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ABSTRACT The existence of a link between the gut microbiome and autism spectrum
disorder (ASD) is well established in mice, but in human populations, efforts to identify
microbial biomarkers have been limited due to a lack of appropriately matched controls,
stratification of participants within the autism spectrum, and sample size. To overcome
these limitations, we crowdsourced the recruitment of families with age-matched sibling
pairs between 2 and 7years old (within 2 years of each other), where one child had a
diagnosis of ASD and the other did not. Parents collected stool samples, provided a
home video of their ASD child’s natural social behavior, and responded online to diet
and behavioral questionnaires. 16S rRNA V4 amplicon sequencing of 117 samples (60
ASD and 57 controls) identified 21 amplicon sequence variants (ASVs) that differed sig-
nificantly between the two cohorts: 11 were found to be enriched in neurotypical chil-
dren (six ASVs belonging to the Lachnospiraceae family), while 10 were enriched in chil-
dren with ASD (including Ruminococcaceae and Bacteroidaceae families). Summarizing
the expected KEGG orthologs of each predicted genome, the taxonomic biomarkers
associated with children with ASD can use amino acids as precursors for butyragenic
pathways, potentially altering the availability of neurotransmitters like glutamate and
gamma aminobutyric acid (GABA).

IMPORTANCE Autism spectrum disorder (ASD), which now affects 1 in 54 children in
the United States, is known to have comorbidity with gut disorders of a variety of
types; however, the link to the microbiome remains poorly characterized. Recent
work has provided compelling evidence to link the gut microbiome to the autism
phenotype in mouse models, but identification of specific taxa associated with au-
tism has suffered replicability issues in humans. This has been due in part to sample
size that sufficiently covers the spectrum of phenotypes known to autism (which
range from subtle to severe) and a lack of appropriately matched controls. Our origi-
nal study proposes to overcome these limitations by collecting stool-associated micro-
biome on 60 sibling pairs of children, one with autism and one neurotypically devel-
oping, both 2 to 7 years old and no more than 2 years apart in age. We use exact
sequence variant analysis and both permutation and differential abundance proce-
dures to identify 21 taxa with significant enrichment or depletion in the autism cohort
compared to their matched sibling controls. Several of these 21 biomarkers have been
identified in previous smaller studies; however, some are new to autism and known to
be important in gut-brain interactions and/or are associated with specific fatty acid
biosynthesis pathways.
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Autism spectrum disorder (ASD) is a heterogeneous developmental disorder affect-
ing social and behavioral functioning in 1 out of 59 children in the United States

(1). Recent studies have identified several environmental factors associated with ASD
etiology and susceptibility, including prenatal infection (2), zinc deficiency (3), maternal
diabetes (4), toxins and pesticides (5), and advanced parental age (6). Individuals with
ASD have demonstrated a high prevalence of gastrointestinal (GI) and immunologic
abnormalities pertaining to GI motility and intestinal permeability (7, 8). The legitimacy
of the proposed microbiome-ASD connection is supported by research on ASD pheno-
type mouse models and the microbiota compositions of human individuals with ASD
(9, 11, 15–17). Hsiao et al. found that administrating Bacteroides fragilis to ASD mouse
models improved ASD-typified behavioral traits by reducing anxiety, restoring commu-
nicative behaviors, and improving sensorimotor gating (9). Bacterial taxa, such as
members of Lactobacillus and a genus of Bifidobacterium, have demonstrated micro-
bially induced behavioral modulation in both rats and humans (10, 12–14). Moreover,
several studies have identified microbial trends among the ASD population such as an
increased abundance of Clostridium (15, 16). More recently, a study involving fecal
microbiome transplant between neurotypical controls and children with ASD demon-
strated a significant improvement in both GI and neurobehavioral symptoms following
the treatment (17). This study particularly demonstrates a potential causative relation-
ship between the gut microbiome and ASD symptoms. While the data on the micro-
biome-ASD symptom link is compelling, studies attempting to identify the specific
microbes responsible have maintained small sample sizes, lack of appropriately
matched controls, limited phenotype scoring, and a lack of bacterial phylogenetic reso-
lution, factors that impact the reproducibility of findings.

The present study aims to determine the specific intestinal microbiota that associ-
ate with behavioral traits in children with ASD. We recruited families with age-matched
neurotypical and ASD siblings via crowdsourcing to reach a sufficient sample size
(18–20). Recruited families had a child clinically diagnosed with ASD and a neurotypical
sibling who were both between the ages of 2 to 7 years old and no more than 2 years
apart in age. We confirmed the self-reported autism diagnosis of each child by leverag-
ing validated machine-learning classification tools that assess ASD-typified features
obtained from parent reports and home video showcasing social interactions (21–26).
Lack of ASD diagnosis relied on parent reporting. Each family completed an extensive
dietary questionnaire online and collected a stool sample from each child at home.

