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Associations between the gut microbiome and autism spectrum disorder
(ASD) have beeninvestigated although most studies have focused on the
bacterial component of the microbiome. Whether gut archaea, fungi and
viruses, or function of the gut microbiome, is altered in ASD is unclear.
Here we performed metagenomic sequencing on faecal samples from
1,627 children (aged 1-13 years, 24.4% female) with or without ASD, with
extensive phenotype data. Integrated analyses revealed that 14 archaea,
51bacteria, 7 fungi, 18 viruses, 27 microbial genes and 12 metabolic
pathways were altered in children with ASD. Machine learning using
single-kingdom panels showed area under the curve (AUC) of 0.68 to 0.87
indifferentiating children with ASD from those that are neurotypical.

A panel of 31 multikingdom and functional markers showed a superior
diagnosticaccuracy with an AUC of 0.91, with comparable performance
for males and females. Accuracy of the model was predominantly driven by
the biosynthesis pathways of ubiquinol-7 or thiamine diphosphate, which
were less abundantin children with ASD. Collectively, our findings highlight
the potential application of multikingdom and functional gut microbiota
markers as non-invasive diagnostic tools in ASD.

Autism spectrum disorder (ASD) is a heterogeneous neurodevelop-
mental disorder characterized by social, cognitive and behavioural
impairments' . Although the cause of ASD is unknown, itis believed to
relatetoacomplexinterplay between genetic and environmental fac-
tors*®. Inthe past decade, the gut microbiome has been shownto play
acentralrolein modulating the gut-brain axis by regulating neuroim-
mune networks and directly communicating with the brain, and may
contribute to the development of ASD’. Preclinical studies have shown
that children with ASD had an altered gut microbiota composition

and delayed development of the gut microbiota® . Furthermore, the
transfer of faecal microbiota fromindividuals with ASD into germ-free
mice promoted autistic-like behaviour™, whereas faecal microbiota
transplantation from healthy individuals to children with ASD resulted
in improvements in symptoms'¢. So far, most studies have focused
on the bacteriacomponent of the gut microbiota and revealed many,
albeitinconsistent, variations in microbial diversity and composition
in children with ASD""*, Metagenomic sequencing technologies have
enabled the study of other microbial communitiesincluding archaea,
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Fig.1| Associations between ASD and faecal microbiome composition.

a, Graphical summary of the cohorts and overview of available metadata
(n=number of variables collected, N=samplesize). b, Variance in multikingdom
(archaea, bacteria, fungi and viruses) microbiome composition explained by
phenotype groups in multivariate PERMANOVA analysis. ¢, Alpha diversity in
multikingdom (archaea, bacteria, fungi and viruses) microbiome measured

by Shannon index of children with ASD (red, n = 709) and children considered
neurotypical (NT, blue, n =374). Pvalue (two-sided test) was calculated using

Coef. (by MaAsLin2) Coef. (by MaAsLin2)

MMUPHin. Data are shown in boxplots as the median (centre line), 25th and 75th
percentiles (box limits), and 5th and 95th percentiles (whiskers). d, Volcano
plots show the associations between multikingdom (archaea, bacteria, fungi
and viruses) species and ASD calculated using MaAsLin2 after adjusting for
significant confounders. Associations with FDR < 0.05 were considered as
significant and marked in red (enriched in ASD) or blue (depleted in ASD).
Top-ranked species are labelled with name.

fungi and viruses that also colonize the human gut, and these dark
matters may play akey role in the pathogenesis of ASD?° %2,

Inthis study, we explored multikingdom analyses of gut archaea,
bacteria, fungi, viruses and their genes and functions, presented
metagenomic analyses of 1,627 children considered neurotypical or
with ASD, with extensive phenotype data, and validated our findings
in public datasets of 237 faecal metagenomes.

Results

Study characteristics

Atotal of 1,627 children (aged 1-13 years, 24.4% female) from five
independent cohorts wererecruited inthis study (Fig.1a and Extended
Data Table1). Extensive phenotypic data (236 factors) were collected
including age, sex, body massindex (BMI), diet, medication, comor-
bidity, concomitant psychiatric disorders, gastrointestinal (GI)
symptoms (including stool consistency assessed by Bristol stool form
score, BSFS), family characteristics and technical factors related to

sample collection, storage and processing (Fig. 1a). All faecal samples
were processed using the same standardized protocol to reduce the
batch effects caused by technical factors. In total, we obtained over
10 terabytes of sequence data at an average depth of 6.34 gigabases
for each metagenome (Extended DataFig.1). In the discovery cohort,
we performed metagenomic sequencing on faecal samples from
709 children with ASD and 374 children considered neurotypical
(age 3-12 years, 24.3% female). In an independent hospital cohort,
we sequenced atotal of 172 faecal samples from 82 children with ASD
and 90 children considered neurotypical (aged 4-11years, Fig. 1a). We
alsoincluded acommunity cohort with younger children consisting
of 116 children with ASD and 60 children considered neurotypical
(aged1-8 years, 29.5% female, Fig. 1a) to validate the findings in differ-
entage groups. A total of 237 faecal metagenomes (aged 2-13 years,
17.7% female) from published datasets were included in the analysis
for external validation (Fig. 1a). Two additional non-ASD cohorts of
childrenwith attention deficit hyperactivity disorder (ADHD, n =118)
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Fig.2| Associations between ASD and faecal microbiome functions.

a, Variance in microbiome function (microbial pathways and genes) explained
by phenotype groups in multivariate PERMANOVA analysis. b, Volcano plots
show the associations between microbiome functions and ASD calculated

Coef. (by MaAsLin2)

Coef. (by MaAsLin2)

using MaAsLin2 after adjusting for significant confounders. Associations with
FDR < 0.05 were considered as significant and marked in red (enriched in ASD) or
blue (depleted in ASD). Top-ranked pathways are labelled with name.

and atopic dermatitis (n = 78) were used to evaluate the specificity
of our findings (Fig. 1a).

ASD-associated microbial species in four kingdoms

Asgut microbiotacompositionis largely shaped by environmental and
host factors®**, we analysed the impact of 236 host factors on the gut
microbiome composition to determine potential confounders (Fig. 1a).
Inour discovery cohort (age 3-12 years, n =1,083, 24.3% female), these
host factors in combination explained 12.5%, 15.1%,10.7% and 11.7% of
the interindividual microbiome variation for archaea, bacteria, fungi
and viruses, respectively (Fig. 1b). Among all host and dietary factors
studied, atotal of 21 factors showed a significantimpact on gut micro-
biota composition, including ASD, age, sex, BMI, 3 Gl parameters, 15
dietary factors and sequencing batch (Extended DataFig. 2), therefore
these factors were adjusted inall subsequent analyses. We next assessed
changesingut microbiota diversity between children considered neu-
rotypical and children with ASD. Children with ASD showed a decrease
inthediversity of archaea, bacteriaand viruses compared with children
considered neurotypical (Fig. 1c). A total of 14 archaeal, 51 bacterial, 7
fungal and 18 viral species showed differential abundances between
children considered neurotypical and children with ASD (Fig.1d). The
relative abundance of 80 out of 90 identified microbial species was
found to be significantly decreased in children with ASD compared
with children considered neurotypical (Fig. 1d). This finding was most
pronounced for the bacterial communities, where 50 bacterial species
were depletedin children with ASD whereas only one bacteriaspecies
wasenriched (Fig.1d). Alterationsin bacterial speciesin children with
ASD were driven by the depletion of Streptococcus thermophilus and
short-chain fatty acids-producing bacteria, such as Bacteroides sp.
PHL2737 and Lawsonibacter asaccharolyticus.

