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Original Research Article 
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A B S T R A C T   

Sleep disorders have been linked to alterations of gut microbiota composition in adult humans and animal 
models, but it is unclear how this link develops. With longitudinal assessments in 162 healthy infants, we present 
a so far unrecognized sleep-brain-gut interrelationship. First, we report a link between sleep habits and gut 
microbiota: daytime sleep is associated with bacterial diversity, and nighttime sleep fragmentation and vari-
ability are linked with bacterial maturity and enterotype. Second, we demonstrate a sleep-brain-gut link: bac-
terial diversity and enterotype are associated with sleep neurophysiology. Third, we show that the sleep-brain- 
gut link is relevant in development: sleep habits and bacterial markers predict behavioral-developmental out-
comes. Our results demonstrate the dynamic interplay between sleep, gut microbiota, and the maturation of 
brain and behavior during infancy, which aligns with the newly emerging concept of a sleep-brain-gut axis. 
Importantly, sleep and gut microbiota represent promising health targets since both can be modified non- 
invasively. As many adult diseases root in early childhood, leveraging protective factors of adequate sleep and 
age-appropriate gut microbiota in infancy could constitute a health promoting factor across the entire human 
lifespan.   

1. Introduction 

Poor sleep and poor nutrition in early life can equally severely affect 
later child development (Blanton et al., 2016; Gregory et al., 2005). 
Therefore, two fundamental health targets in early childhood that 
promise to protect overall healthy development are sleep habits and gut 
microbiota. 

Sleep regulation significantly matures during early development, 
with the most drastic changes in infancy. In the first year of life, a 24 h 
rhythm emerges, and nighttime sleep is consolidated (Iglowstein et al., 
2003; Schoch et al., 2020). Over the past decade, our perspective on 
sleep has shifted from a global behavior towards a localized 

neurophysiological and cellular recovery process that interacts with 
brain maturation (Jha et al., 2005; Tononi and Cirelli, 2006). Core 
features of sleep, as assessed with the electroencephalogram (EEG), 
develop over early childhood. These features include slow waves 
(approximately 1–4.5 Hz) - the most established proxy of sleep depth. 
Simultaneously, slow waves are a driver of neurodevelopment and may 
actively modify brain maturation processes and brain evolution (Kurth 
et al., 2010; Maret et al., 2011; Timofeev et al., 2020). Importantly, the 
sleep-brain link goes beyond pure correlative observations: short, frag-
mented, or poorly consolidated sleep in infancy is a risk factor for 
cognitive and psychosocial dysfunction later in life (Gregory et al., 2005; 
Lam et al., 2003). This is in alignment with observations showing that 

Abbreviations: EEG, Electroencephalography; SWA, slow wave activity; OTU, Operational Taxonomic Unit; NREM, non-rapid eye movement. 
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formation of neuronal connections necessitates adequate sleep (Fat-
tinger et al., 2017; Tononi and Cirelli, 2006). 

Beyond sleep, we have come to understand the influence of gut 
microbiota on the brain (for a comprehensive review, see Cryan et al., 
2019). Seminal research with germ-free and gnotobiotic mice illumi-
nates the bottom-up processes through which gut microbiota affect the 
brain (Clarke et al., 2013; Gareau et al., 2011; O’Mahony et al., 2014). 
Particularly the early colonization of gut microbiota is crucial for proper 
brain function as gut colonization has been linked to the initiation of 
signaling processes in the brain in animal models (Heijtz et al., 2011; 
Sudo et al., 2004). Accordingly, compelling evidence is piling up that gut 
microbiota also play a pivotal role in human brain development. The 
composition and diversity of bacterial taxa in infants’ gut - determined 
from stool samples - is linked to physiological development and cogni-
tive function later in life (Blanton et al., 2016; Carlson et al., 2018). 
However, it remains unclear if and how sleep and gut microbiota 
interact throughout the neurodevelopmental period. 

In adulthood, specific gut microbiota profiles associate with sleep 
quality and sleep duration (González-Mercado et al., 2020; Grosicki 
et al., 2020; Smith et al., 2019). Experimental alterations of sleep induce 
changes in gut microbial composition (Bowers et al., 2020; Liu et al., 
2020; Maki et al., 2020; Poroyko et al., 2016). Vice versa, alteration of 
gut microbial composition increased sleep consolidation and extended 
sleep duration (Brown et al., 1990; Takada et al., 2017; Thompson et al., 
2020; Yu et al., 2020). Therefore, the sleep-gut-link is bi-directional. 
However, it remains unclear when in human development the 
sleep-gut-link emerges. Furthermore, considering that sleep is tied to 
neurodevelopment, the concept of a sleep-brain-gut axis may exist. 

We applied three systematic steps to test the existence of a sleep- 
brain-gut linkage in infancy and examine its potential dynamic rela-
tionship with behavioral developmental outcomes. Hundred and sixty- 
two healthy infants were longitudinally assessed at 3, 6, and 12 
months, with interdisciplinary methods for four core developmental 
domains: gut microbiota, sleep habits, sleep neurophysiology and 
behavioral development. 

First, we tested the existence of a sleep-gut connection and hypoth-
esized that healthy infants with more mature sleep habits harbor a more 
mature gut microbial community. Second, we hypothesized the exis-
tence of a sleep-brain-gut link by means of associations among sleep 
habits, gut microbiota, and sleep neurophysiology. Third, we hypothe-
sized that the sleep-brain-gut linkage is relevant to infant behavioral 
development and tested whether early sleep habits and gut microbiota 
relate to behavioral skills, both concurrently and predictively. 

2. Methods 

2.1. Participants 

162 healthy infants in Switzerland (75 female) participated in a 
study in which the three domains sleep habits, gut microbiota, and 
behavioral development were longitudinally investigated at ages 3, 6, 
and 12 months. In a subset, sleep neurophysiology was additionally 
examined at 6 months. We recruited infant participants with good 
general health, who were primarily breastfed, vaginally and term-born 

(37–43 weeks gestation), and had no antibiotic intake in their first 
three months of life. The infants’ mothers reported no gut-related dis-
orders (IBS, IBD, Clostridioides difficile infection) that could generally 
transfer to the infants. For detailed inclusion and exclusion criteria see 
Schoch et al. (2020). Sub-sections of this dataset were published pre-
viously (Schoch et al., 2020, 2019). Ethical approval was obtained from 
the cantonal ethics committee (BASEC 2016-00730), and study procedures 
were in accordance with the declaration of Helsinki. Written parental 
consent was obtained after explanation of the study and before enroll-
ment. Families received small non-monetary gifts for their participation. 