RESULTS
Crowdsourcing recruitment and participant demographics. Between March 2015

and September 2017, 20,478 unique users visited our study website, 1,953 were elec-
tronically screened for eligibility by survey, and 297 of them met our study inclusion
criteria. A total of 194 users electronically consented to participate, and 164 began
responding to the online surveys. Of 164 participants, 100 completed the online com-
ponent and were mailed sampling kits. Seventy-one families, or parents of 142 sibling
pairs, completed the online and at-home sampling procedures for the study, and 117
child subjects (60 ASD and 57 neurotypical [NT]) met all eligibility criteria, including
the required confirmation of diagnosis obtained from the mobile autism risk assess-
ment (MARA) and video classifier, when submitted. Of the 117 child subjects, there
were 55 sibling pairs, two sibling pairs were accompanied by a third sibling with au-
tism, and 5 were singleton samples.

The ASD cohort comprised 72% male participants (n=43) compared to 55% of the
NT cohort (n=27). Dietary and lifestyle questionnaires were completed, in entirety, for
106 of the 117 participants. Among the 106 child subjects, 66% (n=79) identified as
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Caucasian, 7.5% (n=8) identified as Asian or Pacific Islander, 3.8% (n=4) identified as
African American, and 7.5% (n=8) identified as Hispanic (participants were also given
the option to select more than one identifying ethnicity, not reported here).
Participant age was not significantly different between ASD and NT cohorts. Samples
were collected from 24 states: California, Colorado, Florida, Georgia, Hawaii, Illinois,
Indiana, Massachusetts, Maryland, Michigan, Minnesota, Missouri, North Carolina,
Nebraska, New Jersey, Nevada, New York, Ohio, Pennsylvania, Tennessee, Texas, Utah,
Washington, and Wisconsin. Additional demographic and lifestyle data are in Table S1
in the supplemental material.

ASD diagnosis confirmation using the mobile autism risk assessment (MARA)
and video classifier. For all child subjects with ASD, the MARA was completed, and
scorable video was provided for 29 of these child subjects (including one family with
two siblings with ASD and one NT sibling meeting the age criteria). There was a 100%
agreement in class assignment between the MARA and the video classifier in all 37
cases (Table S2). In 12 instances, the output from either or both classifiers (2 supported
by the video classifier) did not confirm the parent-reported ASD diagnosis. These par-
ticipants were therefore excluded from analysis. The results reported hereafter include
only the remaining 60 child subjects with confirmed ASD.

Diet differences between children with ASD and neurotypical siblings. We
found three categorical factors (supplements, dairy intolerance, and dietary restric-
tions) to be significantly different between the two cohorts according to a chi-square
test (Table 1). Nutritional/herbal supplements showed significant differences between
the two cohorts, with 63.6% (n=35) ASD child subjects taking an herbal supplement
compared to 35.3% (n=18) NT child subjects (q value [qval], 2.3E22). Dairy intolerance
was also more prevalent in the ASD cohort (1 NT child subject versus 16 ASD child sub-
jects) (qval, 2.6E23), which correlates with a statistically significant deviation in the fre-
quency of consumption of both milk/cheese and milk substitutes: only 33.3% (n=18)
of ASD child subjects consumed milk/cheese on a “regular” or “daily” basis compared
to 72% (n = 36) of NT child subjects (qval, 2.3E23). Finally, gluten intolerance was
found to be more prevalent in the ASD cohort (qval, 3.5E24). Additionally, 20 ASD
child subjects had other special dietary restrictions apart from dairy and gluten con-
straints compared to only 6 NT child subjects (qval, 2.3e23). Refer to Table 1 and
Table S1 for a summary of the remaining reported data.

Dietary and lifestyle habits influencing the microbial community. Figure S1 in
the supplemental material detailed the five variables that seem to significantly influ-
ence the microbial community: probiotics, multivitamin, sugary sweets, olive oil, and
sequencing batch. Constraint principal coordinate analysis (PCoA) were used to iden-
tify the amplicon sequence variants (ASVs) for which the abundance was the most
influenced by these variables.

Because none of the factors that may influence the microbial structure (probiotics,
multivitamin, sugary sweets, olive oil, and sequencing batch) was significantly different
between the two cohorts, we did not expect confounding effects when identifying
ASVs specific to each cohort. Note that we did not detect any significant differences in
the microbial community of our samples significantly associated with the reported bi-
nary gender of the children.