Alterations of gut microbiota functionin ASD

Atfunctionallevel, host phenotype factors explained 17.1% and 15.7% of
the variationin microbiome pathways and microbial genes, respectively
(Fig.2a). Adiagnosis of ASD ranked as the top factor accounting for the
variationinboth microbiome pathways and microbial genes (Fig. 2a). A
total of 19 host and diet factors showed asignificantimpact on the gut
microbiome function, including ASD, age, sex, BMI, 2 Gl parameters,
12 dietary factors and sequencing batch (Extended Data Fig. 3). After
adjusting for these confounders, we identified 27 differential Kyoto
Encyclopedia of Genes and Genomes (KEGG) orthology (KO) genes:

23 were decreased and 4 were increased in children with ASD com-
pared with children considered neurotypical (Fig. 2c). At the pathway
level, 12 differential pathways were noted, including 9 pathways show-
ing negative associations and 3 showing positive associations with
ASD (Fig. 2b). We found that biosynthesis pathways of ubiquinol-7
and thiamine diphosphate were reduced in children with ASD com-
pared with children considered neurotypical (Fig. 2b). Ubiquinol
exhibits antioxidant activity and has been identified to be capable
of improving symptoms in children with ASD*?°, Impairment of
thiamine diphosphate synthesis has been associated with ASD and
other mental disorders in both animal and human studies®*°. We also
observed anegative association between ASD and the shunt pathway
of 4-aminobutyric acid (GABA). GABA is a major inhibitory neuro-
transmitter of the mammalian central nervous system and has been
associated with ASD in previous studies® >,

Single microbial kingdom markers for ASD diagnosis

Bacterial markers for ASD diagnosis have been exploredin several stud-
ies®***. However, the performance of archaea, fungi, viruses, microbial
genes (KO families) or function pathways has not been explored in
ASD. To avoid discrimination bias driven by imbalanced sample size
and residual confounders, we constructed a matched subcohort of
children with ASD (n =301, 95 girls and 206 boys) and children con-
sidered neurotypical (n =301, 95girls and 206 boys) using one-to-one
pairing algorithm?**, based on the discovery cohort (n =1,083, Fig. 3a).
After matching, there was no difference in these confounders between
children considered neurotypical and children with ASD within the
matched subcohort (Extended Data Fig. 4). These results illustrated
a comparable environmental and host background in children con-
sidered neurotypical or with ASD, thus our model is less likely to have
been affected by these important factors®* (Fig. 3a).

Within the matched cohort, wefirst tested the accuracy of models
using single-kingdom markers to distinguish children with ASD from
children considered neurotypical. Amongall single-kingdom markers,
the microbial pathway model displayed the strongest predictive ability
todetect ASD withanaverage area under curve (AUC) of 0.87 (Fig. 3b),
followed by microbial genes (AUC 0.86), bacteria (AUC 0.85), archaea
(AUC 0.76), fungi (AUC 0.74) and viruses-based (AUC 0.68) models
(Fig. 3b). Collectively, our findings demonstrate that faecal microbi-
ome markers from different kingdoms provide promising predictive
capabilities for ASD diagnosis.
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Fig.3|Random forest models for the diagnosis of ASD. a, Schematic diagram 20 random repeats of model training and test. Differences between groups
of random forest model development. The balanced dataset of childrenwithASD  were evaluated using two-sided Wilcoxon rank-sum test. Data are shown as
(n=301) versus children considered neurotypical (NT, n = 301) was constructed median (centre line), 25th and 75th percentiles (box limits), and 5th and 95th
from the original discovery cohort (n =1,083) using one-by-one pairing percentiles (whiskers). ¢, Prevalence and relative abundance of the top 31
algorithm, accounting for 24 significant confounders. A train-test sample split markers employed by the random forest model in the balanced dataset of
of 70% for training and 30% for testing was utilized, and the testing data were children with ASD (n=301) and children considered neurotypical (NT, n = 301).
then used to estimate the accuracy of the random forest model. This process d, Associations between 31 markers with ASD assessed using MaAsLin2
was randomly repeated 20 times to obtain a distribution of random forest (two-sided test, Pvalue adjusted using the FDR method). *FDR < 0.05,
prediction evaluations on the testing set. The input data are a vector with six **FDR < 0.01, **FDR < 0.001. Exact FDR values are provided as Source data.

components: archaea, bacteria, fungi, viruses, microbial pathways and KO genes. e, Meandecrease inaccuracy of the 31 markers.
b, Box-and-whisker plot displaying the distribution of AUC scores yield from

Multikingdom microbial markers for ASD diagnosis neurotypical and children with ASD (Fig. 3¢). Based on MasAsLin2, 21
We next explored the performance of the model combining multiking-  markers were significantly depleted whereas 10 markers were signifi-
dom features. We found that the ensembled model showed superior  cantly enriched in childrenwith ASD (Fig.3d). We re-analysed the impor-
performance (average AUC 0.91) for the diagnosis of ASD compared tance of these 31features and observed that the accuracy of the model
with models based onsingle-kingdom features (Fig.3b). Theseresults  wasdriven predominantly by the ubiquinol-7 biosynthesis pathway, the
confirmed that the multikingdom faecal microbiome biomarker  GTPase and the thiamine diphosphate biosynthesis pathways (Fig. 3e),
panel had a higher diagnostic performance for detecting ASD than  whichsupport their potential role in ASD pathogenesis. In addition, the
single-kingdom panels. To identify the minimal number of microbi-  depletion of several bacteria, including Streptococcus thermophilus,
ome markers thatachieve the highest accuracy, weincludedidentified Lawsonibacter asaccharolyticus, Weissella confuse, Weissella cibaria
markers consecutively into the model accordingto theirranking,and  and Bacteroides sp. PHL2737, were also the top-ranked microbial fea-
finally, a total of 31 microbial features showed an AUC of 0.91 for the  tures contributingto the diagnostic accuracy (Fig. 3e). Collectively, our
diagnosis of ASD (Fig. 3b). The prevalence and relative abundance of  analysis shows that a 31-faecal microbiome marker panel represents
these 31 markers differed significantly between children considered  a potentially promising non-invasive tool for the diagnosis of ASD.
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Fig. 4| Validation of the random forest models. a, AUC (95% CI) of random
forest models employing different features in the validation cohort.

