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Gut microbiota analysis in children
with autism spectrum disorder and
their family members
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Autism spectrum disorder (ASD) is a neurodevelopmental condition characterized by deficits in

social communication and interaction, alongside restricted, and repetitive behaviors. Emerging
evidence suggests that gut microbiota alterations may contribute to ASD pathogenesis via the gut-
brain axis. However, many previous studies have not adequately controlled for confounding genetic
and environmental variables. In this study, we examined the gut microbiota profiles of 19 children
with ASD, 8 siblings with non-ASD, and 36 parents from 17 families, providing a unique design that
minimized biases related to shared genetic and familial environments. Metagenomic sequencing
revealed significant differences in gut microbiota diversity and composition between groups.
Specifically, children with ASD had lower abundances of Bifidobacterium and higher abundances of
both Bacteroides and Clostridium species compared to their siblings, with notable dysbiosis correlated
to ASD-specific symptoms. These findings highlight the potential role of microbiota alterations in ASD
pathogenesis and suggest familial microbiota traits influenced by both genetic and environmental
factors. Further exploration of gut microbial therapies could offer promising avenues for ASD
intervention.
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Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by impaired social interaction,
communication challenges, and repetitive behaviors and restricted interests!. The global prevalence of ASD
has been rising rapidly in recent years. According to the Autism and Developmental Disabilities Monitoring
Network, data from 11 U.S. sites in 2020 estimated the prevalence of ASD at 27.6 per 1000 children aged 8 years,
which translates to approximately one in 36 children®. This notable increase has driven extensive scientific
efforts to unravel the underlying mechanisms of ASD and develop effective strategies for early intervention and
treatment. Emerging evidence suggests that alterations in gut microbiota may play a pivotal role in ASD. Studies
have consistently reported significant differences in gut microbiota composition between individuals with ASD
and neurotypical controls’. For instance, Kang et al.* observed a significant reduction in the abundance of the
genera Prevotella, Coprococcus, and unclassified Veillonellaceae in the gut microbiota of children with ASD.
Moreover, elevated levels of Clostridium have been associated with gastrointestinal issues, such as diarrhea and
constipation, commonly observed in children with ASD®. Beyond compositional changes, the functional roles
of gut microbiota and metabolic byproducts are gaining increasing attention. For example, studies demonstrated
that certain microbial metabolic, such as short-chain fatty acids, may influence brain development and behavior
by crossing the blood-brain barrier®’. These findings underscore the potential importance of microbiota-
host interactions in the neurodevelopmental and gastrointestinal aspects of ASD. Despite the growing body of
research, discordant findings regarding microbiota diversity remain a challenge in the field. While Plaza-Diaz
et al.® reported the gut microbiota composition in children with ASD was altered, but their overall diversity
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showed no significant difference compared to neurotypical controls. Similarly, Xie et al.’ observed there was no
significant difference of alpha and beta diversity between children with ASD and the control group . In contrast,
both Cao etal.'?and Ye et al.!! found that children with ASD have a higher alpha diversity in their gut microbiome
compared to control groups. These inconsistencies may be attributable to factors such as geographical location,
dietary habits, and cultural differences, all of which shape the composition and diversity of the gut microbiota.

Host genetics play a significant role in shaping the composition and function of the gut microbiota. Evidence
from studies on twins highlights the influence of genetic factors, with host genetics impacting the abundance
and diversity of gut microbial communities'?. This genetic influence extends to autism, where a strong
relationship between genetic predisposition and autism prevalence has been well-documented. Twin studies,
for instance, show markedly higher concordance rates of autism in monozygotic twins compared to dizygotic
twins, underscoring the pivotal role of genetic factors'®. Furthermore, familial genetic risk has been estimated
to account for 50% to 80% of the prevalence of autism, as reported in a study by Sandin et al.'%. This overlap
between genetic susceptibility to autism and the heritability of gut microbiota composition provides a compelling
framework for understanding the shared contributions of genetic and environmental factors. These findings
underscore the potential for familial environment and genetic predisposition to drive microbiota alterations in
individuals with ASD. Understanding these interactions is critical for interpreting the shared familial traits in
gut microbiota observed in children with ASD, particularly when considering how shared genetics and family
environment may simultaneously influence microbiota composition and autism phenotypes. Integrating host
genetic factors into microbiome-focused studies of autism could provide a more comprehensive understanding
of the interplay between these systems.

Although extensive research has examined the gut microbiota in children with ASD, relatively little attention
has been given to the gut microbiota of family members of individuals with autism!®. Studies highlighted the
influence of maternal gut microbiota on shaping a child’s gut microbiome through maternal-infant transmission
during pregnancy and lactation, which could contribute to autism risk!®!”. A study by Kurokawa et al.!%.
found that, compared to their neurotypical siblings, children with ASD had significantly lower gut microbiota
alpha-diversity. Interestingly, this study found no significant differences in dietary diversity among the groups,
suggesting that the observed microbiota differences may be linked to the pathophysiology of ASD itself, rather
than simply being a result of dietary habits. In contrast, a study by Abuljadayel et al.'® reported that children with
ASD exhibited higher microbial biomass, diversity, and richness, along with a greater abundance of pathogenic
genera. A systematic review also noted that. These findings suggest that genetic predispositions may significantly
influence gut microbiota composition. However, the potential confounding factors of shared environments,
dietary habits, and lifestyles raise questions about causality. To address this, an Australian cohort study applied
methods to mitigate these confounders, concluding that ASD-related microbiota differences may be linked to
dietary preferences associated with autism rather than the microbiota being a primary causal factor. This finding
underscores the complexity of disentangling the roles of diet, genetics, and environment in shaping the gut
microbiota of individuals with ASD?. Overall, these insights highlight the need for further research to clarify
the interplay between genetics, family environment, and dietary factors in influencing the gut microbiota of
individuals with ASD and their family members.