Similarity between sibling lifestyles. Sibling lifestyles, as measured by our online
questionnaire were significantly more similar to each other than to other participants
(P� 0.01) (Fig. S2). We observed significant differences in gluten and dairy intolerances.
We did not, however, observe any significant differences between our cohorts regarding
the reported gastrointestinal motility (Fig. S2C and S2D) or the frequency distribution of
bowel movements (two-sample Wilcoxon signed-rank test, P value=0.8313, Fig. S2E,
S2A, and S2B). We did not observe statistically significant results either when samples
were agglomerated into two categories, typical bowel movement (one per day) and
abnormal bowel movement (less or more than one per day) (chi-square P = 0.17), de-
spite the percentage of “tend to have normally formed stool” higher in the neurotypical
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cohort (63% compared to 52%). Finally, we performed a Levene test and determine that
the variance was not significantly different between the cohorts as well.

Microbial alpha-diversity. We calculated the phylogenetic diversity (PD) and
Shannon diversity metric for each sample (27). Performing a rank sum test using each
metric, we found no significant difference between cohorts. However, the variance of
diversity (distribution of scores) in the ASD cohort was significantly greater than the NT
cohort (bootstrap P , 0.001; Fig. 1) with both diversity estimators (Fig. 1C and F).
Shannon diversity was not associated with ASD, but rather with bowel movement qual-
ity (exact Fisher P=0.02) with low diversity associated with diarrhea (Fig. 1A and B), but
not significantly related to bowel movement frequency (exact Fisher P = 0.17). Shannon
diversity was also significantly related to bowel movement quality (exact Fisher P = 0.02),
with low diversity associated with diarrhea, but not significantly related to bowel move-
ment frequency (exact Fisher P = 0.17).

Permutation test on sibling pairs to determine ASVs that differentiate between
ASD and NT. Ten ASVs were determined to be differentially abundant between sibling
pairs (ASD versus NT) as determined by a permutation test with false discovery rate
(FDR) correction (Table 2; also see Text S1A in the supplemental material). The mean
differential abundance drawn from the null distribution was never more extreme than
the actual differential abundance mean, and all P values were 0 and increased to 9.36� 1023

upon correction (see distribution plot in Fig. S4). The genera Aggregatibacter, Anaerococcus,
and Oscillospira were significantly enriched in the ASD cohort, while Porphyromonas, Slackia,
Desulfovibrio, Clostridium colinum, and Acinetobacter johnsonii were enriched in the NT
cohort.

TABLE 1 Clinical characteristics for ASD and NT participants with significant difference between the cohorts

Clinical characteristic

ASD participants (n = 60) NT participants (n = 57)

Adjusted P value
No. of participants/ total no.
of participants %

No. of participants/ total no.
of participants %

Gendera

Male 43/60 71.7 27/49 55.1 2.3e22
Female 17/60 28.3 22/49 44.9

Gluten intoleranceb

Yes 22/59 34.4 1/56 1.8 3.5E24
No 42/59 71.2 55/56 98.2

Nutritional/herbal supplementc

Yes 35/55 63.6 18/51 35.3 2.3E22
No 20/55 36.4 33/51 64.7

Special diet restrictionsd

Yes 20/54 37.0 6/51 11.8 2.3E22
No 34/54 63.0 45/51 88.2

Dairy intolerance
Yes 16/60 26.7 1/57 1.8 2.6E26
No 44/60 73.3 56/57 98.2

Consumption of at least 2 servings of
milk or cheese a daye

Never 23/54 42.6 6/50 12.0
Rarely (a few times a month) 8/54 14.8 2/50 4.0
Occasionally (1 or 2/week) 5/54 9.3 6/50 12.0 2.3E23
Regularly (3 to 5/week) 7/54 12.9 18/50 36.0
Daily 11/54 20.4 18/50 36.0

aMissing 8 NT gender responses.
bMissing 1 NT and 1 ASD responses.
cMissing 6 NT and 5 ASD responses.
dMissing 6 NT and 6 ASD responses.
eMissing 7 NT and 6 ASD responses.
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Models to maximize the likelihood of detecting rare ASVs. We implemented a
mixture model using a zero-inflated Gaussian (ZIG) distribution of mean group abun-
dance for each ASV in metagenomeSeq (28) in order to quantify the fold change in
taxa between the ASD cohort and the NT cohort. This analysis revealed 10 ASVs differ-
entially present in the two cohorts: four were enriched in the ASD cohort (Table 2), and
six were enriched in the NT cohort. The NT cohort was enriched in the Lachnospiraceae
(five of six ASVs), including Coprococcus catus, Clostridium colinum, and the genera
Bifidobacterium. In comparison, the ASD cohort was enriched in Ruminococcus and
Holdemania, as well as the species Bacteroides uniformis and Clostridium celatum.