The sensitivity, specificity and accuracy were calculated on the basis of the
Youdenindex. AUCs were calculated after adjustment for technical factors
and available covariates including age, sex, BMI, BSBF, functional constipation

and defecation disorders. b, Associations between ASD and 31identified faecal
microbiome markers across five cohorts calculated using MaAsLin2 (two-sided
test). The Coef. value was only marked when P < 0.05. ¢, AUC of model using 31
markers tested in theindependent ADHD and atopic dermatitis cohorts. Pvalues
were calculated using Wilcoxon rank-sum test (two-sided test).

Validations inindependent cohorts and public datasets

Toexternally validate the diagnostic value and to avoid over-optimistic
reporting of diagnostic accuracy, we tested the 31-marker panelinan
independent hospital cohort. We found that our models maintained an
AUC ranging from 0.55 to 0.87 (Fig. 4a). Among them, the ensembled
model using 31 markers ranked first in AUC at 0.87, with a sensitiv-
ity of 91% and a specificity of 73% (Fig. 4a). The relative abundance
of the 28 out of 31 markers remained significantly different between
children considered neurotypical and children with ASD (Fig. 4b). Fur-
thermore, our models showed an AUC ranging from 0.61to0 0.89 in a
younger subset of children in this validation cohort (n =31, 6 years
old or younger), where the ensembled model using 31 markers again
achieved the highest accuracy (Extended Data Fig. 5). We also tested

whether this panel could be applied to predict therisk of ASD inanother
younger cohort (116 children with ASD and 60 children considered
neurotypical, 1-8 years old, 29.5% female, Extended Data Table 2). The
trained model achieved an AUC of 0.89, with arelatively balanced per-
formance for males and females. Whenreducing the age rangeto 6 years
or younger and 4 years or younger, the model showed AUCs of both
0.91. We tested the associations between these 31 markers and ASD
in this younger cohort stratified by age and confirmed that most of
these associations were still reproducible (Fig. 4b and Extended Data
Fig. 6). Takentogether, these results demonstrate the robustness of our
trained model and the 31-marker panel across ages, sexes and cohorts.

To further test the reproducibility of our 31-marker multiking-
dom panel across different populations, we integrated 237 shotgun
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faecal metagenome data from six public datasets from Asia, Europe
and America**"* (Extended Data Fig. 7a). The panel showed an AUC
of 0.78 in differentiating children with ASD from children considered
neurotypical, with a sensitivity of 65.30% and a specificity of 72.4%
(Extended Data Fig. 7b). More importantly, it showed comparable
performance for males and females, confirming the applicability of
our model toboth sexes (Extended DataFig. 7b). Overall, this 31-marker
multikingdom panel may be relevant across different populations and
geographical locations.

Specificity of the multikingdom marker panel

Considering shared microbiotaalterations across different diseases**,
itisimportant to verify the disease specificity for our identified micro-
bial biomarkers panel to ensure alow false positive rate for the diagnosis
of ASD. For this purpose, we assessed our trained model in two non-ASD
cohortsinchildren with attention deficit hyperactivity disorder (ADHD,
n=118) oratopic dermatitis (n = 78; Fig. 1a). ADHD and atopic dermatitis
havebeenreported tobe associated with alterationsin the gut micro-
biota**"*¢, AUC values of our marker panel were lower in children with
atopic dermatitis or ADHD (AUC 0.51) and atopic dermatitis (AUC 0.58;
Fig. 4c).Inaddition, only 17 of the tested participants were predicted
to have ASD by the trained model, reflecting alow false positive rate of
8.7%. Overall, these results support the specificity of the 31-biomarker
multikingdom panel for ASD.

Decreased ubiquinol-7 and thiamine diphosphate in ASD
Previous studies suggested that ubiquinol improves symptoms in
children with ASD*?, Decreased concentrations of plasma thiamine
(vitamin B1) andits related metabolites, such as thiamine diphosphate,
have beenimplicated in ASD*"*. However, the reasons underlying these
observations are still unclear. We found that the relative abundance of
the ubiquinol-7 biosynthesis pathway and the thiamine diphosphate
biosynthesis pathway predominantly drove the accuracy of our diag-
nosis model and exhibited a consistent reductionin children with ASD
across three cohorts compared with children considered neurotypical
(Fig. 4b). A total of 17 enzymes were involved in these two pathways,
and most of them were depleted in children with ASD across different
cohorts (Extended Data Fig. 8). Altogether, these findings highlight
that decreased abundance of ubiquinol-7 and thiamine diphosphate
biosynthesis genesinthe gut microbiotaappearedto be strongly asso-
ciated with ASD.

Discussion

Most studies have primarily focused on gut bacterial alterations in
ASD*°2, Recently, investigations have revealed the critical roles of
non-bacterial microorganisms, such as archaea, fungi and viruses in
the gut-brain axis**2. However, they are rarely explored in ASD. In this
study, we performed a comprehensive analysis of the multikingdom
and functional microbiome using over 1,600 metagenomes across 5
independent cohorts in children. We showed that archaeal, fungal,
viral species and functional microbiome pathways could also separate
children with ASD from children considered neurotypical. We dem-
onstrated that a model based on a panel of 31 multikingdom markers
achieved high predictive values for ASD diagnosis. The reproducible
performance of the models across ages, sexes and cohorts highlights
their potential as promising diagnostic tools for ASD.

We discovered a series of bacterial and non-bacterial markers and
profiled their associations with ASD. Among them, we observed several
beneficial bacteria, such as Streptococcus thermophilus®, Weissella
confusa’* and Weissella cibaria®~° that exhibited negative associations
with ASD. Several bacterial markers for ASD have also been reported
in previous studies, such as Bacteroides stercoris®. However, very few
studies have looked at the association between ASD and archaea, fungi
and viruses, therefore these markers we reported require further explo-
ration in future studies. In addition, we found that specific microbial

functions may contribute to ASD pathogenesis via the deregulation of
ubiquinol and thiamine diphosphate biosynthesis*~*. Ubiquinol and
thiamine-related metabolites play crucial roles in mental health and
neural signal transduction®%, Our findings provided further evidence
that thiamine diphosphate biosynthesis of the gut microbiome may
also serve as atherapeutic targetin the future.

