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Abstract

Sleep quality and duration can be impacted by diet, and has been linked to gutmicrobiota composition and function
as the result of communication via the microbiota-gut-brain axis. As one strategy to improve sleep quality could be
through the modulation of the gut microbiome, we assessed the effects of a dairy-based product containing whey
protein, galacto-oligosaccharides, tryptophan, vitamins andminerals after a 3 weeks intervention on gut microbiota
composition and (gut-brain related) functions on basis of 67 healthy subjects with moderate sleep disturbances.
Associations of the gut microbiota with sleep quality and with response/non-response to the treatment were
revealed by shotgun metagenomics sequencing of faecal DNA samples, and subsequent analyses of microbiota
taxonomy and generic functionality. A database of manually curated Gut-Brain Modules (GBMs) was applied
to analyse specific microbial functions/pathways that have the potential to interact with the brain. A moderate
discriminating effect of the DP treatment on gut microbiota composition was revealed which could be mainly
attributed to a decrease in Pseudomonas resinovorans, Flintibacter sp. KGM00164, Intestinimonas butyriciproducens,
and Flavonifractor plautii. As interindividual variance in microbiota composition could have given rise to a
heterogenous responsiveness of the subjects in the intervention group, we zoomed in on the differences between
responders and non-responders. A significant difference in baseline microbiota composition between responders
and non-responders was apparent, showing lower Bifidobacterium longum and Bifidobacterium adolescentis, and
higher Faecalibacterium prausnitzii relative abundances in responders. The findings provide leads with respect to
the effectiveness and potential underlying mechanisms of mode of action in sleep improvement that could support
future nutritional interventions to aid sleep improvement.
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1 Introduction

Good sleep quality is of crucial importance for our over-
all health and well-being (Chattu et al., 2018), while the
prevalence of insufficient sleep and daytime sleepiness

is globally on the rise (Haarhuis et al., 2022). There-
fore, there is an urgent need for interventions that
support a good night of sleep. Although a multifac-
torial approach is likely important, one strategy with
great potential is modulation of the gut microbiota as
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there is credible evidence for bidirectional communi-
cation between human gut microbiota and the brain,
also known as the microbiota-gut-brain axis. Multi-
ple studies have shown an association of sleep qual-
ity with gut microbiota composition and diversity in
humans and animals (Benedict et al., 2016; Cryan et al.,
2019; Han et al., 2022; Matenchuk et al., 2020; Smith
et al., 2019). The underlying mechanisms remain to be
revealed although several potential pathways have been
proposed. The immune- and neuroendocrine system,
the vagus nerve, bacterial metabolites, and circadian
rhythm are considered to play a role in the bidirec-
tional communication underlying the microbiota-gut-
brain axis, and therefore likely also in sleep physiology
(Cryan et al., 2019; Han et al., 2022). Several gut micro-
biota species have been shown to produce neurotrans-
mitters like serotonin, γ-aminobutyric acid (GABA),
dopamine, andmore genericmetabolites that have been
linked with sleep are short chain fatty acids (SCFAs, e.g.
acetate, butyrate, propionate) and secondary bile acids
(Haarhuis et al., 2022; Han et al., 2022).

There is evidence from multiple studies that gut
microbiota modulation via pre- pro- and postbiotics
can improve sleep quality and stress in healthy subjects
(Haarhuis et al., 2022).We have previously reported that
a whey protein-galacto-oligosaccharides (GOS)-based
product enriched with tryptophan, a tryptic casein
hydrolysate, magnesium, zinc, niacin, vitamin B6, and
vitamin D3 (dairy-based product; DP) improved self-
reported sleep quality (PSQI; Pittsburgh Sleep Quality
Index) in apparently healthy Dutch adults with mild-
moderate sleep disturbances (Schaafsma et al., 2021).
As this supplement contains the prebiotic GOS, it is
expected that part of this effect might be explained by
modulation of the gut microbiota.

To study the effects of the DP on the gut micro-
biota in more detail and to gain potential mechanis-
tic insights, full shotgun metagenomics sequencing and
microbiota analysis was performed on the faecal sam-
ples as obtained in a clinical trial with the DP (Schaaf-
sma et al., 2021). This specifically included the anal-
ysis of microbial pathways that have the potential to
underly the interaction with the brain, on basis of so-
called bioinformatic gut-brain-modules (GMBs) (Valles-
Colomer et al., 2019). To investigate the potential role
of the gut microbiota in the efficacy of the interven-
tion regarding sleep quality, a responder/non-responder
analysis was also performed in which the microbiota
composition and function at baseline were determined.