We also used a negative binomial distribution analysis to identify ASVs between
ASD and NT cohorts, through which we identified a single ASV, from the genus
Bacteroides (ASV1), enriched in the ASD cohort. Among the aforementioned statistical
analyses, the microbial genus types identified in more than one statistical abundance
test in the ASD cohort included the family Ruminococcaceae (by three ASVs including
the genera Oscillospira and Ruminococcus) and the genus Bacteroides (by two ASVs).
The NT cohort presents six ASVs belonging to the family Lachnospiraceae.

Correlation between ASVs and MARA scores. Four taxa were correlated with the
MARA score in the ASD cohort, Bacteroidales genus Prevotella, Campylobacterales genus
Campylobacter, and two ASVs from the Clostridiales order, and classified as genera
Peptoniphilus and WAL_1855D.

Functional profile prediction. The software Piphillan predicted ;6,900 active KEGG
orthologs (KOs) that were part of ;170 metabolic pathways as defined by KEGG Brite.
Overall, we were able to associate 105 ASVs with full genome annotations. From the

FIG 1 Phylogenetic diversity and Shannon diversity used as estimators of microbial alpha-diversity. The variance of diversity
(distribution of scores) in the ASD cohort was significantly greater than that in the NT cohort (bootstrap P, 0.001) with both
diversity estimators. Shannon diversity was also significantly related to bowel movement quality (exact Fisher P= 0.02), with low
diversity associated with diarrhea, but not significantly related to bowel movement frequency (exact Fisher P= 0.17). NA, not
available; PD, phylogenetic diversity.
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predicted KOs that were present in these genomes, we observed 17 predicted metabolic
pathways with significantly differential abundance between ASD and NT cohorts. Two
pathways were significantly enriched in the ASD cohort: flagellar assembly (ko02040) and
aminoacyl-tRNA biosynthesis (ko00970) (Fig. 2). Fifteen pathways were significantly
enriched in the NT cohort, including butanoate metabolism (ko00650), propanoate metab-
olism (ko00640), sulfur metabolism (ko00920), phosphotransferase system (ko02060), and
microbial metabolism in diverse environments (ko01120). A full list of significantly differen-
tial pathways is shown in Fig. 2 and Fig. S6.

DISCUSSION
Crowdsourcing recruitment, lifestyle, dietary practices, and GI symptoms. By

targeting the Internet-active autism community, we were able to crowdsource study
subject recruitment from diverse geographical areas and reach our targeted sample
size for each cohort in a short amount of time. This study design highlights ASD bio-
marker candidates while minimizing the impact of confounding environmental factors.
By recruiting only sibling pairs who are within 2 years of age of one another, living in
similar home environments, and eating similar diets (see Fig. S2F in the supplemental
material), we successfully controlled for diet and lifestyle among our two cohorts.
Using this approach of working with sibling cohorts, other studies have also shown
very similar microbial structure between the two cohorts (29) to the point of not being
able to identify taxa specific to a cohort.

We observed no overlap between factors that heavily influence the microbial struc-
ture (Fig. S1) and the factors that were significantly different between the ASD and the
NT cohorts (Table 1). Therefore, it is unlikely that the ASVs identified as ASD or NT bio-
markers were differentially abundant due to diet or lifestyle as confounding influences.

We did not observe significant differences in the GI motility or stool quality
between cohorts; however, there was an increased prevalence of dairy and gluten sen-
sitivities among ASD child subjects which may imply a propensity for GI distress and
have been previously found to be associated with children with ASD (30–32). We also
observed an increase in special dietary restrictions among our ASD child subjects,
which could imply that many parents had already implemented limitations to their
child’s diet to alleviate any potential or previously identified gastrointestinal issues.
Perhaps due to high parent involvement, we did not observe the expected differences
in GI motility or gastrointestinal abnormalities, which is unusual for a study, especially
with this sample size. Failure to detect systematic GI distress in ASD could also be
attributed to differences in the populations recruited in this study, where the families
involved were very interested by the potential impact of the diet on autism, and there-
fore potentially very aware and proactive in relieving GI discomforts. It can be noted
that when focusing on the quality of the gastrointestinal motility (rather than quantita-
tive), we observe a trend with a chi-square of 0.12, suggesting that maybe the fre-
quency of bowel movements are a sensitive enough measure.

