oxide.

NMR measurements of stool

NMR experiments were conducted on the same NMR
spectrometer as described for the plasma analyses. Before
measurement, each sample was allowed to equilibrate for
300 s in the magnet, and the probe was automatically
locked, tuned, matched, and shimmed. One-dimensional
'"H NMR spectra were obtained at 298 K using a nuclear
Overhauser enhancement spectroscopy pulse sequence
with solvent signal suppression by pre-saturation during
relaxation and mixing time. For each spectrum, 512 scans
were collected into 65,536 data points over a 20-ppm
(parts/million) spectral width using a relaxation delay of
4 s, an acquisition time of 2.66 s, and a mixing time of
0.01 s. Spectra were automatically Fourier transformed
and phase and baseline corrected.

Data analysis of stool NMR spectra

In each spectrum, a set of 41 metabolites were semi-
automatically identified and relative to the TSP reference
signal quantified using the CHENOMX 9.02 (Chenomx
Inc, Edmonton, Canada) software suite. To account for
potential losses during sample preparation, resulting data
was adjusted to the extraction standard and normalized
to dry weight.

Predictive modelling of BMI response

To predict sustained BMI response to prolonged fast-
ing, we used a random forest classifier implemented in
the caret package (R 7.0.1). The outcome variable was
responder status (responder vs. non-responder) defined
by a BMI reduction exceeding the mean plus two stan-
dard deviations of the waiting list control group. Given
the class imbalance (38% responders and 62% non-
responders), stratified Monte-Carlo resampling was used
to preserve the class proportions in each training and
test split. Predictor variables included either (i) the full
set of 87 microbiome and clinical features (Supplemen-
tary Data 6) or (ii) a predefined sparse model with four
predictors: Oscillibacter sp. 57_20, Faecalibacterium sp.
incertae sedis, systolic blood pressure, and LDL choles-
terol. Given the limited sample size, we used 100 strati-
fied 80/20 Monte-Carlo resamples with inner 5-fold
cross-validation for hyperparameter tuning, using the
area under the ROC curve (AUC) as the optimization
metric. The best-performing model from each resample
was evaluated on its holdout 20% test partition, provid-
ing a distribution of performance estimates rather than a
single value.
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Model performance was assessed by AUC, accuracy,
sensitivity, specificity, balanced accuracy, F1 score, Mat-
thews correlation coefficient (MCC), and average preci-
sion (area under the precision-recall curve). We report
both mean+SD and median [IQR] across resamples to
capture variability. Feature importance was obtained via
permutation importance, and stability summarized as
mean importance+SD and rank distribution. Feature-
stability analysis showed Oscillibacter sp. 57_20 and
Faecalibacterium sp. incertae sedis consistently ranked
highest, systolic BP contributed modestly, and LDL
showed low and variable importance. LDL was retained
in the predefined four-feature model to avoid post-hoc
selection, while a three-feature variant performed com-
parably (Supplementary Table S3).

To assess potential confounding and the added predic-
tive value of microbiome data, we trained two additional
models using the same resampling procedure: (i) a clin-
ical-only model (age, sex, baseline BMI, blood pressure,
lipid parameters), and (ii) a combined model incorporat-
ing microbiome predictors.

Calibration

To evaluate the reliability of predicted probabilities, we
applied post-hoc calibration using Platt scaling (logistic
correction of the logit scores) and isotonic regression
(monotone, non-parametric mapping) in the Maifeld and
Ducarmon cohort. The original model was not retrained.
Instead, we performed 100 stratified 80/20 Monte-Carlo
resamples, ensuring that both outcome classes were pres-
ent in each training and test set. For every resample,
the calibration models were fit on the training fold only
and then applied to the hold-out test fold. We compared
three variants of prediction: the raw model (no calibra-
tion), Platt-scaled, and isotonic-scaled probabilities.

On each test fold, we calculated AUC, accuracy, sensi-
tivity, specificity, balanced accuracy, F1 score, Matthews
correlation coefficient (MCC), and the Brier score (mean
squared error of predicted probabilities). Predictions
were dichotomized at a 0.5 threshold to form confusion
matrices, summarized as mean+SD of the test propor-
tion. Calibration was further assessed using Calibration-
in-the-Large (CITL) and Calibration Slope in the test
fold. All performance measures were summarized as
mean * SD across the 100 repeats.

Statistical analysis

Descriptive statistics for interval variables are presented
as mean +standard deviation or median with interquar-
tile range (IQR). For comparisons of delta BMI between
responders and non-responders, normality of variable
distributions was assessed by visual check of histograms
and qq-plots. Mann-Whitney U-test or t-test was used
as appropriate. For all other data, comparisons between
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independent groups were performed using the Mann-
Whitney U test, and paired samples were compared using
the Wilcoxon signed-rank test. Where applicable, p-val-
ues were adjusted for multiple comparisons using either
the Holm method (for family-wise error control) or the
Benjamini-Hochberg (BH) procedure (for false discovery
rate control), depending on the analytical objective.

Permutational Multivariate Analysis of Variance (PER-
MANOVA) was used to test for multivariate composi-
tional differences between groups and visits.

To evaluate the relationship between bacterial abun-
dance and metabolite concentrations while accounting
for visit timepoint, we performed permutation-based
conditional independence tests. Specifically, for each
metabolite, its association with Oscillibacter sp. 57_20
and Faecalibacterium sp. incertae sedis was tested while
conditioning on the visit variable, using the R package
coin (version 1.4.3) with 10,000 permutations. Resulting
p-values were corrected for multiple testing using the
Benjamini-Hochberg false discovery rate (FDR) method.

Statistical significance was defined as p <0.05 or q<0.1,
where applicable.

Results
Prolonged fasting affects energy expenditure and weight
loss at the 12-week follow-up
Thirty-eight healthy participants were recruited for a
5-day prolonged fasting intervention (Fig. 1la). As fast-
ing interventions cannot be blinded, we decided to use a
waiting list control to account for physiological fluctua-
tions within a 12-week timeframe while maximizing the
number of participants undergoing prolonged fasting
(Fig. 1a). Baseline characteristics are shown in Table 1.