2 Materials andmethods

Study design
In a cross-over RCT (three weeks intervention; three
weeks washout), adults (n = 70; 30-50 years) with mod-
erate sleep disturbances (Pittsburgh Sleep Quality Index
(PSQI) > 9) consumed products 1 h before bed-time
(Schaafsma et al., 2021). Faecal samples (DP n = 35;
Placebo n = 34) were only collected from the study par-
ticipants in the first intervention period at baseline (day
0) and after 3 weeks (day 21). Therefore, subjects that
received DP in the second intervention period could not
be included in the responder/non-responder analyses.
A total of 134 faecal samples were sequenced from the
intention-to-treat (ITT) set: 33 subjects in the treatment
group (DP; dairy-based product containing whey pro-
tein, GOS, tryptophan, vitamins and minerals) and 34
subjects in the placebo (skimmed milk powder) group,
sampled at day 0 and day 21. The composition of the
DP and placebo is specified in Schaafsma et al. (2021).
Baseline PSQI scores of the subjects were divided into
3 groups: ‘Good sleepers’ (PSQI scores lower than the
median across all subjects at day 0), ‘Median sleepers’
(scores equal to the median), and ‘Bad sleepers’ (scores
equal higher than median).

For the responder versus non-responder analysis,
‘responders’ were defined as subjects that showed an
improvement in sleep (a decrease in PSQI score) when
taking the intervention product in the first interven-
tion period but did not show an improvement when
taking the placebo in the second intervention period
(n = 15); ‘non-responders’ were defined as subjects who
did not show any improvement in PSQI scores after
taking either the intervention product in the first inter-
vention period or the placebo in the second interven-
tion period (n = 8). Subjects that showed a response to
both the intervention product in the first period and to
the placebo in the second period (n = 6), or showed
no response to the intervention product in the first
period, but did show a response to placebo in the second
intervention period (n = 4), were not considered true
responders/non-responders and were excluded from
the responder versus non-responder analysis.

DNA extraction, library preparation and sequencing
Fecal sampling, storage, and DNA extraction were per-
formed as described previously (Schaafsma et al., 2021).
DNA libraries were prepared by Baseclear (Leiden, the
Netherlands) with the use of the Nextera XT DNA
Library Preparation kit (Illumina, San Diego, CA, USA),
according to the manufacturer’s instructions. Sequenc-
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ing was performed on an Illumina NovaSeq 6000 to
obtain at least 5 GB data per sample. Paired FASTQ
read sequence files of 2 × 150 bp were generated using
bcl2fastq version 2.20 (Illumina). Initial quality assess-
ment was based on data passing the Illumina Chastity
filtering. Subsequently, reads containing PhiX control
signal were removed using Baseclear’s in-house filter-
ing protocol. In addition, reads containing (partial)
adapters were clipped (up to a minimum read length
of 50 bp). The second quality assessment was based on
the remaining reads using the FastQC quality control
tool v0.11.5 (Andrews et al., 2010). Raw sequencing data
has been submitted to the European Nucleotide Archive
(study accession PRJEB50505).

Microbiota composition and functional pathways
Adaptor removal was performed using cutadapt v2.10
with Trim galore v0.6.6 (Martin, 2011)and quality trim-
ming was performed using fastp v.0.20 keeping reads
that had a mean Q score of at least 15 (Chen et al.,
2018). Trimmed reads that were at least 70 bp long were
mapped against the human genome (GRCh38) using
bowtie2 v2.4.1. Alignment results were processed using
samtools v1.10 (Li et al., 2009), bedtools v2.29 (Quin-
lan and Hall, 2010) and sambamba v0.6.6 (Tarasov et
al., 2015) in order to remove human host reads and to
obtain clean reads. For inference of microbial compo-
sition and functional pathways, clean reads were sub-
sampled to 10 million read pairs per sample using seqtk
v1.3. Microbial composition was inferred using kraken2
v2.1.1 (Wood et al., 2019) and bracken v2.6.0 (Lu et al.,
2017). MetaCyc pathways abundances were obtained
using HUMAnN v3.0.0 (Beghini et al., 2021) and con-
verted to copies per million (CPM). The workflow was
implemented in Snakemake v5.31.0 (Molder et al., 2021).