Microbial community diversity. There is much debate in the literature as to
whether microbial diversity is significantly different in children with ASD versus chil-
dren with typical neurodevelopment. While we found no significant rank sum relation-
ship between alpha-diversity of the microbiota and ASD diagnosis, we observed a sig-
nificant relationship when considering samples “high,” “medium,” or “low” diversity.
The variance in diversity scores was significantly greater in the ASD cohort than in the
NT cohort, which may explain some of the discrepancies seen in smaller cohort studies
such as those conducted by Finegold et al. and Kang et al. (33, 34), which report
increased and decreased microbial diversity, respectively, in the ASD cohort. It is worth
noting that young children (between 2 and 7 years old) also experience some drastic
changes in their gut microbial diversity (35), which may also contribute to the high var-
iation in the diversity of the samples.

Microbial taxon analysis. The control cohort chosen in this study, typically devel-
oping siblings of ages within 2 years of the children with autism, has the advantage of
closely matching the environment and diet within each sibling pair. The literature
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indicates that interpersonal distances of the microbial community as a whole using
beta-diversity analysis of children within family is significantly smaller than between
families (35, 36). Because they share the same environment and because of the possi-
ble horizontal microbial transmission, our study design may hinder some 16S amplicon
biomarkers that would be exchanged between the two siblings.

This study relied exclusively on ASVs, which means that the taxonomic comparisons
were performed without any clustering of 16S rRNA amplicon sequences (Table 2) (37). This
approach produces single sequence variants which can be reproducibly detected between
studies and across sequencing runs and improving taxonomic resolution (38). Among those
variants, one ASV was also correlated with the MARA score within the ASD cohort.

We provided in Table 3 and Table 4 a comprehensive list of biological information
and information related to other reports on each bacterial association with ASD and
other pertinent phenotypes. Our findings agree overall with the literature in that the
Bacteroides genus and families such as Erysipelotrichaceae and Clostridiaceae (member
of clostridial cluster I) have already been widely reported as enriched in ASD (Table 3).
We also observed that members of clostridial cluster IV (genus Ruminococcus) and fam-
ily Pasteurellaceae (ASV5) were both enriched in the ASD cohort. This entire family was
previously reported as being depleted in ASD participants (34); this discrepancy could
be explained by the aggregation of all Pasteurellaceae, while we implicate a single
member of the family. Pasteurellaceae was also detected as one of the most abundant

TABLE 2 Candidate 16S biomarkers enriched and depleted in the autism cohort and their annotation
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FIG 2 Pathway analyses derived from amplicon sequence variant analysis. (A) Butanoate metabolism. Detailed analysis of the butanoate pathway is shown. The
color of the arrow reflects the cohort in which the ASV carrying the KEGG ortholog was detected. CoA, coenzyme A; OAA, oxaloacetate. (B) KEGG pathways
enriched in each cohort. A list of the 17 pathways enriched in the gene set enrichment analysis using genomes and abundances estimated from the ribosomal
analysis is shown. (C) Microbial metabolism in diverse environments. A detailed analysis of the pathway microbial metabolism in diverse environments and
metabolites of interest for the gut-brain axis interaction is shown. TCA cycle, trichloroacetic cycle; DDT, 1,1,1-trichloro-2,2-bis(p-chlorophenyl)ethane.
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bacterial families in children with developmental disabilities in Japan (39), supporting
its potential association with atypical behavioral phenotypes. Finally, we also found
that the genus Anaerococcus (ASV5) was enriched in the ASD cohort which to our
knowledge has not yet been reported in previous research literature.

Our analysis also identified six ASVs belonging to the Lachnospiraceae family that
are depleted in the ASD cohort and enriched in the neurotypical cohort. This family
overall has already been reported as associated with autism phenotype (Table 3). Of
these ASVs, the Ribosomal Database Project (RDP) classifier was able to assign only
two species names, and we were only able to identify three genomes carrying similar
ribosomal sequences (Table 2), indicating that we may have identified novel variants
from our analyses (40, 41). These homogeneous phylogenetic groups of ASVs seem
especially interesting as they cluster near each other on the 16S rRNA phylogenic tree
(Fig. 3). Additionally, members from clostridial cluster IV were associated with ASD,
while members from Clostridium cluster XIVa were associated with the control cohort.
We could hypothesize that these two families exhibit metabolic pathways that are dis-
tinct among their functional redundancies. As microbes from this genus are some of
human gut-associated microbiomes main butyrate producers, we examine the dif-
ferences in butyrate production pathways of these two clusters in our pathway
analysis below. The genera Desulfovibrio and Bifidobacterium were also depleted in
the ASD cohort, consistent with results from at least three other studies (Table 4).
Bifidobacterium has been characterized for its ability to normalize gut permeability (14).
Finally, we identified two more families depleted in the ASD cohort, Porphyromonadaceae
and Moraxellaceae, which produce butyrate or use it as the sole source of carbon,
respectively.

