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Microbiome-gut-brain axis in brain development, cognition and 
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A B S T R A C T   

The gut microbiota is increasingly recognized as a modulator of brain and behavior but its role in 
early childhood, when the microbiome and the brain are both undergoing rapid development, is 
poorly understood. Preclinical work suggests there are critical windows during early life when 
bacterial signals are required for normal neurobehavioral development, whereas gut microbial 
dysfunction has been observed in patients with certain neurodevelopmental disorders. Here, we 
review the evidence that gut bacterial diversity and community composition affect brain struc-
ture/function and behavior in typically developing pre-school children. Following narrative 
synthesis, we report that twenty studies suggest the microbiome-gut-brain axis may operate 
across three domains in infancy and early childhood: general neurocognitive development, socio- 
emotional behaviors, and brain structure and function inferred from neuroimaging. However, 
there is substantial variation in the bacteria-brain/behavior relationships reported. We identified 
sources of clinical and methodological heterogeneity in the studies, including participant char-
acteristics, small sample sizes, variations in DNA extraction and sequencing, and statistical 
analysis approaches. We propose that harmonization of sample collection and data processing 
pipelines, longitudinal assessments, and mechanistic insights from whole metagenome analyses 
could improve understanding of the role of gut microbiome in brain development during early 
development. This will also promote comparability between studies and increase study power by 
allowing for meta-analyses. Greater knowledge of the role of gut microbiome in brain develop-
ment may ultimately offer new avenues for promoting brain health in early life.   

Abbreviations: ASQ, Ages and Stages Questionnaire; BSID, Bayley Scales of Infant Development; CBCL, Child Behavior Checklist; C-section, 
Caesarean section; ECBQ, Early Childhood Behavior Questionnaire; fNIRS, functional near-infrared spectroscopy; GDI, Gesell Development In-
ventory; IBQ, Infant Behavior Questionnaire; mPFC, medial prefrontal cortex; MRI, magnetic resonance imaging; MSEL, Mullen Scales of Early 
Learning; NNNS, NICU Network Neurobehavioral Scale; SRS, Social Responsiveness Scale. 

* Corresponding author at: MRC Centre for Reproductive Health, University of Edinburgh, 47 Little France Crescent, Edinburgh EH16 4TJ, United 
Kingdom. 

E-mail addresses: kadi.vaher@ed.ac.uk (K. Vaher), d.bogaert@ed.ac.uk (D. Bogaert), hilary.richardson@ed.ac.uk (H. Richardson), james. 
boardman@ed.ac.uk (J.P. Boardman).  

Contents lists available at ScienceDirect 

Developmental Review 

journal homepage: www.elsevier.com/locate/dr 

https://doi.org/10.1016/j.dr.2022.101038 
Received 6 September 2021; Received in revised form 22 April 2022;    

mailto:kadi.vaher@ed.ac.uk
mailto:d.bogaert@ed.ac.uk
mailto:hilary.richardson@ed.ac.uk
mailto:james.boardman@ed.ac.uk
mailto:james.boardman@ed.ac.uk
www.sciencedirect.com/science/journal/02732297
https://www.elsevier.com/locate/dr
https://doi.org/10.1016/j.dr.2022.101038
https://doi.org/10.1016/j.dr.2022.101038
http://crossmark.crossref.org/dialog/?doi=10.1016/j.dr.2022.101038&domain=pdf
https://doi.org/10.1016/j.dr.2022.101038
http://creativecommons.org/licenses/by/4.0/


Developmental Review 66 (2022) 101038

2

Introduction 

Human life has never existed without microbes. The human body hosts an array of microorganisms, with the majority and most 
diverse set of microbes, including bacteria, viruses and fungi, present in the gastrointestinal tract. These, especially bacteria, play an 
important part in a range of physiological functions within the body, including host metabolism and immunity. The past few decades 
have seen an explosion of research into the bacterial influence on the brain via the microbiome-gut-brain axis (Cryan et al., 2019). 

During the first few years of postnatal life the brain undergoes substantial changes, including increases in tissue volume and cortical 
complexity, organization of white matter fibers, and myelination, with different regions and networks maturing at different rates 
(Gilmore et al., 2018; Fig. 1). These changes underpin the acquisition of language, motor and social skills. In parallel to these intense 

Fig. 1. Development of the brain and microbiome during the first five years of life. The top panel illustrates the time course of key neuro-
developmental processes that underpin the acquisition of language, motor and social skills, and that could serve as neurobiological mechanisms 
linking gut microbiome with neurodevelopmental outcomes; adapted from (Casey et al., 2005; Semple et al., 2013; Shonkoff & Phillips, 2000); the 
height of the diamonds signifies the intensity/peak of the process. The bottom panel illustrates the developmental trajectories of the gut microbiome 
alpha diversity and community composition. Colonization pattern based on data presented in (Roswall et al., 2021), focusing on the most abundant 
taxa across the first five years of life. Created with BioRender.com. 
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periods in brain and cognitive development, the gut microbiome, which is rapidly populated at birth, similarly follows a dynamic 
developmental trajectory (Bäckhed et al., 2015; Reyman et al., 2019; Roswall et al., 2021; Yatsunenko et al., 2012; Fig. 1). This has led 
to the notion of nested sensitive periods when brain development interacts with peripheral system development, in this case the gut 
microbiome, to shape the emergence of complex behaviors including learning and memory (Callaghan, 2020). It has been suggested 
that signals from the microbiome are required for certain aspects of brain development (Cowan et al., 2019; Stilling et al., 2014) and 
recent data from preclinical models support the theory that bacterial signals during critical windows in early life are required for 
typical neurobehavioral development (Buffington et al., 2016; Chu et al., 2019; Clarke et al., 2013; Diaz Heijtz et al., 2011; Sudo et al., 
2004). Conversely, disruption of the microbiome development during these periods could impact concurrently developing cognitive 
functions (Callaghan, 2020; Cowan et al., 2019). 

Clinical investigation provides indirect evidence for a putative role of the gut microbiome in human brain development. First, 
disrupted gut microbiome profiles are reported in individuals with autism spectrum disorder and attention deficit-hyperactivity 
disorder (Jurek et al., 2020). Second, important drivers of the microbiome development in early life (e.g. breastfeeding, delivery 
via Caesarean section (C-section)) are associated with cognition as well as aspects of brain development as assessed by magnetic 
resonance imaging (MRI) (Anderson et al., 1999; Bauer et al., 2019; Belfort et al., 2016; Blesa et al., 2019; Deoni et al., 2013, 
2018,2019; Kar et al., 2021; Luby et al., 2016; Ottolini et al., 2020; Polidano et al., 2017). However, explorations into direct asso-
ciations between gut microbial composition and neurocognitive and behavioral measures in early childhood have only emerged in the 
last 5–6 years. In this review, we evaluate the evidence that gut bacterial diversity and composition may affect human brain devel-
opment. Here, we specifically examine features of the gut microbiome derived from bacterial DNA sequencing that are associated with 
brain development, indexed by quantitative neuroimaging, and/or neurobehavioral outcomes in typically developing children from 
infancy to 5 years. 

Material and methods 

We searched PubMed, Web of Science and Embase to identify studies that integrated bacterial DNA sequencing and quantitative 
neuroimaging or neurobehavioral assessments until June 2021. The search strategy used combined keywords describing gut micro-
biome with terms targeting: i) neuroimaging and brain features; or ii) child neurocognitive and behavioral outcomes (see Appendix A 
for search details). Studies were included if they reported data from human participants between birth and 5 years without a diagnosis 
of a neurodevelopmental disorder at the time of recruitment, and if they directly investigated relationships between gut microbiome 
features derived from bacterial DNA sequencing (metagenomics or 16S-based) and quantitative neuroimaging or neurobehavioral 
assessments. We considered publications using any neuroimaging modality, and neurobehavior could include general cognitive ability, 
motor development, social cognition and development, attention, language, communication, emotion recognition or temperament 
derived from direct observation or parent/teacher report. Single case studies, case-control studies solely focusing on microbiota dif-
ferences between healthy/neurotypical and children with neurodevelopmental disorders, non-English language studies, and abstracts 
were excluded. Results are synthesized in tabular format for microbiota associations with measures of i) neurocognitive development, 
ii) socio-emotional behaviors/temperament, and iii) neuroimaging. 

Risk of bias assessment 

In the absence of a validated quality assessment tool for studies linking microbiome data with neurobehavioral and neuroimaging 
data, we summarized potential sources of bias arising from methodological heterogeneity between studies based on the STORMS 

Table 1 
Overview of studies. Note that some studies included multiple measures of neurodevelopment: of the 7 studies that assessed general neurocognitive 
development, one also reported microbiome correlations with socio-emotional behaviors and one reported microbiome correlations with neuro-
imaging; of the 13 studies that assessed socio-emotional behaviors, two also reported microbiome correlations with neuroimaging.  

Neurodevelopmental domain; number of studies Assessment/measure used for microbiome-brain/behavior 
associations 

Gut microbiome sequencing method 

General neurocognitive development 
n = 7 

1 Mullen Scales of Early Learning (MSEL) 
1 Gesell Development Inventory (GDI) 
2 Ages and Stages Questionnaire (ASQ) 
3 Bayley Scales of Infant Development (BSID) 

7 16S rRNA-based sequencing 

Socio-emotional behaviors 
n = 13 

5 Infant Behavior Questionnaire (IBQ-R) 
3 Child Behavior Checklist (CBCL) 
1 Social Responsiveness Scale (SRS-2) 
1 Early Childhood Behavior Questionnaire (ECBQ) 
1 NICU Network Neurobehavioral Scale (NNNS) 
1 Perceived Stress Scale for Children (PSS-C) 
1 Emotional attention (using eye tracking) 
1 Observational fear behavior (Mask Task and Strange Situation) 

2 metagenomics 
12 16S rRNA-based sequencing 

Structural and functional neuroimaging features  
n = 4 

2 structural MRI 
1 functional MRI 
1 functional NIRS 

1 metagenomics 
3 16S rRNA-based sequencing  
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guidelines (Mirzayi et al., 2021). We extracted data on the following study characteristics: age of participants at microbiome and 
neurodevelopmental assessments, participant exclusion criteria, bacterial DNA extraction method, sequencing methodology, micro-
biota features of interest, use of validated neurodevelopmental outcome assessments, neuroimaging modality and use of region-of- 
interest or whole-brain analyses, statistical models linking gut microbiota features with neurodevelopmental outcomes, adjustment 
for covariates, and correction for multiple comparisons (Supplementary Table 1). 

Results and discussion 

Our search yielded a total of 20 publications that associated features of gut bacterial composition with neurodevelopment indexed 
by neuroimaging and/or behavioral assessments. Due to the emerging nature of the field, all studies were published after 2015. We 
provide a synthesis of the studies structured around three domains: general neurocognitive development, socio-emotional behavior 
and temperament, and brain structure and function inferred from neuroimaging. An overview of the methodologies in the included 
studies is presented in Table 1. We also refer the reader to Table 2 for a brief explanation of the terminology commonly used for gut 
microbiome measurement and characterization. 

Gut microbiome associations with general neurocognitive development in early childhood 

We identified seven studies which investigated associations between microbiota composition and general neurocognitive devel-
opment in typically developing children (Table 3). In all seven studies, the gut microbiota was assessed using 16S rRNA amplicon 
sequencing. The studies used different measures to assess neurocognitive development, including direct observation with the Mullen 
Scales of Early Learning (MSEL), Gesell Development Inventory (GDI), and the Bayley Scales of Infant Development (BSID); and 
parent/caregiver report using the Ages and Stages Questionnaire (ASQ). Two of the studies investigated the potential longitudinal 
effects of the gut microbiota composition in the first six months after birth on neurodevelopmental outcomes at age 2 to 3 years (Rozé 
et al., 2020; Sordillo et al., 2019), three studies investigated cross-sectional associations between gut microbiota and neuro-
development in 18-month-old (Acuña et al., 2021) or 3-year-old children (Rothenberg et al., 2021; Zhang et al., 2021), and two studies 
used a combination of longitudinal and cross-sectional approaches where either cognitive outcomes (Carlson et al., 2018) or gut 
microbiota (Kort et al., 2021) were assessed at multiple timepoints. Six of these studies included children born within a normal range of 
gestation and one studied preterm infants (Rozé et al., 2020). We discuss the results below, starting from the earliest timepoints at 
which microbiome sampling was conducted. 

Table 2 
Glossary of terminology used for measuring and characterizing the gut microbiome.  

Term Explanation 

Sequencing 
methods 

Gut microbiome is most commonly sequenced using one of two methods:  
• 16S ribosomal RNA (rRNA) amplicon-based sequencing utilizes the conserved and hypervariable regions within the bacterial 16S rRNA 

gene. The conserved regions serve as primer binding sites to amplify the (fragments of) 16S rRNA gene and the hypervariable regions that 
contain species-specific information are used to differentiate between different bacteria and identify the composition of the microbiota 
(what bacteria are there).  

• Metagenomic shotgun sequencing involves sequencing the entire DNA as opposed to the 16S rRNA marker gene. This method enables 
both classification of bacteria as well as identification of their functional potential (what they are doing). 

Alpha diversity The diversity of bacteria within a sample. Alpha diversity can be calculated using different measures that differentially take into account the 
richness (i.e. number of different bacterial groups; higher number = higher diversity) and/or evenness (i.e. distribution of abundances of 
the groups; more similar distributions = higher diversity). Some measures additionally take into account the phylogenetic relatedness of the 
community members (closely related bacteria = less diversity). Common measures of alpha diversity include Shannon index, Simpson 
index, Chao1, Faith’s Phylogenetic Diversity. 

Beta diversity The diversity of bacteria between samples. Similar to alpha diversity, beta diversity can be calculated using different measures that take into 
account the presence/absence of species, abundance of species and/or value placed on rare species. Beta-diversity is calculated as a 
similarity/dissimilarity matrix and commonly presented in a principal component analysis (or similar reduced dimensionality) plot: if two 
samples are further apart on this plot, they have high beta diversity. High beta diversity between samples generally means that the 
community composition is highly different between these samples. Beta diversity is commonly used as a marker of overall bacteria 
compositional differences between study participants. Common measures of beta diversity calculation include Bray-Curtis dissimilarity, 
UniFrac distances, Aitchison distance. 

Bacterial 
composition 

In most instances, researchers are interested in which bacteria correlate with the outcomes of interest. This question is most commonly 
answered using one of the following approaches:  
• Individual taxa level analyses where relative abundances of specific bacterial taxa are associated with variables of interest. This analysis 

can be conducted on different hierarchical levels in the taxonomic classification (Phylum->Class->Order->Family->Genus->Species- 
>Strain).  

• Dimensionality reduction analyses where:  
○ the samples from study participants are clustered into groups based on the similarities in community composition; these clusters can 

then in turn be described by the dominant and/or discriminative bacteria  
○ the abundances of bacteria are represented as factors or co-abundance groups where each can be described by the increasing/ 

decreasing abundance of specific taxa; study samples/participants in turn receive a score along these factors/co-abundance groups 
which are assessed for correlations with outcomes of interest  

K. Vaher et al.                                                                                                                                                                                                          
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Table 3 
Summary of studies investigating associations between gut microbiome and general neurocognitive development.  

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: 
Sample size, sex, and age at 
samples and assessments 

Neurodevelopmental assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Carlson et al., 2018 
Infant Gut Microbiome Associated 
With Cognitive Development 
USA 
UNC Early Brain Development Study  

• Microbiome analysis: n =
89 (49 male, 40 female) at 
1 year  

• Cognitive assessment: n =
86 at 1 year, n = 69 at 2 
years 

Mullen Scales of Early Learning: used the 
Early Learning Composite (ELC) as well as 
five subscales (gross motor, fine motor, 
visual reception, expressive language and 
receptive language skills)  

• 16S rRNA sequencing, V1-V2 hypervariable 
region, Illumina MiSeq  

• Alpha diversity (Chao1, observed species, 
Shannon Index, Faith’s Phylogenetic 
diversity)  

• Clustering: three groups of infants based on 
clustering analysis with Jensen-Shannon 
distance metric applied to relative genus 
abundance with Partitioning Around 
Medoids clustering algorithm  
○ C1 (n = 53): high Faecalibacterium  
○ C2 (n = 19): high Bacteroides  
○ C3 (n = 17): high Ruminococcaceae 

Microbiota cluster status at 1 year of life 
associates with Mullen ELC score, and 
receptive and expressive language subscales 
at 2 years of life: highest in C2 and lowest in 
C1a  

Alpha diversity is negatively associated with 
Mullen ELC scores at 2 years of life, and with 
expressive language and visual reception 
subscales: alpha diversity accounts for 5–23 
% of variance in Mullen scoresb 

Zhang et al., 2021 
Preliminary evidence for an influence 
of exposure to polycyclic aromatic 
hydrocarbons on the composition of 
the gut microbiota and 
neurodevelopment in three-year-old 
healthy children 
China  

• n = 38 (20 male, 18 
female) at 3 years 

Gesell Development Inventory (GDI): five 
behavioral domains (Adaptive; Gross 
motor; Fine motor; Language; and 
Personal social behaviors)  

• 16S rRNA sequencing, V4-V5 hypervariable 
region, Illumina MiSeq  

• Relative abundance of bacterial taxa on 
phylum, class, order, family, genus and 
species level (main results on phylum level) 

Associations between bacteria phyla and GDI 
scores (unadjusted analyses):  
• Firmicutes ~ Gross motor (rho = 0.327)  
• Bacteroidetes ~ Gross motor (rho = −

0.416)  
• Fusobacteria ~ Adaptive behaviour (rho 

= − 0.334)  

With bacterial generac:  
• Fine motor: ↓ Porphyromonas, ↓ 

Butyricimonas  
• Language: ↓ Actinomyces, ↓ Faecalitalea, ↓ 

Megamonas, ↑ Sellimonas, ↑ Bifidobacterium  
• Adaptive behaviour: ↑ Ruminococcus, ↑ 

Ruminiclostridium, ↑ Anaerotruncus, ↓ 
Fusobacterium, ↓ Pseudomonas, ↓ 
Erysipelatoclostridium  

• Gross motor: ↓ Megasphera, ↓ 
Paraclostridium, ↓ Gemella, ↑ Hungatella, ↑ 
Mobiluncus  

• Personal/social: ↓ Paraclostridium, ↓ 
Lactococcus, ↓ Aeromonas, ↓ Granulicatella, 
↓ Myroides, ↑ Parabacteroides 

Sordillo et al., 2019 
Association of the Infant Gut 
Microbiome With Early Childhood 
Neurodevelopmental Outcomes: An 
Ancillary Study to the VDAART 
Randomized Clinical Trial 
USA  

• n = 309 (170 male, 139 
female)  

• Microbiome analysis: at 
mean [range] of 5 months 
[3–6]  

• Cognitive assessment: at 
mean ± SD of 3.0 ± 0.07 
years 

Ages and Stages Questionnaire (ASQ), 
reported by primary caregiver: domains of 
gross motor skills, fine motor skills, 
problem-solving ability, communication, 
and personal and social skills.  