Shotgun assembly and profile HiddenMarkovModels
(pHMM) screening
For assembly, clean reads were subsampled to 10million
read pairs per sample. Subsequently, reads from all sam-
ples were co-assembled using megahit v1.2.9 (Li et al.,
2015). Contig counts per sample were obtained using
SqueezeMeta v1.3.0 (Tamames and Puente-Sanchez,
2018) for all contigs at least 1000 bp long. Each of
these contigs was screened with HMMER v3.3.2 (Eddy,
2011) using 303 pHMMs contained in the curated gut-
brain modules (GBMs) (Valles-Colomer et al., 2019).
These pHMMs were either extracted from or recon-
structed based on data (multiple sequence alignments)
from KOFAM (Aramaki et al., 2020), TIGRFAM (Li et
al., 2021), EGGNOG (Huerta-Cepas et al., 2019) and

COG (Tatusov et al., 2000) databases. Per sample contig
counts and per contig pHMMhit counts were integrated
to obtain per sample pHMM hit counts, which were
subsequently converted to per sample abundances of
microbial GBMs (Darzi et al., 2016).

Faecal organic acid analysis by HPLC
For organic acid analysis, faecal samples were pre-
pared according to a modified and previously described
method (Gommers et al., 2019). 250mg of homogenised
faecal sample was diluted with 1 ml of 1M perchloric
acid (HClO4) to extract the organic acids. Lipids and
proteins in the faecal sample were removed by cen-
trifugation for 5 min at 20,000×g. Organic acids lac-
tate, acetate, propionate, butyrate, isobutyrate, isovaler-
ate and valerate were determined by high-performance
anion-exchange chromatography with UV and refrac-
tive index detection. 25 μl of the supernatant was
injected on a guard column in series with 2 Rezex ROA-
Organic Acid H+ Analytical Columns (Phenomenex,
Torrance, CA, USA). The organic acids were eluted iso-
cratic with 5 mM sulfuric acid (H2SO4) with a flow rate
of 0.60 ml/min. The column oven was held at a tem-
perature of 60 °C. Data analysis was performed with
Chromeleon software v.7.2 (Thermo Fisher Scientific,
Waltham, MA, USA). The result was calculated using
5 concentrations of a standard mixture containing all
relevant organic acids, which was used as a reference
sample in each continuous series of analysis.

Microbiome diversity and statistical analysis
Alpha-diversity was assessed using the Shannon index
calculated with the vegan v.2.5-7 R package (Dixon,
2003). Beta-diversity was quantified using Bray-Curtis
dissimilarity calculated using vegan’s vegdist function.
Principal Coordinate Analysis was performed on Bray-
Curtis distances using the ape v5.5. R package (Par-
adis and Schliep, 2019). PERMANOVA analyses were
performed on the Bray-Curtis distance matrixes using
the adonis function of the vegan R package with
10,000 permutations to estimate the proportion of beta-
diversity explained by time point, treatment group, and
treatment-time interaction, after adjusting for subject
age, gender, and BMI. The global change in time in
microbial composition was visualised using multilevel
Principal Component Analysis (PCA) was performed on
centre log-ratio (CLR)-transformed species-level relative
abundances using the ‘Subject’ term for the multilevel
decomposition for repeated measurements. The CLR-
transformation and multilevel PCA were performed
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using the mixOmics v6.17.26 R package (Rohart et al.,
2017).

The effect on the microbiota of the intervention
product (DP) compared to the placebo was assessed
using linear mixed models (LMMs) implemented using
the lme4 v1.1-14 (Bates et al., 2015) and lmerTest v3.1-3
(Kuznetsova et al., 2017) packages. LMMs were con-
structed with the general formula: Outcome ~ Treat-
ment * Time + Gender + BMI + Age + (1|Subject), where
the primary effect of interest was the interaction effect
between Treatment and Time (i.e. ‘did the outcome
change differently in time in the treatment group com-
pared to the placebo group?’). Subject was included in
the model as random effect to account for the repeated-
measures design. Where microbial taxa relative abun-
dances were modelled as outcomes, the abundances
were log10-transformed. Cross-sectional correlations
were assessed using Spearman’s rho. Pairwise group
comparisons were performed using Mann-Whitney U
tests. Multiple comparison adjustment was performed
using the False Discovery Rate (FDR) controlling pro-
cedure of Benjamini-Hochberg to limit the FDR to
5%, unless stated otherwise (Benjamini and Hochberg,
1995). For Bifidobacterium as taxon of primary interest,
multiple comparison adjustment was not applied. All
taxa that passed a minimal abundance threshold were
analysed (the threshold was at least 0.2% mean rela-
tive abundance for species, at least 0.5% for genera).
All visualisations were produced using ggplot2 v3.3.5
(Wickham, 2016) and ComplexHeatmap v2.11.0 (Gu et
al., 2016), and all the analyses were performed using R
v4.1.1 (R_Core_Team, 2021).