Of the 38 participants, 83% reported fasting-related
adverse events (AE) (Additional file 2: Table S2). All AE
were mild and transient and did not necessitate discon-
tinuation of fasting. Blood glucose and -hydroxybutyrate
(BHB) levels were measured each morning and evening
during the five-day fasting period (days 1-5), confirm-
ing that all participants adhered closely to the study
protocol (Additional file 2: Figure S2a, b). We observed
a diurnal rhythm with higher BHB but lower glucose
concentrations in the morning compared to the evening
(Additional file 2: Figure S2a, b). Continuous interstitial
glucose monitoring during the five-day fasting period,
compared with baseline measurements and waiting-list
controls, confirmed a dynamic reduction in glucose lev-
els over the course of the fasting period (Fig. 1b). Follow-
ing refeeding, the glucose levels normalized; however,
between days 2 and 4 post-fast, blood glucose concen-
trations were elevated throughout the day (06:00—22:00)
compared with baseline measurements (Fig. 1c).

Our predefined endpoint was a change in REE. Pro-
longed fasting acutely reduced REE by 62 kcal/d,
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Table 1 Baseline characteristics of healthy participants
depending on their randomization to fasting and waiting control
arm

Variable All Fasting Waiting P
value

Number (n) 38 19 19

Sex, female 19/38 9/19 10/19 >09
(50%) (47%) (53%)

Age (years) 38 (8) 39 (9) 36 (8) 04

BMI (kg/m?) 251(25) 250Q27) 252(23) 07

eGFR (ml/min/1.73m?) 102 (14) 98 (12) 106 (15) 0.1

ALT (U/1) 23.1(8.1) 23082 23.2(8.2) 0.2

TSH (mU/I) 1.70 1.77(091) 164(077) 06
(0.84)

CRP (mg/dl) 0.98 0.78(0.28) 1.17(1.17) 02
(0.87)

Cholesterol (mg/dl) 182 (36) 189 (35) 175 (36) 0.2

HbA1c (mmol/mol) 332(28) 342(26) 323(27) 003

Hemoglobin (g/dl) 140(1.3) 13.8(1.3) 142 (1.2) 041

White blood count (uL™") 546 5.56(096) 537(1.09) 06
(1.02)

Thrombocytes (uL™h 240 (42) 238 (63) 239 (54) 0.9

Data are given as means (SD). p-values fasting vs. waiting by t-test. BMI,
body mass index; eGFR, estimated glomerular filtration rate; ALT, alanine
aminotransferase; TSH, thyroid-stimulating hormone; CRP, C-reactive protein;
HbA1c, glycated hemoglobin

suggesting a fasting-induced, energy-preserving mecha-
nism (Fig. 1d, Additional file 3). We did not observe
alterations in REE between the two baseline timepoints
of waiting list controls (Fig. 1d). Following the findings
of earlier work [12], we performed a linear mixed model
showing that lean mass (p <0.001) and not self-reported
sex significantly influenced REE at all visits, including
post-fasting (Additional file 2: Figure S3). Following the
five-day fast, respiratory exchange ratios (RER) declined
significantly (Fig. 1le), paralleling a peak in BHB concen-
trations on day 5 (Additional file 2: Figure S2b). All those
metabolic markers returned to baseline by 12 weeks
post-fast.

Furthermore, we observed that prolonged fasting
reduced BMI (Fig. 1f). This decrease was partly reversed
at the 12-week follow-up (Fig. 1f). Body composi-
tion analysis attributed this incomplete return towards
baseline BMI predominantly to a reduction in fat mass
(Fig. 1g, Additional file 2: Figure S2g). Of note, the abso-
lute and relative reduction of body fat was accompanied
by a reduction in lean mass during fasting that completely
reverted at follow-up (Additional file 2: Figure S2h).

Prolonged fasting reduced waist-to-hip ratio and dia-
stolic blood pressure while increasing heart rate, find-
ings which are consistent with a previously published
study [7] in metabolic syndrome (Additional file 2: Fig-
ure S2c-e). In contrast to metabolic syndrome patients
[7], the healthy participants in this study did not exhibit
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sustained blood-pressure reduction (Additional file 2:
Figure S2d-e).

Taken together, these results demonstrate that pro-
longed fasting is well tolerated in healthy individuals,
yielding sustained reductions in BMI and fat mass, while
most metabolic and hemodynamic parameters return to
baseline during the 12-week follow-up.

Prolonged fasting induces pronounced short-term but
only modest sustained changes in gut microbiome
composition

To assess the natural fluctuation of the gut microbiome
composition, we analyzed changes between the two base-
line samples (baseline 0 and baseline 1) from the waiting
list control (Fig. 1a). Microbial alpha diversity, measured
as Shannon index, and microbiome composition quan-
tified by Bray-Curtis dissimilarity did not differ signifi-
cantly between the two baseline samples (Additional file
2: Figure S4a, b). Shannon index remained stable across
all study visits (Fig. 2a). In contrast, individual trajec-
tories in response to fasting varied markedly (Fig. 2a).
Interestingly, short-term (post-fasting) and 12-week fol-
low-up changes in alpha-diversity correlated negatively
with alpha-diversity at baseline, implicating baseline dif-
ferences in microbiome composition as relevant predic-
tors of fasting-induced microbiome changes (Fig. 2b, c).
Bray—Curtis dissimilarity-based multivariate analysis of
the taxonomic composition demonstrated a significant
shift in microbial community composition from baseline
to fasting (PERMANOVA, R? = 0.0201), followed by a
partial reversal during the 12-week follow-up (p=0.039,
R? = 0.0155). Despite this reversal, microbial community
composition at the 12-week follow-up remained sig-
nificantly different from baseline (p=0.034, R* = 0.0155)
(Fig. 2d). Consistent with the observed shift in the mul-
tivariate analysis, fasting induced significant changes in
several bacterial species that reversed during follow-up.
For example, Roseburia sp. inserta sedis and Bifidobac-
terium adolescentis decreased after the fasting period
but increased at follow-up, whereas Faecalibacterium
sp. CAG-74 showed the opposite pattern (Fig. 2e, Addi-
tional file 2: Figure S4c, Additional file 4). In contrast,
only seven taxa exhibited sustained abundance changes
(Additional file 2: Figure S4c).