The primary objective of this study is to establish a family cohort of children with ASD, by comparing the
gut microbiota diversity, community composition, and metabolic functions among children with ASD, their
non-ASD siblings, and their parents, to reveal ASD-associated gut microbial dysbiosis and explore the respective
influences of genetic and environmental factors on the microbial composition, thereby providing potential
biomarkers for future precision diagnosis and treatment.

Methods and materials

Study design

This study included 63 participants aged 1-45 years who were recruited for intestinal microbiota analysis from
2018. Participants were divided into two main groups: an ASD group and a control group. The ASD group
consisted of 19 children diagnosed with ASD from the Department of Pediatrics, The First Affiliated Hospital
of Guangxi University of Chinese Medicine. Diagnosis was conducted by pediatric specialists following the
criteria outlined in the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition. The control group
consisted of 44 individuals, including 36 parents of the children with ASD (17 fathers and 19 mothers), and 8
neurotypical neurotypical siblings of the children with ASD as a comparison group to minimize biases from
age-related differences in gut microbiota. All families were instructed to follow the dietary guidelines issued by
the State Council of China for three months prior to sample collection. During this period, participants were
regularly contacted by phone to ensure that they adhered to the guidelines. This approach was designed to
ensure consistency in dietary habits across the study groups and minimize the potential influence of diet-related
biases on the gut microbiota. Inclusion criteria: Participants were included in the study if they had not taken
antibiotics, probiotics, or other medications that could potentially alter the composition of the gut microbiota.
Exclusion criteria included individuals with diagnoses of schizophrenia, other mental illnesses, mood disorders,
or a history of epilepsy seizures within the past year. Exclusion criteria: patients with schizophrenia, other
mental illnesses, mood disorders, and epilepsy attacks in the past year. The study protocol was reviewed and
approved by the Ethics Committee of the First Affiliated Hospital of Guangxi University of Chinese Medicine
(Approval Number: LW 2024-005). All methods were performed in accordance with the relevant guidelines and
regulations, including the Declaration of Helsinki. Before participation, the study was thoroughly explained
to all participants, and written informed consent was voluntarily obtained from all participants or their legal
guardians.
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Sample collection and processing

Fecal samples were collected from all participants. DNA was then extracted from these samples, followed by
library construction and sequencing using the Illumina platform. All raw metagenomic sequencing data were
quality-controlled using MOCAT? software?!. First, the software Cutadapt (v1.14, parameters: -m30) was used
to trim adapters from all raw sequencing reads®>. Then, the SolexaQA package was used to filter out reads with a
quality score below 20 and lengths shorter than 30 bp??, resulting in clean reads. Finally, the filtered reads were
aligned to the host genome using SOAPaligner (v2.21, parameters: -M4-130-v10) to remove contaminant host
reads®, yielding high-quality clean data.

Sequence assembly and annotation

High-quality reads were de novo assembled using SOAPdenovo (v2.04, parameters: all-D1-M3-L500)%. The
K-mers for each sample were statistically derived by MOCAT?2 based on the length and number of sample reads.
Reads were broken into K-mers to construct a de Bruijn graph, and Eulerian Path was used to assemble them
into contigs. Then, based on the positional relationship of the pair-end reads, they were connected into scaffolds,
and continuous contigs were selected from scaffolds to obtain scaffolds with lengths greater than 500 bp. Based
on the scaffolds, MetaGeneMark was used for gene structure prediction?. The predicted genes were clustered
and deduplicated using CD-HIT?. If the sequences of two genes were more than 95% consistent and the overlap
region covered more than 90% of the shorter sequence, these two genes were clustered into one, and the longest
sequence in the cluster was chosen as the representative sequence, constructing a non-redundant gene set with
gene lengths greater than 100 bp. We used DIAMOND 28 (v0.7.9.58, parameters: blastp-v-sensitive-k10) to align
the obtained non-redundant reference gene set to the KEGG Orthology, Clusters of Orthologous Groups (COG),
Virulence Factor Database (VFDB)%, and Carbohydrate-Active enZYmes database (CAZy) for functional
annotation of all predicted genes. The Antibiotic Resistance Genes Database (ARDB) was functionally annotated
using the recommended tools on its website™.

Quantification of microbial abundances

At the genetic level, high-quality reads are aligned to the constructed non-redundant reference gene set
using BWA3!, removing reads shorter than 30 bp and those with consistency below 95%, obtaining the read
count of each gene, and then standardizing to obtain the relative abundance of genes. At the species and
higher taxonomic levels, the relative abundance of the microbial community is obtained using MetaPhlan2.0.
MetaPhlan2.0% predicts relative abundance at different taxonomic levels using over one million marker genes
from ~ 7500 species (an average of 184 genes per species). Additionally, MOCAT?2 is used for analysis of species
with unknown genome sequences based on mOTU (metagenomic operational taxonomic units), obtaining
the relative abundance of mOTUs. At the metabolic pathway level, HUMAnN23® is used to align reads to its
customized database, obtaining the relative abundance at the gene family level from the UniProt Reference
Cluster and at the metabolic pathway level from the MetaCyc database®. After aligning genes to each database
using DIAMOND and performing functional annotation, the relative abundance at each functional level is
obtained by simply summing the abundance of genes annotated to that function.