3 Results

Alpha-diversity
Alpha-diversity as quantified using the Shannon index
did not significantly change between day 0 and day 21
(P = 0.63, Figure 1), nor did it show a different trend
for the treatment group compared to placebo (P = 0.23,
Supplementary Figure S1). The Shannon index neither
showed a significant association with PSQI scores (P =
0.31) (Supplementary Figure S2).

Beta-diversity
Most of the variance in Bray-Curtis dissimilarity mod-
elled using PERMANOVA was explained by the subject
(82%, P < 0.001). When controlling for interindividual-
variance, treatment-specific changes in time explained
0.6% of variance (P = 0.014). A Bray-Curtis PCoA plot

Figure 1 Shannon diversity in the DP treatment and placebo
group at day 0 and day 21.

did not show shifts in time in either the treatment or
placebo group (Supplementary Figure S3), in line with
the finding that most of the variance in beta-diversity
was inter-individual rather than intra-individual. How-
ever, after correcting for inter-individual variance from
the microbial relative abundance and performing PCA
on the remaining intra-individual variance, a small shift
of the treatment group in time became apparent (Figure
2).

The link between beta-diversity and three PSQI score
groups (good, median and bad sleepers), as examined
using PERMANOVA, did not explain any significant vari-
ance in beta-diversity at day 0 (P = 0.77), and no sepa-
ration between the 3 groups was observed based on the
PCoA plot (Supplementary Figure S4). PERMANOVA
analysis was also performed on microbiota pathway
abundances but the three PSQI groups did not explain
beta-diversity variance (P = 0.12). A PCoA plot of base-
line pathway beta-diversity labelled by sleep quality
groups is shown in Supplementary Figure S5.

Differential effect of the treatment onmicrobial taxa
and function
Four microbiota species were shown to be differen-
tially affected by the treatment as compared to placebo:
Pseudomonas resinovorans, Flintibacter sp. KGMB00164,
Intestinimonas butyriciproducens, and Flavonifractor
plautii (all P < 0.05). These species showed the
same trends: a small decrease in the treatment group
and a small increase in the placebo group during the
3 week intervention (Figure 3). On the genus level,
Pseudomonas and Dysosmobacter showed significant
changes with the same trend in time (both P < 0.05).
Although an increase in Bifidobacterium could be dis-
cerned in the treatment group (Supplementary Figure
S6), there was no statistically significant differential
effect for this observation (unadjusted P = 0.27). At
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Figure 2 Multilevel (inter-individual variance was first removed from the ordination) PCA plot of microbial species relative abundance.
For visualisation purposes samples were split into two panels, but ordination was performed on all samples together.

Figure 3 Relative abundance (log 10 transformed) of Pseudomonas resinovorans, Flintibacter sp. KGMB00164, Intestinimonas
butyriciproducens, and Flavonifractor plautii at day 0 and day 21, stratified by treatment group. Changes over time were
significantly different between groups (all P < 0.05).

baseline there were no significant correlations between
taxa and PSQI scores as assessed by Spearman correla-
tion analysis (all P > 0.05) (data not shown).

On the functional level, there was no effect of treat-
ment on general (MetaCyc) pathways relative abun-
dance. With respect to the curated Gut-Brain Modules

(GBMs), the 56 GBMs in the collection, 50 GMBs had
sufficient coverage from pHMM screening hits to be
quantified (>60% coverage). Acetate Synthesis III was
the only GBM that showed a different temporal pattern,
a small decrease in the treatment group as compared
to the placebo group (P = 0.037 (Supplementary Fig-
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Figure 4 Correlations between GBMs and microbial species abundances at baseline (day 0). Heatmap shows Spearman’s rho coefficients.
Annotation on top of the heatmap shows the mean relative abundance of microbial species in these subjects. Both pathways
and species are positioned using hierarchical clustering (features with similar correlation profiles are placed closer together).

ure S7). No significant effect was observed for the other
two GBMs linked to acetate synthesis (Acetate Synthesis
I and Acetate Synthesis II).