Next, we analyzed gut-specific metabolic modules
using GOmixer [29]. Again, fasting induced pronounced
alterations that largely reverted to baseline during
follow-up (Fig. 2f). Only for three modules, ketone
body synthesis, osmoprotectant transport system, and
N-acetylneuraminate and N-acetylmannosamine deg-
radation, fasting induced a long-lasting increase when
comparing baseline to follow-up (Fig. 2f, Additional file
2: Figure S5a, Additional file 5).



Kaufhold et al. Genome Medicine (2026) 18:136

Page 10 of 23

C
a b@ 5 R=—0.84, p=1.5e-09 S =—0.82, p=1.8e-08
> £ L2
’é 4 i > 4@ > ig’
g SR T Q9
© © o _g 1 1
5 5 £ a ¢
€ 3 o e ©8 © £
3 © Y
& ' s g
<
2 o - . . . <4 ‘ | ‘ .
e\ ;\\QQ N = . . . 4 2 .3 .4
A & \\o$ alpha div. baseline alpha div. baseline
9
d ~0Q’ © . propionate production via transferase{ @ @
Iron zinc'manganese copper transport system-4 @
Trehalose maltose transport system{ @ @
Manganese transport system{1 @ @
. Lysine degradation{ @
0.2 tyrosine degradation phenol pathway{ @ @
' Rhamnose transport system{ @ @
Crotonyl coA from suctinate { @
« Ribose transport system+ @
< 0.0 = Glucuronate pathway uronate pathway{ @ @
oY Galacturonate degradation fungi1 ® @
O C19 C18 Steroid hormone biosynthesis{ ® @
o smoprotectant transport system{1 @ @ @
teroid hormone biosynithesis{ @ @
-0.2 . Putrescine transport system4{ @ @
p (baseline T=fasting)="0.003 R2=0.0200/8 D’peptldgatrrgtrtlesgggrggg%ng: : H
p (fasting - follow-up) = 0.039, R?=0.01547 Ihk [fr virulence régulation{ @
-0.4 | p (baseline 1 - follow-up) = 0.034, R? =.0.01547 Ceramide biosynthesis{ ® @
025 000 025 -050 -025 000 025 Inosital phOsphate TREtaboTSm | @ 6
e - : : ' i ' acetylneuraminate/acetylmannosamine degradation{ @ [ ]
PCoA 1 PCoA 1 D Xylose transport system{ @ @
Jasmonic acid biosyrithesis{ @
i .. Arginine transport system{ ® @
e Oscillibacter sp.KLE 1728 KLE 1745 @ @ Lysine arg e o o Yool @ @
Ruthenibacterium lactatiformans 4_3_54A2FAA{@® - @ AauS AauR acidic amiggo%cg%seutrlgég%gg ] :
Dorea formicigenerans CAG 933 CAG 28 AGR21351@ © Propionate conversion to guccinate- e o
Clostridium sp.CAG 71 ® @ Histidine transport system 1 9
Anaerostipes hadrus{ © @ beta Lactam resistance{ ® @
Clostridiales sp.CAG 55 @ beta ;@7&%’53%%2’7%?23 s :
Dielma fastidiosa VE202 08 UC5 1 1C121 @ galactarate degradation{ ® ©
Eubacterium sp.CAG 2741 @ @ threonine degradation %%cine pathway{ @
Anaerotruncus colihominis VE202 134 @ B production1 © @
Butyricicoccus sp.UC5 1 1D11 @ ® Arginine ornithine transport system [5)
Bacteroides faecis thetaiotaomicron 4 © @ Putative thiamine transport system (6]
Escherichia coli1 @ @ Dermgtan Sultate dersgaion| © o
Adlercreutzia equolifaciens - @ ytochrome bG? complex [
Faecalibacterium sp.CAG 74 @ Chondroitin sulfate degradation A °
Acinetobacter sp.CAG 196 CAG 196_36_41{+ @ e Th/am(fnéotrn;%ggor?g%’tyé% 13 &
Erysipelatoclostridium ramosum- @ ] Vanadium resistance{ ® @
Azospirillum species incertae sedis{ - © @ Ketone body bioscﬁt% eassig- : >
) B Oxalobacteraceae species incertae sedis{ © @ ; ? . ]
Direction Bifidobaciorium bifdum CAG 2341 © - @ AGES Ade o componenigeautory S/stom | © 8
ollinsella species incertae sedis-{ @ ikimate pathway
: %i(r:erggse?jd Dia//gter invisus CAG 2181 @ @ Semi phosphorylativl\e” Et%t_ne[ Doua!aroffﬁamwa{- - :
L lethionine salvage pathway
Clostridium sp.CAG 1221@© @ Serine biosynthesis @
Cliff's delta Dorea longicatena CAG 42- @ " “Exosomeq @
o0 Oscillibacter sp.57_201 @ @ Cyslome blosyntness1 @ ©
o 02 Coprococcus comes CAG 191 @  Skicomplex{ © @
0 03 Roseburia sp.CAG 451 © @ Bacterial proteasome{ @
3 04 Bifidobacterium adolescentis | @ @ colhilcartonlc aciacycie ] 8 @
O 05 Roseburia species incertae sedis{ @ @ Neutral amino acid transport system{ @ @
SOR R R
\&\§\ \0$ & \\0S \\0
L \46 SO O
) @ QA N
SO o & @
& é"\\(\ F P N
‘0(0 @ £ 0 2