2.2. Experimental design 

At all assessment time points, we quantified the three domains age- 
appropriately with validated objective and subjective methods 
(Fig. 1). Additionally, at age 24 months, we conducted a follow-up 
assessment of behavioral development. Further, in a subsample of 33 
infants aged 6 months, we recorded high-density EEG during nighttime 
sleep. 

We measured infant sleep habits for 11 continuous days with ankle 
actigraphy and a 24 h-diary according to standard protocols (Schoch 
et al., 2019; Werner et al., 2008). Parents attached the GENEactiv 
movement sensors (Activinsights Ltd, Kimbolton, UK, 43 × 40 × 13 mm, 
MEMS sensor, 16 g, 30 Hz Frequency) on the infants’ left ankle using a 
modified sock or a Tyvek paper strap. We instructed parents to only 
remove the actigraph for bathing/swimming activities and document 
actigraph removal in the 24 h diary. 

Sleep neurophysiology was measured by EEG at the families’ home 
using a high-density sponge electrode net (124 electrodes, Electrical 
Geodesics Sensor Net, Electrical Geodesics Inc., EGI, Eugene, OR). For 
recording, EEG data were referenced to the vertex and sampled at 500 
Hz (filtered between 0.01 and 200 Hz). The net was immersed in a 
mixture of 1 L warm water, 10 mL potassium chloride, and a few drops 
of baby shampoo for 5 min before being positioned on the infant. Im-
pedances were kept below 50 kΩ, as is common with this EEG system 
(Kurth et al., 2010; Maric et al., 2017). Bedtimes, bedtime rituals, and 
sleeping location were following the infant’s habits. Electrodes were 
removed after a maximum duration of 120 min, or if the infant woke up 
shortly before or did not settle again after waking up. 

During each of the three assessments, parents collected at least one 
stool sample from the infant’s diaper using disposable pipettes (Pastette 
3 mL graduated) or disposable laboratory spatulas (smartSpatula, 210 
mm natural). Samples were kept in sterile Eppendorf tubes (5 mL), 
wrapped into Whirlpak bags, and temporarily stored in the families’ 
fridge. All samples were transported to the laboratory within 72 h in 
cooling boxes to maintain temperature. Aliquots with a minimum 
weight of 100 mg were sampled and stored at -50 ◦ Celsius. 

Infant behavioral developmental status was quantified with a parent- 
completed German translation of the Ages and Stages Questionnaire 
(Squires et al., 1995). Using online questionnaires, we further assessed 
feeding practices, sleep habits, general health, and demographics. 

Fig. 1. Experimental design to investigate the longitudinal 
interrelationships of sleep, gut microbiota, and behavioral 
development in healthy infants. The sample size is indicated 
for each assessment in the corresponding domain. Sleep habits 
entailed collecting actigraphy and 24-h diary data, gut micro-
biota were characterized with 16S rRNA gene amplicon 
sequence analysis from fecal samples, behavioral development 
was quantified with the parent-reported Ages and Stages 
Questionnaire, and neurophysiology was quantified with high 
spatial resolution electroencephalography (EEG). Graphics 
from Natalia Zelenina © 123RF.com.   
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2.3. Missing data 

The majority of all infants (n = 123) provided data for all 3 domains 
at all three time points. Missing data was replaced with 100 imputations 
using the R package mice for sleep, gut bacteria, and ASQ outcomes. 

Ten infants were exclusively recruited for the EEG assessment at 6 
months. Some infants were excluded for single assessment time points (n 
= 2 at 3 months due to medication intake, n = 1 at 6 months due to 
health reasons, and n = 6 at 12 months due to participant attrition and 
illness). Furthermore, 11 infants lacked sleep data for single assessment 
time points (n = 1 at 3 months due to holidays, n = 4 at 6 months due to 
device failure (3) and withdrawal from sleep data collection (1), n = 6 at 
12 months due to device failure (2), moving away (1), prolonged illness 
(1), and withdrawal from sleep data collection (2)). Gut microbiota data 
was lacking from 9 infants for single assessment time points (n = 2 at 3 
months due to low read count (1) and holidays (1), n = 4 at 6 months 
due to low read count, n = 3 at 12 months due to moving away (1), low 
read count (1) and sample not analyzed (1)). Behavioral data was 
missing from 11 infants for single assessment time points (n = 2 at 3 
months and n = 4 at 6 months, and n = 5 at 12 months of age all due to 
completion of the questionnaire at an age outside of the selected time 
window). Additionally, only single recording days of sleep data were 
missing (Schoch et al., 2020) or single items were not marked in the 
survey. 

2.4. Sleep habits 

2.4.1. Actigraphy to analyze movement patterns 
Actigraph data were processed according to our laboratory standards 

(Schoch et al., 2019). We computed infant sleep-wake patterns with a 
6-step modification of the Sadeh algorithm (Sadeh et al., 1995; Schoch 
et al., 2020, 2019). We calculated 48 sleep variables of interest (Meltzer 
et al., 2012; Phillips et al., 2017; Staples et al., 2019). To comprehen-
sively capture all aspects of habitual infant sleep and at the same time 
reducing the number of analyses, we computed “sleep composites” 
(Schoch et al., 2020). In short, a principal component analysis imple-
mented a data-driven, similarity-based sleep categorization: 32 of the 48 
sleep variables were consolidated into five sleep composites, which 
reflect the key dimensions of infant sleep:  

• Sleep Activity, summarizing movement and awakenings at night,  
• Sleep Timing, representing the clock time of bedtimes and sleep times,  
• Sleep Night, reflecting nighttime sleep opportunity and duration,  
• Sleep Day, characterizing duration and number of daytime naps and 

their regularity, and  
• Sleep Variability, reflecting the variability of timing and nighttime 

sleep between the recorded days. 