No correlations were found between any of the 50
quantified GBMs and PSQI scores at baseline (P >
0.05), although many strong correlations were observed
between GBM abundances and microbial species abun-
dances (Figure 4). The strongest correlations were
between Escherichia coli and γ-aminobutyric acid
(GABA) synthesis I (rho = +0.85, P = 4.4 × 10−17)
and between I. butyriciproducens and butyrate synthe-
sis (rho = +0.83, P = 2.6 × 10−15).

Baseline differences between responders and
non-responders
As indicated above, most of the variance in Bray-
Curtis dissimilarity was explained by the subject. As
this interindividual variance in microbiota composi-
tion could have given rise to a heterogenous respon-
siveness of the subjects in the intervention group,

we zoomed in on the differences between respon-
ders and non-responders. There were 15 subjects that
showed an improvement in PSQI scores after taking
the intervention product, but who did not show an
improvement after taking the placebo in the subsequent
period (responders), whereas 8 subjects did not show
any improvement in PSQI scores after taking either
the intervention product nor after taking the placebo
(non-responders). The baseline (i.e. before treatment)
characteristics of the 15 responders were compared to
those of the 8 non-responders. Baseline PSQI scores
were not significantly different between responders
and non-responders (P = 0.17), although respon-
ders showed a trend towards somewhat higher scores,
indicating slightly lower sleep quality (Supplementary
Figure S8). Alpha-diversity (Shannon index) was not
significantly different between responders and non-
responders (P = 0.28). Interestingly, being a responder,
however, explained 10% of the variance in β-diversity
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Figure 5 Plot of PCoA on Bray-Curtis dissimilarity at baseline
(day 0). Colours show non-responders (grey) and
responders (orange). Numbers in square brackets on
the x- and y-axis show the amount of variance
explained by the first two principal coordinates.

(Bray-Curtis dissimilarity) at baseline, after adjusting for
age, sex, and BMI (PERMANOVA P = 0.009, Figure 5).

The microbiota composition and functionality of
responders and non-responders were significantly dif-
ferent at baseline. The (relative) abundance of Faecal-
ibacterium prausnitzii was significantly different unad-
justed P < 0.001; about 3 times higher in respon-
ders (baseline median relative abundance 18.2%) as
compared to non-responders (baseline median relative
abundance 6.2%) (Figure 6). At day 21, the difference
was still apparent (unadjusted P = 0.0067).

The relative abundance of Bifidobacterium was not
significantly different at baseline between responders
and non-responders, although there was a trend of
lower Bifidobacterium genus (unadjusted P = 0.065,
Figure 6), Bifidobacterium adolescentis (unadjusted P =
0.13) and Bifidobacterium longum (unadjusted P =
0.087) in responders as compared to non-responders.
B. longum relative abundance was around 3 times lower
at baseline in responders (median 2.5%) compared to
non-responders (median 7.5%), whereas B. adolescentis
was around 7 times lower in responders (1.2%) com-
pared to non-responders (8.6%). Bifidobacterium sig-
nificantly increased upon the DP intervention in the
responders (unadjusted P = 0.0181), but not within the
non-responders. B. longum did not significantly increase
upon the DP intervention in either group, but B. ado-
lescentis increased significantly in only the responders
(unadjusted P = 0.0054). In addition, 8 species includ-
ing Enterocloster boltae, Blautia hansenii, Bacteroides
thetaiotaomicron and Roseburia hominis were also sig-
nificantly higher at baseline only before FDR adjust-
ments (data not shown). Streptococcus thermophiluswas
shown to be significantly lower in responders as com-
pared to non-responders.