0%

Fig. 2 Prolonged fasting induces transient alterations in gut microbiome composition and function. (a) Alpha diversity as measured by Shannon index
for the study visits. Correlation of Shannon index at baseline with changes in Shannon index immediately (b) post-fasting and (c) at 12-week follow-up,
indicating that baseline diversity predicts microbiome responsiveness. (d) Principal coordinate analysis (PCoA) based on Bray—Curtis dissimilarity (naive,
left) and centered on baseline visit for fasting effect and on fasting visit for post-fasting effect (right) show a transient shift in overall microbial composition
after fasting (pink), which partially reverts at follow-up (blue). Ellipses represent 95% confidence intervals, p-values from PERMANOVA. Dot plots showing
differential abundant (e) species (taxonomic level) and (f) gut metabolic modules (functional level). Dots show fasting effects, follow-up effects and study
effects, transparency indicates non-significant findings (q > 0.1), dot size shows absolute Cliff's delta, color shows directionality. Significance by Wilcoxon
signed-rank test with Benjamini-Hochberg false discovery rate correction
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Fig. 3 Machine learning model predicts sustained BMI response at follow-up to prolonged fasting using clinical and microbiome features. (a) Schematic
overview of the multi-omics feature selection and classification pipeline. Baseline species abundances, clinical metadata, and functional modules were
used to train a random forest classifier. Important features were selected through recursive feature elimination, Boruta algorithm, and backward selection.
(b) Final model includes four top-ranked features: Faecalibacterium sp. incertae sedis, Oscillibacter sp. 57_20, LDL cholesterol, and systolic blood pressure.
(c) Correlation heatmap of the selected features showing independence from baseline BMI. R-values from Spearman correlation. (d) Boxplots of the four
selected features at baseline, comparing BMI responders and non-responders, dots show individual patients. P-values by Mann-Whitney-U-test. Oscilli,
Oscillibacter sp. 57_20; Faecali, Faecalibacterium sp. incertae sedis; LDL, Low-density lipoprotein cholesterol; sys BP, systolic blood pressure

Overall, prolonged fasting induces pronounced compo-
sitional shifts in the gut microbiome, which were largely
reversed upon refeeding, resulting in minimal long-term
deviations from baseline at the 12-week follow-up. Nota-
bly, baseline alpha diversity metrics correlate with the
magnitude of alpha diversity changes both immediately
after fasting and at follow-up.

Prolonged fasting alters plasma and fecal metabolome

We performed nuclear magnetic resonance (NMR)
spectroscopy on plasma and fecal samples to assess the
impact of fasting, and its associated microbiome shifts
on the fecal and host metabolome. Principal coordinate
analysis (PCA), centered on baseline values to char-
acterize post-fast changes and on post-fast values to
characterize follow-up effects, revealed plasma metabo-
lome trajectories analogous to those observed in the gut
microbiome (Additional file 2: Figure S5b). In line, we
observed significant alterations between baseline, fast-
ing, and follow-up, with most changes reversed at follow-
up (Additional file 2: Figure S5c¢, Additional file 6). In
plasma, only valine, glycine, tyrosine, and pyruvic acid
exhibited sustained increases from baseline to follow-up,
indicating lasting effects of fasting on these metabolites
(Additional file 2: Figure S5b, c).

Fecal metabolite profiling again revealed a pattern of
alteration and reversion to baseline (Additional file 2:
Figure S5d). Contradicting other previous reports on
short-chain fatty acids (SCFA) in fasting [7], we observed
a decrease in butyrate during fasting, which was non-sig-
nificant at follow-up (Additional file 2: Figure S5e, Addi-
tional file 7). The only persistent effect observed in our
data was a decrease in choline from baseline to fasting
(Additional file 2: Figure S5e).

In conclusion, NMR-based metabolomics of plasma
shows more consistent alterations as compared to the
fecal metabolome, which might be due to the different
matrix or intraindividual variations in gut microbiome
composition.

Prediction of sustained BMI response by multi-omics machine
learning

BMI showed the strongest sustained effect at the
12-week follow-up among the analyzed clinical param-
eters (Fig. 1). Therefore, we focused on the weight-
loss response at the 12-week follow-up as the primary
phenotype to predict. Using the waiting-list control,

we estimated the normal fluctuation in BMI over the
12-week study period. Normal fluctuation in BMI was
defined as the mean + two standard deviations (SD) [30],
corresponding to -0.008+0.32 kg/m® in our cohort.
Based on this threshold, we identified 38% responders
and 62% non-responders to prolonged fasting.

To predict BMI loss response, a random forest classifier
was trained on 87 features including the 50 most abun-
dant microbial species at baseline, additional candidate
taxa and pathways from previous prolonged fasting stud-
ies, and relevant clinical metadata (Additional file 8). To
obtain a model that would be as transferable as possible
to publicly available datasets, we focused on microbiome
and clinical features rather than NMR metabolomics [7,
26]. Due to the small sample size, we applied a repeated
cross-validation approach to ensure robust model evalu-
ation. Specifically, we used 100 repeated stratified 80/20
resamples, each incorporating an inner 5-fold cross-
validation loop for hyperparameter tuning. Model per-
formance was further optimized by performing feature
selection once after model tuning, based on random-
forest feature importance, the Boruta algorithm, and
backward feature elimination (Fig. 3b, Additional file 2:
Figure Séc). This resulted in four features: LDL, systolic
blood pressure (BP), Faecalibacterium sp. incerta sedis
and Oscillibacter sp. 57_20. Those four features were used
to train the final model. Across the repeated 80/20 resa-
mpling, the refined short model performed well with an
AUC 0f 0.84+0.17 (Table 2).

Baseline BMI can confound weight loss prediction.
Therefore, we tested collinearity between baseline BMI
and our four selected features, none of which reached
significance (Fig. 3c). To test if the four selected fea-
tures are mere surrogate markers of baseline BMI, we
incorporated baseline BMI into the model. This did not
improve predictive accuracy (Additional file 2: Figure
S6a, b). Furthermore, Oscillibacter sp. 57_20 remained
the most important feature. Feature-stability analy-
sis supported this ranking: Oscillibacter sp. 57_20 and
Faecalibacterium sp. incertae sedis consistently ranked
highest, followed by systolic BP, while LDL showed low
and inconsistent importance (-0.9+3.2; Additional file
2: Supplementary Table S3). To avoid post-hoc feature
removal, LDL was retained in the sparse model, although
a 3-feature variant performed similarly (Additional file
2: Supplementary Table S4). Next, we compared a clini-
cal-only model (including baseline BMI, blood pressure,
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Table 2 Summary of predictive performance metrics for
the predefined sparse 4-feature model, evaluated using 100
iterations of stratified 80/20 Monte Carlo resampling

Metric

Value (mean+SD)

AUC 0.84+0.17
Accuracy 0.76+0.15
Sensitivity 0.56+£0.34
Specificity 0.85+0.17
Balanced Accuracy 0.71+0.18
F1 0.68+0.18
MCC 0.50+0.35