2.5. Sleep neurophysiology 

2.5.1. Quantification of neurophysiology with sleep electroencephalography 
(EEG) 

EEG data were bandpass filtered between 0.5 and 50 Hz and down- 
sampled to 128 Hz. Sleep stages were visually scored in 20 s epochs 
according to the AASM Manual for scoring sleep, including the adjusted 
rules for pediatric samples (Iber et al., 2007) by two independent raters. 
Disagreements were discussed for the final scoring version. Artifacts 
were rejected based on a semiautomatic scoring, including visualiza-
tions of frequency and power (Huber et al., 2000). Data was 
re-referenced to average reference (Kurth et al., 2010). EEG power was 
determined for each electrode in the slow wave activity (0.75–4.25 Hz), 
theta (4.5–7.5 Hz), and sigma (9.75–14.75 Hz) frequency ranges. The 
outermost row of electrodes (adjacent to neck and face) and single 
electrodes (max 10 %) with a duration of artifact-free non-rapid eye 
movement (NREM) sleep below 30 min were excluded. Final analyses 
included recordings with 74–109 electrodes (M = 100.5 SD = 7.5). EEG 

power was then averaged across the first 30 min of artifact-free NREM 
sleep. For 3 participants, data were averaged across their maximal 
length of 25, 26.3, or 28 min, and one participant was excluded (data 
available for 13.67 min). Missing electrodes were interpolated so that 
each infant had information for 109 electrodes. 

2.6. Characterization of gut microbiota 

2.6.1. Stool DNA extraction and 16S rRNA-gene amplicon sequencing 
DNA was extracted from ~200 mg of stool using PowerSoil® DNA 

Isolation Kit (MOBIO Laboratories, Carlsbad, CA, USA) according to the 
manufacturer’s instructions, with minor modifications. Before DNA 
extraction, samples were placed into PowerBead tubes and heat-treated 
at 65 ◦C for 10 min and then at 95 ◦C for 10 min. Subsequently, solution 
C1 was added, and bead-beating was performed in FastPrep (MP Bio-
medicals, Santa Ana, CA, USA) using three cycles of 15 s each, at a speed 
of 6.5 m s− 1. The remaining DNA extraction procedure followed the 
manufacturer’s instructions. 

16S rRNA gene amplicon libraries were prepared using primers 
designed to target V3 region (Ovreås et al., 1997) and carrying adapters 
for the Nextera Index Kit® (Illumina, CA, USA): NXt_338_F: 5′- TCG TCG 
GCA GCG TCA GAT GTG TAT AAG AGA CAG ACW CCT ACG GGW GGC 
AGC AG -3′ and NXt_518_R: 5′- GTC TCG TGG GCT CGG AGA TGT GTA 
TAA GAG ACA GAT TAC CGC GGC TGC TGG -3′. Amplification profile 
(1st PCR), barcoding (2nd PCR), amplicon library purification, and 
sequencing were performed as described previously (Krych et al., 2018). 
The raw dataset containing 2 × 151bp (pair-ended) was quality checked 
using FastQC (v.0.11.2) (Andrews, 2010). Overlapping forward and 
reverse reads were trimmed (R1:5bp, R2:10bp) using seqtk (Shen et al., 
2016) and merged using FLASH (v1.2.11) (Magoč and Salzberg, 2011) 
with the following parameters: minimum overlap of 15, a maximum 
overlap of 300, and maximum mismatch density of 0.25. Cutadapt 
(v1.12) (Martin, 2011) was used to identify and trim primer regions 
allowing for an error rate of 0.01. Quality filtering was done using 
PrinSeq (Schmieder and Edwards, 2011), removing reads with mean 
quality lower than 20 or containing ambiguous nucleotides. The 
resulting amplicons were de-noised and assigned to define zero-radius 
Operational Taxonomic Units (zOTUs) using usearch (v10.0.240, 
UNOISE3) (Edgar and Flyvbjerg, 2015). Taxonomic predictions were 
made using the Greengenes catalog (DeSantis et al., 2006). 

2.6.2. Gut microbiota consolidated into three core markers 
Samples were analyzed in five batches, across which the variability 

in sequencing depth was computed. To account for possible differences 
in sequencing depth and gut microbiota composition and diversity be-
tween batches, ‘Batch’ was included in all further analyses as a control 
variable. Samples below 50′000 reads (< 1% of all samples) were 
excluded to ensure sufficient sequencing depth (leading to n = 6 
missing, as reported above). Data were normalized by rarefying to the 
lowest count number (50′268), resulting in 1′430 bacterial amplicon 
sequencing variants. 

Negative controls (autoclaved water exposed to the same work flow) 
also contained reads (range 2− 150’785). zOTU2 (Enterobacteriaceae) 
were the abundant zOTUs in 30 % of negative controls and 10 % of the 
effective infant stool samples. Other zOTUs, which were abundantly 
detected in the negative controls, were rare in the effective samples. The 
influence of zOTU2 on the three bacterial markers (gut microbiotal di-
versity, bacterial maturation index, enterotype) was negligible. 

We defined the core bacteria according to two criteria across all time 
points: bacterial taxa reaching a minimal prevalence of 20 % (i.e., 
detected in at least 20 % of infants) and a minimum relative abundance 
of 1% (i.e., accounting for at least 1% of all bacterial measured in total). 
Following this preprocessing, we used three markers to streamline the 
quantification of gut microbial profiles: 

S.F. Schoch et al.                                                                                                                                                                                                                               
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i) Alpha diversity: characterizing the presence and abundance of 
bacterial taxa within individual samples;  

ii) Bacterial maturation index: reflecting the relative maturational 
status of each individuals’ gut microbial profile computed 
through the difference between random forest prediction of 
chronological age and actual chronological age;  

iii) “Enterotypes” and “Enterotype evolution pattern”: classifying 
individuals’ gut microbial profiles and assignment to groups with 
similar bacterial profiles. 

For i), we used three calculations to capture alpha diversity thor-
oughly: Observed, Shannon Index, and Chao1. Observed emphasizes the 
number of different bacterial taxa present in a sample; the Shannon 
Index concentrates on both species abundance and evenness (similarity 
of abundance between species), and Chao1 is an abundance estimator 
with a focus on rare species (Hagerty et al., 2020). 

For ii), random forest analysis was performed to predict chronolog-
ical age from the bacterial composition in each stool profile (predicted 
bacterial age) (Kong et al., 2016). We aimed to identify those infants 
demonstrating a mismatch between actual and predicted bacterial age. 
Therefore, we selected the comparatively low number of 100 trees in 
random forest analysis and then calculated a bacterial maturation index: 
“predicted bacterial age - actual age”. 