• 16S rRNA sequencing, V3-V5 hypervariable 
region, Roche pyrosequencing  

• Co-abundance groupings (factor 
representation) based on principal factor 
analysis applied to correlation matrix of 
Spearman rank correlations for the top 25 
taxa; four resulting factors: 

Bacterial co-abundance scores associate with 
ASQ scoresd:  
• F3 negatively associates with fine motor 

skills (β = -2.42)  
• F1 negatively associates with 

communication skills (β = -1.12) and 
personal and social skills (β = -1.44) 

(continued on next page) 
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Table 3 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: 
Sample size, sex, and age at 
samples and assessments 

Neurodevelopmental assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings  

○ F1: positive loadings for Lachnospiraceae 
Dorea, L. Coprococcus and an unclassified 
Lachnospiraceae, and unclassified 
Clostridiales taxa, negative for Bacteroides  

○ F2: positive loadings for Klebsiella, 
Enterobacter and unclassified 
Enterobacteriaceae  

○ F3: positive loadings for Bacteroides, 
negative for Escherichia/Shigella, 
Bifidobacterium  

○ F4: positive loadings for Veillonella and 
Clostridium  

• alpha diversity: Shannon index  
• Differential abundance of bacterial taxa   

Alpha diversity is not significantly associated 
with ASQ scores.  

Relative abundance of specific bacterial 
genera associate with ASQ scorese:  
• Communication scores negatively 

correlated with 3 genera in Clostridiales 
order (Acidaminococcus (β = -0.014) 
Ruminococcus (β = -0.07), and 
Christensenella (β = -0.003)), 2 genera in 
Lactobacillales order (an unclassified in 
Enterococcaceae family (β = -0.01) and an 
unclassified (β = -0.007)), 2 genera in 
Enterobacteriales order (Salmonella (β =
-0.003), and Erwinia (β = -0.007)), and 
positively with Chryseobacterium in 
Flavobacteriales order (β = 0.003)  

• Personal/social development scores 
negatively correlated with 3 genera from 
Clostridiales order (Oribacterium (β =
0.002), Oscillospira (β = -0.04), and 
Ruminococcus (β = -0.07)), 2 genera in 
Lactobacillales order (Weissella (β =
-0.003) and an unclassified in 
Enterococcaceae family (β = -0.01)), and 
Salmonella from Enterobacteriales order (β 
= -0.002)  

• Fine motor scores positively correlated 
with 2 genera in Lactobacillales order 
(Lactobacillus (β = 0.003) and 
Streptococcus (β = 0.03)), Atopobium in 
Coriobacteriales order (β = 0.004), and 
Actinomyces in Actinomycetales order (β =
0.006), and negatively associated with 3 
genera in Enterobacteriales order (Klebsiella 
(β = 0.03), Salmonella (β = -0.003), and 
Erwinia (β = -0.005)), 2 genera in 
Clostridiales order (Megasphaera (β =
-0.004) and Phascolarctobacterium (β =
-0.01)) 

Rozé et al., 2020 
Assessment of Neonatal Intensive Care 
Unit Practices and Preterm Newborn 
Gut Microbiota and 2-Year 
Neurodevelopmental Outcomes  

• Microbiome analysis: n =
577 (300 male, 277 
female) at median age 
[IQR] of 23 [22–26] days 

Ages and Stages Questionnaire (ASQ), 
reported by primary caregiver: domains of 
gross motor skills, fine motor skills, 
problem-solving ability, communication, 
and personal and social skills.  

• 16S rRNA sequencing, V3-V4 hypervariable 
region, Illumina MiSeq  

• Clusters based on taxonomic composition at 
genus level - relative abundance profiles 
clustered by the partitioning around medoids 

Cluster status associates with nonoptimal 2- 
year outcome - belonging to clusters 4, 5, or 6 
significantly associates with nonoptimal 2- 
year outcomef:  
• C1 OR = 2.79 

(continued on next page) 
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Table 3 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: 
Sample size, sex, and age at 
samples and assessments 

Neurodevelopmental assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

France 
EPIFLORE cohort 

(DNA amplified and 
analyzed for 484 infants)  

• Cognitive assessment: n =
372 at 2 years corrected 
age (between 22 and 26 
months)  

• Condition: preterm 
infants with gestational 
age at birth 24–31 weeks 

algorithm; supplemental cluster 6 defined by 
lack of DNA amplification (low bacterial 
load); random forest was used to identify 
bacterial genera driving the clusters:  
○ C1 (n = 240): Enterobacter aerogenes - C- 

section, lower risk of belonging to this 
cluster if breastmilk in first week  

○ C2 (n = 68): Clostridium sensustricto  
○ C3 (n = 61): Escherichia/Shigella - 

associated with higher GA (a more mature 
microbiota)  

○ C4 (n = 63): Enterococcus - lower GA  
○ C5 (n = 52): Staphylococcus - lower GA, C- 

section  
○ C6 (n = 93): low bacterial load - lower GA, 

C-section, lower risk of belonging to this 
cluster if breastmilk in first week, 
increased risk if late-onset infection  

• Differential abundance of bacterial taxa  

• C2 OR = 2.95  
• C3 OR = 1 (reference)  
• C4 OR = 7.19  
• C5 OR = 5.06  
• C6 OR = 6.49   

Specific bacterial taxa correlate with ASQ 
scoresg:  
• Staphylococcus caprae r = − 0.15, p = 0.14  
• Escherichia coli r = 0.12, p = 0.03 

Rothenberg et al., 2021 
Neurodevelopment correlates with gut 
microbiota in a cross‑sectional 
analysis of children at 3 years of age in 
rural China 
China  

• n = 46 (28 male, 18 
female) at 3 years (range 
36.0–37.9 months) 

Bayley Scales of Infant Development 
(BSID-II): Mental Developmental Index 
(MDI) and the Psychomotor 
Developmental Index (PDI)  

• 16S rRNA sequencing, V3-V4 hypervariable 
region, Illumina MiSeq  

• Co-abundance groupings (factor 
representation) based on principal factor 
analysis applied to correlation matrix of 
Spearman rank correlations for the top 25 
taxa; three resulting factors:  
○ F1: positive loadings for Faecalibacterium, 

Clostridium cluster XIVa, Gemmiger, 
Phascolarctobacterium, Alistipes, 
Oscillibacter, and Sutterella, and negative 
for Blautia, Anaerostipes, Clostridium cluster 
XVIII, and Streptococcus  

○ F2: positive loadings for Blautia, Roseburia, 
Ruminococcus, Collinsella, Cellulosibacter, 
Coprococcus, and negative for Bacteroides 
and Parabacteroides  

○ F3: positive loadings for Faecalibacterium, 
Roseburia, Lachnospiraceae incertae sedis, 
Fusicatenibacter and Butyricicoccus, and 
negative for Bifidobacterium, 
Ruminococcus, and Megamonas  

• Alpha diversity: number of observed OTUs, 
Shannon’s diversity index, Faith’s 
Phylogenetic Diversity, and Pielou’s measure 
of evenness  

• Differential abundances of bacterial genera 

Bacterial co-abundance scores associate with 
BSID-II scores – F1 is positively associated 
with both MDI (β = 3.9; explains 12 % of 
variance in the model) and PDI (β = 8.6; 
explains 24 % of variance in the model)h 

Alpha diversity does not correlate with MDI 
or PDI scores.  

Some specific bacterial genera abundances 
were associated with MDI or PDI scores, but 
these were not significant after correcting for 
multiple comparisonsi:  
• MDI:  

○ Positive associations with: 
Butyricimonas (β = 0.0016), 
Flavonifractor (β = 0.0016), 
Faecalibacterium (β = 0.0058), 
Clostridium XlVb (β = 0.0011)  

○ Negative associations with: 
Lachnospiraceae incertae sedis (β =
-0.0037), Granulicatella (β = -0.00041), 
Abiotrophia (β = -0.00021)  

• PDI:  
○ Positive associations with: 

Faecalibacterium (β = 0.0054), Gemmiger 
(β = 0.0043), Butyricimonas (β =
0.00099) 

(continued on next page) 
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Table 3 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: 
Sample size, sex, and age at 
samples and assessments 

Neurodevelopmental assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Acuña et al., 2021 
Infant Gut Microbiota Associated with 
Fine Motor Skills 
Spain 
PREOBE observational study cohort  

• n = 71 (26 female, 45 
male) at 18 months 

Bayley Scales of Infant Development 3rd 
edition (BSID-III): dichotomized (<or >
median) scores for cognitive, receptive 
language, expressive language, composite 
language, gross motor and fine motor  

• 16S rRNA sequencing, V1-V2 hypervariable 
region, Illumina MiSeq  

• Alpha diversity: number of taxa, Faith’s 
phylogenetic diversity, Shannon index  

• Beta-diversity: weighted and unweighted 
UniFrac distances  

• Two enterotypes/community types based on 
Dirichlet multinomial mixture clustering - an 
unsupervised clustering method that uses 
Laplace approximation to identify groups of 
community assemblies genus level:  
○ Group 1 (n = 55): Firmicutes-dominant – 

most abundant bacteria are 
Lachnospiraceae, Streptococcus and Blautia, 
specific contribution from Fusicatenibacter 
and Anaerostipes  

○ Group 2 (n = 16): Bacteroides-dominant – 
specific contribution from Clostridium XIVa 
and Parabacteroides  

• Differential abundance of bacterial genera 

Alpha diversity does not correlate with 
Bayley-III results.  

Beta diversity: weighted but not unweighted 
UniFrac distances associates with fine motor 
skills (R2 = 0.04)j  

Community types: infants with above- 
median fine motor skills belong to the 
Firmicutes-dominant enterotype (odds ratio 
= 0.27)k  

Bacterial general:  
• Above-median fine motor infants have 

higher abundance of Bifidobacterium 
(LFC≈2.1), Collinsella (LFC≈1.9), 
Coprococcus (LFC≈1.2), Enterococcus 
(LFC≈9.9), Fusobacterium (LFC≈7.3), 
Holdemanella (LFC≈5.8), Lactobacillus 
(LFC≈1.7), Propionibacterium (LFC≈2.3), 
Roseburia (LFC≈1.6), Veillonella 
(LFC≈2.05) and an unassigned genus 
within Veillonellaceae (LFC≈4.5)  

• Below-median fine motor infants have 
higher abundance of Parabacteroides 
(LFC≈1.8) and Turicibacter (LFC≈3.1) 

Kort et al., 2021 
Model Selection Reveals the Butyrate- 
Producing Gut Bacterium Coprococcus 
eutactus as Predictor for Language 
Development in 3-Year-Old Rural 
Ugandan Children 
Uganda  

• n = 139 at 24 and 36 
months 

Bayley Scales of Infant Development 3rd 
edition (BSID-III): language scores – raw 
(prediction model) and dichotomized 
(score ≥ or < 100; n = 61 in below 
average group and n = 78 in above 
average group; group comparisons) 
Score at 36 months were used as 
outcomes.  

• 16S rRNA sequencing, V4 hypervariable 
region, Illumina MiSeq  

• Differential abundance of bacterial taxa 

The model that best predictedm language 
scores at 36 months includes the three 
predictors which are all positively associated 
with language scores at 36 months (the 
standardized estimates from a linear 
regression model including the three 
predictors is given in brackets; adjusted R2 =

0.31):  
• Language scores at 24 months (β = 0.44)  
• Coprococcus eutactus at 24 months (β =

1929)  
• Bifidobacterium longum at 36 months (β =

417)   

Bacterial species at 24 months more 
abundant inn:  
• Language non-impaired group at 36 

months (BSID-III ≥ 100): Coprococcus 
eutactus, Bifidobacterium catenulatum, Bifi-
dobacterium adolescentis, Faecalibacterium 

(continued on next page) 
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Table 3 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: 
Sample size, sex, and age at 
samples and assessments 

Neurodevelopmental assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

prausnitzi, Holdemanella biformis, Roseburia 
hominis, Eubacterium eligens, Campylo-
bacter troglodytis, Prevotella copri, Intestini-
bacter bartlettii, Terrisporobacter 
petrolearius, Bacteroides xylanolyticus, 
Clostridium disporicum, Catenibacterium 
mitsuokai, Campylobacter troglodytis  

• Language impaired group at 36 months 
(BSID-III 〈100): Granulicatella elegans, 
Parabacteroides, Bifidobacterium longum, 
Escherichia/Shigella, Campylobacter coli  

a covariates: caesarean section, paternal ethnicity, currently breastfeeding, sex, maternal education, paternal age, paternal ethnicity, twin status, and income. 
b covariates: older siblings, paternal ethnicity, sex, maternal education, paternal age, twin status, and income. 
c bacterial genera reported here based on visual inspection of the heat map for correlations of the highest magnitude with each GDI subscale; analyses unadjusted, significance level not reported; ↓ and ↑ 

indicate whether the bacterial genera is negatively or positively associated with the domain, respectively. 
d β-values are unstandardised (units refer to unit of factor score and unit of ASQ scores (not SDs)); covariates: age at ASQ assessment, vitamin D treatment group, clinical site, mode of delivery, sex, 

antibiotics in first days of life, gestational at birth, maternal age, marital status, educational level, family income, race/ethnicity, breastfeeding in first 6 months. 
e analysed using multivariate associations with linear models (MaAsLin) on dichotomised ASQ scores at the threshold for typical development; nominally significant (p < 0.05) associations are reported; 

β-values are the MaAsLin coefficients; covariates: gestational age, race, gender, breast feeding in first 6 months of life, C-section, age at ASQ, maternal education, maternal marital status, maternal age, low 
income (<$30,000), antibiotics in the first days of life, treatment group and clinical site. 

f Nonoptimal 2-year outcome defined as death or developmental delay (ASQ score 〈185), available for n = 394 (22 deaths (5.6 %)); mixed effects logistic regression, odds ratios (OR) are reported; 
covariates: gestational age, maternal age, country of birth of the mother, mother level of education, birth weight Z-score, caesarean delivery, and individual therapeutics (surfactant, ductus arteriosus 
treatment before in the first 10 days of life, late neonatal infection, volume of enteral nutrition at day 7, gastrointestinal transit considered as regular, practice of skin-to-skin contact during the first week of 
life). 

g adjustment for covariates not specified. 
h β-values are multiplied by the interquartile range of the factor scores and the units refer to number of points increase in MDI/PDI scores per IQR increase of factor score; covariates: mother’s age, 

whether the mother completed high school, breastfeeding duration, child sex, child’s age, child fish consumption in the previous 24 h, child’s weight z-score, attendance of preschool, C-section birth, and 
illness in the previous 12 months (upper respiratory illness, lower respiratory illness, diarrhoea, vomiting, or fever); all three factors were added together in one model as predictive variables alongside 
with the covariates. 

i analysed using MaAsLin; β-values are the MaAsLin coefficients; MDI and PDI scores were first residualised against the covariates as in h. 
j Analysed using PERMANOVA; non-adjusted analysis. 
k Analysed using Fisher’s exact test; covariates: maternal pregestational BMI and type of breastmilk up to 3 months of life. 
l Analysed DESeq2 using non-normalised raw count tables; covariates: maternal pregestational BMI and type of breastmilk up to 3 months of life; LFC = log2 fold change (estimated from Fig. 3). 
m Best predictors selected using Mixed Integer Optimisation; predictors were selected from a total of 1170 potential predictors: one parameter indicating whether or not the mother of the child was 

included in the education intervention group, six anthropometric and cognitive parameters at 24 months, and 542 gut microbiota composition related parameters at 24 months and 621 parameters at 36 
months; out of 60 best models including 2–4 parameters, language score at 24 months was included in 52 models, Coprococcus eutactus at 36 months in 42 models, and Bifidobacterium at 24 months in 19 
models. 

n Analysed using two-tailed Mann-Whitney U test for bacterial relative abundances; unadjusted analyses. 
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The two longitudinal studies showed that gut microbiome composition in early infancy associates with neurocognitive outcomes 
later in childhood. Specifically, by applying data reduction to bacterial composition data from young infants (3–6 months of life), 
Sordillo et al. identified four bacterial co-abundance groups and found that the factor representing increased abundance of Bacteroides 
and decreased abundance of Escherichia/Shigella and Bifidobacterium negatively correlated with fine motor skills, while the factor 
representing increased abundance of different Lachnospiraceae and Clostridiales taxa and decreased abundance Bacteroides negatively 
correlated with communication as well as personal and social skills at 3 years of life (Sordillo et al., 2019). Their taxa-level analyses 
suggested similar results on the order- and family-level, although the genera-level associations were often different. In particular, 
similar to the associations with the co-abundance groups, different genera in Clostridiales order (e.g. Ruminococcus, Oscillospira, 
Acidaminococcus) were less abundant in children with typically developing communication and social/personal skills compared to 
those with potential atypical or delayed development. However, the results for motor development were different from the co- 
abundance group results, showing Streptococcus (Lactobacillales order) and Klebsiella (Enterobacteriales order) to have the strongest 
positive associations with motor scores, highlighting the effect of methodological variability on results. These latter findings are 
interesting as increased abundance of Streptococcus and Klebsiella in early infancy has also been associated with C-section birth 
(Reyman et al., 2019; Shao et al., 2019). The second longitudinal study was carried out in very and extremely preterm infants: Rozé 
and colleagues identified 5 clusters of preterm infants defined by their bacterial composition in the neonatal period, of which the 
Enterococcus- or Staphylococcus-dominated clusters were at higher risk for non-optimal 2-year neurodevelopmental outcome (defined 
as death or developmental delay (ASQ score < 185) compared to Escherichia/Shigella-, Enterobacter- or Clostridium-dominated clusters 
(Rozé et al., 2020). These cluster-level results were also in part paralleled by taxa-level analyses as a Staphylococcus species (Staph-
ylococcus caprae) negatively and Escherichia coli positively correlated with ASQ scores (Rozé et al., 2020). 