Values are reported as mean +SD across resamples. AUC, area under the receiver
operating characteristic curve; F1, F1 score (harmonic mean of precision and
recall); MCC, Matthews correlation coefficient; SD, standard deviation

Table 3 Comparison of predictive performance of clinical-only
versus clinical+microbiome models

Metric Clinical-only model Clini-

cal + Mi-

crobiome

model
AUC 069+0.21 0.86+0.17
Accuracy 0.66+0.18 0.74£0.16
Sensitivity 0.52+0.34 0.66+0.35
Specificity 0.73£0.22 0.78+0.19
Balanced Accuracy 062+0.19 0.72+0.18
F1 0.60+0.18 0.69+0.16
MCC 0.28+041 0.48+0.37

Predictive performance of models trained on clinical features alone compared
with models including both clinical and microbiome features. Values represent
mean+SD across 100 repeated stratified 80/20 resamples. Inclusion of
microbiome data improved classification metrics across all performance
measures, indicating additional predictive value beyond clinical covariates.
AUC, area under the receiver operating characteristic curve; SD, standard
deviation; F1, F1-score; MCC, Matthews correlation coefficient

and lipid parameters) with a combined model that
additionally incorporated microbiome data to address
potential confounding by clinical features (Table 3). The
clinical-only model achieved an AUC=0.69 £0.21, accu-
racy=0.66+0.18, and balanced accuracy=0.62+0.19
(Table 3). The combined model improved perfor-
mance across all metrics (AUC=0.86+0.17, accu-
racy=0.74+0.16, balanced accuracy=0.72+0.18,
Table 3). These results indicate that microbiome features
contribute predictive information beyond standard clini-
cal covariates, underscoring their added value for identi-
fying responders to prolonged fasting.

Given the potential mechanistic relevance of metabo-
lomic profiling, we next evaluated whether incorporat-
ing plasma and fecal NMR-derived metabolites improved
prediction of weight response at the 12-week follow-
up. We extended the feature set by including all avail-
able metabolomic variables alongside the clinical and
microbiome features. Feature importance analysis again
identified Oscillibacter sp. 57_20 as the strongest predic-
tor, while glutamic acid and glutamine concentrations

Page 13 of 23

in both plasma and stool, as well as formic acid, ranked
among the highest-scoring metabolite features (Addi-
tional file 2: Figure S7). To further assess their predictive
contribution, we evaluated metabolite-containing models
in multiple combinations. Despite their high importance
within the extended model, inclusion of metabolomic
variables did not improve predictive performance in
repeated cross-validation. The original model combin-
ing clinical and microbiome features achieved the high-
est performance, whereas models including metabolomic
features showed consistently lower AUC and accuracy
(Additional file 2: Supplementary Table S5). Finally, we
examined the abundance patterns of the four features
from the reduced model within our cohort. Respond-
ers exhibited significantly higher levels of Oscillibacter
sp. 57_20 (Fig. 3d), while the identified Faecalibacterium
sp. showed no significant difference (Fig. 3f). Although
systolic BP and LDL contributed to model classification,
their individual baseline levels did not differ significantly
between responders and non-responders (Fig. 3e, g).
Taken together, we identified four (two clinical and two
microbiome) features that jointly hold the potential to
predict long-term weight loss in response to prolonged
fasting intervention. Although performance remained
consistently above random across repeated cross-valida-
tion, we emphasize the expected variability due to small
cohort size and interpret the findings as exploratory but
reproducible evidence of predictive potential.

Application of the classifier in independent cohorts

To test transferability in independent datasets, we
applied the final model to data from three publicly avail-
able cohorts that differed in health status and fasting
design. Given these differences, these analyses are treated
as exploratory applications rather than formal external
validations.

As a first step, we applied our model to our published
metabolic syndrome cohort, in which patients underwent
either a five-day fasting regimen followed by a DASH diet
or a DASH diet alone (Fig. 4a, n=34) [7]. The study out-
comes were assessed 12 weeks post-intervention, mirror-
ing our study’s timeline. Given the greater BMI variability
expected in metabolic syndrome patients, we quantified
BMI fluctuation from the DASH only group (control
group). Responders were again defined as exceeding the
mean plus two standard deviation weight loss of the con-
trol group (DASH only), corresponding to BMI reduction
exceeding 0.8 kg/m?. Remarkably, our trained model pre-
dicted sustained weight loss in this study with an AUC
of 0.85 (Fig. 4b-c, Additional file 2: Supplementary Table
S6). Next, we calibrated the model using Platt scaling and
isotonic regression. Despite stable strong discrimination,
the Brier score remained unchanged after calibration
(Additional file 2: Supplementary Table S6), indicating
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Fig. 4 Application of BMI response prediction model in an external fasting cohort of patients with metabolic syndrome. a) Schematic of the Maifeld et
al. (2021) study: 5-day fasting followed by a DASH diet in individuals with metabolic syndrome (n=34), with BMI follow-up after 12 weeks. b) Receiver
operating characteristic (ROC) curve of model performance in the external Maifeld cohort, showing good predictive accuracy (AUC=0.85). ¢) BMI over
the course of the study, split by participants classified as responders or non-responders. Each point represents a participant. P-values are from paired
Wilcoxon signed-rank tests and were corrected for multiple comparisons using the Benjamini-Hochberg false discovery rate (FDR-BH) method. d) Cor-
relation heatmap of model features with BMI. Features used for classification at baseline: e) Oscillibacter sp. 57_20, f) Faecalibacterium sp. incertae sedis,
g) LDL, and h) systolic blood pressure. Oscilli, Oscillibacter sp. 57_20; Faecali, Faecalibacterium sp. incertae sedis; LDL, Low-density lipoprotein cholesterol;
sys BP, systolic blood pressure

that residual error likely reflects differences in outcome  only weak correlations with baseline BMI, underscoring
prevalence or underlying data distributions rather than their independence from initial body mass (Fig. 4d). In
miscalibration alone. Consistent with our healthy-par- univariate analyses, Oscillibacter sp. 50_27 and Faeca-
ticipant cohort, the model’s predictive features exhibited  libacterium sp. showed significant differences at baseline
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between responders and non-responders, while clinical
features showed no difference (Fig. 4e-h).