Microbial diversity analysis

Alpha diversity includes indices such as richness, evenness, and Shannon diversity, which describe the diversity
of species within a sample. We used the diversity function from the R package vegan® to calculate these indices.
To adjust for biases caused by different sequencing depths among samples based on metagenomic read count
data, we performed rarefaction using the rarefy function®. Using the PCoA analysis method based on Bray-
Curtis distance, we displayed the similarities and differences between different samples on a two-dimensional
coordinate system. PCoA selects the top-ranked eigenvalues to represent distance differences between samples
by sorting eigenvalues and eigenvectors. Additionally, we used the similar percentage (SIMPER) method?” to
determine the main causes of community differences.

Statistical analysis

We use PERMANOVA (Permutational multivariate analysis of variance)®® to assess the impact of phenotypic
variables (such as disease status, age, and gender) on sample differences. PERMANOVA is calculated using
the adonis2 function from the vegan package, with p-values obtained through 1000 permutations. We use two
methods for inter-group difference analysis to analyze the differences in genes, functions, and taxa between
two groups. For relative abundance, we use the Wilcoxon test to compare the relative abundance between two
groups, identify significantly different units, and correct the p-values using the Benjamini-Hochberg method,
setting the corrected p-value threshold at 0.05. We apply the same method to obtain p-values at the functional
levels of KEGG/ARDB/VFDB/COG/CAZy. For count data (read count), since count data do not follow a normal
distribution, the DESeq2*° method is used to transform the data before calculating differences.

LEfSe”? analysis allows for comparisons between two or more groups to find biomarkers with significant
abundance differences between groups. LEfSe first uses the non-parametric Kruskal-Wallis rank-sum test to
detect species with significant abundance differences between different groups, then uses the Wilcoxon rank-
sum test to analyze inter-group differences for species identified in the previous step, and finally employs linear
discriminant analysis (LDA) to reduce dimensionality and assess the impact of significantly different species
(i.e., LDA score). Considering other factors affecting gut microbiota, such as age, gender and group., we use
the multivariate linear association model (MaAsLin)*! to analyze the relationships between these factors and
gut microbiota, as well as microbiota functions. This method employs a generalized linear model, and due to
the sparsity of metagenomic data, MaAsLin uses a boosting method to screen potential phenotypic variables
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related to gut microbiota. We conduct multivariate association analyses using the results of Metaphlan2 and
HUMAnNN?2 respectively.

Pathway enrichment and metabolite analysis

For the relative abundance of KEGG Orthology (KO), we used the GAGE package*? from R/Bioconductor
for KEGG Pathway enrichment analysis, with significant pathways displaying the increased or decreased gene
abundance of KO in the pathways using pathview’. The gut microbiota can generate and consume many
metabolites. For a specific metabolite, we estimate the potential of the gut microbiota to generate or consume
the metabolite by cumulatively adding the abundance of the microbiota that generate the metabolite while
subtracting the abundance of the microbiota that consume the metabolite. We also estimate the differences in
metabolic potential between different groups. It is important to note that this analysis is based on the predicted
metabolic potential from metagenomic data and does not represent directly measured metabolite concentrations.

Results

Study characteristics

This study enrolled a total of 63 individuals, stratified into three groups, the first group consisted of 19 children
diagnosed with ASD (mean age 4.96 + 1.14 years; age range 3-8), which showed a strong male predominance
(17 boys, 2 girls; 89.47% male). In contrast, the second group of 8 neurotypical siblings (HC-c; mean age
10.88 +1.73 years; age range 8-13) was predominantly female (3 boys, 5 girls; 37.5% male). The third group was
composed of 36 parents (HC-fm; age range 28-45), including 17 fathers and 19 mothers (47.2% male). Clinical
characterization of ASD cohort yielded mean scores of 36.95 on the Childhood Autism Rating Scale (CARS),
92.37 on the Social Responsiveness Scale (SRS), 125.53 on the Autism Behavior Checklist (ABC), and 61.05 on
the Gastrointestinal Symptom Rating Scale (GSRS), as detailed in Table 1.

Differences in microbial composition among groups

To explore the gut microbial composition, the relative abundance of microbes was calculated and visualized
for four groups: children with ASD, their neurotypical siblings (HC-c), their fathers (HC-f), and their mothers
(HC-m) (Fig. 1). The composition varied noticeably across these groups at both the phylum and genus levels.
At the phylum level, a clear age-related pattern was apparent. The relative abundance of Actinobacteria was
considerably higher in the child groups (both ASD and HC-c) compared to the adult groups (HC-f and HC-
m). This observation suggests age is a major factor shaping the microbiota. At the genus level, Bifidobacterium
also showed a strong age-related effect, being highly abundant in children (ASD and HC-c) but nearly absent
in adults (HC-f and HC-m). Interestingly, when comparing between the children, the relative abundance of
Bifidobacterium appeared to be lower in most children with ASD compared to their neurotypical siblings
(HC-c). This specific finding aligns with the results of Ahmed et al.*%. Additionally, Prevotella was generally
more abundant in the adult groups than in the child groups. The results indicate that while age is the primary
driver shaping the human gut microbiota, children with ASD exhibit a specific gut dysbiosis—characterized by
a reduction in key beneficial bacteria such as Bifidobacterium—even within a shared familial environment and
genetic background.