Although several studies have attempted toidentify reproducible
microbial biomarkers for ASD***, adequate validations in different
cohortsarescarce. Thelack of agreementacross studies raises the ques-
tion of whether microbial results obtained so far reflect intrinsic bio-
logical differences across cohorts, experimental biases orinadequate
statistical power to preclude meaningful comparisons. Onthe basis of
our ASD metagenomic dataset, we systematically evaluated the impact
of host variables and technical factors on gut microbiota, and we fully
adjusted the identified confounders throughout the analysis. Also, a
matching algorithm for developing the machine learning model was
adopted from a previous study which showed that mismatched host
variablesinduce significant overestimation of AUC for binary classifi-
cation of human diseases, as the unmatched confounders will reduce
the machine learning model’s ability to focus on the disease itself
and therefore decrease its robustness across cohorts*. Furthermore,
although the method of undersampling the majority class and then
adding the environmental/technical factors as additional covariates
in a mixed model is traditional, it may be more challenging to apply
clinically given that data other than faecal microbiome willneed tobe
collected and are harder to interpret biologically in real-life settings;
therefore, asolely faecal microbiome-based random forest model was
employed to achieve the prediction of ASD in this study. Finally, we
showed superior diagnostic accuracy for models constructed using
multikingdom and function markers than single-kingdom markers,
in particular the addition of microbial pathways which has also been
shown to have high diagnostic and prognostic value in other human
diseases**°. Moreover, models based on the 31-marker panel achieved
very high predictive values for ASD diagnosis with robust performance
across cohorts, ages and sexes. Although there is no disease-modifying
treatment available for ASD, early identification of the disorder for
comprehensive evaluation and initiation of training has been shown to
lead to better social and behavioural outcomes. Our model has promis-
ing potential for clinical application and warrants further exploration.
Moreover, the 31-marker panel included several archaea, fungi and
viruses, highlighting the pivotal roles of non-bacterial microorganisms
asdiagnostic ASD biomarkers. The correlations among multikingdom
species may also be developed into complex microbiota assemblies
that serve as ecological drivers in the pathogenesis of ASD. However,
the functional capabilities of these multikingdom associations have
not beeninvestigated and deserve further analysis.

There has been a heated debate about whether ASD-associated
gut dysbiosis is driven solely by dietary preferences®’. Our results
showed that diet has an impact on the gut microbiome in children
with ASD. However, ASD-associated microbiome alterations including
microbial diversity and composition remained present after correc-
tion for dietary factors in our analysis. At the same time, to avoid our
diagnostic model being misled by environmental and host factors,
we have constructed a fully matched training cohort on the basis of a
one-by-one pairing algorithm®**, which therefore reduced the influ-
ence of confounding factors and might explain the robustness of our
model across cohorts. We have also included an analysis of two com-
mon childhood diseases known to have an association with gut micro-
biome alterations, atopic dermatitisand ADHD, and demonstrated that
our 31-marker panel remained specific to ASD diagnosis.

Analysis of children cohorts that are heterogeneous in life-
style, ethnicity and location presents a distinct opportunity for
studying ASD-associated microbiome. By combining multiple small
hospital-based and community cohorts of potentially low generaliz-
ability, we were able to obtain abetter representation of the spectrum
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of ASD cases and controls. However, this study has some limitations.
Our understanding of how the gut microbiome is linked to dietary
preferences, host immunity and Gl and ASD behavioural symptoms
is limited in cross-sectional studies, hence current data restrict our
ability to perform causal inference. Although we did not analyse the
effect of genotype on the microbiome, previous studies have iden-
tified genes that are at high risk for ASD*“*, Prospective studies of
genetic markers in combination with microbiome panels are needed
to establish whether they can further elevate the diagnosticaccuracy
to predict ASD earlier for disease prevention. In addition, although a
previous study has fully characterized the matching algorithm?, it
may alsointroduce unknown biases into theresults, thusindependent
validation and testing for the trained models are necessary. We have
initially demonstrated the robustness of our model across cohorts
and ages, with alow sensitivity to unrelated diseases including ADHD
and atopic dermatitis, but a prospective validation trial of our models
acrossthe entire spectrum of neurodevelopmental conditions, com-
mon physical diseases of children and geographical locations would
be highly needed to further demonstrate the universality and clinical
applicability of these markers. Lastly, although our model shows good
performance across ages, sexes and cohorts as well as the public data-
set, there might be aresidual possibility of unmeasured confounders
or batch effects which are hard to avoid and may potentially lead to
inflated performance, hence independent third-party validation is
warranted before clinical application.

Inconclusion, this study presents a highly specific multikingdom
microbial panel for non-invasive diagnosis of ASD. Development of
reproducible microbiome biomarkers and accurate disease predic-
tive models from combined analyses of heterogeneous ASD forms
the basis for future clinical diagnostic tests and hypothesis-driven
mechanistic studies.

Methods

Ethics statement

This research complies with ethics regulations, with protocol approved
by theJoint Chinese University of Hong Kong-New Territories East Clus-
ter Clinical Research Ethics Committee (the Joint CUHK-NTEC CREC).
Written consent was obtained from the children’s parents.

Study population

Discovery ASD cohort. Children considered neurotypical or with
ASD aged less than 12 years of age were recruited from the Child
and Adolescent Psychiatric Clinic of the New Territory East Cluster
(NTEC) of the Hospital Authority from December 2021 to Decem-
ber 2023. The NTEC serves one of the largest populations in Hong
Kong, of which the Child and Adolescent Psychiatric Clinic receives
constant referrals from the Child Assessment Centre, school educa-
tion psychologists and private medical doctors for the assessment
and treatment of children with ASD. The diagnosis of ASD was made
by child psychiatrists on the basis of the Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition (DSM-5) diagnostic crite-
ria®. Children considered neurotypical that were matched on age and
sex to children with ASD were invited from participants of an ongo-
ing territory-wide psychiatric epidemiological study (CREC Ref. No.
2018.497) in the same Child and Adolescent Psychiatric Clinic where
over 6,000 random community-based youths were assessed on the
presence of psychiatric disorders using the Diagnostic Interview
Schedule for Children (DISC-5). To exclude the possibility of ASD
from these community participants, children considered neurotypi-
cal were first screened using the Chinese Autism Spectrum Quotient
Child Version®* (AQ-Child, for children up to 11 years old). Exclusion
criteriafor children considered neurotypical included a positive fam-
ily history of ASD among first-degree relatives, screening positive
in the AQ-Child and the presence of psychiatric disorder according
to the DISC-5. Exclusion criteria for both groups included mental

retardation, neurological disorders, psychosis, depressive disorders
or other major medical illness and avoidant/restrictive food intake
disorder assessed by a 3-day food record questionnaire. Participants
using probiotics, antidepressants, anti-epileptics and those who had
exposure to antibiotics within1 monthbefore entering the study were
also excluded. Children’s parents or legal guardians were informed of
the nature of the study and written informed consent was obtained.
The study protocol followed the Declaration of Helsinki.

Afterrecruitment, parent/guardian-filled questionnaires and med-
icalrecords were used to profile each participantin the following areas:
(1) social demographics: family composition, education level of par-
ents, household income, number of siblings; (2) physical parameters
of body height and weight; (3) presence of common physical diseases
inchildrensuch as atopic dermatitis and asthma (n = 14); (4) common
co-occurring psychiatric disorders such as ADHD (n =7); (5) the pres-
ence of functional gastrointestinal disorder, defined according to the
RomelV Criteria, including three broad categories of functional nausea
and vomiting disorder (FNVD), functional abdominal pain disorders
(FAPD), functional defecation disorders (FDD) and stool consistency
assessed by the BSFS (n = 4); (6) medication history including the use
of psychiatric medications (n =7); (7) parental parameters (n=5) and
(8) dietary patterns (assessed by food consumption within 3 months,
n=201). Finally, 709 children with ASD and 374 children considered
neurotypical (24.3% female) of Chinese ethnicity aged between 3 and
12 years old were recruited.