Pathway analysis. We identified 17 predicted pathways associated with either
cohort (Fig. 2). It should be noted that connecting enriched predicted pathways to the
potential biomarker ASVs reported can be tenuous, as Piphillin was able to match only
6 of our 21 markers to full genomes and extract their associated KOs. Notable differen-
tially predicted pathways include the following.

(i) Butyrate production pathway. The potential role of short-chain fatty acids
(SCFAs) in autism has been discussed in multiple studies. Wang et al. reported elevated
SCFA concentration in children with ASD (42), while two other studies reported the op-
posite trend when looking at total SCFAs (43, 44). Macfabe et al. found that intrave-
nous administration of the SCFA propionate induced ASD typified behavior in mouse
models (45). Butyrate, in particular, has been proposed as a potential major mediator
of the gut-brain axis either through modulation of the density of cholinergic enteric
neurons through epigenetic mechanisms or through direct modulation of the vagus
nerve and hypothalamus (46). Our gene set enrichment analysis (GSEA) revealed that
the stool microbiome of NT participants carry microbial genomes capable of butyrate
metabolism, implying that butyrate production and consumption pathways may be
enriched in the NT cohort, in Fig. 2. Butyrate production pathways in commensal mi-
crobial species and pathogens are thought to have evolved divergently; there are four
pathways for butyrate production, each branching from a different initial substrate: py-
ruvate, 4-aminobutyrate, glutarate, and lysine (47). The by-products and influences of
these major butyrogenic pathways could be relevant to host physiology. In our cohort,
the predicted bacterial genetic potential in NT samples showed an enrichment for KOs
associated with butyrate production from pyruvate, while in the ASD samples, the pre-
dicted functional potential was enriched for butyrate production via the 4-aminobuta-
noate (4Ab) pathway (Fig. 2A and Fig. S6. 4Ab (or gamma aminobutyric acid [GABA]) is
a major inhibitory neurotransmitter and its biosynthesis can directly interfere with the
amount of available glutamate (47). GABA has also been found in a few case reports in
high levels in the urine and blood of young children with autism (48). This pathway
can also potentially release harmful by-products such as ammonia (47), which were
found to be elevated in feces of children with ASD (42). Genes identified as part of the
pyruvate biosynthesis pathway were either found in both cohorts or only in predicted
genomes associated with biomarkers from the NT cohort (Fig. 2 and Fig. S6B).
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(ii) Propionate pathway. The predicted pathways for the synthesis of propionate,
another SCFA, appears depleted in the ASD cohort (Fig. 2C). This pathway generates
isopropanol as a by-product, which has recently been found at a greater concentration
in the feces of children with autism (34).

TABLE 3 Taxa enriched in the ASD cohort

Phylogeny Commensal activity and/or potential relevance to ASD
Family: Clostridiaceae Belongs to clostridial cluster IV
ASV 10: Clostridium celatum Enrichment in ASD cohort: Clostridium genus (19, 33), Clostridium

histolyticum (72), Clostridium bolteae in ASD (73)
Clostridia and Bacteroides classes drive differences between ASD and NT in
mouse guts (9)

Depletion of Clostridium leptum in ASD (33)
Correlated with high-fat diets and subsequently cognitive inflexibility (74)
Producem-tyrosine which has been shown to decrease neural
catecholamine concentration levels and induce ASD typified behavioral
abnormalities in animal models (75)

Antibiotic vancomycin can be used to target the Clostridium species to
provide short-term alleviation of ASD symptoms (76)

Increased Clostridiales correlated with shorter gap between GI symptoms
and time of onset of ASD symptoms (32)

Clostridia produce both an enterotoxin and a neurotoxin and are generally
very active metabolically. They may produce toxic substances like
phenols, p-cresol, and various indole derivatives (16)

Genus: Bacteroides
ASV1, ASV8

Largest portion of the gut microbiome and helps digest vegetables and
whole grain; produce butyrate and ferment glycans

Responsible for biotransformation of bile acids, which in turn are
associated with GI dysfunction in mouse (77)

Bacteroides vulgatus found enriched ASD (33)
Increased levels of the bacterium Bacteroides vulgatus lead to increased
brain levels of propionic acid, known to cause symptoms characteristic
of autism when injected into the brains of rats (78)