These results together suggest a potential role of increased abundance of Escherichia/Shigella and of bacteria in Enterobacteriales 
order (Klebsiella, Enterobacter) in early infancy for optimal neurocognitive development later in childhood, while the relationships with 
other bacteria (e.g. with members of Clostridiales order (Ruminococcus, Clostridium)) in this time period differ between the two studies. 
The differences could, at least in part, be explained by differences in study populations, timing of stool sampling, or other design 
features. Thus, further studies are required to determine the generalizability of these observations across populations. 

Interestingly, the clusters characterized as having high abundance of Enterococcus or Staphylococcus mostly included infants born at 
an earlier gestational week (Rozé et al., 2020). This suggests that the composition of extremely preterm infants’ gut microbiota might 
be more predictive of adverse neurodevelopmental outcomes (as compared to very preterm infants), and that the disrupted gut 
microbiota composition in extremely preterm neonates might have a larger effect on later neurodevelopmental outcomes compared to 
infants born at a later gestational week (Rozé et al., 2020). 

Moving on from early infancy, Carlson et al. investigated whether gut bacterial composition in 1-year-old children correlates with 
neurocognitive development at the same time and/or at 2 years of life (Carlson et al., 2018). They identified three clusters of infants 
defined by their bacterial composition at 1 year of life, and found that the MSEL Early Learning Composite as well as expressive and 
receptive language subscale scores at 2 years of life were highest in the Bacteroides- and lowest in the Faecalibacterium-dominated 
clusters, but they found no differences between the clusters in cross-sectional, 1-year MSEL scores. These results are consistent with the 
findings in Sordillo et al. (2019), where the co-abundance group characterized by decreased abundance of Bacteroides showed negative 
correlations with communication and social development scores, suggesting a positive effect of increased Bacteroides during the first 
year of life on language/communication development later in childhood. Bacteroides is one of the most abundant bacterial taxa in the 
human gut, reaching its highest abundance around 1 year of life and then stabilizing to adult levels around 3–5 years of life (Fig. 1; 
Roswall et al., 2021). Increased abundance of Bacteroides in early infancy has also been associated with vaginal delivery (Bäckhed 
et al., 2015; Reyman et al., 2019; Shao et al., 2019) as well as with the cessation of breastfeeding around the first year of life (Bäckhed 
et al., 2015). Taken together, these results suggest that gut microbiome composition during the first year of life may be associated with 
neurocognitive outcomes at 2 and 3 years of life although the specific bacterial composition underlying these relationships varies 
between studies, possibly due to the different ages and populations studied. 

In a cross-sectional study of 18-month-old children, Acuña et al. (2021) found that gut microbiota community structure was 
associated only with fine motor skills as assessed by BSID (3rd edition). By clustering infants into two community types, they observed 
that infants with higher fine motor scores were more likely to have Firmicutes-dominant (high abundance of Lachnospiraceae, Strep-
tococcus and Blautia) compared to Bacteroides-dominant community type. Acuña et al. additionally demonstrated positive associations 
of fine motor scores with the abundance of Bifidobacterium, Corprococcus, Enterococcus, Lactobacillus, Holdemanella, Roseburia and 
Veillonella, and negative associations with the abundance of Parabacteroides. These results are partly consistent with the results by 
Sordillo et al. (2019), suggesting that increased abundance of Bacteroides in infancy and toddlerhood has negative effects on motor 
development, while Bifidobacterium and Streptococcus abundances may have beneficial effects on motor development in early child-
hood (Sordillo et al., 2019). These observations raise the possibility that some bacteria (e.g. Bacteroides) could have differential effects 
according to cognitive domain (e.g. language vs motor) and over time. 

Gut microbiota composition during the second year of life may also be predictive of cognitive outcomes at 3 years. To understand 
how gut microbiota affects language development in 3-year-old children, Kort and colleagues used prediction modelling and identified 
that the best predictive model for 3-year language scores included language scores at 2 years, abundance of Coprococcus (from 
Lachnospiraceae family) at 2 years, and Bifidobacterium at 3 years of life, which all positively correlated with 3-year language scores 
(Kort et al., 2021). In individual taxa-level analyses, improved language at 3 years correlated with increased abundance of species in 
the genera of Coprococcus, Bifidobacterium, Faecalibacterium, Roseburia, Bacteroides and Clostridium, and decreased abundance of 
Parabacteroides and Escherichia/Shigella, among others, at 2 years of life. Importantly, these results provide further evidence that 
increased abundance of Bacteroides in the first two years of life positively correlates with language development, as reported previously 
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(Carlson et al., 2018; Sordillo et al., 2019). 
In a sample of 3-year-old children, Rothenberg et al. (2021) took a similar approach to Sordillo et al. (2019) in microbiome data 

reduction and found that the factor representing increased abundance of Faecalibacterium, Clostridium cluster XIVa, Gemmiger, Phas-
colarctobacterium, Alistipes, Oscillibacter, and Sutterella, and decreased abundance of Blautia, Anaerostipes, Clostridium cluster XVIII, and 
Streptococcus positively associated with both mental and psychomotor development assessed by the BSID (2nd edition). These results 
were partly consistent with taxa-level analyses as Faecalibacterium and Gemminger positively associated with psychomotor develop-
ment, and Faecalibacterium and Clostridium XlVb positively associated with mental development. These results are also partly consistent 
with those observed by Kort et al. (2021) who reported that increased abundance of Faecalibacterium associates with improved 
cognitive (language) development. However, these results are in contrast to those observed in the study by Carlson et al. (2018), where 
high abundance of Faecalibacterium pointed towards lower cognitive and language scores, potentially suggesting that increasing 
abundance of Faecalibacterium after the first year of life has a positive effect on cognitive development while higher abundance of 
Faecalibacterium before that time may be unfavorable. Indeed, Faecalibacterium abundance in the gut starts to increase after 6 months of 
life, reaching adult levels around 3 years (Fig. 1; Roswall et al., 2021), allowing the speculation that exposure to a higher abundance of 
Faecalibacterium too early could be unfavorable for cognitive outcomes. 

Interestingly, taxa-level analyses in Rothenberg et al. (2021) additionally identified Lachnospiraceae abundance as negatively 
associated with cognitive development, which is in line with the findings in the study by Sordillo et al. (2019) where the co-abundance 
factor represented by increased abundance of Lachnospiraceae species negatively associated with communication and social skills. 
However, these results conflict those observed by Kort et al., who reported that members of Lachnospiraceae family (Coprococcus, 
Roseburia) at 2 years of life positively associated with language development at 3 years (Kort et al., 2021). The results regarding 
Streptococcus demonstrated by Rothenberg et al. (2021) also differ to those reported by Sordillo et al. (2019) and Acuña et al. (2021), 
who showed that higher abundance of Streptococcus associated with improved motor development, suggesting that early colonization 
with Streptococcus correlates with optimal neurocognitive development, but later in development increased abundance of Streptococcus 
might have a negative effect on neurodevelopment. Streptococcus abundance is relatively high in newborns, but decreases rapidly over 
the first few months of life (Fig. 1; Roswall et al., 2021), suggesting that higher abundance of Streptococcus later in childhood is 
suboptimal. 

A small study of 38 3-year-old children explored the associations between gut microbiome composition and neurodevelopment 
focused on different bacterial taxonomy levels and identified members of the Firmicutes phylum (e.g. Ruminococcus, Hungatella) to be 
positively and members of Bacteroidetes phylum (e.g. Porphyromonas, Butyricimonas) to be negatively associated with different sub-
scales, particularly the motor scale, in the Gesell Developmental Inventory (Zhang et al., 2021). These results thus partly parallel those 
reported by Acuña et al. (2021) and suggest that members of the Firmicutes phylum may be positively associated with motor devel-
opment, however, the specific genera- and species-level associations vary. 

Four studies additionally evaluated associations between bacterial alpha diversity (within-sample diversity) and neurocognitive 
outcomes. Carlson et al. (2018) studied microbiota diversity in 1-year-old children and reported a negative association between 
different measures of alpha diversity and MSEL Early Learning Composite as well as expressive language and visual reception subscale 
scores at 2 years of life while, similarly to cluster analyses, they did not observe any cross-correlational associations with 1-year 
cognitive scores. Relationships between bacterial alpha diversity and neurodevelopment were tested in three other studies (Acuña 
et al., 2021; Rothenberg et al., 2021; Sordillo et al., 2019), and no significant associations were found between 3-year neurocognitive 
scores as assessed by the parent-reported ASQ (Sordillo et al., 2019) or observational BSID at 18 months (Acuña et al., 2021) or 3 years 
(Rothenberg et al., 2021) and 5-month, 18-month or 3-year microbial diversity, respectively. However, the interpretation of these 
results is complicated as different alpha diversity metrics differentially take into account the richness and evenness (see Table 2) of 
microbial community composition. 

Gut microbiome associations with socio-emotional behaviors 

Thirteen studies have investigated associations between gut microbiome and socio-emotional development, including tempera-
ment, behavioral dysregulation, social behavior, and stress (Table 4). Eleven of these studies have assessed the microbiota composition 
using 16S rRNA sequencing (Aatsinki et al., 2019, 2020; Carlson et al., 2021; Christian et al., 2015; Fox et al., 2021; Loughman, 
Ponsonby, et al., 2020; Loughman, Quinn, et al., 2020; Sobko et al., 2020; Sun et al., 2020; Wang et al., 2020; Zhang et al., 2021), one 
study used whole metagenome sequencing (Kelsey et al., 2021), and one study used both approaches (Laue et al., 2020). The majority 
of these studies used questionnaires to characterize behavioral development (Infant and Early Childhood Behavior Questionnaire, 
Child Behavior Checklist (CBCL), Social Responsiveness Scale, Perceived Stress Scale for Children); and three have used direct 
observational behavioral measures (NICU Network Neurobehavioral Scale, emotional attention paradigm using eye-tracking, and 
laboratory fear paradigms (Mask Task and Strange Situation)). The results are discussed below, arranged based on the domain of socio- 
emotional behavior studied: temperament, fear, behavioral dysfunction, and other traits (social development and stress). 

Temperament 

Infant temperament, defined as stable traits of reactivity and regulation (Rothbart & Gartstein, 2008), predicts social and attention 
behaviors in childhood (Abulizi et al., 2017) as well as personality and psychopathology in adulthood (Tang et al., 2020). Five studies 
have investigated correlations between gut microbiome composition and temperament using the Infant or Early Childhood Behavior 
Questionnaires (IBQ or ECBQ). Three of these studies used cross-sectional approaches whereby gut microbiome and temperament were 
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Table 4 
Summary of studies investigating associations between gut microbiome and socio-emotional behaviors.  

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Temperament 
Christian et al., 2015 

Gut microbiome composition is 
associated with temperament 
during early childhood 
USA  

• n = 77 (41 male, 36 female) at a 
mean of 23.14 months (range 
18–27 months) 

Early Childhood Behavior 
Questionnaire (ECBQ). 18 dimensions 
of temperament that load onto three 
composite scales: Negative 
Affectivity, Surgency/Extraversion, 
and Effortful Control  

• 16S rRNA sequencing (bacterial tag- 
encoded FLX-Amplicon pyrosequenc-
ing), V1-V3 hypervariable region, Roche 
454 FLX Titanium system  

• Alpha diversity: phylogenetic diversity, 
Shannon index  

• Beta diversity: weighted and unweighted 
UniFrac distances  

• Differential abundances of bacterial taxa 

Alpha diversitya:  
• Surgency/extraversion scale: associates 

positively with phylogenetic diversity in 
both boys and girls (r = 0.414 and r =
0.375, respectively)  
○ Subscales of sociability and high- 

intensity pleasure associate with phylo-
genetic diversity only in boys (r = 0.55 
and r = 0.35, respectively  

• Effortful control scale: associates 
negatively with Shannon index in girls only 
(r = -0.38) 

Beta-diversityb:  
• In boys: unweighted UniFrac associates 

with Surgency/Extraversion scale as well 
as the subscales of sociability, high- 
intensity pleasure and activity level  

• In girls: unweighted UniFrac associates 
with fear subscale under Negative 
Emotionality  

Some specific bacterial genera associate with 
temperament dimensionsc:   

• In boys:  
○ Sociability associates with an 

unidentified genus in Ruminococcaceae 
family (rho = 0.37) and Parabacteroides 
(rho = 0.44)  

○ High-intensity pleasure associates with 
Dialister (rho = 0.37) and an unidentified 
genus in Rikenellaceae family (rho =
0.43)  

○ Activity level associates with Dialister 
(rho = 0.48) and an unidentified genus 
in Rikenellaceae family (rho = 0.35)  

• In girls: Fear associates with an 
unidentified genus in Rikenellaceae family 
(rho = 0.37) 

Kelsey et al., 2021 
Gut microbiota composition is 
associated with newborn functional 
brain connectivity and behavioral 
temperament 
USA  

• n = 63 (37 male, 26 female) for 
microbiome and temperament 
questionnaire; mean age [range]: 
25 days [9–56] 

Infant Behavior Questionnaire 
Revised Short Form (IBQ-R): three 
general dimensions of Negative 
Emotionality (subscales of fear, 
distress to limitations, falling 
reactivity, sadness), Regulation/  

• shotgun metagenomics, Illumina 
NovaSeq 6000  

• alpha diversity (Shannon index and 
Chao1 for both taxa and functional 
terms) 

There were no significant direct associations 
between taxa or functional term diversity and 
temperament traits.  

Mediation analyses: taxa and virulence factor 
alpha diversity measures indirectly associated 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

orienting (subscales of low intensity 
pleasure, cuddliness, duration of 
orienting, soothability), and 
Surgency/positive emotionality 
(subscales of activity level, smiling/ 
laughing, high intensity pleasure, 
perceptual sensitivity, approach, 
vocal reactivity)  

• Relative abundance of taxa and 
functional terms 

with temperament via homologous- 
interhemispheric connectivityd:   

• increased taxa alpha diversity and negative 
emotionality: Chao1 β = 0.09, Shannon 
index β = 0.12  

• virulence factor alpha diversity and 
negative emotionality: β = 0.13  

• virulence factor alpha diversity and 
regulation/orienting: β = -0.19  

Relative abundance of bacteria associate with 
temperament traitse:  
• Negative emotionality: ↑Bifidobacterium 

pseudocatenulatum (LFC = 4.085), 
↓Streptococcus vestibularis (LFC = 3.120), 
↓Schaalia radingae (LFC = 3.385)  

• Regulation/orienting: ↑Bifidobacterium 
catenulatum (LFC = 4.177), 
↑Bifidobacterium pseudocatenulatum (LFC =
4.047) 

Aatsinki et al., 2019 * 
Gut microbiota composition is 
associated with temperament traits 
in infants 
Finland 
FinnBrain Birth Cohort Study  

• n = 391 (159 male, 142 female)  
• gut microbiome: at 2.5 months 

(mean ± SD of 65.2 ± 13.4 days 
days)  

• behavior: at 6 months 

Infant Behavior Questionnaire 
Revised Short Form (IBQ-R SF): three 
main dimensions of negative 
emotionality 
(subscales: distress to limitations, 
fear, sadness and reversed scale of 
falling reactivity), regulation/ 
orienting (subscales: perceptual 
sensitivity, low intensity pleasure, 
cuddliness, duration of orienting and 
soothability) and surgency/positive 
emotionality (subscales: activity level, 
smiling and laughter, high intensity 
pleasure, approach, vocal reactivity)  

• 16S rRNA sequencing, V4 hypervariable 
region, Illumina MiSeq  

• Alpha diversity: Shannon and Chao1 
indices  

• Clustering: three clusters based on Bray- 
Curtis dissimilarity using partitioning 
around medoids algorithm; clusters 
named based on the most discriminating 
bacteria:  
○ Veillonella dispar (n = 84)  
○ Bacteroides (n = 101)  
○ Bifidobacterium/Enterobacteriaceae (n 

= 116)  
• Abundance of bacterial taxa 

Microbiota clusters associate with 
temperament dimensions:  
• Bifidobacterium/Enterobacteriaceae-cluster 

has highest and Bacteroides-cluster lowest 
scores of regulation and subscales of high 
intensity pleasure, cuddliness and duration 
of orienting  

• Bacteroides-cluster negatively associates 
with regulation (β = -0.18) compared to 
Bifidobacterium/Enterobacteriaceae-clusterf  

• Veillonella dispar-cluster negatively 
associates with regulation (β = -0.22) and 
cuddliness (β = -0.29) compared to 
Bifidobacterium/Enterobacteriaceae-clusterf  

Alpha diversity (Shannon index) associates 
negatively with negative emotionality (β =
-0.17) and fear reactivity (β = -0.27)g  

Specific bacterial genera associate with 
temperament traitsh:  
• Surgency associates with Atopobium (LFC 

= − 1.4), Bifidobacterium (LFC = 1.2) and 
Streptococcusi (LFC = 0.6)  