Independent hospital ASD cohort. Toindependently validate the per-
formance of the selected markers and trained models, we performed
metagenomics analysis on an independent historical hospital cohort
recruitedin 2018 from the Child and Adolescent Psychiatric Clinicand
consisting of 172 boys (90 children considered neurotypical and 82
participants with ASD, 4-11 years old). The neurotypical boys screened
negative onthe AQ-Child with parent-reported absence of psychiatric
diagnosis. Otherwise, the inclusion and exclusion criteria were the
same as those of the discovery cohort. It was also ascertained by the
research team that there was no overlapping of participants between
the historical cohort and the discovery cohort as they were recruited
from the same Psychiatric Clinic.

Independent community ASD cohort. To validate the accuracy of the
selected markers and trained models for ASD detection in the commu-
nity setting, anindependent community cohort consisting of children
considered neurotypical or with ASD of younger ages was recruited
from March 2022 to December 2023. These children were recruited
from the families of service users in a community-based educational
support programme. Other than aself-reported diagnosis of ASD, the
parents had to submit aformal medical certificate froma qualified psy-
chiatrist, paediatrician or psychologist to confirm the ASD diagnosis
before the child was recruited as the case group. Children considered
neurotypical not related to the case group were recruited as the control
group according to the same inclusion and exclusion criteria as above.
Finally, 116 children with ASD and 60 children considered neurotypical
(29.5% female) of Chinese ethnicity aged between 3 and 12 years old
were recruited.

Independent ADHD cohort. To validate the specificity of the selected
markers and trained models for ASD detection, anindependent cohort
consisting of children with ADHD and children considered neuro-
typical was recruited from the community under the same study and
sampling frame as the independent ASD community cohort. Partici-
pants with a confirmed diagnosis of ADHD based on the ADHD rat-
ing scale (ADHD-RS)® and Test of Variables of Attention (T.O.V.A)®
were recruited as the case group. Children considered neurotypi-
cal not related to the case group were recruited as the control group
according to the same inclusion and exclusion criteria as above.
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Finally, 42 children with ADHD and 76 children considered neuro-
typical (38.1% female) of Chinese ethnicity aged between 1 and
13 years old were recruited.

Independent atopic dermatitis cohort. To validate the specificity of
the selected markers and trained models for ASD detection, an inde-
pendent cohort consisting of children with or without atopic dermatitis
was recruited. Children were clinically examined by a paediatrician
for signs of atopic dermatitis on the basis of Hanifin and Rajka crite-
ria®, and those with a diagnosis of atopic dermatitis were recruited as
the case group. Children without any sign of atopic dermatitis were
recruited as the control group. Written consent was obtained from the
children’s parents. The study was approved by the Joint CUHK-NTEC
CREC (CREC Ref. No. 2016.637). Finally, 40 children with atopic der-
matitis and 38 controls (47.4% female, 1 year old) of Chinese ethnicity
wererecruited.

HK$200 worth of supermarket coupons were given to each par-
ticipant. No statistical methods were used to predetermine sample
sizes, but our sample sizes are similar to those reported in previous
publications®°5,

Phenotype data cleaning and preprocessing

Most host variables for comorbidities, unrelated mental disorders, Gl
parameters and medication history were defined as binary with a posi-
tive and negative class. Beyond binary variables, the stool consistency
was assessed uisng BSFS, which is a categorical variable from1to 7
(ref. 69). Within parental parameters, educational level was defined
as a categorical variable from ‘primary’, ‘secondary’ to ‘tertiary or
above’, and household income was divided into ‘below HK$10,000’,
‘HK$10,001-HK$30,000’, ‘HK$30,001-HK$50,000° and ‘over
HK$50,000". Potential confounding factors with continuous values
were transformed into discrete variables as quartiles.

Stool sample collection

Faecal samples were collected at home by all participants using tubes
containing Norgen preservative media (63700, Norgen Biotek) pre-
pared by investigators. The Norgen preservative can preserve and allow
safe transportation of microbial DNA and RNA atambient temperature
and eliminated sample variability. Stool samples were delivered to the
hospital within 24 h of collection and stored at —80 °C refrigerators
until further processing. We have previously shown that data on the
gut microbiota composition generated from faecal samples collected
using this preservative medium was comparable to data obtained
from fresh samples that were immediately stored at -80 °C"°. Also,
the storage times were comparable between cases and controls in all
involved cohorts.

Stool DNA extraction and sequencing

Toavoid potential batch effects from sample processing and sequenc-
ing, all faecal samples from each cohort were handled in arandom
sequence according to the same protocol. Briefly, after removing
the preservative media, microbial DNA was isolated with the Qia-
gen DNeasy PowerSoil Pro kit, according to manufacturer instruc-
tions. After the quality control procedures using Qubit 2.0, agarose
gel electrophoresis and Agilent 2100, extracted DNA was subjected
to DNA libraries construction, completed through the processes
of end repairing, adding A to tails, purification and PCR amplifica-
tion, using Illumina DNA Prep (M) Tagmentation. Libraries were
subsequently sequenced on our in-house Illumina NovaSeq ssytem
(150 base pairs, paired-end). ZymoBIOMICS Microbial Community
Standard (D6300, ZYMO Research) and ZymoBIOMICS Microbial
Community DNA Standard (D6306) were used as positive controls
during DNA extraction, library construction, sequencing and qual-
ity assessment, while resequencing was performed when abnormal
signals were detected.

Sequencing data preprocessing

Raw sequence data were quality filtered using Trimmomatic (v.39)
to remove the adaptor, low-quality sequences (quality score <20)
and reads shorter than 50 base pairs”. The remaining reads were
mapped to the mammalian genome (hg38, felCat8, canFam3,
mmlO, rné, susScr3, galGal4 and bosTau8 were collected from UCSC
Genome Browser at https://genome.ucsc.edu/) and bacterial plas-
mids (National Center for Biotechnology Information (NCBI) RefSeq
database accessed injanuary 2023 at https://www.ncbi.nlm.nih.gov/
refseq/), complete plastomes (NCBI RefSeq database accessed in
January 2023 at https://www.ncbi.nlm.nih.gov/refseq/) and UniVec
sequences (NCBIRefSeq database accessed inJanuary 2023 at https://
www.ncbi.nlm.nih.gov/refseq/) using bowtie2 (v.2.4.2)’%; matching
readsthat were potentially host-associated and laboratory-associated
sequences were removed as contaminant reads using KneadData
v.0.6. GNU parallel (v.3.0) was used for parallel analysis jobs to accel-
erate data processing.