Further analysis of specific taxa revealed significant variations in the phylum Actinobacteria across the four
groups (ANOVA, p=5.10e—4, Fig. 2). A clear age-related pattern was observed, with both child cohorts exhibiting
the higher and more variable proportion of Actinobacteria compared to the more stable levels and lower levels
in the adult parent cohorts (HC-f and HC-m). This pattern suggests a potential age-related effect, as both child
groups (ASD and HC-c) showed different abundance profiles compared to the adult groups (HC-f and HC-m).
The abundance of Actinobacteria was notably lower in the ASD group compared to their sibling group, suggesting
an altered gut microbiota structure in these children that could potentially impact physiological function.
Additionally, we observed a significant group difference in the class Flavobacteriia (ANOVA, p =0.030). The most
striking finding was the near-complete depletion of Flavobacteriia in the ASD group, whereas it was present in
the neurotypical sibling, mother, and father groups. While microbiota composition is known to be closely linked
to diet type®®, this is unlikely to be the primary driver in our study, as family members largely shared a consistent

ASD (n=19) | HC (n=44)

Characteristic ASD (n=19) | HC-c(n=8) | HC-f(n=17) | HC-m (n=19)
Weight (x+s,kg) | 15.89 (2.05) | 60.00 (6.26) | 75.53 (6.14) | 58.89 (5.27)
Height (x+s, cm) | 103.95 (7.09) | 164.63 (6.41) | 174.17 (3.73) | 162.05 (3.81)
Age (X+s,year) | 4.95(1.14) | 10.88 (1.73) |36.65(3.79) | 3537 (4.30)

ABC (x=s) 125.53+7.14 | Nomal Nomal Nomal
CARS (x+5) 36.95+1.03 | Nomal Nomal Nomal
SRS (xs) 92.37+1.64 | Nomal Nomal Nomal
GSRS (x+5) 61.05+2.79 | Nomal Nomal Nomal

Table 1. Demographic summary of participants. ASD, autism spectrum disorder; HC, neurotypical control;
HC-c, neurotypical control siblings; HC-f, neurotypical control fathers, HC-m, neurotypical control mothers;
ABC, autism behavior checklist; CARS, childhood autism rating scale; SRS, social responsiveness scale; GSRS,
gastrointestinal symptom rating scale.
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Fig. 1. Gut microbiota composition and relative abundance across study groups. Stacked bar plots illustrating
the relative abundance of gut microbiota for each individual sample at the phylum level and the genus level.
Each vertical bar represents a single sample, arranged on the x-axis by cohort: ASD, HC-¢, HC-f, and HC-m.
The most abundant taxa are color-coded as indicated in the legends. Taxa with lower relative abundance are
grouped into the other category.

diet. This finding suggests that non-dietary factors, such as host genetics or specific environmental exposures,
may play a more dominant role in modulating Flavobacteriia levels. This hypothesis is supported by landmark
studies demonstrating that non-dietary environmental factors*® and host genetic!? are powerful determinants of
gut microbiota composition. Therefore, the observed depletion of Flavobacteriia in children with ASD warrants
further investigation into these non-dietary factors.

Alpha diversity analysis

Alpha diversity of the gut microbiota was assessed using the Shannon index, which reflects overall species
diversity (incorporating both richness and evenness), and the Chaol index, which estimates species richness.
The analysis of species diversity (Shannon index, Fig. 3A) revealed that the mother group (HC-m) exhibited the
highest median diversity, closely followed by the ASD group. Both the HC-m and ASD groups showed markedly
higher diversity compared to the father (HC-f) and neurotypical sibling (HC-c) groups (p<0.05). A similar
pattern was observed for species richness (Chaol index, Fig. 3B), where the HC-m group again displayed the
highest median richness. Notably, the diversity of the ASD group was comparable to that of the mother group,
and both were substantially higher than the diversity observed in the HC-f and HC-c groups. These findings are
particularly striking and stand in contrast to a significant body of literature reporting lower alpha diversity in
children with ASD compared to neurotypical controls**¢. Our results do not indicate a diversity deficit in the ASD
group. Instead, they reveal a surprisingly robust gut microbial community in children with ASD, characterized
by high levels of both species richness and overall diversity, on par with the maternal microbiome, which was
the most diverse within the family unit. This unexpected similarity between the ASD child and mother could
suggest the strong influence of shared early-life environment, diet, or vertical transmission of microbes. It posits
that the gut dysbiosis in ASD may not be a simple loss of diversity, but a more complex alteration in community
composition and function, which warrants further taxonomic investigation.

Beta diversity analysis

To further explore the beta diversity of species composition among different groups, we used the PCoA analysis
method based on the Bray—Curtis distance to illustrate differences in microbial community structures between
samples (Fig. 4A). Overall, there were significant differences in the gut microbial community structures among
the groups. Visually, a clear separation was observed between the ASD group and the HC-c group, suggesting a
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Fig. 2. Differential abundance of Actinobacteria and Flavobacteriia across study groups. The box plot
represents the significantly different bacteria between the ASD and control groups at the class level, while the
bar chart shows the relative abundance of these significantly different bacteria in each sample at the class level,
and the red arrows indicate females.
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Fig. 3. Alpha diversity of gut microbiota across family-based groups. On the left is the alpha diversity analysis
using Shannon, while on the right is the analysis using Chaol.
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Fig. 4. Beta diversity analysis. The left figure shows the PCoA results based on the sample distance calculated
from the microbiota, while the right figure presents the PERMANOVA group significance test.