In situ hybridization targeting Bacteroides found no association with ASD
(72)

Family: Ruminococcaceae
ASV3 and ASV4: Ruminococcus

Aids in digestion of resistant starches, belongs to clostridial cluster IV, and
produces butyrate

Helps reverse infectious diarrhea by slowly digesting resistant starches (79)
Ruminococcus torques associated with increased severity of irritable bowel
syndrome (80) and enriched in ASD (81)

Ruminococcus potentially predictive fecal biomarkers for dysregulation of
central brain neurometabolite N-acetylaspartate mediated through
serum cortisol in young pigs (82). Same neurometabolite was reported
altered in ASD (83)

ASV7: Oscillospira Oscillospira aids in the breakdown of complex carbohydrates by
fermenting resistant starches and produces butyrate

Family: Erysipelotrichaceae
ASV9: Holdemania

Family commonly found in gut microbiome of mice on high-fat diet (84),
which itself is often associated with neurobehavioral change (85)

Erysipelotrichaceae Turicibacter sanguinis found enriched in ASD (86)
Entire Erysipelotrichaceae family also found depleted in ASD individuals (87)

Family: Pasteurellaceae
ASV6: Aggregatibacter/ Haemophilus pittmaniaea

Periodontopathic species. Demonstrate opportunistic pathogenicity,
including brain abscess (88)

Aggregatibacter was detected as one of the most abundant bacterial
genera in children with developmental disabilities in Japan (39)

Aggregatibacter was isolated from urine of children with ASD (17)

Family: Tissierellaceae
ASV5: Anaerococcus

Isolated for infectious sites and bacterial abscesses, especially ovarian (89)

aDiscrepancy in annotation. The RDP classifier using GreenGenes 13.8 (last updated 2013) assigned Aggregatibacter Unknown, while the IMG database (updated
continuously) assigned Haemophilus pittmaniae. Both genera are strongly related to each other, and the new genus Aggregatibacterwas created to accommodate some
former Haemophilus and Actinobacillus species.
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(iii) Sulfur pathway. The association between the predicted sulfur pathway and
the NT cohort, though somewhat surprising, parallels our finding of Acinetobacter and
Desulfovibrio enrichment in the NT cohort and has already been hypothesized as possi-
ble route modulating the gut-brain interaction in autism (49) (Fig. S6D).

(iv) Phosphotransferase system. ASVs associated with ASD seemed to show a
much greater variety of carbohydrate transporters (Fig. S6G).

(v) Microbial metabolism in diverse environments. This high level category com-
prises many different pathways, and it is interesting to note that this KEGG category is
associated with several metabolites already known in the literature as enriched or
depleted in subjects with ASD (Fig. 2C). Among these metabolites were p-cresol (34)
and ammonia (43) that have been found in greater abundance in the feces of children
with autism; SCFAs (propanoate and acetate), which have mixed reports associating
them with either children with ASD or controls (43, 44, 50); and neurotransmitters such
as L-glutamate and GABA, which tend to be greater and lower, respectively, in feces of
children with ASD (34). Glutamine, found in greater levels in the feces of ASD partici-
pants (34), also belongs to this KEGG pathway, as do several metabolites such as nico-
tinate and aspartate, another neurotransmitter (34, 43, 51).

Limitations. While these results show promising microbial differences between
autism and typically developing children, potential limitations included reliance on

TABLE 4 Taxa enriched in the neurotypical cohorta

Phylogeny Commensal activity and/or potential relevance to ASD
Family: Lachnospiraceae Member of Clostridium cluster XIV
ASV17 and ASV18 Help digest fiber and produces butyrate (40)
ASV16: Lachnospira Family shown depleted in inflammatory bowel disorder (90)
ASV20: Coprococcus catus Genus Coprococcus found depleted in ASD (11)
ASV19: Ruminococcus Lachnospiraceae depletion in ASD suggests lack of bacterial taxa important for

carbohydrate degradation.