For iii), we first applied clustering scoring methods (prediction 
strength, average silhouette width, and Calinksi–Harabasz scoring) to 
assess the ideal number of clusters (2–12) and distance measure (Bray- 
Curtis, Jaccard, Unifrac, weighted Unifrac, and Jensen-Shannon Dis-
tance) (Arumugam et al., 2011). Most evidence was found for a 2-cluster 
solution with weighted UniFrac (highest Calinksi–Harabasz value and 
consistently high prediction strength across all ages). Each infant at each 
assessment time point was assigned to either enterotype A or B based on 
this solution. Additionally, we examined the change in enterotype 
evolution pattern across the first year by classifying infants to 
“Switchers” (A to B), “Bifidobacterium” (A to A), “Bacteroides” (B to B), 
and “Reverser” (B to A), depending on the change in enterotype between 
6 and 12 months of age. 

2.7. Behavioral development 

2.7.1. Ages and Stages Questionnaire to determine behavioral development 
We calculated a Collective Score for overall development by assem-

bling the five key domains Communication, Gross Motor, Fine Motor, 
Problem Solving, and Personal Social. In addition to the overall Collective 
Score, we examined Gross Motor and Personal Social independently 
(Gollenberg et al., 2010; Squires et al., 1995). 

2.8. Statistical analysis 

Statistical analysis was performed in R Studio (1.3.959 using R 
version 4.0.0) with the following packages for data handling and sta-
tistics (tidyr, eeptools, reshape, dplyr, lubridate, phyloseq, vegan, micro-
biome, VIM, margrittr, chron, kableExtra, knitr, lsr, reshape2, multilevel, 
randomForest, factoextra, cluster, fpc, mice, miceadds, lme4, nlme, data. 
table, stringr) and plotting (corrplot, ggplot2, ggpubr, lattice, ggfortify, 
sjPlot, cowplot, plotly, RColorBrewer, gridGraphics). 

We ran linear models to examine alpha diversity changes with age 
while controlling for batch (5 different runs) and breastfeeding (0 for 
never or rarely breastfed, 1 for occasionally, regularly, or daily breast-
feeding). To examine the batch effect on alpha diversity, we also ran a 
one-way ANOVA to estimate h2 for batch versus age. With an Adonis test 
(a randomization/Monte Carlo permutation test), we examined age- 
related changes in beta diversity (differences between infants). 

To test whether a sleep-gut link exists in infants, we applied multi-
level models with the three markers for gut microbial profiles (alpha 
diversity, bacterial maturity index, and enterotype) as dependent vari-
ables and the five sleep composites (Sleep Day, Sleep Night, Sleep 

Timing, Sleep Activity, and Sleep Variability) as independent variables. 
Random intercepts were set for each participant. Due to the differences 
mentioned above, we controlled for exact age, sex, batch, and 
breastfeeding. 

Additionally, generalized linear models were computed for each 
assessment time point at 3, 6, and 12 months. Where enterotype was the 
outcome, generalized (multilevel) models with a binomial distribution 
were applied. Further, we examined the influence of enterotype evolu-
tion patterns on sleep behavior at 12 months using five generalized 
linear models. Each had one sleep composite at 12 months as the 
outcome and the enterotype evolution patterns as predictor variables 
(compared to the most common enterotype evolution pattern, 
“Switcher”). 

We analyzed gut-brain associations in the smaller sample with linear 
models at ages 3 (N = 22) and 6 months (N = 32) using gut microbiota 
(diversity measures, enterotypes) as predictors and EEG power maps as 
outcomes while controlling for age, sex, and breastfeeding. 

Because the EEG was only available at 6 months, the models for 12 
months included gut microbiota (diversity measures) as outcome and 
EEG power maps as predictors while controlling for age, sex, and 
breastfeeding. For these models, we were unable to include bacterial 
maturation index and enterotype at 12 months and the enterotype 
evolution profiles because not all categories occurred within the N = 22 
samples. In the case of significant effects, we investigated its localization 
utilizing correlations or t-tests for each electrode and applying a cluster 
correction (Maric et al., 2017). 

The five sleep composites and the three gut microbiota markers were 
compared to behavioral development at 3, 6, and 12 months to examine 
the sleep-gut-brain link. For predictive associations, behavioral out-
comes at 6, 12, and 24 months were included. We used random intercept 
cross-lagged panel models (Hamaker et al., 2015) to separate 
within-person and between-person variance in longitudinal analyses by 
having a latent intercept for each construct across assessment time 
points. The three behavioral outcomes (Collective Score, Gross Motor 
Score, and Personal Social Score) were tested in a model including all five 
sleep composites and a model including all three gut microbial markers, 
resulting in 6 models in total. We controlled for exact age and sex (at the 
intercept level) and breastfeeding for those models with bacterial pre-
dictors. These models did not consist of imputed data but instead esti-
mated missing values using full information maximum likelihood 
(FIML). FIML is a general estimate of missing predictor data, yet not of 
outcome. We specified the five sleep composites as latent variables using 
the 32 sleep variables on which the composites are based (Schoch et al., 
2020). For alpha diversity, we specified a latent variable loading the 
three different diversity indices. Enterotypes, bacterial maturity index, 
and the three behavioral outcomes were analyzed as manifest variables. 

The alpha level was set to p < 0.05. 

3. Results 

3.1. Characterization of gut microbiota across infancy 

Characterization of stool samples demonstrated a gut microbiota 
composition typical for infants: Bifidobacterium and Bacteroides were the 
most abundant genera across the first year of life. The gut microbial 
composition at age 3 and 6 months were largely similar, while we 
observed pronounced changes from age 6–12 months (Suppl Fig. 1), 
which was also evidenced by an increase of alpha diversity with age (p <
0.001). Using Partitioning Around Medoids analysis based on weighted 
UniFrac distance matrices, two primary enterotypes were identified 
across samples, with enterotype A characterized by highly abundant 
Bifidobacterium and enterotype B characterized by highly abundant 
Bacteroides. The majority of infants switched from enterotype A to 
enterotype B between 6 and 12 months of age (54.0 %, Suppl Fig. 2). 
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3.2. Infant daytime sleep is associated with alpha diversity 

Subsequently, we examined whether infant sleep habits relate to 
alpha diversity. We computed three multilevel models across all 
assessment time points, with alpha diversity as the outcome and sleep 
composites as independent variables (controlling for age, breastfeeding, 
sex, batch). We identified a negative association between Sleep Day - 
characterizing duration and number of daytime naps and their regu-
larity - and alpha diversity: infants with higher alpha diversity exhibited 
less predominant daytime sleep, thereby suggesting more “advanced” 
patterns in both domains (Fig. 2). This effect reached significance in two 
of the alpha diversity measures (Observed t(240.90) = -2.14, p = 0.03, and 
Chao1 t(332.09) = -2.29, p = 0.02) and a trend for the Shannon index 
t(392.95) = -1.75, p = 0.08). In contrast, the other infant sleep habit 
composites, Sleep Night, Sleep Timing, Sleep Activity, and Sleep Variability, 
were not significantly associated with alpha diversity (p > 0.05, Sup-
plemental Table 1). 