Significant differences were also observed on basis
of the microbial pathway profiles of responders and
non-responders at baseline. The abundance of 26 Meta-
Cyc pathways were significantly higher in responders at
baseline (Figure 7). There were no significant correla-
tions between pathways and PSQI scores at baseline (all
P > 0.05). We also assessed whether any of the GBM
relative abundances were different between responders
and non-responders. Quinolinic acid degradation was
the only GBM that was significantly (P = 0.0137 (Sup-
plementary Figure S9) lower in responders, but the rela-
tive abundance did not change upon the intervention.

The compositional and functional differences ap-
peared to be coherent on basis of both readouts as very
strong correlations were found between the pathways
and discriminating microbiota species (including the
9 species that were significantly different at baseline,
Figure 8). F. prausnitzii abundance was strongly cor-
related with several L-arginine biosynthesis pathways
and with putresceine biosynthesis, while several Blautia
species (B. hansenii, Blautia producta, and Blautia argi),
Roseburia intestinalis, and B. thetaiotaomicron showed
strong positive correlations with chorismate biosynthe-
sis, CDP-diacylglycerol biosynthesis, and flavin biosyn-
thesis.

4 Discussion

In this study, the effects on gut microbiota composition
and function of a dairy-based product (DP) containing
whey protein and galacto-oligosaccharides (GOS), that
was shown to improve sleep and stress in healthy sub-
jects with moderate sleep disturbances, were assessed
(Schaafsma et al., 2021).

A statistically significant shift in microbiota compo-
sition was observed in the treatment group, not in the
placebo group. Species that showed a slight but sig-
nificant decrease were P. resinovorans, Flintibacter sp.
KGM00164, I. butyriciproducens, and F. plautii. Although
the latter three are phylogenetically closely related and
butyrate producers (Kläring et al., 2013; Louis et al.,
2019), no decrease in faecal butyrate could be discerned.
This could be due to a limitation of faecal SCFA mea-
surements, reflecting the net production, consumption
and absorption. On the genus level, Pseudomonas, of
which the relative abundance in the colonic mucosa
has been shown to be higher in short sleepers com-
pared to normal sleepers, showed a decrease in the
treatment group (Agrawal et al., 2021). As reported
before (Schaafsma et al., 2021), an (non-significant)
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Figure 6 Relative abundance of Faecalibacterium prausnitzii, Bifidobacterium, Bifidobacterium longum and Bifidobacterium adolescentis
at baseline (day 0) and at day 21 in responders as compared to non-responders. P-values shown (when <0.1) are the unadjusted
p-values of a Mann-Whitney U test (in black) orWilcoxon signed rank test (in orange).

Figure 7 MetaCyc pathways that are significantly different between responders and non-responders at baseline. Pathway abundances
are scaled across subjects to zero-mean unit-variance. Annotation on the right side of the heatmap shows mean pathway
abundance across all subjects in counts per million. Pathways are positioned using hierarchical clustering (pathways with
similar abundance profiles are placed closer together).

increase of Bifidobacterium in the treatment group was
also observed. The prebiotic GOS, an ingredient of the
DP, has been shown to result in an increased Bifi-
dobacterium abundance and reduced stress (5.5 g daily
for 4 weeks), although it did not significantly improve
sleep quality (Johnstone et al., 2021) in a study pop-

ulation with on average lower PSQI scores. In studies
with mice subjected to sleep deprivation/fragmentation
lower levels of Bifidobacteriaceae were reported (Han
et al., 2022) and the administration of Bifidobacterium
strains were shown to improve sleep quality in sev-
eral studies (Haarhuis et al., 2022). Analysis of specific
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Figure 8 Correlations between the discriminating microbiota species and MetaCyc pathways significantly different between responders
and non-responder at baseline (day 0). Heatmap shows Spearman’s rho values. Annotation on top of the heatmap shows the
mean relative abundance of microbial species. Both pathways and species are positioned using hierarchical clustering (features
with similar correlation profiles are placed closer together).

microbiota functions/pathways that have the poten-
tial to interact with the brain, collected in the bioin-
formatic GMBs (Valles-Colomer et al., 2019), showed
that the GMB Acetate Synthesis III (acetate formation
from acetyl-CoA III) decreased slightly in the treatment
group, but no significant effect was observed for two
other acetate synthesis GMBs (Acetate Synthesis I and
Acetate Synthesis II).