As a further dataset, we applied the classifier to a recent
nutritional intervention trial in patients with multiple
sclerosis, the majority of whom exhibited normal meta-
bolic profiles (obesity in one patient, hypertension in two,
and elevated LDL in four) [26]. Notably, the study design
differed from the other cohorts. Patients completed two
prolonged 7-day periods of fasting (Fig. 5a, n=22). How-
ever, these prolonged fasting periods were interspersed
with intermittent fasting (14 h/ day), and follow-up
assessments were conducted nine months apart (Fig. 6a).
Because no control arm was available to isolate the effects
of the prolonged fasting periods from those of intermit-
tent fasting, we could not define average BMI variation
and thus compute specificity and sensitivity or perform
calibration. However, patients classified as responders
by our model experienced significantly greater weight
loss than those classified as non-responders (Fig. 5b). To
provide an alternative quantitative assessment, we evalu-
ated the correlation between the probability of responder
classification and the observed magnitude of BMI change
(Fig. 5¢). While the Spearman correlation did not achieve
statistical significance (p=0.08), the direction and mag-
nitude of the association (p=0.309) support the model’s
ability to reflect observed BMI changes. No significant
correlations between model parameters and baseline
BMI were detected (Fig. 5d). Similar to the current
cohort, levels of Oscillibacter sp. 50_27 were significantly
higher in responders (Fig. 5e), while the other features
did not differ significantly (Fig. 5{-h).

Lastly, we applied the model to available data from
healthy volunteers undergoing between 6 and 12 days of
prolonged fasting [27]. This dataset comprises two subco-
horts: the GENESIS (ClinicalTrials.gov: NCT05449249)
and OralFast (ClinicalTrials.gov: NCT05031598) trials.
Both follow similar study designs (Fig. 6a) but differ in
their follow-up durations — 3 months for OralFast and
4 months for GENESIS. Outcome was assessed after 16
weeks during a study visit and as self-reported outcome
after 12 weeks, respectively (Fig. 6a, n=47). Since this
study was performed in healthy participants, we used the
same BMI cut-offs for responder definition as used for
the model training in our cohort. Our trained model pre-
dicted sustained weight loss in this study with an AUC of
0.655. (Fig. 6b-c, Additional file 2: Supplementary Table
S7). Of note, AUC was slightly better for the GENESIS
than the OralFast data (Fig. 6b). Platt scaling and iso-
tonic regression did not improve model calibration but
retained consistent discrimination (Additional file 2: Sup-
plementary Table S7). In contrast to the other cohorts,
baseline BMI and systolic blood pressure were corre-
lated (Fig. 6d). In univariate analyses, none of the features
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differed significantly at baseline between responders and
non-responders (Fig. 6e, h).

Our findings indicate that baseline patient characteris-
tics determine the magnitude of weight response at the
12-week follow-up after prolonged fasting interventions.
Furthermore, the predictive model, initially developed
in healthy subjects, was successfully applied to indepen-
dent cohorts investigating prolonged fasting. However,
given the differences in health status, study design, and
the absence of an intermittent fasting-only group in the
multiple sclerosis cohort, this represents an exploratory
rather than a formal validation. The observed asso-
ciation between predicted responder status and actual
BMI reduction provides supportive but not confirma-
tory evidence of external applicability, highlighting the
need for larger, harmonized fasting studies to confirm
generalizability.

Metabolite associations with Oscillibacter sp. 57_20 and
Faecalibacterium sp. incertae sedis

Since both the Oscillibacter sp. 57_20 and the Faecalibac-
terium sp. identified in the LEANER were predictive of
weight loss, we wanted to further understand the poten-
tial metabolite profile associated with these bacteria.
Therefore, we performed an exploratory correlation anal-
ysis with the fecal metabolome across all visit data while
blocking the visit information [31]. We found significant
associations of Faecalibacterium sp. with butyrate, tryp-
tophan, and uridine (Fig. 7d-f, Additional file 9) as well
as of Oscillibacter sp. 57_20 with glycerol and methio-
nine, and for uridine without reaching statistical signifi-
cance (Fig. 7a-c, Additional file 10). To complement this
analysis, we performed metagenome-assembled genomes
(MAG)-level analysis. Matching the correlation analysis
the Faecalibacerterium sp. encodes several enzymes for
butyrate synthesis and tryptophan catabolism (Fig. 7g).
Interestingly, despite the lack of correlation, Oscillibacter
sp. 57_20 similarly possesses genes encoding for butyrate
synthesis but only encodes tryptophan transport proteins
(Fig. 7g). In summary, our data suggest that the bacte-
rial species important for classifying responders at the
12-week follow-up modulate the metabolomic output of
the fecal microbiome.

Discussion

Prolonged fasting over several consecutive days has been
studied less extensively than continuous energy restric-
tion and intermittent fasting regimens, including time-
restricted eating, alternate-day fasting, and whole-day
or 5:2 fasting. Randomized studies and meta-analyses
generally indicate that intermittent and continuous
energy restriction achieve comparable reductions in body
weight and improvements in selected cardiometabolic
outcomes, although effects vary across protocols and
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Fig. 5 Application of BMI response prediction model in an external fasting cohort of patients with multiple sclerosis. @) Schematic of the Bahr et al.
(2025) study: two 7-day periods of prolonged fasting and intermittent fasting in individuals with multiple sclerosis (n=22), over a 9-month period. b) BMI
reduction at follow-up of patients classified as responder or non-responder by the prediction model. p-value by one-tailed unpaired t-test. ¢) Correlation
analysis of changes in BMI with probability for responder status derived from the model prediction. P-value by one-tailed Spearman correlation. d) Cor-
relation heatmap of model features with BMI. Features used for classification at baseline: ) Oscillibacter sp. 57_20, f) Faecalibacterium sp. incertae sedis,
g) LDL, and g) systolic blood pressure. Oscilli, Oscillibacter sp. 57_20; Faecali, Faecalibacterium sp. incertae sedis; LDL, Low-density lipoprotein cholesterol;
sys BP, systolic blood pressure