To examine if this sleep-gut association is dynamic across the first 
year of infancy, we computed separate linear models for each assess-
ment timepoint. At 3 months alpha diversity was again strongly linked 
to Sleep Day (Observed t(83.66) = -2.95, p = 0.004, Chao1 t(98.66) = -2.73, 
p = 0.008, Shannon t(105.54) = -2.11, p = 0.04), which was not the case at 
either of the older ages or for the remaining sleep composites (all p >
0.05, Supplemental Table 1). 

3.3. Infants with a higher bacterial maturation index wake up more at 
night 

We used a bacterial maturation index to classify the profile of in-
fant’s stool samples as older or younger relative to their effective age, 
based on whether their gut microbiota showed a more mature/less 
mature pattern. We tested relationships with a multilevel model that 
included bacterial maturation index as the outcome and all sleep com-
posites as predictors (controlling for exact age, sex, breastfeeding, and 
batch). Surprisingly, Sleep Activity positively correlated with the bacte-
rial maturation index (t(348.91) = 2.23, p = 0.03, Fig. 3A), indicating that 
infants with more mature gut microbiome also showed more activity 
and awakenings at nighttime. This effect was evident only when 
combining all infant ages and disappeared when considering separate 
age time points (all sleep composites p > 0.05, supplemental Table 2). 

3.4. Infant sleep habits associated with gut microbial enterotype evolution 

Lastly, we checked for differences in infants’ sleep habits between 
gut microbiota enterotype A and B. No significant group differences in 
sleep composites were found, neither across time points nor within 
assessment time points (controlling for exact age, sex, and breastfeeding; 
all p > 0.05, supplemental Table 3). 

We then addressed the patterns of enterotype evolution between 

Fig. 2. The association between alpha diversity and Sleep Day. Alpha diversity of bacteria in stool samples is lower in infants with more daytime sleep. a) Observed 
diversity was significantly associated with Sleep Day across all ages (multilevel model, p = 0.03) and at 3 months (p = 0.004), but not at 6 and 12 months. b) Chao1 
diversity was significantly associated with Sleep Day across all ages (multilevel model, p = 0.02) and at 3 months (p = 0.008), but not at 6 and 12 months. c) The 
Shannon Index was significantly associated with Sleep Day at 3 months (p = 0.04), yet not at other ages. Data were averaged across 100 imputations for plotting (n =
162). Data were analyzed pooled across 100 imputations using multilevel models with individual intercepts for each participant across all time points and generalized 
linear models for each time point. All the models controlled for participant age, sex, breastfeeding status, and batch. 

Fig. 3. Associations between sleep habits as measured by sleep composites with gut microbial maturity and enterotype profiles. a) Infant Sleep Activity across all 
assessment timepoints positively correlates with bacterial maturation index (p = 0.03), however, the association is not significant for single assessment timepoints (p 
> 0.05, n = 162). b) Sleep Activity at 12 months correlates with enterotype evolution. Significantly more nighttime awakenings are found in infants with a “Bifi-
dobacterium” (n = 19) pattern compared to “Switchers” (p = 0.048, n = 82). c) Sleep Variability at 12 months correlates with enterotype evolution. Infants with more 
variability in sleep show a “Bacteroides” (n = 44) pattern more often than a “Switcher” pattern (p = 0.02, n = 82). Data were averaged across 100 imputations for 
plotting. Data were analyzed pooled across 100 imputations using multilevel models with individual intercepts for each participant across all time points (A) and 
generalized linear models for each time point (A, B & C). All the models controlled for participant age, sex, breastfeeding status, batch. * p < 0.05. 
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6–12 months - “Switchers” (enterotype A at 6 months and B at 12 
months), “Bifidobacterium” (enterotype A at 6 and 12 months), “Bacter-
oides” (enterotype B at 6 and 12 months), and “Reverser” (enterotype B 
at 6 months and A at 12 months). Interestingly, Sleep Activity at 12 
months was significantly increased in infants with “Bifidobacterium” 
pattern compared to “Switchers” (t(120.43) = 2.00, p = 0.048, Fig. 3B). 
This shows that infants with more nighttime awakenings had stayed 
within the “Bifidobacterium” enterotype. Additionally, higher Sleep 
Variability was observed in infants with evolution pattern “Bacteroides” 
compared to “Switchers” (t(130.84) = 2.27, p = 0.02, Fig. 3C). In other 
words, infants with lower stability of the day-to-day sleep habits at 12 
months of age switched to enterotype B comparably early. No other 
differences in the sleep composites were found concerning gut microbial 
enterotype evolution patterns (all p > 0.05, see supplemental Table 4). 

3.5. A possible sleep-gut-brain axis in infants 

In 6 months-old infants, we identified the existence of a sleep-gut- 
brain linkage. Gut microbial enterotypes were associated with distinct 
sleep neurophysiology based on high-density EEG recordings. In 

particular, infants with gut microbial enterotype A exhibited globally 
reduced slow wave activity (SWA, mean across electrodes; t(21.02) =

-2.58, p = 0.02; b = -71.64). This effect appeared in wide areas over 
frontal, temporal, and parietal regions, with the strongest associations in 
a large left-sided cluster of 51 electrodes (Fig. 4). The effect was specific 
to the frequency of SWA, while no relationship was discovered with 
theta or sigma power (p > 0.05, see supplemental Table 5). No associ-
ation between EEG power and alpha diversity was found (all p > 0.05). 