ASD HC-c HC-f HC-m
Species p-values (corrected) | Effect size | mean (SD) mean (SD) mean (SD) mean (SD)
Alistipes onderdonkii 0.034 0.139 1.273 (1.447) | 0.486 (0.793) 0.207 (0.338) | 0.684 (1.02)
Bacteroides fragilis 0.002 0.219 2.127(2.294) | 1.123 (1.895) | 0.046 (0.094) | 0.543 (1.172)
Bacteroides massiliensis 0.011 0.176 0.505 (1.841) | 0.028 (0.053) 4.431 (5.466) | 1.466 (3.587)
Bacteroides nordii 0.01 0.178 0.023 (0.039) | 0.011 (0.015) 0.001 (0.002) 0(0)
Bifidobacterium breve 0.006 0.194 0.124 (0.281) | 4.706 (8.822) 0.013 (0.041) | 0.025 (0.046)
Bifidobacterium longum 0.004 0.201 6.646 (10.87) | 12.04 (12.931) | 1.286 (2.033) 1.43 (2.063)
Bifidobacterium pseudocatenulatum 0.011 0.177 4.189 (5.921) | 4.962 (5.422) | 0.388 (0.572) | 1.341 (1.989)
Blautia producta 0.044 0.131 0.029 (0.061) | 0.002 (0.006) 0 (0) 0.001 (0.003)
Butyricicoccus pullicaecorum 0.004 0.201 0(0) 0.012 (0.019) 0(0) 0(0)
Clostridiales bacterium 1_7_47FAA 0.036 0.137 0.035 (0.054) | 0.005 (0.008) 0(0) 0.012 (0.031)
Clostridium bartlettii 0.013 0.169 0.123 (0.143) | 0.156 (0.181) 0.012 (0.019) | 0.046 (0.119)
Clostridium citroniae 0.037 0.136 0.026 (0.041) | 0.008 (0.009) | 0.003 (0.005) | 0.007 (0.015)
Clostridium symbiosum 0.022 0.153 0.301 (0.566) | 0.078 (0.145) 0.001 (0.002) | 0.006 (0.013)
Dorea longicatena 0.025 0.149 0.222 (0.283) | 0.164 (0.117) 1.117 (1.334) | 1.441 (1.951)
Erysipelotrichaceae bacterium 2_2_44A | 0.039 0.134 0.008 (0.012) | 0.013 (0.023) 0(0) 0.003 (0.008)
Lachnospiraceae bacterium 5_1_57FAA | 0.001 0.234 0.024 (0.033) | 0.002 (0.007) 0.001 (0.004) | 0.001 (0.005)
Veillonella parvula 0.002 0.216 0.057 (0.064) | 0.241 (0.361) 0.009 (0.021) | 0.028 (0.051)

Table 2. Key species contributing to gut microbiota between groups. ASD, autism spectrum disorder; HC-
¢, control siblings; HC-f, control fathers; HC-m, control mothers; Bold numbers indicate that the species
abundance in that group is the highest.

distinct difference in their gut microbiota structures. Samples in the HC-c group were closely clustered, wherea
those in the ASD group were more dispersed. The sample points of the HC-f and HC-m parent groups were
relatively scattered, and their distances from the childrens group samples were substantia. PERMANOVA
(Fig. 4B) results confirmed that the grouping factor had a significant effect on the microbial community
structures (PERMANOVA, R?=0.1414, p=0.001), explaining 14.1% of the variation among samples. As shown
in Fig. 4, the HC-c group exhibited more pronounced differences compared to other groups, particularly when
contrasted with the ASD group. The HC-f and HC-m groups were more similar to each other, suggesting that age
is also a major factor influencing the gut microbiome structure.

Further analysis of the main species contributing to differences in gut microbiota across groups (Table 2)
reveals that species within the genera Bacteroides, Bifidobacterium, and Clostridium are among the most
dominant. According to previous research?’, an overabundance of Bacteroides—especially during early life—
may have functional implications for individuals with ASD. Consistent with these findings, our study observed
a higher abundance of several Bacteroides species, notably Bacteroides fragilis, Bacteroides massiliensis and
Bacteroides nordii, in the ASD group compared to the HC-c group. In stark contrast, Bifidobacterium, a genus
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known for its probiotic effects, was most prevalent in the HC-c group. Our study evealed a marked reduction in
the abundance of beneficial species like Bifidobacterium breve and Bifidobacterium longum in children with ASD
compared to their neurotypical counterparts, which is consistent with prior studies. Conversely, The pattern for
the Clostridium genus was more nuanced. While several species, such as Clostridium symbiosum and Clostridium
citroniae were found at elevated levels in the ASD.

group. The finding aligns with research indicating that gastrointestinal symptoms>>*, it is noteworthy that
Clostridium bartlettii showed a slightly lower abundance in ASD children. This highlights the species-specific
role of Clostridium in the gut ecosystem?®.

We applied several statistical methods to identify species-level differences for three key genera—Bacteroides,
Clostridium, and Bifidobacterium—which are frequently implicated in gut health and dysbiosis (Fig. 5). Across
the analyses, certain microbes repeatedly emerged as significantly associated with ASD. Error bar analyses
revealed that both Bacteroides fragilis and Bacteroides nordii were significantly more abundant in the ASD
group compared to the parental group (HC-f and HC-m) (p<0.05 for all comparisons). This finding aligns
with previous research reporting higher Bacteroides levels in autistic individuals*®. Across the multiple analyses,
Bacteroides species consistently appeared as markers of a perturbed microbial community in ASD, strengthening
the inference that they could play a role in the condition’s pathogenesis. In contrast, species known for their
beneficial effects, particularly within the Bifidobacterium genus, were depleted in the ASD group. Bifidobacterium
breve, Bifidobacterium longum, and Bifidobacterium pseudocatenulatum all showed significantly lower abundance
in ASD children compared to their neurotypical siblings (HC-c) (p <0.05). Notably, the HC-c group exhibited
the highest levels of these species. This consistent observation of lower Bifidobacterium levels in ASD, in both
error bar and other statistical analyses, reinforces earlier studies suggesting that Bifidobacterium breve may
alleviate gastrointestinal symptoms and modulate neuroactive compounds, such as serotonin and brain-derived
neurotrophic factor®. The pattern for the Clostridium genus was more complex, our analysis demonstrated that
the abundance of Clostridium symbiosum and Clostridium citroniae was significantly elevated in the ASD group
compared to the parental group (p <0.05). This aligns with prior research linking certain Clostridium species to
gastrointestinal disturbances in ASD *°. However, it is important to note that not all species followed this trend;
for instance, the abundance of Clostridium bartlettii was lower in the ASD group compared to the HC-c group.
These species-specific variations suggest that an overrepresentation of particular Clostridium species rather than
the genus as a whole, may contribute to the gut-brain axis dysregulation observed in ASD.