• Regulation associates with Erwiniaj (LFC =
1.0) 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings  

• Negative emotionality associates with 
Erwinia (LFC = 0.6), Rothia (LFC = 0.8) and 
Serratia (LFC = 1.3)  

• Fear reactivity associates with Erwinia 
(LFC = 0.3), Rothia (LFC = 0.6) and Serratia 
(LFC = 0.6), Peptinophilus (LFC = 1.0), and 
Atopobium (LFC = 1.0)   

Several OTUs also associate with 
temperament traitsk:  
• Surgency: Veillonella dispar (LFC = -1.3), 

unidentified Bifidobacterium (LFC = 1.1)  
• Regulation: Veillonella dispar (LFC = -1.4), 

unidentified Bifidobacterium (LFC = 1.4) 
and an unidentified Veillonella (LFC = 2.1)  

• Negative emotionality: three Clostridiaceae 
family species (LFC between − 2.3 and 
− 2.6), unidentified Bacteroides (LFC =
-1.6)  

• Fear reactivity: three Clostridiaceae family 
species (LFC between − 1.4 and − 1.5), 
unidentified Bacteroides (LFC = -0.8), two 
Streptococcus species (LFC = -0.7 and 
− 0.6), Veillonella dispar (LFC = -0.6), two 
Haemophilus parainfluenzae OTUs (LFC 0.8 
and 0.1), unidentified Bifidobacterium (LFC 
= 1.1), unidentified Veillonella (LFC = 1.2), 
unidentified Peptoniphilus (LFC = 1.5), 
unidentified Bacteroides (LFC = 1.9), 
unidentified Parabacteroides (LFC = 2.0), 
Bacteroides fragilis (LFC = 2.6) 

Wang et al., 2020 
Association between Gut Microbiota 
and Infant’s Temperament in the 
First Year of Life in a Chinese Birth 
Cohort 
China  

• n = 51 (20 male, 31 female) at 1 
year of life (mean ± SD of 12.3 ±
0.25 months) 

Infant Behavior Questionnaire- 
Revised (IBQ-R): 14 dimensions of 
temperament that are subdivided into 
three composite scales: extraversion, 
negative affectivity, and orienting/ 
regulation 

• 16S rRNA sequencing, V3-V4 hypervari-
able region, Illumina MiSeq  

• Abundance of bacterial taxa 

Bacterial genera associate with temperament 
traitsl:  
• Soothability is associated with abundance 

of Bifidobacterium (β = 0.13)  
• Cuddliness is associated with abundance of 

Hungatella (β = − 2.78)  

In unadjusted Spearman correlation analyses, 
Akkermansia (positively with fear, duration of 
orienting, sadness, vocal reactivity, surgency 
and negative emotionality), Hungatella 
(negatively with smiling and laughter, 
cuddliness), Blautia (negatively with 
soothability), Lachnospiraceae (negatively 
with soothability, cuddliness, approach), 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Faecalibacterium (positively with vocal 
reactivity and surgency) and Bifidobacterium 
(positively with soothability) associate with 
different subscales of the temperament 
questionnaire. 

Fox et al., 2021 
Development of the infant gut 
microbiome predicts temperament 
across the first year of life 
US  

• Total sample n = 67 (32 female, 35 
male)  

• Microbiome analysis at: 1–3 weeks 
(n = 23), 2 months (n = 25), 6 
months (n = 16) and 12 months (n 
= 27)  

• Behavior: at 12 months 

Infant Behavior Questionnaire – 
Revised (IBQ-R): 3 broad dimensions 
(negative affectivity, surgency/ 
extraversion, orienting/regulation)  

• 16S rRNA sequencing, V3-V4 region, 
Illumina MiSeq  

• Alpha diversity: Chao1 and Shannon 
indices  

• Beta diversity: robust Aitchison distances  
• Differential abundance of bacterial 

genera 

Alpha diversity: suggestive negative 
association between microbiota Shannon 
index at 2 months and negative affectivity at 
12 months (β = − 0.57, p = 0.06)m.  

Beta diversityn:  
• At 1–3 weeks associated with surgency/ 

extraversion (R2 = 0.276, p = 0.012)  
• At 12 months suggestively associated with 

negative affectivity (R2 = 0.101, p = 0.094)   

Bacterial genera associated with 
temperament traitso: 
At 1–3 weeks:  
• Surgency/extraversion: Bifidobacterium 

(LFC≈5.3), Lachnospiraceae (LFC≈6.5), 
Collinsella (LFC≈6.9) positively associated; 
Klebsiella (LFC≈-5.75) negatively 
associated  

At 12 months:  
• Negative affectivity: Megamonas 

(LFC≈11.0), Acidaminococcus (LFC≈9.25) 
and Ruminococcus (LFC≈9.3) are positively 
associated; Lactobacillus (LFC≈-10.25) 
negatively associated 

Fear-related behavior 
Aatsinki et al., 2020 * 

Infant Fecal Microbiota 
Composition and Attention to 
Emotional Faces 
Finland 
FinnBrain Birth Cohort Study  

• n = 122 (65 male, 57 female)  
• microbiome analysis: at 2.5 months 

(mean ± SD of 69 ± 14 days)  
• behavioral analysis: at 8 months 

(±2 weeks) 

Eye-tracking task for emotional 
attention: calculated measures of face 
and fear bias  

• 16S rRNA sequencing, V4 hypervariable 
region, Illumina MiSeq  

• Alpha diversity: Shannon and Chao1 
indices  

• Beta diversity: Bray-Curtis dissimilarity  
• Abundances of bacterial taxa 

Alpha and beta diversity measures did not 
associate with face or fear bias.  

Specific bacterial taxa associated with fear 
biasp:   

• Negatively associated: Lactobacillus (LFC =
-6.5), Bifidobacterium (LFC = -5.3), 
Prevotella (LFC = -5.7) and Haemophilus 
(LFC = -6.8)  

• Positively associated: Clostridium (LFC =
5.4)   

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Carlson et al., 2021 
Infant gut microbiome composition 
is associated with non-social fear 
behavior in a pilot study 
USA  

• Total sample: n = 34 (23 male, 11 
female); all participants were 
healthy full-term, had vaginal de-
livery, exclusive breastfeeding until 
1 month, of life, and no antibiotic 
exposure later than two weeks 
before delivery until 1 month of life  

• Microbiome analysis: n = 32 at 1 
month; n = 21 at 1 year  

• Behavioral assessments at 1 year 
(median [range] = 384 days 
[333–491])  

• Mask Task of the Laboratory 
Temperament Assessment Battery: 
non-social fear expression; fear in 
response to four masks was coded 
for facial fear, vocal distress, bodily 
fear, escape behavior, and startle 
response  

• Strange Situation: social wariness 
toward a stranger during the 
assessment  

• Infant Behavior Questionnaire - 
Revised (IBQ-R): composite fear 
score 

• 16S rRNA sequencing, V1-V2 hypervari-
able region plus Bifidobacterium-specific 
primers in a 4:1 Universal to Bifido-
bacterium, Illumina MiSeq  

• Alpha diversity principal components: 4 
measures of alpha diversity (Shannon 
Diversity, Observed Species, Faith’s 
Phylogenetic Diversity, and Chao1) were 
calculated and principal component 
analysis of these four alpha diversity 
measures (PC1 and PC2) were used as 
the predictors; at 1 month PC1 has 
positive loadings for all alpha diversity 
measures, PC2 has strong negative 
loading for Shannon Index and smaller 
positive loadings for other alpha 
diversity measures  

• Beta diversity: principal coordinates 
analysis of Weighted UniFrac was 
conducted at both timepoints and PC1 
and PC2 were used as predictors; at 1 
month PC1 has strong positive 
associations with Bifidobacterium and 
Streptococcus and strong negative 
associations with Bacteroides, PC2 at 1 
month has strong positive associations 
with Veillonella and negative associations 
with an unnamed genus of 
Enterobacteriaceae and Bifidobacterium; at 
1 year, PC1 has strong positive 
correlations with Bacteroides and strong 
negative correlations with Veillonella, 
Dialister, an unnamed genus of 
Clostridiales, Bifidobacterium, and 
Lactobacillus, PC2 has strong positive 
associations with Bacteroides and 
Dialister and strong negative associations 
with Bifidobacterium 

Relative abundance of bacterial genera 

1-month alpha diversity PC2 positively 
associated with non-social fear response in 
the mask task (β = 0.47, r2 = 0.12; n = 19)q  

1-year Weighted UniFrac PC1 negatively 
associated with non-social fear response in 
the mask task (β = -1.15, r2 = 0.26; n = 14)r  

Nominally significant associations between 
bacterial genera at 1 year and non-social fear:  
• unnamed genus in Clostridiales order ~ 

vocal distress (β = 30.82, r2 = 0.23), ~ 
startle (β = 11.67, r2 = 0.38)  

• Sutterella ~ startle (β = 8.06, r2 = 0.41)  
• Dialister ~ escape behaviour (β = 12.41, r2 

= 0.28)  
• members of the Clostridiales order that 

could not be confidently assigned to a 
family or genus ~ escape behavior (β =
15.44, r2 = 0.19)  

• unnamed genus of Erysipelotrichaceae ~ 
escape behavior (β = 17.87, r2 = 0.2)   

Social fear (Strange Situation) and parent- 
reported fear (IBQ-R fear index) are not 
associated with microbiota measures. 

Problem behavior 
Loughman, Ponsonby, et al., 2020 

Gut microbiota composition during 
infancy and subsequent behavioral 
outcomes 
Australia 
Barwon Infant Study  

• n = 201 (106 male, 95 female) for 
microbiome at 12 months and 
behavioral assessment at 2 years  

• n = 182 for microbiome at 1 month  
• n = 190 for microbiome at 6 months 

Child Behavior Checklist (CBCL): 
Internalizing, Externalizing and Total 
Problem subscales  

• 16S rRNA sequencing, V4 hypervariable 
region, Illumina MiSeq  

• Alpha diversity: Shannon, Simpson, and 
Chao1 indices, and number of Observed 
species  

• Beta diversity: weighted and unweighted 
UniFrac distances 

Alpha diversity (Shannon index) at 1, 6 and 
12 months positively, but not significantly 
associates with problem behaviors (OR = 2.6, 
OR = 1.69 and OR = 2.42, respectively).  

Beta diversity (unweighted UniFrac) at 12 
months associates with problem behavior (R2 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings  

• Abundances of bacterial taxa = 0.0092)t, however, this may reflect 
differential multivariate dispersion.  

Abundance of bacteria at different timepoints 
associate with problem behavioru:  
• At 6 months: Sutterella (LFC = -0.37)  
• At 12 months: Prevotella (LFC = -1.46), 

unidentified Lachnospiraceae (LFC = 2.09)  

Association between low Prevotella and 
problem behaviors persist following 
adjustments for technical (storage) and other 
covariates (gestational age, mode of birth, 
antibiotic use during labor, breastfeeding at 
four weeks, number siblings, household pet 
ownership), but was attenuated for the 
unidentified Lachnospiraceae. 

Loughman, Quinn, et al., 2020 
Infant microbiota in colic: 
predictive associations with 
problem crying and subsequent 
child behavior 
Australia 
Baby Biotics study  

• n = 118 (63 male, 55 female) for 
microbiome and behavioral 
outcomes  

• Microbiome analysis: at mean ± SD 
of 7.4 ± 2.7 weeks  

• Behavioral outcome: at 2 years  
• Condition: infants with colic (crying 

and/or fussing) 

Child Behavior Checklist (CBCL): 
Internalizing, Externalizing, and Total 
Problems subscales 

• 16S rRNA sequencing, V3-V4 hypervari-
able region, Illumina MiSeq  

• Alpha diversity: Chao1 and Shannon- 
Weaver indices  

• Beta diversity: weighted and unweighted 
UniFrac distances  

• Abundances of bacterial taxa 

Alpha diversity in early infancy associates 
with increased odds for behaviour problems 
at 2 years of life (Shannon–Weaver index, OR 
= 3.47)v  

Beta diversity does not significantly associate 
with problem behavior.  

54 bacterial OTUs associate with 2-year 
problem behaviorw:  
• Less abundant in problem behavior case 

group: 3 Streptococcus species, 2 
Staphylococcus species, 1 Parabacteroides 
species, 1 Klebsiella species, 1 Enterococcus 
species, 7 Bifidobacterium species, 6 
Bacteroides species and 1 Actinomyces 
species  

• More abundant in problem behavior case 
group: 2 Ruminococcus species, 1 
Parabacteroides species, 1 Lactobacillus 
species, 1 Faecalibacterium species, 1 
Eggerthella species, 3 Collinsella species, 5 
Clostridium species, 6 Bifidobacterium 
species and 1 Anaerostipes species 

Zhang et al., 2021 
Preliminary evidence for an 
influence of exposure to polycyclic 
aromatic hydrocarbons on the 
composition of the gut microbiota 
and neurodevelopment in three- 
year-old healthy children  

• Microbiome analysis: n = 38 (20 
male, 18 female) at 3 years  

• Behavioral analysis: n = 25 at the 
same time 

Child Behavior Checklist with six core 
syndromes: Anxious/depressed, 
Withdrawn, Sleep problems, Somatic 
complaints, Aggressive behavior, and 
Destructive behavior; in addition, 
there are two broadband syndromes: 
Internalizing and Externalizing 

Same as in Table 3 Associations between bacteria phyla and 
CBCL scores (unadjusted analyses):  
• Bacteroidetes ~ Withdrawn syndromes (rho 

= 0.551 and Somatic complaints (rho =
0.413) 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings  

• Actinobacteria ~ Destructive behavior (rho 
= 0.589) and Externalizing behaviour (rho 
= 0.471)  

• Proteobacteria ~ Withdrawn syndromes 
(rho = − 0.435)  

• Verrucomicrobia ~ Anxious/depressed 
(rho = − 0.476), Aggressive behavior (rho 
= − 0.542), Destructive behavior (rho =
− 0.552), Internalizing behavior (rho = −

0.471), Externalizing behaviors (rho = −

0.598), and total CBCL scores (rho = −

0.410)   

With bacterial generax:   

• Actinobacillus positively associated with all 
CBCL subscales  

• Lactococcus positively associated with all 
CBCL subscales  

• Romboutsia positively associated with all 
CBCL subscales  

• Akkermansia negatively associated with all 
CBCL subscales 

Other behavioral traits 
Laue et al., 2020 

Prospective associations of the 
infant gut microbiome and 
microbial function with social 
behaviors related to autism at age 3 
years 
New Hampshire Birth Cohort Study  

• Total cohort with behavior analysis: 
at a mean ± SD of 3.1 ± 0.2 years, n 
= 386 (199 male, 187 female)  

• Overlapping samples (any 
microbiome and behavior data): n 
= 273  

• Microbiota analysis with 16S: at 6 
weeks (n = 166), at 1 year (n =
158), a 2 years (n = 129) and at 3 
years (n = 140)  

• Microbiota analysis with shotgun 
metagenomics: at 6 weeks (n = 101) 
and at 1 year (n = 103) 

Social Responsiveness scale 2nd 
edition (SRS-2) 

• 16S rRNA sequencing, V4-V5 hypervari-
able region, Illumina MiSeq  

• alpha diversity: Shannon, Simpson 
indices and count of detected ASVs  

• beta diversity: generalized UniFrac 
distances  

• abundance of bacterial taxa  
• shotgun metagenomics in a subset with 

Illumina NextSeq  
• features from shotgun metagenomics: 

alpha diversity, taxon and functional 
pathway relative abundances 

Alpha diversity does not significantly 
associate with SRS-2 scores.  

Beta-diversity at 1 year of life associated with 
SRS-2 scoresy.  

Bacterial taxa associate with SRS-2 scoresz:  
• at 6 weeks:  

○ from shotgun metagenomic sequence 
data: Flavonifactor plautii 
(Ruminococcaceae family; β = 0.002)  

○ from 16S: no significant associations  
• at 1 year:  

○ from shotgun metagenomic sequence 
data: Adlercreutzia equolifaciens 
(Coriobacteriaceae family; β = 0.002); 
Ruminococcus torques (Lachnospiraceae 
family; β = 0.01); unidentified 
Lachnospiraceae (β = 0.001); Eubacterium 
dolichum (Erysipelotrichaceae family; β =
0.0003) 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings  

○ from 16S: Blautia producta 
(Lachnospiraceae family; β = 0.34); 
unidentified Lachnospiraceae (β = 0.01)  

• at 2 years:  
○ from 16S: unidentified Coprococcus 

(Lachnospiraceae family; β = 0.07); 
Ruminococcus gnavus (Lachnospiraceae 
family; β = 0.17); unidentified 
Bifidobacterium (Bifidobacteriaceae 
family; β = 0.06)  

• at 3 years:  
○ from 16S: Butyricicoccus pullicaecorum 

(Ruminococcaceae family; β = 0.01)  

Bacterial functional pathwaysaa: Pathways 
involved in urea cycle or vitamin B6 
biosynthesis associate with SRS-2 scores. For 
example, increased abundance of L-ornithine 
de novo biosynthesis and the superpathway of 
pyridoxal 5′-phosphate biosynthesis and 
salvage pathways at 6 weeks and 1 year are 
negatively associated with SRS-2 scores at 3 
years. At 1 year, the three most significant 
pathways are the superpathway of L-aspartate 
and l-asparagine synthesis, O-antigen build-
ing blocks biosynthesis—Escherichia coli, and 
pentose phosphate pathway (all negatively 
associated with SRS-2 scores). 