Microbial taxonomic and functional profiles

According to previous studies®”*, the taxonomic classification of
bacteria, archaea, fungi and viruses was assigned to metagenomic
reads using Kraken 2 (v.2.1.2), an improved metagenomic taxonomy
classifier that utilizes k-mer-based algorithms™. A custom database
consisting of bacterial, archaeal and viral reference genomes fromthe
NCBIRefSeq database (accessed inJanuary 2023) and fungal reference
genomes from the NCBI RefSeq database (accessed in January 2023),
FungiDB (http://fungidb.org) and Ensemble (http://fungi.ensembl.
org, accessed in January 2023) was built using Jellyfish (v.2.3.0) by
countingdistinct 31-mersin the referencelibraries, with each k-merina
read mapped to the lowest common ancestor of all reference genomes
with exact k-mer matches”. Thereafter, each query was classified to a
specific taxon with the highest total k-mer hits matched by pruning the
general taxonomic trees affiliated withthe mapped genomes. Bracken
(v.2.5.0) was used to accurately estimate taxonomic abundance’,
especially at the species and genus level, based on Kraken 2. The read
counts of species were converted into relative abundance for further
analysis. Microbiome functional pathways and KO gene families were
profiled using HUMAnNN (v.3.0) and transformed into relative abun-
dancebefore analysis. The microbiome data were transformed viathe
centred log-ratio (CLR) transformation using the geometric mean of
relative abundances of these features as the CLR denominator to break
the compositionality of the data and normalize skewed distributions
of microbiome features using the R package ‘compositions’ (v.2.0-5)".
After transformation, the data distribution was assumed to be normal,
but this was not formally tested.

Calculation of microbiome-phenotype associations

The proportion of variance in microbiome composition that can
be explained by phenotypes was simultaneously calculated by per-
mutational multivariate analysis of variance (PERMANOVA) using
distance matrices (adonis) implemented in the adonis function of the
R package vegan (v.2.6-4)"® following a previous study?. Analysis was
performed on the microbiome beta-diversity (Bray—Curtis distance
matrix calculated using relative abundances of microbial species) and
phenotypes using the adonis2 implementation of the PERMANOVA
algorithmin Rwith 9,999 permutations. To calculate the proportion
of microbiome functional potential explained by phenotypes, an
equivalent analysis was performed on the Bray-Curtis distance matrix
calculated using relative abundances of MetaCyc microbial biochemi-
cal pathways and KO genes. The total proportion of microbiome com-
position variance and function explained by groups of phenotypes
was calculated by multivariate adonis analyses. The analyses were
performed for each kingdom separately, and all factors that have a
significant impact on any kingdom are presented and employed for
the subsequent analysis.
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The diversity of microbiome was measured using Shannon index
and richness (defined by the observed number of species), and the
difference in microbiome diversity between children with ASD and
children considered neurotypical was calculated using MMUPHin
(v.1.18.0)” after adjustment for the above-identified significant con-
founders. The associations between each microbiome feature (micro-
bial taxa at species level, MetaCyc pathways and KO genes) and ASD
were calculated using MaAsLin2 (v.1.4.0)%°, which relies on general
linear models and offers a variety of data exploration, normalization
and transformation methods. To correct for potential confounders, the
association analysis included all phenotypes that showed significant
association (P < 0.05) with microbiome composition or function in
the above analyses.

Subcohort of children considered neurotypical or with ASD

To avoid prediction bias driven by the imbalanced sample size of chil-
drenwith ASD (n=709) and children considered neurotypical (n = 374)
intheoriginal discovery cohort and to account for potential confound-
ers, we constructed a fully paired subcohort with equal number of cases
and controls for marker selection and model training. The method used
for building such a fully paired cohort with a balanced sample size of
children considered neurotypical and with ASD was adopted from pre-
vious studies®**, Briefly, the pairing algorithm was constructed on the
basis of all phenotypes that showed significant association (P < 0.05)
with microbiome composition or function in the above univariate
analyses. The pairwise Euclidean distances were computed between
the children considered neurotypical (n =709) and participants with
ASD (n=374) on the basis of the above set of matching variables that
werenormalized to zero-mean and unit variance (centred and scaled).
Subsequently, a child with ASD and the closest neurotypical child were
removed from the selection group and then added to the subcohort.
The selection process was successive until no children considered
neurotypical remainedinthe selection group. If multiple ASD samples
shared the closest distance with children considered neurotypical, a
random ASD sample was selected and moved into the subcohort. The
one-by-one pairing was done independently by sex. Finally, a total of
301 children considered neurotypical (95 girls and 206 boys) and 301
childrenwith ASD (95 girls and 206 boys) were employed in the subco-
hort with abalanced number of cases and controls.

Random forest binary classifier

Machine learning binary classifier used random forest through the
package randomForest (v.4.7-1.1) inR (4.1.3), as this algorithm has been
shownto outperform, onaverage, other learning tools for microbiota
datain previous studies*>*. Normalized abundance tables were used
to train the model. Machine learning models were first trained on
the randomly selected training set (70%, 5-fold cross-validation) and
then applied to the withheld test set (30%) to assess performance.
Then, we tuned hyperparameters (for example, mtry, ntree, nodesize,
maxnodes) using the caret package (v.6.0-88) on the basis of the model
performance in the test set to avoid overfitting issues. Finally, with
the best combination of hyperparameters, the random split of the
cohort was repeated 20 times to obtain a distribution of random for-
est prediction evaluations on the test set, and the mean AUC value was
calculated accordingly for visualization of results. The highest-ranked
and frequently selected microbial features were considered predictive
signatures for further interpretation. Weretrieved prediction perfor-
mance for each feature using the same training datasets. The trained
models were then tested in the independent validation cohorts to
assess their robustness, which was assessed by AUC calculated using
predicted probabilities. Considering the potentially unbalanced
covariates between children with ASD and children considered neu-
rotypicalin theindependent hospital cohort and community cohort,
corresponding adjusted AUCs were calculated after adjustment for
technical factors and available covariates including age, sex, BMI,

BSBF, functional constipation and defecation disorders using the R
package ‘pROC’ (v.1.18.5).

Public data download and processing

For the construction of the external dataset, a total of 353 raw shotgun
faecal metagenomes were obtained from sixindependently published
studies across four countries®*'. After removing studies with sequenc-
ingdepthlessthan4 GB (n =32) and those without metadata(n=84),a
total of 237 samples were included in the final analyses. Quality filtra-
tion and species-/function-level profiling were performed according
tothe above standardized process. The trained model using 31 markers
was thentestedinthe public dataset to assessits robustness as assessed
by AUC calculated using predicted probabilities. Adjusted AUCs were
calculated after adjustment for available covariates, including age, sex
and batch effects (defined by different studies), from public datasets
using the R package ‘pROC’ (v.1.18.5).

Statistical analysis

No statistical method was used to predetermine sample size. No data
were excluded from the analyses. Statistical analyses were done using
Rv.4.1.3. Considering that microbial data are sparse with anon-normal
distribution, relevant statistics using relative abundance were per-
formed using the ggpubr (v.0.6.0) package (https://github.com/kas-
sambara/ggpubr) with non-parametric tests, such as the Wilcoxon
rank-sum test. Multiple hypothesis testing corrections were done using
the false discovery rate (FDR) method.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The metagenomic sequencing data generated in this study have been
deposited in the NCBI Sequence Read Archive database under acces-
sion code PRJNA943687. The publicly available raw sequencing data
were downloaded through the retrieved accession numbers from
cited papers, including GSE113540, PRJNA516054, PRINA782533,
CRA004105, PRJEB23052 and CRA001746. Mammalian genomes
including hg38, felCat8, canFam3, mm10, rné6, susScr3, galGal4 and
bosTau8 are available in UCSC Genome Browser at https://genome.
ucsc.edu. Bacterial plasmids, complete plastomes, UniVec sequences
and reference genomes database consisting of bacterial, archaeal
and viral reference genomes are available in NCBI RefSeq database at
https://www.ncbi.nlm.nih.gov/refseq. Fungal reference genomes are
available in NCBI RefSeq database (https://www.ncbi.nlm.nih.gov/
refseq), FungiDB (http://fungidb.org) and Ensemble (http://fungi.
ensembl.org). Source dataare provided with this paper.