Additionally, we used LEfSe to identify units with significant differences at various taxonomic levels. LEfSe
analysis further determined microbial species with significantly different abundances between the ASD group
and the control group. Figure 6 displays the results of the LEfSe analysis, which identifies statistically significant
biomarkers between the ASD and HC-c groups. It includes a cladogram illustrating the phylogenetic distribution
of these biomarkers and a bar plot ranking them based on their Linear Discriminant Analysis (LDA) scores. The
cladogram visually highlights that taxa belonging to the class Flavobacteriia, including the order Flavobacteriales
and family Flavobacteriaceae, were the most prominent biomarkers for the HC-c group. Conversely, multiple
taxa within the class Clostridia were identified as being enriched in the ASD group. Further LDA found linear
combination features between the ASD and control groups. The two groups have 29 significantly different taxa,
with 15 dominant distinguishing features in the ASD group. Notably, Eubacterium rectale emerged as the top
biomarker for the ASD group, exhibiting the highest LDA LDA effect size. This finding is particularly interesting
as it contrasts with some previous studies that reported a depletion of Eubacterium rectale in individuals with
ASD’!. This discrepancy highlights the complexity of microbiota alterations in ASD and may reflect differences
in study cohorts, dietary factors, or methodologies, warranting further investigation.

3,5,46

Pathway enrichment analysis

We further used enrichment analysis to obtain KEGG pathways with significant differences between different
groups. Table 3 shows that pathways such as Biofilm formation—Escherichia coli and ABC transporters show
increased gene abundance, while pathways such as Methane metabolism and Mitophagy—yeast are decreased
in gene abundance. According to relevant literature, the observed upregulation of biofilm formation pathways,
which have been hypothesized in other literature to influence gut barrier integrity and may thereby be associated
with gut-brain axis signaling. The decreased in gene abundance of Methane metabolism suggests that changes
in gut microbiota affect methane metabolism, potentially influencing neural functions. The increased gene
abundance of ABC transporters, which is involved in substance transport, may affect neurotransmitter levels
and brain functions. The decreased in gene abundance of Meiosis—yeast indicates that abnormal Meiosis may
lead to genetic changes, impacting neural development. The decreased in gene abundance of Mitophagy—yeast
suggests that mitochondrial dysfunction is related to autism pathology. The decreased in gene abundance of
Various types of N-glycan biosynthesis indicates that abnormal glycosylation may affect neural interactions
and development. The increased gene abundance of Transcriptional misregulation in cancer suggests that gene
expression dysregulation may lead to developmental disorders. The defect in Non-homologous end-joining, a
DNA repair mechanism, may cause genomic instability, impacting neural development.

Figure 7 illustrates the signaling pathways involved in biofilms formation in Escherichia coli, primarily
regulated by the cAMP/CRP pathway and the c-di-GMP pathway. These pathways enable E. coli to adapt to
stressful conditions, such as nutrient deprivation, oxidative stress, or low temperatures, by switching between
motile and sessile states Recent studies suggest that the gut microbiota of individuals with autism differ from that
of individuals with non-ASD, with biofilms potentially playing a key role in shaping and stabilizing microbial
communities. This alteration in gut microbiota could impact gut health and function, which may indirectly
influence autism symptoms. Biofilms may also trigger immune responses, potentially altering the gut environment
and affecting brain development and function. Interestingly, certain genes may have dual roles, contributing
to both biofilm formation and neurological processes, possibly influencing neural signaling or connections.
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Fig. 5. Analysis of the significant difference in bacterial strains between the two groups. Left Side shows
the mean proportions (in percentage) for groups. The bars represent the averages, indicating the relative
prevalence or characteristics being measured in the two groups. Right Side illustrates the difference in mean

proportions between the two groups, with error bars representing 95% confidence intervals. A point estimate

(blue circle) indicates the specific difference in proportions, with horizontal lines showing the confidence

intervals for this difference.
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Fig. 6. Linear discriminant effect size (LEfSe) analysis. Left Panel is a circular cladogram, which illustrates

the evolutionary relationships among different biological entities, likely species or taxonomic groups. The
branches are color-coded, with red representing the group labeled “ASD” and green for “HC-c” Right Panel
displays LDA (Linear Discriminant Analysis) scores for various taxa, comparing the two groups. The y-axis
lists different taxa, while the x-axis represents the LDA score on a logarithmic scale. Positive scores are shown
in green (indicating a stronger association with “HC-c”) and negative scores in red (indicating a stronger
association with “ASD”). The lengths of the bars indicate the strength of the discriminative power of each taxon
between the two groups.

stat.mean | p.val | q.val | Regulation

ko02026 Biofilm formation— Escherichia coli 2.871 0.003 | 0.485 | up
ko00680 Methane metabolism -2.757 0.003 | 0.769 | down
ko02010 ABC transporters 2.554 0.005 | 0.485 | up
ko04113 Meiosis—yeast -1.879 0.031 | 0.769 | down
ko04139 Mitophagy—yeast -1.851 0.033 | 0.769 | down

ko00513 Various types of N-Glycan biosynthesis | —1.765 0.042 | 0.769 | down
ko05202 Transcriptional misregulation in cancer | 1.681 0.051 | 0.946 | up
ko03450 Non-homologous end-joining -1.701 0.052 | 0.769 | down

Table 3. KEGG pathway enrichment analysis results.