Sun et al., 2020 
Log-contrast regression with 
functional compositional predictors: 
linking preterm infants’ gut 
microbiome trajectories to 
neurobehavioral outcome 
USA  

• n = 34 (17 male, 17 female)  
• Microbiome data collected between 

5 and 28 postnatal days (each infant 
provided at least 5 samples)  

• Behavioral assessment at 36–38 
weeks of postmenstrual age  

• Preterm infants 

NICU Network Neurobehavioral Scale 
(NNNS); used the NSTRESS (Stress/ 
abstinence scale) score with data 
divided into equal thirds (upper, mid 
and lower third); higher score 
indicates more stressful behavioral 
performance  

• 16S rRNA sequencing, V4 hypervariable 
region, Illumina MiSeq  

• Abundance of bacterial taxa over time 

Four known bacterial genera associate with 
NSTRESS scores during the neonatal periodbb:  
• Veillonella (Clostridiales order): effect 

switches from negative to positive during 
the postnatal days from 5 to 28  

• Enterococcus (Lactobacillales order): 
associated with higher stress scores during 
early postnatal days  

• Shigella (Enterobacteriales order): effect 
switches from positive to negative during 
the postnatal days from 5–28  

• unclassified genus from Enterobacteriales 
order: increasing negative effect during the 
postnatal days 5–28  

The strongest effect estimates are observed at 
around 26 days of postnatal life: Enterococcus, 
the unidentified Enterobacteriales genera and 
Shigella negatively, while genus Veillonella 
positively associate with NSTRESS scores. 

(continued on next page) 
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Table 4 (continued ) 

Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, 
sex, and age at samples and 
assessments 

Behavioral assessment Gut microbiome: 
Sequencing method and platform 
Features of interest 

Main findings 

Sobko et al., 2020 
Impact of outdoor nature‑related 
activities on gut microbiota, fecal 
serotonin, and perceived stress in 
preschool children: the Play&Grow 
randomized controlled trial 
Hong Kong  

• n = 45 (23 male, 22 female)  
• n = 27 in intervention group 

(outdoor-play intervention 
program); mean ± SD of 35.8 ±
12.21 months  

• n = 18 in control group; mean ± SD 
of 35.4 ± 8.51 months 

Perceived Stress Scale for Children 
(PSS-C); anger score analyzed 
separately 

• 16S rRNA sequencing, V3-V4 hypervari-
able region, Illumina MiSeq  

• Abundance of bacterial taxa  
• Alpha diversity: Chao1 index  
• Alpha diversity of bacterial phyla: 

Shannon and Simpson indices for each 
phyla separately  

• Estimated functional pathways 
(PICRUST) 

Microbial richness (Chao1) associates with 
PSS-C score: rho = -0.27  

Correlations with alpha diversity for phyla 
and PSS-C scores:  
• Bacteroidetes (Shannon index: rho = -0.26 

and Simpson index: rho = -0.24)  
• Proteobacteria Shannon index: rho = -0.23 

(but p = 0.07)  

PSS-C score associates with estimated 
pathways (p < 0.1)cc:  
• Negatively with: betalain biosynthesis, 

indole alkaloid biosynthesis  
• Positively with: Isoquinoline alkaloid 

biosynthesis, C5-branched dibasic acid 
metabolism, propanoate metabolism, 
glyoxylate and dicarboxylate metabolism, 
pyruvate metabolism, glycolysis/gluco-
neogenesis, N-glycan biosynthesis, fatty 
acid metabolism, lipid biosynthesis pro-
teins, nicotinate and nicotinamide meta-
bolism, phosphonate and phosphinate 
metabolism, D-glutamine and D-glutamate 
metabolism, beta-alanine metabolism, 
prenyltransferases 

*Overlapping cohorts. 
a Analysed in boys and girls separately using Pearson’s correlation; unadjusted analyses. 
b Analysed in boys and girls separately using PERMANOVA; unadjusted analyses. 
c Analysed in boys and girls separately using Spearman rank correlation; unadjusted analyses. 
d Analysed using ordinary least squares path analysis; covariate adjustment not specified. 
e Analysed using LefSE, covariate adjustment not specified; ↓ and ↑ indicate whether a bacteria is enriched in low or high temperament trait groups, respectively (groupings based on median split); LFC: 

log-2-fold change. 
f Analysed using linear regression; covariates: infant sex and mode of delivery. 
g Analysed using linear regression; covariates: gestational age, infant age, sex, mode of delivery, breastfeeding and antibiotics intake. 
h Analysed using DESeq2; covariates: infant age, sex and mode of delivery; LFC = log2 fold change; FDR-corrected q-value < 0.25 was considered statistically significant. 
i Association remains significant if additionally adjusted for gestational age, antibiotic treatments and breastfeeding status at 2.5 months of age. 
j Association remains significant if additionally adjusted for gestational age, antibiotic treatments and breastfeeding status at 2.5 months of age. 
k Analysed using DESeq2; covariates: infant sex, mode of delivery, gestational age, infant age during sampling, antibiotic treatments and breastfeeding status at 2.5 months of age; FDR-corrected q-value 

< 0.25 was considered statistically significant. 
l Analysed using linear regression; covariates: delivery mode, feeding type, and probiotic consumption. 
m Analysed using multivariate linear regression; covariates: infant sex and breastfeeding duration. 
n Analysed using PERMANOVA; covariates: infant sex and breastfeeding duration. 
o Analysed using multivariate negative binomial mixed models in DESeq2; covariates: infant sex and duration of breastfeeding; LFC = log2 fold change; FDR-corrected p-value < 0.1 was considered 

statistically significant. 
p Analysed using DESeq2; LFC = log2 fold change; covariates: mode of delivery, breastfeeding, infant age at faecal sampling, maternal depressive symptoms at the end of pregnancy, and infant sex. 
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measured at the same age, ranging from 1 month of life to 1- and 2-year-old children (Christian et al., 2015; Kelsey et al., 2021; Wang 
et al., 2020), one study aimed to characterize the predictive value of gut microbiota at early infancy (2.5 months) to temperament in 
later infancy (6 months) (Aatsinki et al., 2019), and one study investigated the relationship between gut microbiota at multiple 
timepoints during the first year of life and temperament in 1-year-old children (Fox et al., 2021). 

During the first month of life, Kelsey et al. (2021) demonstrated that different Bifidobacterium species were more abundant in 
infants with higher levels of regulation/orienting and negative emotionality, while Streptococcus and Schaalia were more abundant in 
infants with lower levels of negative emotionality. The abundance of Bifidobacterium species in early infancy (2.5 months of life) may 
also predict later temperament traits: Aatsinki and colleagues (2019) used cluster analysis and showed that a cluster of infants 
characterized by high abundance of Bifidobacterium and Enterobacteriaceae had the highest levels of orienting/regulation compared to 
the clusters characterized by high abundance of Bacteroides or Veillonella. These cluster-based results are consistent with bacterial-taxa- 
level analyses as unidentified Bifidobacterium species positively correlated with regulation/orienting, surgency, and fear reactivity. 
Aatsinki et al. found several other bacterial taxa associated with temperament traits, including negative correlations between species in 
Clostridiaceae family or Bacteroides and negative emotionality, and between and Streptococcus and fear reactivity. These results lend 
further support to the notion that Streptococcus, Bacteroides as well as members of the families Enterobacteriaceae (e.g. Enterobacter) and 
Clostridiaceae (e.g. Clostridium) may play a role in neurocognitive development as discussed in the section Gut microbiota associations 
with neurocognitive development in early childhood. 

Taking a longitudinal approach in exploring microbiota associations with temperament during the first year of life, Fox et al. 
identified early (1–3 weeks of life) and late infancy (12 months of life) as sensitive periods during which gut microbial community 
composition associated with temperament traits in 1-year-old children (Fox et al., 2021). Specifically, at 1–3 weeks of life, the 
abundance of Bifidobacterium, Lachnospiraceae and Collinsella positively and the abundance of Klebsiella negatively associated with 
surgency/extraversion at 1 year of life, while the abundance of Megamonas, Acidaminococcus and Ruminococcus at 1 year of life 
positively and the abundance of Lactobacillus negatively associated with negative affectivity at the same age. In contrast, microbiota 
composition at 2 or 6 months of life was not associated with temperament traits in 1-year-old children (Fox et al., 2021), suggesting 
that gut microbiota composition during periods of early colonization and at 1 year of life, around cessation of breastfeeding, may exert 
effects on emotional/temperament development. 

In line with this, Wang et al. additionally identified specific bacterial associations with temperament traits in 1-year-old children: 
the abundance of Bifidobacterium positively and the abundance of Hungatella negatively associated with different regulation/orienting 
subscales (Wang et al., 2020). These results thus parallel the results in early infancy and suggest that the abundance of Bifidobacterium 
during the first few months of life (Aatsinki et al., 2019; Fox et al., 2021; Kelsey et al., 2021) as well as at 1 year of life (Wang et al., 
2020) correlates with temperament traits (especially regulation/orienting and surgency/extraversion) during the first year of life. In 
contrast, Bifidobacterium levels did not correlate with temperament traits in 2-year-old children (Christian et al., 2015), suggesting that 
there may be temporal effects of specific bacterial taxa on temperament, in line with the temporal succession of gut microbiome 
(Fig. 1); however, larger studies using longitudinal assessments of both microbiome and temperament are needed to test this 
hypothesis. 

There may also be sex-specific associations between gut microbiota composition and temperament traits. For example, in 2-year- 
old children, several bacteria (Ruminococacceae, Parabacteroides, Dialister, Rikenellaceae) abundances correlated with surgency/ex-
traversion only in boys (Christian et al., 2015), and in early infancy, the reported effects of Bifidobacterium on regulation and surgency 
(Aatsinki et al., 2019) were not identified in girls in sub-group analyses. Conversely, in both studies gut microbiome composition in 
girls appears to be particularly correlated with fear reactivity, although different species-level associations were identified (Aatsinki 
et al., 2019; Christian et al., 2015). Sex-specific effects of microbiota disruption on brain and behavior in other contexts have been 
reviewed in detail elsewhere (for example see (Jaggar et al., 2020)). 

In terms of the relationships between bacterial diversity and temperament, the studies report discrepant findings. While alpha 
diversity has been positively associated with surgency/extraversion in 2-year-old children (Christian et al., 2015), alpha diversity at 2 
months negatively correlated with negative affectivity in 6-month-old infants (Aatsinki et al., 2019) as well as in 1-year-old infants 
(Fox et al., 2021), although the latter result did not reach statistical significance. Conversely, there were no significant associations 
observed between alpha diversity and temperament traits during the first month of life (Kelsey et al., 2021). It could thus be hy-
pothesized that, similarly to bacterial compositional effects, there may be temporal effects of alpha diversity on temperament though 
additional research is needed. Additionally, alpha diversity of the gut microbiota increases greatly over the first few years of life, 
especially around 4–6 months of life when solid foods are introduced to the diet (Reyman et al., 2019; Roswall et al., 2021), making 
comparisons of alpha diversity correlations with temperament traits at different ages difficult. 

Fear-related behavior 

Whilst IBQ and ECBQ include fear reactivity as one of the subscales for negative affectivity trait, experimental approaches to study 
fear behavior may reveal more specific information about development of fear processing during infancy. Indeed, preclinical studies 
suggest that microbiome is involved in fear- and anxiety-related behaviors (Diaz Heijtz et al., 2011; Hoban et al., 2018). Aatsinki et al. 
(2020) reported that increased attentional bias to fearful faces assessed by an emotional faces eye-tracking task correlated with 
decreased abundance of Bifidobacterium, Lactobacillus, Prevotella and Haemophilus and increased abundance of Clostridium at 2.5 
months of life. These results seem in contrast to those observed by the same group previously (Aatsinki et al., 2019) where abundance 
of Bifidobacterium positively and members of Clostridiaceae family negatively associated with parent-reported fear reactivity in early 
infancy, however, it is unclear to what extent negative emotionality/fear reactivity in temperament scales relates to attentional bias to 
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fearful faces. 
Moreover, in a small (n = 14–19) pilot study, Carlson et al. (2021) reported that gut microbiota composition in 1-year-old children 

is associated with fear reactions in a non-social, but not social, fear paradigm. Specifically, they showed positive correlations between 
members of Clostridiales order, Sutterella, Dialister and Erysipelotrichaceae family and fear reactions. Interestingly, they did not observe 
significant associations between gut microbiota and parent-reported fear behavior (IBQ questionnaire), further suggesting that 
comprehensive assessment of fear processing is needed to fully understand the effects of gut microbiota on neurobehavioral and 
emotional development. Nevertheless, given the exploratory nature and small sample of this study, the results need to be replicated in a 
future study. 

Behavioral problems 

The CBCL is a parent reported questionnaire assessing a broad range of emotional and behavioral problems, and has been used in 
three studies investigating the relationships between gut microbiome and child development (Loughman, Ponsonby, et al., 2020; 
Loughman, Quinn, et al., 2020; Zhang et al., 2021). 

Loughman and colleagues used two cohorts in Australia to describe the relations between gut microbiome composition during 
various points during the first year of life (at 1, less than 3, and at 6, and 12 months) and 2-year CBCL scores (Loughman, Ponsonby, 
et al., 2020; Loughman, Quinn, et al., 2020). Gut microbiome composition at 1 month after birth did not significantly associate with 
behavioral dysfunction at 2 years (Loughman, Ponsonby, et al., 2020), while several bacteria at around 2 months of life in a separate 
study were more or less abundant in children with behavioral problems at 2 years of life compared to those without behavioral 
problems (see Table 4) (Loughman, Quinn, et al., 2020). For example, several Streptococcus and Bacteroides species were less abundant 
in children with behavioral problems (i.e. increased abundance of these bacteria associated with fewer behavior problems). This is in 
line with the studies discussed in the section on Temperament as the increased abundance of these genera were also associated with 
decreased negative emotionality and fear reactivity in infancy (Aatsinki et al., 2019; Kelsey et al., 2021) (see section Temperament). 
Interestingly, bacteria in Bifidobacterium genera had both positive and negative associations with 2-year problem behavior, suggesting 
that species-level associations may be important. 

The discrepancies between the findings in two studies investigating relationships between gut microbiome in early infancy and 2- 
year behavior problems (Loughman, Ponsonby, et al., 2020; Loughman, Quinn, et al., 2020) could be due to different characteristics of 
the study populations: the study reporting associations between bacterial genera and problem behavior was carried out in infants with 
colic who had a higher baseline prevalence of behavioral problems (Loughman, Quinn, et al., 2020). This is relevant because infantile 
colic has also been associated with aberrant intestinal microbiome (Dubois & Gregory, 2016), which raises the possibility that the 
potential to detect microbiome-behavior associations is higher in children with divergent gut microbiome and/or behavior compared 
to the general population. 

Although there was no association between the gut microbiota at 6 months and problem behavior at 2 years after adjustment for 
covariates, at 12 months the abundance of Prevotella was significantly lower in children with behavioral problems at 2 years 
(Loughman, Ponsonby, et al., 2020). Interestingly, reduced abundance of Prevotella has also been observed in patients with autism 
spectrum disorder (Liu et al., 2019). 

A small preliminary study exploring the associations between gut microbiome composition and problem behavior in 38 3-year-old 
children cross-sectionally identified the phyla Bacteroidetes and Actinobacteria to be positively, and Proteobacteria and Verrumicrobia (e. 
g. Akkermansia) to be negatively correlated with different CBCL subscales (Zhang et al., 2021). This suggests that different bacteria may 
be important for behavioral development after the first year of life compared to those reported in early infancy (Loughman, Ponsonby, 
et al., 2020) though additional research is needed to test this hypothesis. 

Regarding bacterial alpha diversity, increased alpha diversity in early infancy positively associated with problem behavior at 2 
years in infants with colic (Loughman, Quinn, et al., 2020). However, in typical development, alpha diversity during the first year of 
life does not appear to be statistically significantly associated with behavioral problems at 2 years of life, though the direction of effect 
was similar at all timepoints to that observed in infants with colic (Loughman, Ponsonby, et al., 2020). These results further suggest 
population-specific effects of gut microbiota on behavioral development and highlight the possibility that the effects of microbiome on 
behavioral development may be greater (and more detectable) in vulnerable populations as also suggested above. 

Other behavioral traits 

Three studies have directly assessed the association between gut microbiome composition and other behavioral traits: social 
impairment (Laue et al., 2020), stress-related behavior in neonatal unit (Sun et al., 2020), and perceived stress (Sobko et al., 2020). 

Using a prospective, longitudinal assessment of gut microbiome composition via both 16S rRNA and shotgun metagenomic 
sequencing, Laue et al. (2020) demonstrated that increased abundance of several species within the Lachnospiraceae family (e.g. 
Ruminococcus gnavus and torques, Blautia producta) at 1 and 2 years associated with worse social behaviors in 3-year-old children 
assessed using the Social Responsiveness Scale (SRS); the associations between 3-year social behavior and gut microbiome at 6 weeks 
and 3 years were less pronounced. Importantly, these results are in line with two other studies discussed above which reported a 
negative association between the abundance of Lachnospiraceae in early infancy and 3-year communication and personal/social skills 
(Sordillo et al., 2019), as well as a negative association between abundance of Lachnospiraceae and cognitive development at 3 years 
(Rothenberg et al., 2021). The longitudinal design of the study by Laue and colleagues additionally highlights the possibility of 
temporal effects of microbiome on behavior and suggests that the timing of sampling and assessments is crucial in identifying potential 
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correlations between the microbiome and behavior. The use of metagenomic data by Laue et al. (2020) additionally enabled inferences 
about functional pathways, revealing that pathways involved in the urea cycle (L-ornithine de novo biosynthesis) and vitamin B6 
biosynthesis (superpathway of pyridoxal 5′-phosphate biosynthesis and salvage) in 6-week and 1-year-old infants are positively 
associated with improved social behaviors. Bacterial alpha diversity, on the other hand, was not associated with SRS scores, further 
suggesting unknown effects of gut bacterial alpha diversity on neurodevelopment, as discussed in previous sections. 