3.6. Sleep neurophysiology at 6 months predicts later alpha diversity 

Further, we examined whether a prospective “top-down” dynamic 
exists within the concept of a sleep-brain-gut axis by testing whether 
sleep neurophysiology predicts gut microbiota profiles later in life. 
Indeed, EEG power in the theta frequency predicted later alpha di-
versity: infants with increased theta power (average across all elec-
trodes) at 6 months revealed lower alpha diversity at 12 months 
(Shannon, t(12.24) = -2.32, p = 0.03; b = -0.04). This negative association 
emerged in several channels distributed globally in a large cluster of 75 
electrodes, including frontal, central, and parietal regions (Fig. 5). No 

Fig. 4. Sleep neurophysiology is linked to gut 
microbiota enterotype in 6-month-old infants. 
a) Topographical distribution of slow wave ac-
tivity (SWA, 0.75 – 4.25 Hz) for the first 30 min 
of artifact-free NREM sleep at 6 months of age 
depending on enterotype at 6 months of age (N 
= 32 total, enterotype A N = 18, enterotype B N 
= 14). Maps are based on 109 EEG electrodes 
and averaged for each enterotype. Values are 
color-coded and scaled to maximum (red) and 
minimum (blue). While infants in both enter-
otypes show an occipital maximum of SWA, the 
power averaged across all electrodes is signifi-
cantly greater in enterotype B (272.82 ± 84.68 
μV2) than enterotype A (206.81 ± 59.86 μV2, p 
= 0.02 generalized linear model controlling for 
age, sex, breastfeeding, and other gut microbial 
markers). b) Distribution of t-values across the 
scalp resulting from electrode-wise student’s 
unpaired t-test comparing the infants in enter-
otype A with enterotype B. Significant elec-
trodes are indicated as white dots. SWA was 
significantly increased in enterotype B in a 
cluster of 51 globally distributed electrodes 
(Statistical nonparametric Mapping cluster- 
corrected).   

Fig. 5. Infant neurophysiology assessed during sleep 
predicts their later gut microbial diversity. a) Theta 
power averaged across all 109 electrodes at 6 months 
plotted against alpha diversity (Shannon) at 12 months 
(N = 22, p = 0.03 in a model corrected for age, sex, 
breastfeeding, alpha diversity at 6 months, and slow 
wave activity and sigma power). b) Electrode-wise 
partial correlation between theta power (4.5 – 7.5 Hz) 
at 6 months of age and alpha diversity at 12 months of 
age, corrected for age at EEG assessment, illustrated on 
a scalp model. Significant electrodes are indicated as 
white dots. The association between theta at 6 months 
and alpha diversity at 12 months is significant in a large 
global cluster of 75 electrodes (Statistical nonpara-
metric Mapping cluster correction for multiple 
comparisons).   
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other association was found between gut microbial markers at 3 or 12 
months and SWA or sigma power at 6 months (p > 0.05, see supple-
mental Table 5). Infant sleep neurophysiology, therefore, predicts later 
alpha diversity, representing a top-down dynamic within the sleep- 
brain-gut axis framework. 

3.7. Early gut microbiota are no bottom-up predictor of later sleep 
neurophysiology 

Accordingly, we examined whether a “bottom-up” dynamic exists 
within the infant sleep-brain-gut axis framework by testing if early in-
fant gut microbiota profiles predict later sleep neurophysiology. How-
ever, we found no significant predictions of SWA, theta, or sigma power 
at 6 months, neither based on alpha diversity nor enterotype at 3 months 
(p > 0.05, see supplemental Table 6), thus evidencing no “bottom-up” 
dynamic from gut to sleep neurophysiology in infant data. 

3.8. Sleep habits and gut microbiota predict developmental behavioral 
outcomes 

Lastly, we examined on the one hand whether sleep habits and gut 
microbiota relate to concurrent behavioral development, and on the 
other hand, whether they predict later behavioral development. We ran 
six random-intercept cross-lagged panel models, two for each behavioral 
outcome (Collective Score, Gross Motor Score, Personal Social Score), one 
with all sleep composites, the other with the three gut microbial markers 
(see Fig. 6). Overall, associations showed a dynamic pattern – they were 
often specific for only one time point and vanished before or after. For 
both sleep habits and gut microbiota, the general pattern emerged that 
concurrent associations with behavioral development were stronger 
than predictive associations. 

Concurrent relationships between sleep and behavior revealed that 
sleep habits were linked to behavior at all ages, but most associations 
were observed at 3 months, when Sleep Day was negatively linked with 
general behavioral development (z = -2.08, p = 0.04), and specifically 
with Gross Motor (z = -2.46, p = 0.01) and Personal Social development 
(z = 2.00, p = 0.045). Furthermore, concurrent Sleep Activity (z = 2.00, p 
= 0.045) and Sleep Night (z = 2.80, p = 0.005) were linked with Personal 
Social development at 3 months. From the 3 behavioral domains, most 

associations with sleep habits were found in Personal Social Scores. 
In contrast, concurrent relationships with gut microbiota and 

behavior revealed mostly specific associations in the Gross Motor 
domain. Alpha diversity was the most relevant of gut microbial markers 
in this context, with linkage to Gross Motor Scores at 3 months (z = 2.15, 
p = 0.03) and Gross Motor (z = 2.10, p = 0.04) and Collective Scores (z =
2.00, p = 0.045) at 12 months. 

Are sleep habits or gut microbiota the better predictor for later 
development? Sleep habits were predictive for later behavior only at 6 
and 12 months. At 6 months Sleep Variability and Sleep Timing predicted 
the Collective (z = 2.05, p = 0.04) and Personal Social score (z = -2.67, p 
= 0.008) at 12 months. And Sleep Day at 12 months predicted Gross 
Motor development at 24 months (z = -2.09, p = 0.04). From the gut 
microbiota markers, only enterotype at 6 months predicted later 
behavioral development, as enterotype A was linked to higher gross 
motor scores at 12 months (z = 2.12, p = 0.03). Thus, overall, more 
associations existed between sleep habits and later behavioral devel-
opment compared to gut microbiota and behavioral development, 
indicating that sleep is a stronger predictor for infant behavioral 
development than the gut microbiome. 

4. Discussion 

We examined the existence of a sleep-brain-gut linkage in human 
infants and its evolution across this sensitive period of life. With an 
interdisciplinary study, we comprehensively investigated sleep habits, 
gut microbiota, sleep neurophysiology, and behavioral development in a 
large longitudinal cohort of healthy infants. Our results unveil three 
novel insights into infant development: 1) evidence for sleep-gut in-
teractions, 2) existence of a sleep-brain-gut linkage, 3) association of the 
sleep-brain-gut linkage with behavior development. 