Additionally, bacterial metabolites, such as short-chain fatty acids, can modulate neurotransmission via the
gut-brain axis, with their production and regulation linked to biofilms activity. Overall, the interplay between
biofilms, gut microbiota, immune responses, and metabolic pathways may provide insights into the potential
connection between microbial dynamics and autism pathogenesis.

Characterization of the metabolic associated with ASD

Finally, we analyzed the metabolic differences between groups from a functional metabolic perspective, as
shown in Fig. 8. Regarding the metabolite trimethylamine (TMA), the ASD and HC-C groups exhibit distinct
abundance patterns between genders, with higher relative abundance of TMA observed in males from the
ASD group. Elevated TMA levels could suggest alterations in gut microbial activity or nutrient metabolism
influenced by gender-specific factors in ASD. The relative abundance of ammonia (NH3) was also observed
to be higher in the ASD group compared to the HC-C group. Increased NH3 abundance may be indicative of
disruptions in protein or nitrogen metabolism. The enrichment of pathways related to ammonia production
suggests a potential for increased ammonia levels, a metabolite that has been linked to neurotoxic effects in
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Kanehisa Laboratories®2.

other contexts. Individuals with ASD may display abnormalities in NH3 cycling and excretion mechanisms,
potentially contributing to its accumulation and subsequent neurotoxicity. These disruptions may play a role in
the pathophysiology of ASD. Acetone levels demonstrated variability across groups and between genders, though
no consistent increasing or decreasing trend was evident. This suggests that changes in acetone may be linked to
alterations in energy or the remodeling of metabolic pathways. Previous studies have reported that individuals
with ASD may experience abnormalities in energy metabolism, particularly in pathways associated with brain
energy production and utilization, which would partially explain these observed variations. Metabolites such
as L-alanine and L-glutamine showed significant differences in their abundance between the ASD and the
HC-C groups, with an upward trend in the relative abundance of these compound in ASD group. L-alanine
is a key metabolite involved in amino acid transfer pathways and may influence neurotransmitter synthesis
and function, impacting neurodevelopmental processes. Similarly, L -glutamine, a precursor to the excitatory
neurotransmitter glutamate in the brain, displayed increased abundance in ASD. This finding is noteworthy
given that glutamate imbalance is often implicated in the altered neuronal signaling and excitatory-inhibitory
imbalance commonly observed in ASD.

Discussion

This study provides a multi-dimensional comparison of the gut microbiota among children with ASD and
their core family members (neurotypical siblings and parents), systematically uncovering ASD-associated
microbiome signatures and offering new functional insights into its potential pathophysiological mechanisms.
The central finding of this study confirms that the gut microbiota of children with ASD exhibits significant and
unique characteristics in its overall structure, species composition, and functional potential when compared to
their cohabiting neurotypical siblings and parents. The -diversity analysis (PCoA plot) clearly shows that the
ASD group’s microbiota forms a distinct cluster, significantly separated from all neurotypical control groups
(ANOSIM, R=0.1414, p=0.001). This strongly supports the prevailing view that gut dysbiosis is a common
biological feature of ASD**->°. Recent study has increasingly pointed to gut dysbiosis as a potential biomarker for
ASD?%. By including family members as controls, our design effectively accounts for key confounding variables
such as shared genetic background and early environmental exposures (e.g., family dietary patterns) 7, thereby
more reliably isolating the microbial differences directly associated with ASD.

In terms of specific microbial composition, our results are highly consistent with numerous reports in the
literature. For instance, we observed a significant depletion of beneficial bacteria known for their immune-
modulating and gut-barrier-protective functions, such as the genus Bifidobacterium, particularly B. breve and B.
longum, in ASD children compared to their neurotypical siblings (HC-c) (species difference plot). This finding
echoes the conclusions of multiple cohort studies suggesting that the depletion of beneficial commensal bacteria
may be a key driver of ASD-related gastrointestinal and behavioral symptoms®®*°. The abundance of B. longum
is closely linked to host age and health status®’, while both B. breve and B. longum are pioneer colonizers of
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the infant gut, and their early absence could have long-term consequences for immune system maturation and
neurodevelopment®!. Concurrently, LEfSe analysis revealed a significant enrichment of taxa in the ASD group,
including several unclassified genera within the order Clostridiales and Eubacterium rectale (Cladogram).
Together, these findings paint a picture of ASD-related gut dysbiosis characterized by a “decrease in beneficial
bacteria and an increase in potential opportunistic pathogens,” which aligns with the consensus in the field.