Code availability

All software used are from publicly available sources. Codes used
for the microbiome analyses or figures are available via GitHub at
https://github.com/qsu123/ASD_multi-kingdom_diagnosis ref. 81.
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Extended DataFig. 2| The influence of individual phenotypic factor on test) in the discovery cohort (709 ASD and 374 NT). Phenotypic factors with a
the multi-kingdom microbiome (archaea, bacteria, fungi and viruses) significant (p < 0.05) influence on each kingdom were marked with *. ASD, autism
composition assessed by multivariate PERMANOVA analysis (two-sided spectrum disorder; NT, neurotypical.
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Extended Data Fig. 8 | Decreased abundance of ubiquinol-7 and thiamine and ASD were assessed by MaAsLin 2 (two-sided test). The Coef value of each
diphosphate biosynthesis genes in ASD children across different cohorts. association was only marked when p value less than 0.05. ASD, autism spectrum

Associations between ubiquinol-7 and thiamine diphosphate biosynthesis genes disorder; NT, neurotypical.
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Extended Data Table 1| Demographics of subjects recruited in this study

Cohorts  Group n Sex Age, ave (IQR)

) ASD 709  Female, 13.4% 8 (6-9)
Discovery

NT 374  Female, 44.9% 9 (8-10)

Hosbital ASD 82 Male 8 (5-11)

P NT 90 Male 8 (5-11)

. ASD 116 Female, 27.6% 3 (2-6)
Community

NT 60 Female: 33.3% 3 (2-6)

ADHD ADHD 42 Female, 26.2% 8 (7-10)

NT 76 Female, 44.8% 5(3-7)

Atobic dermatitis Case 40 Female, 47.5% 1(1-1)

P Control 38 Female, 47.4% 1(1-1)

Notes: ASD, autism spectrum disorder; NT, neurotypical; ADHD, attention deficit hyperactivity disorder; ave, average; IQR, interquartile range.
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Extended Data Table 2 | Validation of model using 31 markers on the independent community cohort

All (Age 1-8) Age<6 Age<4

ASD, n 116 88 46
NT, n 60 42 27
AUC 0.89 0.91 0.91

Sensitivity 75.9% 90.9% 86.9%

Specificity 86.7% 83.7% 85.2%

Accuracy 79.5% 88.6% 86.3%

False Positive Rate 13.3% 16.2% 14.8%

False Negative Rate 24.1% 9.1% 13.0%
Positive Prediction Value 91.7% 91.9% 90.9%
Negative Prediction Value 65.0% 81.8% 79.3%

Notes: ASD, autism spectrum disorder; NT, neurotypical; AUC, area under curve. AUC were calculated after adjustment for technical factors and available covariates including age, gender,
BMI, BSBF, functional constipation and defecation disorders.
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Data collection  For full details see Methods; Bcl2fastq (v2.20), Trimmomatic (v39), Bowtie2 (v2.4.2), KneadData (v0.6), Kraken 2 (v2.1.2), Bracken (v2.5.0),
HUMANN (v3.0), GNU parallel (v3.0) were used to process the microbiome sequencing data. R packages including compositions (v2.0-5),
vegan (v2.6-4), randomForest (v4.7-1.1), pROC (v1.18.5), ggpubr (v0.6.0), MaAsLin2 (v1.4.0), MMUPHin (v1.18.0), caret (v6.0-88) were used
to analyze the microbiome profiling data.

Data analysis All software used were from publicly available sources. Open-source codes and scripts used for the microbiome analyses or figures are
available at the GitHub repository (https://github.com/qsu123/ASD_multi-kingdom_diagnosis).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The metagenomic sequencing data generated in this study have been deposited in the NCBI Sequence Read Archive database under accession code PRINA943687.
The public available raw sequencing data were downloaded through the retrieved accession numbers from cited papers, including GSE113540, PRINA516054,
PRJNA782533, CRA004105, PRJIEB23052 and CRA001746. Mammalian genome including hg38, felCat8, canFam3, mm10, rn6, susScr3, galGal4 and bosTau8 were
available in UCSC Genome Browser at https://genome.ucsc.edu. Bacterial plasmids, complete plastomes, UniVec sequences and reference genomes database
consisting of bacterial, archaeal and viral reference genomes were available in NCBI RefSeq database at https://www.ncbi.nIm.nih.gov/refseq. Fungal reference
genomes were available in NCBI RefSeq database (https://www.ncbi.nlm.nih.gov/refseq), FungiDB (http://fungidb.org) and Ensemble (http://fungi.ensembl.org).
Source data are provided with this paper.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Atotal of 1,627 children (aged 1-13 years, 24.4% female) from five independent cohorts were recruited in this study. The
information was collected during clinical interviews and verified from the clinical management system (CMS) of hospital
authority in Hong Kong

Reporting on race, ethnicity, or No socially relevant groupings were involved in this study.
other socially relevant
groupings

Population characteristics We reported this information in Extended Data Table 1, Figure 1a, Extended Figure 2 and 3. Extensive phenotype data (236
factors) were collected and analyzed . 24 factors including age, gender, BMI, sequencing batch, Bristol Stool Form Score, a
diagnosis of functional constipation or functional defecation disorders and 17 dietary factors, including beverages (Yakult),
dairy products (cheese and whole milk), eggs (whole boiled eggs and scrambled/sunnyside up eggs), fruits (apple/pear),
grains (wheat noodles/udon), meats (barbeque pork/lean pork, salmon), cooking oil (peanut oil, olive oil, corn oil, vegetable
oil and canola oil), snacks (candies and ice cream) and vegetables (choy sum) were treated as covariates in analysis.