As the interindividual variance in microbiota compo-
sition (and potentially function) could have given rise
to a heterogenous responsiveness of the subjects in the
intervention group, we zoomed in on a subset of respon-
ders and non-responders. Remarkably, responder/non-
responder explained 10% of the variance in Bray-Curtis
dissimilarity at baseline, indicating a large difference
in microbiota composition. The relative abundance
of B. longum and B. adolescentis was about 3-7 times
lower in responders as compared to non-responders. An
increase over time within responders of the Bifidobac-
terium genus and specifically of B. adolescentis, but not
of B. longum was observed. This finding suggests that a
relatively low baseline Bifidobacterium abundance is a
predictor for sleep improvement by the DP.

The effectiveness, however, seems to also depend on
the relative abundance of additional microbiota species

as another significantly distinct difference was found
for the baseline relative abundance of F. prausnitzii,
being about 3 times higher in responders. F. prausnitzii
has shown its potential as an anxiety reducing probi-
otic in rats (Hao et al., 2019), supporting the hypoth-
esis that a link between specifically this species and
the brain exists. Also with respect to sleep, as patients
with chronic insomnia where shown to have a lower
abundance of Faecalibacterium as compared to healthy
controls (Han et al., 2022; Li et al., 2020). The relative
abundance of Faecalibacterium was also lower in chil-
dren with autism spectrum disorder (ASD) and a sleep
disorder, compared to ASD children with no sleep dis-
order (Han et al., 2022; Hua et al., 2020), and corre-
lated with (lower) faecal melatonin concentration. We
did not find differences in the abundance of the GMB
for microbial synthesis of melatonin. However, mela-
tonin and its precursor serotonin can also be produced
by enterochromaffin cells in the gut (Chen et al., 2011)
and gut microbes have been shown to be able to modu-
late their host’s serotonin production (Agus et al., 2018).
Putatively, themicrobiota composition (shift) in respon-
ders could positivelymodulate the intestinal production
of serotonin and/or melatonin, as the DP contains tryp-
tophan, for which it has been shown that it increases
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circulating melatonin levels after oral administration in
animal studies (Chen et al., 2011).

On the functional level, 26 MetaCyc pathways were
shown to be more abundant in responders at base-
line. Most notable is the higher abundance of the 3 l-
arginine- and putrescine biosynthesis pathways at base-
line, that positively correlated with F. prausnitzii relative
abundance. L-arginine, a precursor of nitric oxide (NO),
can protect against REM sleep deprivation-induced
hypertension and endothelial dysfunction in rats (Jiang
et al., 2017), and decreased levels of circulating NO
and L-arginine have been associated with sleep apnea
(Lavie et al., 2003). Putrescine, that can be produced
from arginine by the commensal microbiota (Nakamura
et al., 2019), can serve as precursor for GABA synthe-
sis by specific bacteria such as Escherichia coli (Wu et
al., 2017) The correlation analysis between GMBs and
microbiota species relative abundances indeed showed
a correlation between GABA synthesis and E. coli, but
not between GABA synthesis and Bifidobacterium spp.
Nevertheless, Bifidobacterium species and strains have
been reported to be capable of producing GABA in vitro
(Barrett et al., 2012; Strandwitz et al., 2019; Yunes et al.,
2016)). The only GMB that was significantly different
between responders and non-responders was quinolinic
acid degradation, being higher in the latter group. Inter-
estingly, sleep loss has been associated with higher lev-
els of inflammation and kynurenine metabolism which
increases the formation of the neurotoxic quinolinic
acid (Bhat et al., 2020). Higher microbial quinolinic acid
degradation activity could result in lower faecal levels of
quinolinic acid but this is highly speculative as we did
not measure quinolinic acid in the faeces.

In summary, modest effects of the DP enriched with,
amongst others, GOS and tryptophan were observed
on gut microbiota composition and function. Remark-
ably, a significant difference in overall gut microbiota
composition at baseline between responders and non-
responders to the dietary intervention was revealed,
which could be attributed mainly to a higher rela-
tive abundance of F. prausnitzii and a lower relative
abundance of B. longum and B. adolescentis in respon-
ders. Only in responders, Bifidobacterium increased
due to the supplementation, the relative abundance
of F. prausnitzii did not change. This may suggest a
(cross-feeding) role for Bifidobacterium in the positive
response regarding sleep, when a sufficient amount of
F. prausnitzii is present. These insights could give direc-
tion to the design of dedicated dietary interventions to
improve sleep quality and in revealing underlyingmech-
anisms in follow-up studies.
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