The LEANER study adds randomized, waitlist-con-
trolled evidence on a 5-day prolonged fasting interven-
tion in healthy adults. Reductions in BMI and fat mass
remained detectable at 12-week follow-up, whereas most

intervention durations [32-35]. In contrast, evidence on
prolonged fasting has largely been derived from obser-
vational studies or smaller clinical studies, frequently
involving participants with metabolic disease [36—38].
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Fig. 6 Application of BMI response prediction model in an external fasting cohort of healthy volunteers. (@) Schematic of the Ducarmon et al. (2024)
study: 6-12-days prolonged fasting with BMI follow-up after 3 months in the OralFast subcohort (n = 20) or 4 months in the GENESIS subcohort (n=27). (b)
Receiver operating characteristic (ROC) curve of model performance showing intermediate accuracy (AUC=0.655). (c) BMI over the course of the study,
split by participants classified as responders or non-responders. Each point represents a participant. P-values are from paired Wilcoxon signed-rank tests
and were corrected for multiple comparisons using the Benjamini-Hochberg false discovery rate (FDR-BH) method. (d) Correlation heatmap of model
features with BMI. Features used for classification at baseline: (e) Oscillibacter sp. 57_20, (f) Faecalibacterium sp. incertae sedis, (g) LDL, and (h) systolic blood
pressure. Oscilli, Oscillibacter sp. 57_20; Faecali, Faecalibacterium sp. incertae sedis; LDL, Low-density lipoprotein cholesterol; sys BP, systolic blood pressure

cardiometabolic, microbiome, and metabolomic altera-
tions observed directly after fasting were transient and
largely reverted after refeeding. This divergence indi-
cates that acute molecular responses to fasting do not
necessarily represent mediators of sustained changes in

body weight. Direct comparison with continuous energy
restriction or intermittent fasting is limited by differences
in intervention intensity, duration, and follow-up and,
importantly, by the absence of an active dietary compara-
tor in LEANER. The study therefore does not establish
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superiority of prolonged fasting or distinguish effects
attributable specifically to fasting from those of acute
energy restriction, refeeding, or subsequent behavioral
changes.

Since a strong metabolic phenotype was expected,
REE reduction was predefined as primary endpoint.
REE in fasting was studied previously mainly in healthy
men [39-41]. Our data shows an overall similar but
smaller effect, which might be due to the inclusion of
healthy women and a broader range of lean masses. REE
reduction after 24 h caloric deprivation was previously
associated with weight gain after 6 months in healthy
individuals [42]. We could not confirm these findings
in our cohort with respect to weight changes at the
3-month follow-up using changes in REE after 5 days of
fasting (Additional file 2: Figure S8). While blood glucose
dropped during fasting, it increased upon refeeding dur-
ing the day. Since values at night did not increase, our
data suggest a mildly disturbed glucose handling for the
early days post-fasting. A similar phenotype was reported
in the literature in response to standardized meal intakes
after prolonged fasting [43, 44]. This was attributed to
the metabolism successfully switching to fatty acid and
ketone oxidation and therefore reduced postprandial car-
bohydrate oxidation [43].

Interindividual variability in response to dietary inter-
ventions poses a major challenge in lifestyle interven-
tions. Large-scale studies have shown that both host and
microbial factors shape individual metabolic responses,
emphasizing the need for precision strategies [45, 46].
Based on baseline microbiome and clinical data, we
can predict individuals who will respond to fasting with
weight loss at 12-week follow-up. Using available data
from similar interventions in healthy volunteers, patients
with metabolic syndrome, and patients with multiple
sclerosis, we could apply our data-driven classification
approach. Taken together, our findings indicate that base-
line gut microbiome and clinical features contain predic-
tive information on BMI changes following prolonged
fasting and that this signal remains detectable across
cohorts differing in health status and intervention design.
We used a data-driven definition of responders, defining
weight loss beyond the mean plus two standard devia-
tions of the control group in each cohort. This represents
a statistical rather than a clinical threshold, chosen to
capture changes exceeding normal physiological varia-
tion [30]. While this approach ensures objectivity across
cohorts, it may not fully reflect clinically meaningful
improvements, which future studies should define more
precisely.

Our prediction results extend a growing literature
indicating that baseline gut microbiome features may
stratify weight-loss responses across dietary interven-
tions. In overweight adults, a higher pretreatment
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Prevotella-to-Bacteroides ratio was associated with
greater weight and fat loss during a 24-week energy-
restricted diet, particularly at higher dietary fiber intake
[47]. Grembi et al. further reported that microbiome
plasticity, rather than a reproducible baseline taxonomic
signature, was associated with sustained 12-month
weight loss during low-fat or low-carbohydrate diets [48].
At the functional level, Diener et al. identified baseline
metagenomic features related to bacterial replication,
substrate degradation, stress responses, respiration, and
cell-wall synthesis that were associated with subsequent
weight change in a selected subgroup of a lifestyle-inter-
vention cohort [49]. Similarly, Dong et al. used baseline
microbiome profiles to classify participants who achieved
at least 5% weight loss during calorie restriction,
although the model was evaluated in a small cohort with-
out external validation [50]. In this context, our findings
extend microbiome-based response prediction to pro-
longed fasting and indicate that baseline microbial and
clinical features contain information on the 12-week BMI
response following a 5-day fasting intervention. The per-
formance of the classifier in independent fasting cohorts
provides preliminary support for the external generaliz-
ability of the predictive signature across populations dif-
fering in health status. However, predictive importance
does not establish mechanistic involvement.

We have shown in the past the microbiome and
immune data can predict blood pressure reduction in
patients with metabolic syndrome in response to fasting
[7]. In contrast, our study in healthy participants revealed
only modest effects on blood pressure at 12-week fol-
low-up. Given the well-established impact of fasting
on weight management [51], we applied a data-driven
approach based on BMI changes. Our initial model,
which incorporated 83 features, demonstrated high sen-
sitivity but limited specificity. Iterative feature selection
enabled us to identify Faecalibacterium sp. incertae sedis,
Oscillibacter sp. 57_20, plasma LDL levels, and systolic
blood pressure for a feature-reduced classifier. When
extending the data to NMR metabolomics, glutamine,
glutamic acid, and formic acid ranked among the most
important metabolite features in the extended model.
However, adding plasma and fecal metabolomics did not
improve out-of-sample performance beyond the com-
bined clinical and microbiome model. This potentially
indicates that the metabolite profiles captured biological
variation already represented by the clinical and micro-
bial features. Nevertheless, their consistent ranking sug-
gests that amino acid and microbial metabolic pathways
may be associated with the 12-week response to pro-
longed fasting and warrant further investigation in larger
cohorts with matched metabolomic data.