Specifically, we found a sleep-gut association in the relationship 
between infant daytime sleep and alpha diversity of gut microbiota. 
Furthermore, nighttime awakenings and variability in sleep habits were 
associated with bacterial maturity or a specific bacterial enterotype 
evolution pattern. Further, a brain-gut connection was evidenced by an 
association of sleep neurophysiology (slow wave activity and theta) to 
bacterial enterotype at 6 months and diversity at 12 months. Finally, 
both sleep habits and gut microbiota were connected with infant 

Fig. 6. Associations between 5 composites of 
sleep habits, the three gut microbiota markers, 
and 3 domains of behavioral development at 3, 
6, and 12 months of age (β ± Standard Error). 
Left columns contain statistics for concurrent 
associations (e.g., 3 months in relation to 3 
months), right columns indicate predictive as-
sociations lagged by one assessment timepoint 
(e.g., 3 months in relation to 6 months). Colors 
indicate significant associations in a random 
intercept structural equation model controlling 
for exact age and sex and breastfeeding for gut 
microbiota markers (p < 0.05, N = 147 for 3 
months, N = 157 at 6 months, N = 141 at 12 
months and N = 133 at 24 months). Blue color 
denotes positive association, while red color 
denotes negative associations.   
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behavioral development, with the most prominent associations at age 3 
months. Sleep habits were more often closely associated with personal- 
social development, while gut microbiota were more closely related to 
motor development. 

The maturation of gut microbiota in our data follows the typical 
patterns for infants (Bäckhed et al., 2005; Odamaki et al., 2016). 
However, in contrast to the previously reported three infant enterotypes 
(Kuang et al., 2016), we only found two primary types. Enterotypes 
differ geographically, and in Western societies, an “Actinobacteria 
enterotype” is common (Kuang et al., 2016), which resembles enter-
otype A in our sample (high content of Bifidobacterium). The enterotypes 
identified in our data collected in Switzerland also differed from 
12-month old infants collected in the United States (Carlson et al., 
2018), where the three enterotypes were reported. Our data possibly 
reflects low between-infant diversity due to strict inclusion criteria 
(infants breastfed for 3 months and born vaginally). 

We demonstrate that infant sleep habits are linked to gut microbiota. 
Specifically, Sleep Day, Sleep Activity, and Sleep Variability all relate to gut 
microbiota markers. While previous studies reported gut microbiota to 
be associated with sleep quality and fragmentation (Sleep Activity) 
(Grosicki et al., 2020; Maki et al., 2020) as well as circadian disorga-
nization (Sleep Variability) (Deaver et al., 2018; Thaiss et al., 2014; Voigt 
et al., 2014) in adults and rodent models, no studies so far have 
demonstrated a link to daytime sleep. Our finding could be unique to 
infancy, where daytime sleep accounts for ~25 % of total sleep time 
(Iglowstein et al., 2003). We observed that infants who slept more 
during the day had lower gut microbial diversity than those who slept 
proportionally less during the day. This finding is highly interesting 
because we recently also identified Sleep Day as the most relevant aspect 
of sleep for infant behavioral development - among several other 
comprehensively tested sleep variables (Schoch et al., 2020). The 
sleep-gut connection was most substantial at 3 months and gradually 
decreased thereafter. We thus propose that this phenomenon identifies 
an early sensitive period in the sleep-gut link. The maturation of sleep 
habits and gut microbiota are likely connected in infancy, while later 
developmental phases are characterized by further refinement. How-
ever, Sleep Activity and Sleep Variability still associate with gut micro-
biota enterotype evolution pattern from 6 to 12 months, albeit less 
strongly. This shows that the sleep-gut link is existent yet dynamic across 
infancy. 

Our data did not reveal a link between nighttime sleep duration and 
sleep timing with gut microbial measures in infants. This is in contrast to 
results from adults indicating higher alpha diversity with increased total 
sleep time (Smith et al., 2019). However, they only found associations 
with an alpha diversity index (inverse Simpson) which was not included 
in the current study, and not Shannon diversity or richness. 

A body of growing research demonstrates that gut microbiota from 
human adults and rodents undergo diurnal fluctuation (Teichman et al., 
2020; Thaiss et al., 2014; Voigt et al., 2014). Further, feeding and fasting 
periods influence these patterns (Choi et al., 2021). The design of the 
current study did not allow for investigation of these aspects in more 
detail. An interesting future research line is thus to characterize these 
intertwinements across the maturational period, to pinpoint the mile-
stones of the diurnal microbial evolution and to relate them to eating 
and to the evolution of behavioral sleep-wake patterns of infants. 

We report that infant gut microbiota enterotype is associated with 
sleep neurophysiology, i.e., SWA at 6 months. SWA increases across the 
first decade of life (Jenni et al., 2004; Kurth et al., 2010), parallel with 
cortical grey matter maturation (Kurth et al., 2010). Also, enterotype B 
becomes more common with increasing age, therefore, both increased 
slow wave activity and enterotype B reflect a more mature system. 

Moreover, we observed a top-down dynamic within the infant sleep- 
brain-gut axis concept: theta power at 6 months predicted lower alpha 
diversity at 12 months. It must be noted that this finding is driven by two 
participants with highest theta power at 6 months and occurred only in 
one of three alpha diversity measures. Furthermore, this finding is 

unexpected, as theta generally increases during development (Jenni 
et al., 2004), which would suggest a positive correlation. However, theta 
was proposed to indicate sleep pressure in infants (Jenni et al., 2004) – 
consequently, increased theta may uncover an unmet sleep need at the 
timepoint of recording. If this unmet need of sleep was indeed the case at 
age 6 months, the top-down effect of the brain-gut link could potentially 
induce later consequences visible in reduced bacterial diversity at 12 
months. In contrast, we did not find a bottom-up dynamic – there were 
no significant predictions from gut microbiota markers at 3 months to 
neurodevelopment at 12 months. 