Two studies have investigated aspects of stress in relation to gut microbiome composition. Sun et al. (2020) used longitudinal 
sampling of gut microbiome in preterm infants during their stay in the neonatal intensive care unit and associated the composition of 
the gut microbiome to the stress score of the NICU Network Neurobehavioral Scale (NNNS) at term-equivalent age. The study iden-
tified four genera which had dynamic associations with the stress score during the neonatal period. The direction of effect for these 
genera-stress associations changed over the course of the first month of life, further implying that the specific relationships between 
microbiome and behavior detected is age- or time-dependent. The strongest effects for all of these genera were observed around the 
latest timepoints assessed (i.e., at 4 weeks of life) when the abundance of Enterococcus, Shigella, and an unknown bacteria in Enter-
obacteriales order negatively, while genus Veillonella positively correlated with stress scores. Interestingly, these results have some 
consistency with those observed in (Rozé et al., 2020) which reported that the clusters dominated by Escherichia/Shigella or Entero-
bacter (Enterobacteriales order) during the first postnatal month in preterm infants were less at risk for non-optimal neuro-
developmental outcomes at 2 years of life, and the abundance of species in Veillonella genera in 2.5-month-old infants have been both 
negatively and positively associated with 6-month temperament traits of regulation/orienting, surgency and fear reactivity (Aatsinki 
et al., 2019). These results together suggest a potential role for these bacteria (Enterococcus, Enterobacteriales (Enterobacter), Veillonella) 
during the first few months of life on outcomes both in the neonatal period as well as later in infancy and childhood. 

The second study looking at the relationships between gut microbiome and stress in childhood primarily focused on investigating 
the effects of an outdoor nature-related intervention on gut microbiome composition and perceived stress in 2–5-year-old children, 
however, their secondary analyses also included direct assessment of gut microbiome profiles and perceived stress scores (Sobko et al., 
2020). In this study, bacterial alpha diversity negatively associated with perceived stress levels, and the diversity within the Bacter-
oidetes phyla negatively associated with stress scores. 

Microbiome associations with structural and functional neuroimaging features in childhood 

We identified four studies reporting associations between gut microbiota profiles and brain imaging features in early childhood 
(Table 5). In three studies, the gut microbiota was assessed using 16S rRNA gene-based amplicon sequencing (Carlson et al., 2018, 
2021; Gao et al., 2019) and one study used metagenome sequencing (Kelsey et al., 2021). Brain structural and functional properties 
have been assessed in these studies using structural MRI (T1- and T2-weighted) (Carlson et al., 2018, 2021), functional MRI (Gao et al., 
2019), and functional Near-Infrared Spectroscopy (fNIRS) (Kelsey et al., 2021). Although these studies to date are limited by small 
sample sizes (maximum sample size is 63 for participants with both measures), they suggest potential relationships between the gut 
microbiome and brain structure and function. 

All four studies used alpha diversity as a microbiome feature of interest. As an exploratory analysis, Carlson et al. demonstrated that 
in a sample of 27 children with structural T1-weighted MRI scans, alpha diversity of the gut microbial taxa at 1 year of life positively 
correlated with the volume of left precentral gyrus, right angular gyrus and left amygdala at 2 years of life; while alpha diversity was 
uncorrelated with global measures of brain volume such as total gray and white matter or ventricular volume at 1 year of life (Carlson 
et al., 2018). However, as Carlson et al. observed negative correlations between alpha diversity and cognition (i.e. in opposite direction 
to those observed with regional volumes; see section Gut microbiota associations with general neurocognitive development in early 
childhood), it is difficult to interpret the gut-brain structure findings. A more recent pilot study from the same group identified positive 
correlations between gut microbiota and fear responses (see section Fear-related behavior), but did not observe a correlation between 
bacterial alpha diversity at 1 month or at 1 year of life and volume of structures involved in fear processing (amygdala, hippocampus or 
medial prefrontal cortex (mPFC)) at 1 month or at 1 year (though note that n = 13–14 for these analyses) (Carlson et al., 2021). These 
results together may potentially suggest that bacterial alpha diversity correlations with brain structure become apparent later in in-
fancy/toddlerhood – but larger, longitudinal studies are needed to test this hypothesis. 

Gut bacterial alpha diversity has also been a marker of interest in studies investigating associations between gut microbiota and 
brain function. Using resting state functional MRI Gao and colleagues demonstrated that gut bacterial alpha diversity in 39 1-year-old 
infants negatively correlated with functional connectivity between the left amygdala and thalamus as well as anterior cingulate cortex 
and insula at the same age, and positively correlated with functional connectivity between supplemental motor area and the inferior 
parietal lobule (Gao et al., 2019). Interestingly, the correlations of gut bacterial alpha diversity with the development of the con-
nectivity between parietal and frontal brain areas may already be apparent earlier in infancy. Using fNIRS, Kelsey et al. reported that 
gut bacterial diversity positively correlated with connectivity within the fronto-parietal network in newborn infants (Kelsey et al., 
2021). They also found taxa diversity to be linked with increased connectivity of the homologous-interhemispheric network. Making 
use of shotgun metagenomic data, which enables insight into functional properties of the microbiome, Kelsey et al. (2021) additionally 
demonstrated that an increase in the diversity of virulence factors correlated with increased connectivity of the homologous- 
interhemispheric network, suggesting that the taxa diversity association with functional connectivity may be driven by increases in 
virulence factors. 

These findings together raise the possibility that bacterial alpha diversity in early life affects the structure and function of the 
amygdala, which plays a central role in fear and emotion regulation, frontal precentral areas involved in motor processing (e.g. 
precentral gyrus and supplemental motor area), and parietal areas involved in language, sensory and emotional processing (e.g. 

K. Vaher et al.                                                                                                                                                                                                          



DevelopmentalReview
66(2022)101038

25

Table 5 
Summary of studies investigating associations between gut microbiome and structural and functional neuroimaging features..  

Study details: Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, sex, and 
age at samples and assessments 

Neuroimaging: 
Modality 
Features of interest 

Gut microbiome: 
Sequencing method and 
platform 
Features of interest 

Main findings 

Carlson et al., 2018 * 
Infant Gut Microbiome 
Associated With Cognitive 
Development 
USA 
UNC Early Brain 
Development Study  

• Microbiome analysis: n = 89 (49 male, 40 
female) at 1 year  

• Brain scans: n = 46 at 1 year (median age 
12.8 months), n = 27 at 2 years (median 
age 25.1 months)  

• Structural MRI, T1  
• Volume of total intracranial volume, total gray 

matter, total white matter, total cerebrospinal 
fluid, lateral ventricle volume, and 90 Gy matter 
ROIs segmented using ITK-SNAP and neonatal 
Automated Anatomical Labeling atlas template 

Same as in Table 3 Alpha diversity at 1 year associates positively 
with the volumes of left precentral gyrus (Chao1), 
left amygdala (observed species), and right 
angular gyrus (Chao1) at 2 yearsa  

Microbiota clusters at 1 year associate with the 
volumes of right superior occipital gyrus at 1 year 
of life (largest in C2 and smallest in C3)b, and with 
the volumes of left and right caudate nucleus at 2 
years of life (smallest in C2 and largest in C3)c 

Gao et al., 2019 * 
Gut microbiome and brain 
functional connectivity in 
infants-a preliminary study 
focusing on the amygdala 
USA 
UNC Early Brain 
Development Study  

• n = 39 (16 male, 23 female) for microbiota 
and brain scan; mean ± SD age at scan: 
13.5 ± 1.3 months  

• resting state functional MRI  
• functional connectivity of the amygdala using 

seed-based approach to generate voxel-wise 
temporal correlation measures for left and right 
amygdala  

• functional connectivity of other brain regions 
using nine seeds based on adult resting-state 
networks  

• 16S rRNA sequencing, 
V1-V2 hypervariable re-
gion, Illumina MiSeq  

• Alpha diversity: Chao1, 
observed species, 
Shannon Index, Faith’s 
Phylogenetic diversity 

Alpha diversity associates with functional 
connectivity betweend:  
• the left amygdala and thalamus (negative 

association; correlation coefficients between 
− 0.33 and − 0.55)  

• the anterior cingulate cortex and right anterior 
insula (negative association; correlation 
coefficients between − 0.31 and − 0.54)  

• the supplemental motor area and left parietal 
cortex (positive association; correlation 
coefficients between 0.29 and 0.41) 

Kelsey et al., 2021 
Gut microbiota composition 
is associated with newborn 
functional brain 
connectivity and behavioral 
temperament 
USA  

• n = 63 (37 male, 26 female) for 
microbiome and brain scan; mean age 
[range]: 25 days [9–56]  

• resting state functional NIRS  
• three functional connectivity networks of 

interest based on signal correlations in regions of 
interest:  
○ fronto-parietal network  
○ default mode network  
○ homologous-interhemispheric network 

Same as in Table 4  Taxa-level alpha diversity associates positively 
with:  
• Left fronto-parietal network: Chao1 β = 0.71, 

Shannon β = 0.14 in unadjusted models; Chao1 
β = 0.46, Shannon β = 0.18 in adjusted modelse  

• Homologous-interhemispheric connectivity: 
Chao1 β = 0.16, Shannon β = 0.06 (unadjusted 
models)  

Virulence factor (a functional term) diversity 
(Chao1) associates positively with homologous- 
interhemispheric connectivity: β = 0.22 in unad-
justed model; β = 0.23 in adjusted modelf  

Relative abundance of bacteria associates with 
functional connectivityg:  
• Left default mode network: ↓ Clostridium 

perfingens (LFC = 3.559)  
• Left fronto-parietal network: ↑Enterococcus 

faecalis (LFC = 3.765), ↑ Collinsella (LFC =
3.665), ↑ Clostridium disporicum (LFC = 3.548), 
↑ Prevotella copri (LFC = 3.523), ↑ Clostridium 
perfingens (LFC = 3.415), ↑ Clostridium tertium 
(LFC = 3.367), ↑ Robinsoniella peoriensis (LFC =
3.265), ↑ Clostridium (LFC = 3.167), ↑ Bacter-
oides caccae (LFC = 3.164); ↓ Streptococcus 

(continued on next page) 
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Table 5 (continued ) 

Study details: Authors 
Title 
Country 
Study name if applicable 

Sample characteristics: Sample size, sex, and 
age at samples and assessments 

Neuroimaging: 
Modality 
Features of interest 

Gut microbiome: 
Sequencing method and 
platform 
Features of interest 

Main findings 

salivarius (LFC = 3.397), ↓ Enterococcus (LFC =
3.042)  

• Homologous-interhemispheric network: ↑ 
Escherichia coli (LFC = 4.357), ↓ Bifidobacterium 
dentium (LFC = 4.012) 

Carlson et al., 2021 
Infant gut microbiome 
composition is associated 
with non-social fear 
behavior in a pilot study 
USA  

• Total sample: n = 34 (23 male, 11 female); 
all participants were healthy full-term, had 
vaginal delivery, exclusive breastfeeding 
until 1 month, of life, and no antibiotic 
exposure later than two weeks before de-
livery until 1 month of life  

• Microbiome analysis: n = 32 at 1 month; n 
= 21 at 1 year  

• Brain scans: n = 29 at 1 month (median 
[range] = 30 days [15–59]; n = 16 at 1 year 
(median [range] = 384 days [333–491])  

• Structural MRI, T1 and T2  
• Volumes of hippocampus, amygdala (summed 

bilaterally) and medial prefrontal cortex (mPFC; 
the sum of bilateral cingulate gyrus anterior, 
straight gyrus rectus, superior frontal gyrus, 
medial orbital gyrus, subgenual frontal cortex, 
and pre- subgenual frontal cortex) parcellated 
using AutoSeg, NeoSeg, ITK-SNAP and the 
Gousias paediatric template 

Same as in Table 4 Nominally significant associations:   

• 1-month Weighted Unifrac PC1 was positively 
associated with 1-year mPFC volume (β =
22701, r2 = 0.34, p = 0.046, n = 14)  

• 1-year Weighted Unifrac PC1 was negatively 
associated with 1-year amygdala volume (β =
-201.3 r2 = 0.29, p = 0.034, n = 13)  

Nominally significant associations between 
bacterial genera at 1 month and brain volumes at 
1 monthh:  
• Streptococcus ~ amygdala (β = -355, r2 = 0.36; 

survives FDR correction), ~ hippocampus (β =
-257, r2 = 0.26), ~ mPFC (β = -7612, r2 = 0.24)  

• Bacteroides ~ amygdala (β = 233, r2 = 0.23)  
• Staphylococcus ~ amygdala (β = -8456, r2 =

0.15), ~ mPFC (β = -239046, r2 = 0.18)  
• Lachnospiraceae ~ mPFC (β = 16622, r2 = 0.21)  

Nominally significant associations between 
bacterial genera at 1 month and brain volumes at 
1 yeari:  
• Bacteroides ~ mPFC (β = -18833, r2 = 0.36)  
• Lachnospiraceae ~ amygdala (β = 616, r2 =

0.33)  
• Veillonella ~ mPFC (β = 52921, r2 = 0.54)  
• Enterobacteriaceae ~ amygdala (β = -758, r2 =

0.31) 

*overlapping cohorts. 
a covariates: older siblings, paternal ethnicity, and total intracranial volume. 
b covariates: caesarean section, paternal ethnicity, currently breastfeeding, total intracranial volume. 
c covariates: caesarean section, paternal ethnicity, currently breastfeeding, total intracranial volume. 
d For each voxel ANCOVA was used to test for microbiome effects; covariates: older sibling, paternal ethnicity, birth weight, postnatal age at scan, sex, twin status, maternal/paternal education, residual 

frame-wise displacement; effect determined as significant if voxel-wise p < 0.001 and cluster size threshold of 7 face-connected voxels. Post hoc cluster-level responses were generated using the average 
functional connectivity per subject for each cluster detected and then calculated Pearson correlation with alpha diversity. 

e covariates: antibiotics, delivery method, breastfeeding, infant age, birthweight and weight at study visit, gestational age, income, sex, head circumference at birth. 
f covariates: antibiotics, delivery method, breastfeeding, infant age, infant weigh at study, gestational age, income, sex, maternal depression, head circumference at birth. 
g analysed using LefSE; covariate adjustment not specified; ↓ and ↑ indicate whether a bacteria is enriched in low connectivity or high connectivity groups, respectively (groupings based on median 

split); LFC: log-2-fold change. 
h Analysed using linear regression; n = 27, covariates: age at 1 month scan, sex; mPFC = medial prefrontal cortex. 
i Analysed using linear regression; n = 14, covariates: age at 1 year scan, sex. 
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angular gyrus and inferior parietal lobule). However, current literature does not rule out the effects of microbial diversity on other 
brain networks or on global/generalized properties. In addition, the correlations of microbial alpha diversity with brain structure and 
function may be age-dependent as the effects of alpha diversity on brain functional connectivity appear to be present already in early 
infancy while the effects on brain structure become evident after the first year of life. 

Whilst all studies investigating the relationships between gut microbiome and brain development indexed by neuroimaging use 
bacterial alpha diversity as a feature of interest, the associations with bacterial community composition and specific bacterial taxa or 
their functionalities are less explored. Carlson and colleagues used a cluster analysis and reported that infants with Bacteroides- 
dominated microbial communities had the largest and infants with Ruminococcaceae-dominated microbial communities had the 
smallest volume of superior occipital gyrus at 1 year of life, and, conversely, infants with Bacteroides-dominated microbial commu-
nities had the smallest and infants with Ruminococcaceae-dominated microbial communities the largest volume of caudate nuclei at 2 
years of life (Carlson et al., 2018). These results thus mirror the correlations between the microbiome community clusters and MSEL 
scores which were also only observed at 2 years (see section Gut microbiota associations with general neurocognitive development in 
early childhood). As with alpha diversity, there were no effects of microbiota clusters on global measures of brain volume, which 
implies that microbiota-brain interactions may affect multiple discrete neural systems rather than global brain growth. Another study 
by the same group also found suggestive correlations between gut microbiota composition and the volume of fear- and emotion-related 
brain structures at 1 month and 1 year (amygdala, hippocampus and mPFC) (Carlson et al., 2021). Namely, at 1 month, the relative 
abundance of Streptococcus associated with smaller hippocampal, amygdala and mPFC volumes, decreased abundance of Staphylo-
coccus associated with larger amygdala and mPFC volumes, and increased abundance of Bacteroides associated with larger amygdala 
volume. In contrast, increased abundance of Bacteroides at 1 month associated with smaller mPFC volume at 1 year, whilst larger 
amygdala volume at 1 year was associated with increased abundance of Lachnospiraceae and decreased abundance of Enterobacteri-
aceae at 1 month of life. Therefore, the abundance of specific bacterial species may influence regional brain volumes throughout 
infancy, however, the specific bacteria-brain region relationships need to be replicated and expanded upon in larger studies. 

Kelsey et al. (2021) additionally identified several bacterial taxa associations with brain functional connectivity (as measured with 
fNIRS), including positive associations of Clostridium, Enterococcus and Bacteroides species with the fronto-parietal network connec-
tivity, and negative associations of Bifidobacterium species with homologous-interhemispheric network connectivity (i.e., connectivity 
between bilateral channels on an fNIRS cap plausibly covering frontal, temporal, and parietal regions). However, it remains to be 
determined in future longitudinal studies whether the relationships reported by Kelsey et al. replicate and persist beyond the newborn 
period. 

The brain areas associated with bacterial diversity or composition in childhood have also been of interest in adult studies. For 
example, gut microbiota profiles have been associated with structural connectivity in limbic circuitry involving areas of anterior 
cingulate cortex and amygdala (Tillisch et al., 2017), and functional connectivity of the insula (Curtis et al., 2019) and the amygdala 
(Zheng et al., 2020). Furthermore, preclinical studies have also shown neurobiological alterations in the brains of animals with dis-
rupted gut microbiota, including volumetric and morphometric changes in the amygdala, hippocampus, and anterior cingulate cortex 
(Luczynski et al., 2016, 2017; Ogbonnaya et al., 2015), coupled with changes in myelination (Hoban et al., 2016; Lu et al., 2018) and 
expression of signaling molecules and neurotransmitters (Clarke et al., 2013; Desbonnet et al., 2015; Diaz Heijtz et al., 2011; Neufeld 
et al., 2011; Sudo et al., 2004). These studies can guide the hypotheses of future research with pediatric populations. 