Application of the classifier to independent cohorts
provided heterogeneous but supportive evidence of
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transferability. Discrimination was strongest in the meta-
bolically affected cohort with a closely matched inter-
vention and follow-up design [7], whereas performance
was attenuated in cohorts [26] differing in fasting dura-
tion, follow-up timing, outcome assessment, and partici-
pant characteristics. In the multiple-sclerosis cohort, the
absence of an intermittent fasting-only control precluded
formal evaluation of discrimination and calibration. In
the Ducarmon dataset [27], with healthy participants
and substantially longer fasting periods, performance
was moderate and differed between the GENESIS and
OralFast subcohorts, which varied in follow-up duration
and outcome assessment, including self-reported weight
in OralFast. These applications should therefore be con-
sidered exploratory rather than formal external valida-
tions and indicate that model transportability depends on
harmonized interventions, measurements, and outcome
definitions.

To our knowledge, no prior study has directly linked
Oscillibacter sp. 57_20 with weight regulation. However,
Oscillibacter sp. 57_20 was recently identified as a key-
stone taxon in a similar prolonged fasting study in healthy
individuals, where it was implicated in the production of
indole-3-propionate (I3P) [27], a protective metabolite in
cardiometabolic disease [52]. Future research is needed
to explore the mechanistic role of Oscillibacter spp. in
host metabolism and its potential relevance in person-
alized fasting interventions. Faecalibacterium spp. are
known SCFA producers [53]. In line, our data shows that
the abundance of our specific Faecalibacterium sp. asso-
ciates with fecal butyrate levels. As described previously
for other Faecalibacterium spp. [54], the identified Fae-
calibacterium sp. correlates with fecal tryptophan. Tryp-
tophan can be catabolized by gut microbiota to indole
metabolites [55]. Unfortunately, due to the resolution of
NMR metabolomics, we could not detect specific indole
metabolites like I3P.

Both the Faecalibacterium sp. identified in this study
and the Oscillibacter sp. 57_20 correlate with the nucleo-
side uridine. Uridine can adaptively regulate food intake
in healthy participants [56] and reflects the nutritional
status of mice [57, 58] with high uridine levels as indica-
tors of catabolic states [57, 59]. In line, dietary supple-
mentation of uridine enhanced hunger and increased
caloric intake [56]. The observed associations with uri-
dine may warrant further investigation in relation to
nutritional state and appetite regulation. Unfortunately,
the literature concerning the other metabolites of inter-
est correlating with Oscillibacter sp. 57_20, glycerol
and methionine is sparse. Because these analyses were
exploratory and performed while conditioning on study
visit, the resulting associations should be interpreted as
hypothesis-generating rather than mechanistic evidence.
Although this conservative approach reduces statistical

Page 20 of 23

power in a cohort of this size, it minimizes confound-
ing by fasting-induced temporal changes and provides a
more robust basis for future mechanistic investigations.
Of note, MAG analysis indicated that the identified Fae-
calibacterium sp. encoded enzymes involved in butyrate
synthesis and tryptophan to I3P catabolism, whereas the
corresponding enzymes were not identified in Oscili-
bacter sp. 57_20.

Overall, the gut microbiome and metabolome exhibited
a consistent pattern of fasting-induced alterations and
nearly complete reversion to baseline at follow-up. Previ-
ous studies have reported enrichment of SCFA-prodcung
bacteria, including as E prausnitzii [60-62], as well as
Roseburia and Coprococcus species [63—65]. Our findings
only partly overlapped with these reports, as we observed
no alterations to F prausnitzii, alongside a decrease in
Roseburia sp. and Coprococcus sp. However, one Butyr-
icicoccus sp. increased and functional analysis indicated
enhanced propionate production via kinase pathways,
suggesting that fasting-induced changes in SCFA pro-
duction may reflect coordinated community-level effects
rather than changes in individual taxa. Differences from
previous studies may partly relate to the healthy status
and baseline microbiome composition of our cohort,
suggesting that fasting may have stronger effects in ini-
tially disturbed microbial communities. Interestingly and
consistent with previous studies, we did not observe an
overall change in alpha diversity [7, 64]. However, partici-
pants with lower baseline alpha diversity showed a sus-
tained increase after fasting intervention. Because higher
microbial diversity may stabilize microbiome functions
during perturbations [66] and fasting interventions have
increased alpha diversity in such as obesity [67], these
studies reinforce that diversity responses are more pro-
nounced in individuals with lower baseline diversity.
Nevertheless, low baseline alpha diversity may also arise
from unaccounted external influences, including lifestyle
factors and medication.

Despite these promising results, our study has several
limitations. First, the lack of comprehensive documenta-
tion on dietary intake following the fasting intervention.
Whether significant weight loss was solely due to fasting
or also influenced by subsequent dietary modifications,
a common limitation in caloric restriction studies can-
not be determined. From a computational perspective,
the relatively small sample size, particularly the initial
test dataset after splitting, poses challenges for the ran-
dom forest model and feature selection [68]. However,
the testing of the classifier in three independent cohorts
shows the robustness of our approach [69].
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Conclusions

Our study provides compelling evidence that fasting
induces substantial yet reversible changes in the gut
microbiome and host metabolic profiles. Importantly, a
subset of individuals experiences sustained weight loss.
The integration of microbial and clinical data not only
enhanced our predictive capabilities but also unveiled
novel associations, such as the independent role of Oscil-
libacter sp. 57_20 and Faecalibacterium sp. incertae
sedis in weight regulation. Despite limitations related
to dietary documentation and sample size, these find-
ings pave the way for future research aimed at refining
personalized fasting interventions. Ultimately, our work
underscores the promise of leveraging gut microbiome
insights to tailor dietary strategies for improved meta-
bolic health and weight management.
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