Lastly, we demonstrate evidence that both sleep and gut microbiota 
are associated with behavioral development in concurrent and predic-
tive manners. Notably, the associations are dynamic across the period 
tested. Effects predominate at 3 months, further evidencing the pin-
pointed sensitive period. Again, completing the picture, Sleep Day 
showed the best fit with behavioral outcomes. The observation that Sleep 
Day at 12 months predicted 24-month motor development is entirely 
novel and further strengthens the concept of Sleep Day as a core marker 
for maturation (Kurth et al., 2016; Riggins and Spencer, 2020; Schoch 
et al., 2020). Accordingly, the extent of wakefulness at birth is a pre-
dictor for later motor development (Anders et al., 1985) (i.e., inverse to 
our Sleep Day). Overall, we found most associations between sleep habits 
and personal-social skills, which extends existing literature proposing 
the relevance of infant sleep in social-emotional development (Kaley 
et al., 2012; Mindell et al., 2017). 

The observation that alpha diversity associates with behavioral 
development supports the concept of a gut-brain link. However, in 
contrast to the previously reported negative relationship (from 12 to 24 
months) (Carlson et al., 2018), we discovered a positive concurrent as-
sociation during earlier development, at 3 and 12 months. Another study 
found no association between alpha diversity in infancy and neuro-
developmental outcomes at 3 years (Sordillo et al., 2019), suggesting 
that the observed gut-brain associations are concurrent rather than 
predictive. Our other two gut microbiota markers (enterotype and 
maturity index) were only weakly linked to behavioral development. 
Interestingly, associations of gut microbiota dominated in the motor 
domain, suggesting a specific concurrent link between gut microbiota 
and motor system maturation. 

We found some unexpected associations between sleep, gut, and 
behavior. Sleep Activity was connected to several other domains, but the 
directionality changed during infancy. While in early infancy, Sleep 
Activity was linked to more mature behavioral development and gut 
microbiota, at 12 months, it was linked to the less mature enterotype 
(A), and on a descriptive level, albeit not significant, connections be-
tween Sleep Activity and behavioral development are negative at 12 and 
24 months. One possible explanation is that because Sleep Activity is 
computed from actimetry and thus motor activity, it is not necessarily 
uniquely capturing wakefulness. That is, motor activity during infant 
sleep includes numerous twitches (Tiriac et al., 2015), which are needed 
to trigger the neurophysiological maturation of the motor cortex 
(Blumberg et al., 2013; Rio-Bermudez and Blumberg, 2018). Further 
supporting this, we have recently shown in the same cohort that Sleep 
Activity at 6 months is related to sleep spindles, which in turn are pre-
dictive of later gross motor outcomes (Schoch et al., 2021; Jaramillo 
et al., 2021). Younger vs. older infants have higher levels of motor ac-
tivity during sleep (Tonetti et al., 2017). Therefore, specific to young 
infants, Sleep Activity might reflect the motor activity during sleep 
sometimes more than effective awakenings. 

Another explanation is that Sleep Activity transitions from initially 
being a “functional” behavior to regularly waking up for feeding to-
wards becoming a behavior that is not linked to survival. In the latter, 
Sleep Activity becomes “dysfunctional” and turns into an indicator of 
reduced sleep quality. In line with this conclusion, infants who are 
breastfeed reportedly have more nighttime awakenings than formula- 
fed infants (Galbally et al., 2013). Furthermore, toddlers seem to 
exhibit a linear relationship between nighttime awakenings and 
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cognitive function. Interestingly, in infants, this association appears as a 
reverse u-shape, with infants in the midrange of awakenings score 
highest on mental development (Sun et al., 2018). 

The biological mode of communication among the sleep-brain-gut 
axis could not be addressed within this investigation. Possible physio-
logical or metabolic pathways are likely underpinnings of the sleep-gut 
link, including the serotonergic system (Nakamaru-Ogiso et al., 2012; 
Ogawa et al., 2020), the immune system (Imeri and Opp, 2009; Zhang 
et al., 2021), circulating microbial metabolites (Maki et al., 2020; 
Matsuda et al., 2020; Szentirmai et al., 2019), and/or the blood brain 
barrier (Braniste et al., 2014; He et al., 2014; Korth, 1995; Michel and 
Prat, 2016; Sun et al., 2021). For a recent review see Sen et al., 2021. 

We addressed changes in breastfeeding status in this study, as 
breastfeeding cessation impacts gut microbiota composition (Bergstrom 
et al., 2014). However, we were unable to address other possibly rele-
vant nutritional factors such as exact diet composition or diversity of 
diet. Potentially, diet is a mediating factor between sleep and the gut 
microbiome. An additional potentially mediating factor could be prox-
imate environment (e.g., light exposure, room temperature), yet this 
was not measured here. However, sleep was recorded across several 
days and changing environments, which may reduce a strong influence 
of these factors. Future epidemiological studies may integrate contextual 
variants within large population data. 

Our findings are of considerable clinical relevance for two reasons: 
First, both sleep and gut microbiota can be readily modified. Sleep can 
be tailored with behavioral interventions through educational and 
behavioral strategies by the parents (Ball et al., 2018; Price et al., 2012). 
Gut microbial composition can be modified by diet or orally ingested 
pre- and pro-biotics added to infant formula (Radke et al., 2017; Tillisch 
et al., 2013). Second, microbial modifications frequently occur as a 
“collateral damage” during and subsequent antibiotic therapy in early 
childhood. These antibiotic-induced microbial alterations not only 
might have a long-term impact on microbial composition over years but 
also have been identified as a risk factor for IBD (with a parallel increase 
in risk with multiple courses of antibiotics, Nguyen et al., 2020). In the 
absence of definitive evidence, an adverse impact on long-term devel-
opment of both sleep regulation and behavior remains a given concern, 
undermining the need for rigid verification of any indication for anti-
biotic treatment in the new-born. Even though particular recommen-
dations cannot be made at the current state of knowledge, there is 
considerable potential to alter the sleep-gut link from either direction. 

5. Conclusions 

Results from this study support the existence of a sleep-brain-gut axis 
in infancy, which is relevant in the context of behavioral development. 
Both sleep and gut microbiota undergo rapid maturational transitions, 
and our findings demonstrate the dynamic relationship between the 
two. The most significant associations between sleep habits, gut 
microbiota, and behavioral outcomes were found at 3 months of age, 
potentially identifying an early sensitive period for later functionality of 
sleep rhythm and gut microbial balance. Re-normalization of maturation 
trajectories of the sleep-brain-gut linkages might prove beneficial to 
prevent developmental disorders in pediatric at-risk groups. 
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González-Mercado, V.J., Sarkar, A., Penedo, F.J., Pérez-Santiago, J., McMillan, S., 
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