However, one of the most striking findings of our study is that the a-diversity (Shannon and Chaol indices)
in children with ASD was significantly higher than in their neurotypical siblings (HC-c) (alpha diversity
violin plots). This result contrasts sharply with many studies that have reported reduced or non-significant
differences in microbial diversity in ASD children®2. We argue that this “paradoxical” phenomenon highlights
the complexity and heterogeneity of ASD microbiome research. As noted in several reviews, current findings
are inconsistent, likely influenced by factors such as geographic location, sequencing methods, age, and sex®>%%,
We therefore propose a plausible hypothesis: in the gut ecosystem of children with ASD, “high diversity” may
not equate to “health” but could represent a state of “pseudo-diversity” or “pathological diversity” driven by
an unstable community structure and the overgrowth of opportunistic pathogens. In such a state, the stability
of core functional taxa (like Bifidobacterium) may be compromised, creating an environment conducive
to the production of harmful metabolites®>6. Furthermore, our preliminary observations suggest that some
metabolites considered neurotoxic, such as Trimethylamine (TMA) and ammonia (NH3), appear to be more
elevated in older ASD children (metabolite heatmap). While this observation requires validation in larger
longitudinal studies, it offers a new perspective for understanding the chronic nature and symptomatic evolution
of ASD, suggesting that the metabolic consequences of dysbiosis may accumulate with age®”.

A key discovery is the upregulation of the “Biofilm formation—Escherichia coli” pathway in the microbiota
of the ASD group (KEGG pathway map). Biofilms are protective matrices formed by microbial communities that
help bacteria resist host immune clearance, antibiotics, and environmental stress. Based on this, we put forward
a hypothesis: certain opportunistic pathogens in the gut of children with ASD (such as some pathogenic strains
of E. coli) may enhance their biofilm-forming capabilities to establish persistent “micro-ecological lesions” on
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the intestinal wall. These lesions could not only act as a continuous trigger for chronic, low-grade inflammation
but also alter intestinal barrier permeability, leading to a “leaky gut” This would allow bacterial products (like
LPS) and harmful metabolites to enter the bloodstream and ultimately affect neurodevelopment and function
via the “microbiota-gut-brain axis” 3> This offers a novel framework for understanding ASD-related immune
abnormalities and why some children respond poorly to interventions like probiotics—the interventions may
fail to penetrate and dismantle these mature biofilms.

Furthermore, the enrichment of the ABC transporters pathway provides another critical clue. The ABC
transporter family has diverse functions, including nutrient uptake, toxin efflux, and drug metabolism.
Alterations in this pathway may indicate that the gut microbiota of ASD children has unique capabilities in
processing and transporting small molecules, which is consistent with the view that microbial metabolism is
central to microbiota-host interactions®. This change might partially explain, from a microbial standpoint,
why children with ASD often present with metabolic abnormalities, such as malabsorption of certain food
components, distinct dietary preferences, or increased sensitivity to environmental chemicals.

In summary, the significance of this study is threefold: (1) It provides evidence of gut dysbiosis in ASD through
a family-based control design. (2) It challenges the singular narrative of “reduced a-diversity” by introducing
the concept of “pathological high diversity” (3) Most importantly, by uncovering novel functional pathways
like “biofilm formation,” it proposes specific, testable hypotheses about how the microbiota may influence ASD
pathophysiology, advancing the field from “microbiota-disease association” to “microbiota-function-disease
mechanism.”

Nevertheless, we must cautiously acknowledge the limitations of our study. First, its cross-sectional design
only allows for the identification of associations, not the establishment of causality. We cannot determine whether
the observed gut dysbiosis is a cause of ASD, a consequence, or a product of complex interaction. For example,
the picky and restrictive eating behaviors common in children with ASD are themselves a powerful driver of
gut microbiota remodeling, which in turn is a key factor influencing the child’s metabolomic profile>”. Future
research urgently requires longitudinal designs, tracking high-risk cohorts from infancy, to capture the temporal
relationship between microbial changes and the onset of ASD symptoms. Second, regarding the sample design,
while the use of family-based controls is a major strength—effectively controlling for genetic and environmental
confounders—the limited sample size (e.g., the sex bias in the ASD group) remains a primary limitation. This
restricts the statistical power for deeper subgroup analyses (e.g., based on sex differences, gastrointestinal
symptoms, ASD severity, or medication history) ¢*7°. Although robust statistical methods were employed to
correct for biases, our findings require validation in future, larger, and more balanced sample cohorts. Critically,
we were unable to quantitatively analyze detailed dietary diaries for all participants and include diet as a covariate,
which is a key aspect to address in future studies.

Our findings suggest several avenues for future research: utilize germ-free animal models colonized with fecal
microbiota from ASD and neurotypical children to directly test whether the “biofilm hypothesis”leads to impaired
intestinal barrier function, neuroinflammation, and ASD-like behaviors. This is the gold standard for validating
functional hypotheses. Combine metagenomic data with metabolomic, transcriptomic, and proteomic data to
paint a more complete picture of the “microbiota-gut-brain axis”®>%%. For example, this approach could further
validate the metabolite changes observed in our study or explore other potential biomarkers, such as the GABA/
glutamate ratio’!, to confirm the real-world biological effects of functional pathways like ABC transporters.
Based on the observed depletion of beneficial bacteria like Bifidobacterium’>”?, more targeted next-generation
probiotic or symbiotic interventions can be designed®®. Furthermore, if the “biofilm hypothesis” is confirmed,
developing strategies to disrupt or inhibit harmful biofilm formation could become a revolutionary approach for
treating ASD-related gastrointestinal issues.

Data availability

The raw sequencing data reported in this paper contain sensitive human genetic information and are therefore
not publicly available due to ethical and privacy restrictions. The data have been deposited in the National
Genomics Data Center (NGDC), Genome Sequence Archive for Human (GSA-Human), under a controlled-ac-
cess policy. The accession number for this project is PRJCA043657. The application procedure and requirements
for data access are detailed in the official GSA-Human documentation, which can be accessed at: [https://ngdc.c
ncb.ac.cn/gsa-human/document/GSA-Human_Request_Guide_for_Users_us.pdf].
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