Importantly, incorporating brain imaging measures to the studies of microbiome-gut-brain axis may reveal the neurobiological 
pathways of gut microbiome influence on behavior. For example, Kelsey and colleagues suggest that bacterial taxa and virulence factor 
diversity associations with behavioral temperament (see above section Temperament) were mediated via homologous- 
interhemispheric connectivity (Kelsey et al., 2021). In addition, in the study by Gao et al., the connectivity between supplemental 
motor area and parietal cortex, which positively correlated with alpha diversity, also negatively correlated with Mullen Early Learning 
Composite scores at 2 years; however, they did not formally test for the possible mediation effect (Gao et al., 2019). These initial 
findings highlight the potential for this kind of research to reveal mechanistic pathways by which brain development links gut 
microbiome with behavioral and cognitive outcomes. 

Summary of microbiome features associated with neurodevelopment 

All 20 studies report some significant associations between microbiome features (clusters, taxa abundance, alpha diversity) and 
neurodevelopmental measures. However, differences in the direction and magnitude of bacteria-brain/behavior relationships between 
studies are substantial. Fig. 2 summarizes several lines of convergence and divergence of the gut bacterial influence on brain and 
behavior. 

For example, although increased gut bacterial alpha diversity is generally considered a proxy for a healthy/stable microbiome 
(Shade, 2016) and is associated with improved health outcomes (e.g. reduced alpha diversity has been observed in patients with 
attention deficit-hyperactivity disorder and diabetes; Kostic et al., 2015; Prehn-Kristensen et al., 2018), it remains unclear from the 
published literature whether alpha diversity is associated with neurodevelopmental measures. Whilst neuroimaging studies suggested 
that alpha diversity in early life plays a role in the structure and function of several brain regions (including the amygdala, frontal 
precentral areas, and parietal regions), the associations with behavioral measures vary, with several studies reporting no significant 
associations between alpha diversity and features of cognitive or socio-emotional development. Importantly, recent systematic reviews 
have also reported inconsistent relationships between alpha diversity and psychiatric and developmental disorders such as depression, 
anxiety, autism spectrum disorder, schizophrenia and bipolar disorder (Ho et al., 2020; Nguyen et al., 2018; Sanada et al., 2020; 
Simpson et al., 2021). 

K. Vaher et al.                                                                                                                                                                                                          



Developmental Review 66 (2022) 101038

28

Regarding bacterial taxa, we identified that the abundance of several bacteria is associated with multiple aspects of neuro-
development. For instance, the abundance of Bacteroides appears to be positively associated with language and behavioral develop-
ment, whilst it has negative effects on motor development. In early infancy, the abundance of Enterococcus and Staphylococcus seems to 
associate with poorer and the abundance of Escherichia/Shigella, Klebsiella and Enterobacter with improved neurocognition; in contrast, 
the abundance of Enterococcus and Escherichia/Shigella during the second year of life correlates with better and worse neurocognitive 
outcomes, respectively, suggesting potential age-dependent effects of specific bacteria on cognitive development. In parallel, the 
abundance of Escherichia/Shigella, Streptococcus, Staphylococcus, Enterococcus, and Bacteroides during the first month of life correlates 
with brain cortical connectivity and/or the volumes of fear- and emotion-related brain structures (amygdala, hippocampus and mPFC). 
On the other hand, the bacteria in Clostridiales order (e.g. Clostridium, Faecalibacterium) and Lachnospiraceae family (e.g. Coprococcus, 
Roseburia) do not have a clear direction of effect on neurodevelopmental measures, with studies reporting both positive and negative 
effects of these bacteria on language, motor, and socio-emotional development. Lastly, abundances of Bifidobacterium, Lactobacillus, 
Bacteroides and Veillonella have been correlated with temperament traits and other measures of socio-emotional behavioral devel-
opment, however, the directions of effect vary substantially between studies and behavioral measures. These inconsistencies could be 
explained by the vast methodological heterogeneity between studies, as discussed in the next section. 

Methodological and statistical considerations, and avenues for future research 

Whilst this review of 20 studies suggests that variations in gut microbiota composition during the first few years of life may be 
associated with neurocognitive and socio-emotional development and features of brain structure and function in early childhood, 
quantitative synthesis of microbiota-brain/behavior associations was not possible due to clinical and methodological heterogeneity 
across studies. Comparison of sequencing-based human microbiome studies is especially complex due to the multitude of systemic 
biases introduced in various stages of research (Nearing et al., 2021). We extracted data on study characteristics to collate sources of 
potential bias arising from clinical and methodological heterogeneity (Supplementary Table 1), and we discuss these items in turn 
below, focusing on potential solutions for future studies. 

Sample size 

One of the limiting factors in existing studies is the sample size. Although almost half of the studies were only able to combine 
microbiome and brain/behavior data from around 15–90 participants, several others were considerably larger and enabled associa-
tions between microbiome and neurodevelopmental data from > 200 individuals. The small sample sizes are especially observed in the 
four studies that combined metagenomics data with neuroimaging, underlining the preliminary nature of these results and the need for 
replication in future studies. Small sample size is a particularly limiting factor in microbiota studies due to the high dimensionality of 
the data, i.e. much larger number of variables (bacterial taxa) than the number of cases/samples, which together with the composi-
tional nature of the data impose challenges in applying classical statistical methods (Johnstone & Titterington, 2009; Tsilimigras & 
Fodor, 2016). Similarly, neuroimaging studies are often limited by small sample sizes due to the high cost. Neuroimaging data is often 
extremely noisy and variable, which coupled with a lot of analytic freedom may lead to challenges in downstream analyses and 
variability in results, especially when the sample size is insufficient and the hypotheses require examining individual differences in 
neural measures. We propose that future studies use rigorous power calculations to inform sample sizes in order to limit both Type I 
and Type II errors and, where possible, constrain hypotheses and analysis approaches based on prior research. In addition, harmo-
nization of sampling protocols and processing pipelines in consortia, and other data-sharing initiatives, could enable scale-up of 
studies, increase study power and provide essential validation sets. Harmonization of sampling and data processing could additionally 
promote comparability between studies and increase study power by allowing for meta- and mega-analyses. 

Participant characteristics 

Gut microbiome composition, cognition, behavior and brain structure–function in the studies included in this review has been 
analyzed at various timepoints from birth until three years of life. This provides a source of methodological heterogeneity that limits 
the generalizability of results across studies. It remains to be determined whether reported differences in bacteria-brain/behavior 
relationships are dependent on the temporal development of the gut microbiota and/or the neurodevelopmental measures 
analyzed, or on the differential effects of different bacteria on the brain at different neurodevelopmental timepoints in early childhood. 
Both the brain and gut microbiome undergo extensive changes in the first five years of life (Fig. 1), thus, associations between the 
bacterial profiles and neurodevelopmental outcomes may depend on the timing of sampling and assessments. Therefore, the inter-
acting temporal dynamics of these two systems via the microbiome-gut-brain axis and the potentially predictive value of gut micro-
biota profiles at different timepoints during infancy on neurocognitive outcomes later in childhood need to be explored in future 
studies with longitudinal sampling. 

In addition to participant age at sampling and assessments, another source of heterogeneity in relation to participant characteristics 
is the inclusion or exclusion of participants based on specific clinical/demographic criteria. In light of the focus on typical develop-
ment, studies included in this review excluded participants with neurodevelopmental delays, major illnesses, fetal ultrasound ab-
normalities, or visual/hearing impairments. Some studies additionally excluded participants based on specific criteria that could affect 
microbiome composition such as antibiotic use prior to study visits, C-section delivery, or formula feeding. Finally, several studies 
excluded participants based on low gestational age at birth while a few others focused exclusively on preterm infants. We chose not to 
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exclude these studies because preterm birth is not a neurodevelopmental disorder per se and many survivors have typical neuro-
development. The use of different exclusion criteria impacts the ability to make direct comparisons of the results across studies and 
participant heterogeneities may need to be taken into account when drawing comparisons between studies. 

DNA extraction and sequencing 

DNA extraction has been suggested to be one of the steps that is at most risk of bias in microbiome research (Brooks et al., 2015; 
McLaren et al., 2019). Specifically, extraction efficiencies vary both between bacteria as well as extraction kits, resulting in higher or 
lower yields of DNA and biasing the detection of specific bacteria (Nearing et al., 2021). Moreover, systematic bias due to differences in 
DNA extraction protocols is increased in low biomass samples (Davis et al., 2019), such as those collected from young infants. The 
studies discussed in the current review have used a range of different DNA extraction kits and protocols, however, some studies have 
not specified the kit/protocol. This heterogeneity could thus partly underly the varying results between studies. 

Nineteen studies discussed in this review used sequencing based on the amplification of hypervariable regions of the bacterial 16S 
rRNA gene and only two studies applied whole metagenome sequencing, which, in addition to genus-level identification of bacteria 
achieved by 16S rRNA-based sequencing, can more accurately identify bacterial species and strains, as well as the functional pathways 
(Kelsey et al., 2021; Laue et al., 2020). The higher cost and need for a larger amount of input DNA for shotgun metagenomic sequencing 
contribute to the continued prevalence of 16S rRNA sequencing. In addition, 16S rRNA sequencing could have higher sensitivity 
compared to metagenomics in low-microbial biomass samples (Hillmann et al., 2018; Pereira-Marques et al., 2019). Nevertheless, 
more widespread use of whole metagenome sequencing would support greater inference about the functional features, including 
metabolic pathways through which the gut microbiome influences brain development. Alternative methods have been introduced, 
however, to also infer functional information from 16S rRNA-based sequence data (e.g. PICRUSt (Langille et al., 2013)). In particular, 
the gut-brain modules developed by Valles-Colomer and colleagues enables assembly of pathways with neuroactive potential in 
bacteria and could be used in future studies for functional insights inferred from 16S rRNA sequencing (Valles-Colomer et al., 2019). 

Another source of variation in the sequencing methodologies is the use of a range of different hypervariable regions for 16S rRNA- 
based sequencing. This could explain variations of results between the different studies because the choice of 16S rRNA region can 
significantly alter the estimation of taxonomic composition and diversity (Clooney et al., 2016; Rintala et al., 2017; Yang et al., 2016). 

Microbiota features of interest and statistical approaches 

The application of different statistical analyses to describe bacteria-brain/behavior relationships also varies between the studies. In 
particular, the choice of microbiome feature of interest differs between studies. 

Several reports discussed above implemented different data reduction techniques to the microbiome data prior to associations with 
neurodevelopmental outcomes. These include clustering based on distance metrics applied to relative genus abundances (Aatsinki 
et al., 2019; Acuña et al., 2021; Carlson et al., 2018; Rozé et al., 2020) or factor representations/co-abundance groupings of bacteria 
based on the correlations of the abundances of bacterial taxa in the samples (Rothenberg et al., 2021; Sordillo et al., 2019). Whilst these 
methods are effective in reducing the number of multiple comparisons when associating the microbiota composition data with var-
iables of interest (e.g., neurodevelopmental assessment scores), the comparisons across studies are complicated as the initial data 
reduction step (clustering or co-abundance grouping) is highly variable between studies. Additionally, even if the algorithms for initial 
data reduction are similar, the resulting microbiome groups or factors will be dependent on the samples present. For example, 
depending on the age of the children at the time of sample collection, the microbiome groups or factors are different due to the 
temporal nature of microbiome succession in the gut in early childhood (Bäckhed et al., 2015; Roswall et al., 2021; Stewart et al., 
2018). Other participant characteristics (e.g., prematurity, infantile colic, exclusion of C-section-born children) might additionally 
affect the microbiome composition and thus the results of data reduction. 

Clustering of the human gut microbiome samples initially led to the idea of enterotypes reflecting distinct compositions of mi-
crobial communities, however, it is debatable whether these enterotypes exist or how they should be defined (García-Jiménez & 
Wilkinson, 2019; Goodrich et al., 2014). Yet, the idea of combing existing large-scale microbiome datasets to define age-dependent 
bacterial clusters/factor compositions that could be applied in future studies is attractive as a means of standardization to facilitate 
comparisons between studies. Another interesting approach for data reduction of microbiome datasets is based on calculating 
microbiota age (Stewart et al., 2018; Subramanian et al., 2014), which captures the relative maturity of microbiota composition. These 
and similar approaches for data reduction of multidimensional microbiome data could be of particular utility in studies investigating 
the relationship between gut microbiome and multidimensional neuroimaging data (Jenkinson et al., 2012). 

Analyses relating taxa-level bacterial data with neurodevelopmental outcomes offer additional, valuable insights as these are, in 
theory, easier to compare between different studies. However, reporting of the findings differs across studies, with descriptions of per- 
feature analyses on different taxonomical levels (operational taxonomic units/species, genus, family, order, phyla) and inconsistencies 
in reporting of effect sizes and adjustments for multiple comparisons. Moreover, there are a variety of per-feature association methods 
that have been applied to study brain/behavior associations with bacterial abundances (e.g., DESeq2, MaAsLin, voom, LefSE, standard 
correlation measures such as Pearson’s or Spearman rank correlation, linear regression, Student’s t-test or Wilcoxon signed rank test), 
which vary in options for normalization, data transformation, models, and associated statistical inferences (Mallick et al., 2017, 2021; 
Nearing et al., 2022). Each of these methods have their limitations in terms of power, sensitivity, and rates of false positive and 
negative findings (Mallick et al., 2021; Nearing et al., 2022). Indeed, a recent study which compared 14 differential abundance testing 
methods demonstrated that the tools identified different sets of bacteria to be associated with features of interest, and that the tools 
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have varying sensitivities to different aspects of the data (e.g. sample size, sequencing depth) and data pre-processing (e.g. trans-
formation, normalization, rarefaction, prevalence filtering) (Nearing et al., 2022). These differences could underly some of the 
between-study variations in the bacteria-neurodevelopment relationships observed. In addition, metagenomic data has specific 
characteristics (noisy, non-normally distributed, sparse, zero-inflated) which call for special caution in using standard epidemiological 
multivariate statistical models. Importantly, microbiome data is compositional by definition and appropriate compositional data 
analytic methods in every step of the analyses (including transformation, normalization, distance calculations as well as correlation 
with variables of interest) are crucial to avoid spurious correlations (Gloor et al., 2017; Spichak et al., 2021; Tsilimigras & Fodor, 
2016). 

Nevertheless, irrespective of the method used (clusters, factor compositions, taxa-level analyses), biologically relevant 
microbiome-brain/behavior relationships could be expected to emerge from different analysis methods. In other words, the use of 
different analysis methodologies across studies could be seen as a strength if they produce comparable findings, demonstrating that 
these microbiome-brain/behavior relationships are robust and observable across methodologies. The implementation of multiverse 
analyses (Steegen et al., 2016) or consensus approaches (as suggested by Nearing et al. (2022)) could thus be valuable to help ensure 
results are robust to choices in statistical analysis pipelines. 

Moreover, the studies discussed aimed to identify individual bacteria that correlate with brain properties or behavioral traits. 
However, the abundances of different bacterial species are often intertwined and groups of different bacteria are co-occurring, sug-
gesting that use of methods that enable the identification of bacterial networks or consortia which associate with brain or behavior 
features may be important in future studies. Furthermore, trajectories and/or stability of microbiota composition during early life 
rather than composition at any specific timepoint may be important for neurocognitive outcomes, suggesting that longitudinal 
modelling of the microbiota profiles with neurocognitive outcome data could reveal novel associations within the microbiota-gut- 
brain axis in childhood. 

In addition to identifying specific bacteria that correlate with brain and behavior, most studies have used within-sample microbial 
diversity (alpha diversity) as a measure of interest and these results are often discussed as separate or independent from the microbial 
community results. There are multiple indices that can be calculated as measures of alpha diversity (e.g., Chao, Shannon and Simpson 
indices, number of observed species, Faith’s Phylogenetic diversity), which differently take into account the richness (number of 
taxonomic groups) and/or evenness (distribution of microbial abundances) of the microbial communities (see Table 2). Thus, 
depending on the measure used, alpha diversity may provide limited insights into the microbial community structure (Shade, 2016). In 
addition, alpha diversity of the gut microbiota increases greatly over the first few years of life, especially around 4–6 months of life 
when solid foods are introduced to the diet (Reyman et al., 2019; Roswall et al., 2021), making it difficult to compare microbial alpha 
diversity relationships with brain and behavior across different timepoints in early childhood. Alpha diversity measures may especially 
lack resolution in early infancy when the gut is heavily dominated by Bifidobacteria (Reyman et al., 2019). We propose that future 
studies discuss alpha diversity associations with brain and behavior in the context of the underlying microbial community structure in 
the samples. 

Neurodevelopmental outcome assessments 

To date, four studies have investigated the associations between childhood gut microbiota and brain development using neuro-
imaging. These studies took varying approaches for defining the outcome measures of interest and include both exploratory (e.g., 
volume of 90 gray matter regions) and hypothesis-driven (e.g., volume and connectivity of fear- and emotion-related brain structures, 
such as the amygdala and hippocampus) targets. Of note, current literature lacks explorations between gut microbiome and features of 
brain microstructure inferred from diffusion-weighted or magnetization transfer imaging, which enable inferences about the myelin 
content in the brain (Lazari & Lipp, 2021; Mohammadi & Callaghan, 2021). These investigations would be important as preclinical 
studies suggest changes in myelination (Hoban et al., 2016; Lu et al., 2018) and neuronal morphology (Luczynski et al., 2016) in 
rodents with disrupted gut microbiota. Measures of brain microstructure have previously been associated with diet-induced changes in 
the microbiome in rats (Ong et al., 2018; Tengeler et al., 2020) as well as with gut microbiome in adults (Fernandez-Real et al., 2015; 
Tillisch et al., 2017). Moreover, diffusion MRI in infancy and early childhood has a strong predictive value for neurocognitive out-
comes (for example see (Ball et al., 2015; Barnett et al., 2018; Counsell et al., 2008; Duerden et al., 2015; Girault et al., 2019; Ouyang 
et al., 2020; Van Kooij et al., 2012)) and several factors that are established as important drivers of the microbiome development (e.g. 
breastfeeding, C-section delivery) are also associated with alterations in brain microstructure in infancy and childhood (Bauer et al., 
2019; Blesa et al., 2019; Deoni et al., 2013, 2018,2019; Kar et al., 2021). However, it remains unexplored to what extent these as-
sociations may be mediated through the gut microbiome. In addition, magnetic resonance spectroscopy may provide another 
important avenue for exploration in microbiome-gut-brain axis studies as it can provide unique information about the metabolic and 
neurobiological substrates of the brain (Stovell et al., 2017), and has been applied in the study of the effects of gut microbiome al-
terations on the brain in preclinical (Janik et al., 2016; Menneson et al., 2019) as well as adult human studies (Ahluwalia et al., 2016; 
He et al., 2018). 