Recruitment Discovery ASD cohort
ASD and neurotypical children aged less than 12 years of age were recruited from the Child and Adolescent Psychiatric Clinic
of the New Territory East Cluster (NTEC) of the Hospital Authority from Dec-2021 to Dec-2023. The NTEC serves one of the
largest populations in Hong Kong, of which the Child and Adolescent Psychiatric Clinic receives constant referrals from the
Child Assessment Centre, school education psychologists and private medical doctors for the assessment and treatment of
children with ASD. The diagnosis of ASD was made by child psychiatrists based on the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) diagnostic criteria64. Neurotypical children that were matched on age and sex to
children with ASD were invited from participants of an ongoing territory-wide psychiatric epidemiological study (CREC Ref.
No.: 2018.497) in the same Child and Adolescent Psychiatric Clinic where over 6000 random community-based youths were
assessed on the presence of psychiatric disorders using the Diagnostic Interview Schedule for Children (DISC-5). To exclude
the possibility of ASD from these community subjects, neurotypical children were first screened using the Chinese Autism
Spectrum Quotient Child Version65 (AQ-Child, for children up to 11 years old). Exclusion criteria for neurotypical children
included a positive family history of ASD amongst their first-degree relatives, screened positive in the AQ-Child, and the
presence of psychiatric disorder according to the DISC-5. Exclusion criteria for both groups included mental retardation,
neurological disorders, psychosis, depressive disorders or other major medical illness, and avoidant/restrictive food intake
disorder assessed by a 3-day food record questionnaire. Subjects using probiotics, antidepressants, anti-epileptics and those
who had exposure to antibiotics within one month before entering the study were also excluded. Children’s parents or legal
guardians were informed of the nature of the study and written informed consent was obtained. The study protocol followed
the Declaration of Helsinki.

After recruitment, parents/guardian-filled questionnaires and medical records were used to profile each participant in the
following areas: 1) Social demographics: family composition, education level of parents, household income, number of
siblings; 2) Physical parameters of body height and weight; 3) Presence of common physical diseases in children such as
atopic dermatitis and asthma (n=14); 4) Common co-occurring psychiatric disorders such as ADHD (n=7); 5) The presence of
functional gastrointestinal disorder was defined according to the Rome IV Criteria: including three broad categories of
functional nausea and vomiting disorder (FNVD), functional abdominal pain disorders (FAPD) and functional defecation
disorders (FDD) and stool consistency assessed by the BSFS (n=4); 6) medication history including the use of psychiatric
medications (n=7); 7) parental parameters (n=5) and 8) dietary patterns (assessed by food consumption within three months,
n=201). The study was approved by the Joint Chinese University of Hong Kong of New Territories East Cluster Clinical
Research Ethics Committee (CUHK-NTEC CREC, Ref. No.: 2021.550). Finally, 709 ASD and 374 neurotypical children (24.3%
female) of Chinese ethnicity aged between 3 and 12 years old were recruited.

Independent hospital ASD cohort
To independently validate the performance of the selected markers and trained models, we performed metagenomics
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analysis on an independent historical hospital cohort which was recruited in 2018 from the Child and Adolescent Psychiatric
Clinic and consisted of 172 boys (90 neurotypical children and 82 subjects with ASD, 4-11 years old). The neurotypical boys
were screened negative on the AQ-Child with parent-reported absence of psychiatric diagnosis. Otherwise, the inclusion and
exclusion criteria were the same as the discovery cohort. It was also ascertained by the research team that there was no
overlapping of subjects between the historical cohort and the discovery cohort as they were recruited from the same
Psychiatric Clinic. Written consent was obtained from the children’s parents. The study was approved by the Joint CUHK-
NTEC CREC (Ref. No.: 2018.497).

Independent community ASD cohort

To validate the accuracy of the selected markers and trained models for ASD detection in the community setting, an
independent community cohort consisting of ASD and Neurotypical children of younger ages was recruited from Mar-2022 to
Dec-2023. These children were recruited from the families of service users in a community-based educational support
programme. Other than a self-reported diagnosis of ASD, the parents had to submit a formal medical certificate from a
qualified psychiatrist, pediatrician or psychologist to confirm the ASD diagnosis before the child was recruited as the case
group. Neurotypical children not related to the case group were recruited as the control group according to the same
inclusion and exclusion criteria as above. Written consent was obtained from the children’s parents. The study was approved
by the Joint CUHK-NTEC CREC (Ref. No.: 2021.146). Finally, 116 ASD and 60 neurotypical children (29.5% female) of Chinese
ethnicity aged between 3 and 12 years old were recruited.
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Independent ADHD cohort

To validate the specificity of the selected markers and trained models for ASD detection, an independent cohort consisting of
children with ADHD and neurotypical children was recruited from the community under the same study and sampling frame
as the independent ASD community cohort. Subjects with a confirmed diagnosis of ADHD based on the ADHD rating scale
(ADHD-RS)66 and Test of Variables of Attention (T.0.V.A)67 were recruited as the case group. Neurotypical children not
related to the case group were recruited as the control group according to the same inclusion and exclusion criteria as above.
Written consent was obtained from the children’s parents. The study was approved by the Joint CUHK-NTEC CREC (CREC Ref.
No.: 2021.146). Finally, 42 ADHD and 76 neurotypical children (38.1% female) of Chinese ethnicity aged between 1 and 13
years old were recruited.

Independent atopic dermatitis cohort

To validate the specificity of the selected markers and trained models for ASD detection, an independent cohort consisting of
children with or without atopic dermatitis was recruited. Children were clinically examined by a pediatrician for signs of
atopic dermatitis by pediatricians based on Hanifin and Rajka criteria68, and those with a diagnosis of atopic dermatitis were
recruited as the case group. Children without any sign of atopic dermatitis were recruited as the control group. Written
consent was obtained from the children’s parents. The study was approved by the Joint CUHK-NTEC CREC (CREC Ref. No.:
2016.637). Finally, 40 children with atopic dermatitis and 38 controls (47.4% female, 1 year old) of Chinese ethnicity were
recruited.

HKD200 worth supermarket coupons were given to each participant.

Ethics oversight The study was approved by The Joint Chinese University of Hong Kong — New Territories East Cluster Clinical Research Ethics
Committee (The Joint CUHK-NTEC CREC). All subjects provided written informed consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design
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Sample size No statistical methods were used to pre-determine sample sizes, but our sample sizes are similar to those reported in previous publications.

Liu, N.N., et al. Multi-kingdom microbiota analyses identify bacterial-fungal interactions and biomarkers of colorectal cancer across cohorts.
Nat Microbiol 7, 238-250 (2022).

Tito, R.Y., et al. Microbiome confounders and quantitative profiling challenge predicted microbial targets in colorectal cancer development.
Nature Medicine (2024).

Data exclusions 1,627 samples were successfully sequenced and passed the quality assessment (read depth > 10 million), thus none were excluded from the
analyses.

Replication Machine learning models were first trained on the randomly selected training set (70%, 5-fold cross-validation) and then applied to the
withheld test set (30%) to access the performance. The random split of the cohort was repeated 20 times to obtain a distribution of random
forest prediction evaluations on the test set, and the mean AUC value was calculated accordingly for visualization of results. The trained
models were then tested in the independent validation cohorts to assess their robustness.

For independent validation using publicly available datasets, we integrated 237 shotgun stool metagenome data from 6 published studies




from 4 countries, and our trained model showed satisfactory performance.
All attempts at replication were successful.

Randomization  The random split of the cohort was repeated 20 times to obtain a distribution of random forest prediction evaluations on the test set, and the
mean AUC value was calculated accordingly for visualization of results. The trained models were then tested in the independent validation

cohorts to assess their robustness.

Blinding The conventional blinding (as used in clinical trials or intervention studies) was not relevant for this study because this study did not include
any interventions.

Reporting for specific materials, systems and methods
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