Studies which have associated gut microbiota features with neurocognitive and behavioral outcomes have mostly relied on vali-
dated and standardized parent questionnaires (e.g. IBQ, ECBQ, ASQ, CBCL) or directly observed assessments (e.g. BSID, MSEL), 
spanning from one month to three years of life, which can be considered a major strength in these studies due to the standardized 
nature and wide applicability of these scales across populations. In addition, two other studies used experimental methods for the 
assessment of emotional attention (Aatsinki et al., 2020) and fear reactivity (Carlson et al., 2021), which revealed more nuanced 
bacteria-behavior relationships not captured by broad-scale assessments. 
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Fig. 2. Bacterial features associated with aspects of neurodevelopment. ↑, ↓, and “ns” indicate whether the bacterial feature was positively, negatively, and/or not significantly associated with cognitive, 
behavioral or neuroimaging measures. The bacterial families and genera presented in this figure are those that were identified as correlated with neurodevelopment in at least two studies and/or with at 
least two different neurodevelopmental domains. The superscripts are study references: 1Carlson et al., 2018, 2Zhang et al., 2021, 3Sordillo et al., 2019, 4Rozé et al., 2020, 5Rothenberg et al., 2021, 
6Acuña et al., 2021, 7Kort et al., 2021, 8Christian et al., 2015, 9Kelsey et al., 2021, 10Aatsinki et al., 2019, 11Wang et al., 2020, 12Fox et al., 2021, 13Aatsinki et al., 2020, 14Carlson et al., 2021, 
15Loughman, Ponsonby, et al., 2020, 16Loughman, Quinn, et al., 2020, 17Laue et al., 2020, 18Sun et al., 2020, 19Sobko et al., 2020, 20Gao et al., 2019. 
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In the light of the studies reporting microbiome differences in individuals with neurodevelopmental disorders (especially autism 
spectrum disorder and attention deficit-hyperactivity disorder (Jurek et al., 2020)), future studies could additionally benefit from 
incorporating early behavioral measures linked to those disorders. These may include experimental assessments of early social and 
attentional development, for example eye-tracking tasks measuring social cognition or attention maintenance/switching, or stan-
dardized tools such as the Autism Diagnostic Observation Schedule. The assessment of these behavioral measures in future studies 
would enable testing whether early life microbiome measures are predictive of later clinical diagnoses, and may also reveal novel 
mechanisms within the microbiome-gut-brain axis involved in the pathogenesis of certain neurodevelopmental disorders. 

In addition, future studies looking into the relationships between the gut microbiome and early executive functions (e.g. using 
Behavior Rating Inventory of Executive Function or Early Executive Functions Questionnaire) may reveal information about the 
specificity vs generalizability of microbiome-behavior associations. In other words, these studies could help to understand whether the 
microbiome-behavior relationships are specific to certain domains of cognition (e.g., social cognition, language development) or 
whether these are reflective of a more domain-general impact (e.g., on executive functions). Understanding the specific/selective vs 
general impact of microbiome on behavior may additionally help to reveal the neural circuits/pathways linking microbiome devel-
opment with neurodevelopment. 

Furthermore, as suggested by Kelsey and colleagues, incorporating brain imaging measures to the studies of microbiome-gut-brain 
axis may reveal important mechanistic neurobiological pathways whereby the gut microbiome may influence brain and behavior that 
are difficult to detect when exclusively studying measures of overt behaviors (Kelsey et al., 2021). For example, by looking into the 
relationships between gut microbiome and brain structure/function inferred from neuroimaging, future studies may be able to clarify 
the timeline of the impact of the microbiome on child cognition and behavior as neuroimaging studies could reveal early neural 
signatures that would be detectable before certain behaviors become observable/testable in early childhood. In addition, this research 
could help elucidate whether the microbiome has a general or specific impact on neurodevelopment by testing whether the corre-
lations between microbiome composition and brain structure/function are observed across the brain or only in particular brain re-
gions. Thus, future studies integrating all three data types (bacterial sequencing, multimodal neuroimaging as well as standardized and 
experimental behavioral assessments) will be valuable to understand the links between the gut microbiome and neural circuits 
involved in cognition and behavior. 

Covariates 

Choice of covariates differs between the studies. Several studies took a combination of theoretical and data-driven approaches to 
identify the covariates to be included in the analyses, and include variables that have been previously associated with the gut 
microbiome or the neurodevelopmental outcome measure, and/or that associate with the gut microbiome and/or the neuro-
developmental outcome in univariate analyses in the study data. The most commonly used covariates included factors of the child (e. 
g., age at assessment/fecal sample, sex, gestational age at birth, birthweight, exposure to antibiotics and probiotics, breastfeeding 
status or length, mode of delivery), parents (e.g., ethnicity, education level, age, income/socioeconomic status, maternal psychiatric 
history, BMI) as well as specific variables directly related to microbiota (e.g., storage conditions) or outcomes (e.g., head circum-
ference, cognitive scores at an earlier age). Nevertheless, there were some studies that did not adjust for any potential confounders 
(Christian et al., 2015; Kort et al., 2021; Sobko et al., 2020; Zhang et al., 2021). 

Covariate adjustment is necessary to identify the effects of gut microbiota on brain development and behavior that are independent 
from other neurodevelopmentally important factors (e.g., birthweight, feeding, gestational age) and collection of such metadata 
relating to participant exposures and history enables measuring the effects of these exposures on the brain mediated by the gut 
microbiota. Furthermore, standardization of metadata collection in future studies would facilitate comparisons between the studies. 

Adjustment for multiple comparisons 

As discussed above, the studies included in the current review have analyzed a variety of microbiota and neurodevelopmental 
features of interest, leading to a multiple statistical tests correlating microbiome and brain/behavior measures within each study. Thus, 
adjustment for multiple comparisons is important to avoid false positive results. Indeed, the majority of the included studies performed 
some correction for false positivity rate, but seven studies did not describe adjustment for multiple testing, raising the possibility of 
type 1 error. 

Conclusion 

This review synthesized findings from 20 studies which investigated relationships between gut microbiome profiles and neuro-
developmental outcomes in typically developing children from birth to five years of age. The studies used a range of outcome as-
sessments including structural and functional neuroimaging, standardized neurocognitive assessments, and parent-reported 
temperament and behavioral dysfunction questionnaires; gut microbiome data were analyzed using 16S rRNA or whole metagenome 
sequencing. Most studies report significant associations of microbiota clusters, abundance of specific taxa or alpha diversity with 
neurodevelopmental outcomes, however, differences in the nature of bacteria-brain/behavior relationships between studies are 
substantial. 

We identified several sources of methodological heterogeneity, including variations in gut microbiota sequencing, features of 
interest, statistical analysis decisions, and adjustment for confounding factors and multiple comparisons which could, at least partly, 
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explain the differences observed in the results. We propose that standardization of sampling and data processing pipelines could 
improve study power and enable validation of the current results in terms of the direction and magnitude of the effects. Adoption of 
reporting guidelines such as STORMS (Mirzayi et al., 2021) and pre-registration of analyses could enhance reliability and facilitate 
meta-analyses in future work. Importantly, however, apparent conflicting findings in the studies need to be considered within the 
substantial temporal development of gut microbiota, brain and behavior during pre-school age. We propose that future large studies 
with longitudinal microbiota sampling and neurodevelopmental assessments across early years of life are required to identify the 
interacting temporal dynamics of the microbiome and the brain via the microbiome-gut-brain axis in childhood. 
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Appendix A 

Search strategies in Web of Science, PubMed:   

For gut microbiome- 
neuroimaging 

((“gut microbio*” OR “16S” OR “metagenom*”) 
AND (connect* OR “volume*” OR “Neural pathways” OR “Brain Mapping” OR “Cerebral Cortex” OR “cortical connectivity” OR 
brain OR “Visual Cortex” OR “White matter” OR “Myelin$” OR hippocamp* OR amygdal* or hypothalam* OR thalam* OR cereb* 
OR cortex OR cortical OR neuro* OR tract*) 
AND (“Magnetic Resonance Imaging” OR “Diffusion Tensor Imaging” OR “Diffusion Magnetic Resonance Imaging” OR MRI OR 
DTI OR Neuroimaging OR “functional MRI” OR fMRI OR “functional Magnetic resonance imaging” OR “functional MRI” OR dtMRI 
OR dMRI OR “diffusion tensor Magnetic resonance imaging” OR fNIRS OR “functional near infrared spectroscopy” OR EEG OR 
“electroencephalogram” OR MRS OR “magnetic resonance spectroscopy”) 
AND (brain OR neuro*)) 

For gut microbiome-behavior ((“gut microbio*” OR “16S” OR “metagenom*”) 
AND (“cognit*” OR “temperament*” OR “social behaviour” OR “social behavior” OR “attention*” OR “emotion*” OR 
“neurodevelopment*” OR “neurocognit*” OR “behaviour*” OR “behavior*” OR “mood” OR “neurobehavior*”) 
AND (“child*” OR “infant*”))  

Search strategies in Ovid (Embase): 
For gut microbiome-neuroimaging:  

1. gut microbio* OR 16S OR metagenom* (keywords)  
2. gut microbiota or metagenome (map to headings)  
3. connect* OR volume* OR Neural pathways OR Brain Mapping OR Cerebral Cortex OR cortical connectivity OR brain OR Visual 

Cortex OR White matter OR Myelin$ OR hippocamp* OR amygdal* or hypothalam* OR thalam* OR cereb* OR cortex OR 
cortical OR neuro* OR tract* (keywords)  

4. brain OR brain mapping OR white matter OR neural pathways OR neuro* (map to headings)  
5. Magnetic Resonance Imaging OR Diffusion Tensor Imaging OR Diffusion Magnetic Resonance Imaging OR MRI OR DTI OR 

Neuroimaging OR functional MRI OR fMRI OR functional Magnetic resonance imaging OR functional MRI OR dtMRI OR dMRI 
OR diffusion tensor Magnetic resonance imaging OR fNIRS OR functional near infrared spectroscopy OR EEG OR electroen-
cephalogram OR MRS OR magnetic resonance spectroscopy (keywords)  

6. Neuroimaging OR magnetic resonance imaging OR brain imaging (map to headings)  
7. 1 OR 2  
8. 3 OR 4 

K. Vaher et al.                                                                                                                                                                                                          



Developmental Review 66 (2022) 101038

34

9. 5 OR 6  
10. 7 AND 8 AND 9 

For gut microbiota-behavior:  

1. gut microbio* OR 16S OR metagenom* (keywords)  
2. gut microbiota or metagenome (map to headings) 
3. cognit* OR temperament* OR social behaviour OR social behavior OR attention* OR emotion* OR neurodevelopment* OR neu-

rocognit* OR behaviour* OR behavior* OR mood OR neurobehavior* (keywords)  
4. child behaviour OR human development OR social behaviour OR cognitive development (map to headings)  
5. child* OR infant*  
6. 1 OR 2  
7. 3 OR 4  
8. 6 AND 7 AND 5 

Appendix B. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.dr.2022.101038. 
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Kort, R., Schlösser, J., Vazquez, A. R., Atukunda, P., Muhoozi, G. K. M., Wacoo, A. P., Sybesma, W. F. H., Westerberg, A. C., Iversen, P. O., & Schoen, E. D. (2021). 
Model Selection Reveals the Butyrate-Producing Gut Bacterium Coprococcus eutactus as Predictor for Language Development in 3-Year-Old Rural Ugandan 
Children. Frontiers in Microbiology, 12, Article 681485. https://doi.org/10.3389/fmicb.2021.681485 
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Menneson, S., Ménicot, S., Ferret-Bernard, S., Guérin, S., Romé, V., Le Normand, L., Randuineau, G., Gambarota, G., Noirot, V., Etienne, P., Coquery, N., & Val- 
Laillet, D. (2019). Validation of a psychosocial chronic stress model in the pig using a multidisciplinary approach at the gut-brain and behavior levels. Frontiers in 
Behavioral Neuroscience, 13, 161. https://doi.org/10.3389/fnbeh.2019.00161 

Mirzayi, C., Renson, A., Furlanello, C., Sansone, S. A., Zohra, F., Elsafoury, S., Geistlinger, L., Kasselman, L. J., Eckenrode, K., van de Wijgert, J., Loughman, A., 
Marques, F. Z., MacIntyre, D. A., Arumugam, M., Azhar, R., Beghini, F., Bergstrom, K., Bhatt, A., Bisanz, J. E., … Waldron, L. (2021). Reporting guidelines for 
human microbiome research: the STORMS checklist. Nature Medicine 2021 27:11, 27, 1885–1892. https://doi.org/10.1038/s41591-021-01552-x. 

Mohammadi, S., & Callaghan, M. F. (2021). Towards in vivo g-ratio mapping using MRI: Unifying myelin and diffusion imaging. Journal of Neuroscience Methods, 348, 
Article 108990. https://doi.org/10.1016/j.jneumeth.2020.108990 

Nearing, J. T., Comeau, A. M., & Langille, M. G. I. (2021). Identifying biases and their potential solutions in human microbiome studies. Microbiome 2021 9:1, 9, 1–22. 
https://doi.org/10.1186/S40168-021-01059-0. 

Nearing, J. T., Douglas, G. M., Hayes, M. G., MacDonald, J., Desai, D. K., Allward, N., Jones, C. M. A., Wright, R. J., Dhanani, A. S., Comeau, A. M., & Langille, M. G. I. 
(2022). Microbiome differential abundance methods produce different results across 38 datasets. Nature Communications 2022 13:1, 13, 1–16. https://doi.org/ 
10.1038/s41467-022-28034-z. 

Neufeld, K. M., Kang, N., Bienenstock, J., & Foster, J. A. (2011). Reduced anxiety-like behavior and central neurochemical change in germ-free mice. 
Neurogastroenterology and Motility, 23(255–264), e119. 

Nguyen, T. T., Kosciolek, T., Eyler, L. T., Knight, R., & Jeste, D. V. (2018). Overview and systematic review of studies of microbiome in schizophrenia and bipolar 
disorder. Journal of Psychiatric Research, 99, 50–61. https://doi.org/10.1016/J.JPSYCHIRES.2018.01.013 

Ogbonnaya, E. S., Clarke, G., Shanahan, F., Dinan, T. G., Cryan, J. F., & O’Leary, O. F. (2015). Adult Hippocampal Neurogenesis Is Regulated by the Microbiome. 
Biological Psychiatry, 78, e7–e9. https://doi.org/10.1016/j.biopsych.2014.12.023 

Ong, I. M., Gonzalez, J. G., McIlwain, S. J., Sawin, E. A., Schoen, A. J., Adluru, N., Alexander, A. L., & Yu, J. P. J. (2018). Gut microbiome populations are associated 
with structure-specific changes in white matter architecture. Translational. Psychiatry, 8, 6. https://doi.org/10.1038/s41398-017-0022-5 

Ottolini, K. M., Andescavage, N., Kapse, K., Jacobs, M., & Limperopoulos, C. (2020). Improved brain growth and microstructural development in breast milk–fed very 
low birth weight premature infants. Acta Paediatrica, International Journal of Paediatrics, 109, 1580–1587. https://doi.org/10.1111/apa.15168 

Ouyang, M., Peng, Q., Jeon, T., Heyne, R., Chalak, L., & Huang, H. (2020). Diffusion-MRI-based regional cortical microstructure at birth for predicting 
neurodevelopmental outcomes of 2-year-olds. ELife, 9, Article e58116. https://doi.org/10.7554/ELIFE.58116. 

Pereira-Marques, J., Hout, A., Ferreira, R. M., Weber, M., Pinto-Ribeiro, I., Van Doorn, L. J., Knetsch, C. W., & Figueiredo, C. (2019). Impact of host DNA and 
sequencing depth on the taxonomic resolution of whole metagenome sequencing for microbiome analysis. Frontiers in Microbiology, 10, 1277. https://doi.org/ 
10.3389/FMICB.2019.01277/BIBTEX 

Polidano, C., Zhu, A., & Bornstein, J. C. (2017). The relation between cesarean birth and child cognitive development. Scientific Reports, 7, 11483. https://doi.org/ 
10.1038/s41598-017-10831-y 

Prehn-Kristensen, A., Zimmermann, A., Tittmann, L., Lieb, W., Schreiber, S., Baving, L., & Fischer, A. (2018). Reduced microbiome alpha diversity in young patients 
with ADHD. PLoS ONE, 13, e0200728. https://doi.org/10.1371/journal.pone.0200728 

Reyman, M., van Houten, M. A., van Baarle, D., Bosch, A. A. T. M., Man, W. H., Chu, M. L. J. N., Arp, K., Watson, R. L., Sanders, E. A. M., Fuentes, S., & Bogaert, D. 
(2019). Impact of delivery mode-associated gut microbiota dynamics on health in the first year of life. Nature. Communications, 10, 4997. https://doi.org/ 
10.1038/s41467-019-13014-7 
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