Family: Desulfovibrionaceae
ASV14: Desulfovibrio

Desulfovibrio genus potentially key influential organisms in ASD (91) as children with
ASD commonly have low blood levels of sulfur and high urinary excretion

D. pigers, D. desulfuricans, and D. intestinalis found enriched in severe ASD, but multiple
hypothesis testing correction was not performed (91)

Increased abundance correlated with improvement of GI and improvement of
behavioral ASD symptoms after microbial transfer therapy (17)

Family: Bifidobacteriaceae
ASV21: Bifidobacterium

Provides protection from pathogenic infections (92)
Assists in normalization of gut permeability and inhibits inflammatory cytokine
interleukin-10

Aid in prevention of diarrhea, reduce food allergies, and help digest lactose (93)
Found depleted in ASD (33)
Found increased in ASD after microbiota transfer therapy that correlated with
improvement of GI and behavioral symptoms (17)

Family: Porphyromonadaceae
ASV12

Produces butyrate (94)
Genus Porphyromonas harbors several species known to be pathogens for oral cavity,
namely P. gingivalis (95)

P. gingivalis produces a unique capsular polysaccharide that triggers Toll-like receptor
2- dependent anti-inflammatory mechanisms in autoimmune encephalomyelitis
mice (model for multiple sclerosis) (96, 97)

Family: Coriobacteriaceae
ASV13: Slackia

Relatively little physiological information available about the Slackia genus

Family:Moraxellaceae
ASV15: Acinetobacter johnsonii

Has been characterized in soil and water for its catabolic property in degrading
aromatic compounds (98)

Multiple strains of this species have also been reported to develop multiantibiotic
resistance, most likely through horizontal transfer reshuffling (99)

Has capacity to proliferate on butyrate as the sole carbon source (100)
aWe will not discuss the results related to ASV2, as it was not possible to assign any taxonomy beyond the order level.
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FIG 3 Selected order from V4 ribosome-derived phylogenetic tree. Ribosome-derived phylogenetic tree (V4 alignments) of the order carrying
amplicon sequence variants (ASVs) of interest. The ASVs in blue are enriched in the neurotypical cohort and the ones in blue in the autism
cohort.
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self-reported information, limited identification of species or strain level variants,
limited single time point sampling, and lack of consideration of host genetic
variation.

While we safeguarded against self-report bias through two validated machine-learn-
ing algorithms that adapt well to mobile testing and we gathered numerous lifestyle in-
formation, there remains bias in self-report of diagnosis. In particular, because we
required MARA only for the child with ASD, we could not confirm the typical develop-
ment of their siblings. In addition, the compliance with the optional request for video
was slightly under ,50% of the cohort studied. There is also a higher probability for a
second child to have autistic symptoms (even subphenotypes of autism); and in these
scenarios, the parents have a heightened sensitivity to and are more likely to watch for
autistic symptoms and to request formal screening, following the CDC recommendations
that doctors screen all siblings of autistic children for developmental delays starting at
9months old (52). While it was encouraging to see perfect alignment between the
MARA and the video classifier outcomes, bolstering confidence in the confirmation of
self-reporting, it would be better to require this dual check for all participants in future
work.

Although widely used (17), self-reported GI symptoms can also suffer some dis-
crepancies compared to data reported by a pediatric gastroenterologist (45).
Furthermore, while we observed physiological distinctions between the micro-
biomes of the cohorts on the level of amplicon sequence variants, it was often not
possible to assign a taxonomic annotation or full genome to these sequences
because of incomplete coverage in public databases. As the predicted pathways dis-
cussed were highly dependent on availabilities of full genome information, further
metagenome and multi-omics analyses in this space will be needed to confirm the
metabolic hypotheses presented.

MATERIALS ANDMETHODS
Crowdsourcing recruitment and data collection. Data were collected from March 2015 to

September 2017 under an approved Stanford University Institutional Review Board protocol (eProtocol
30205). We crowdsourced study subject recruitment by an online survey (https://microbiome.stanford
.edu) via popular social media networking platforms and engaged with nonprofit and for-profit compa-
nies. Each sampling kit included two sets of collection tubes containing swabs to collect stool samples,
instructions, and a detailed, 53-question dietary questionnaire for each child (see Table S3 and Table S1
in the supplemental material).

ASD diagnosis confirmation. The study enrolled only children that the parents indicated as previ-
ously diagnosed by a clinician with ASD, using standard of care with behavioral instruments such as the
autism diagnostic observation schedule (ADOS) and the autism diagnostic interview-revised. To confirm
this parent-provided ASD diagnosis of a child subject, we applied two machine-learning classifiers, one
based on a parent-directed questionnaire (22, 25) and one based on a home video of the child with ASD
(21, 22, 26). The parent-directed questionnaire is described below as “mobile autism risk assessment” or
MARA, and the video-based classifier is referred to as “video classifier.”

All participants electronically completed the clinically validated mobile autism risk assessment
(MARA) (22, 25). Briefly, this system uses a set of seven behavioral features developed through machine
learning for rapid screening for autism, focusing on the child’s language ability, make-believe play, social
activity, restricted and repetitive behaviors, general signs of developmental delays by or before age 3,
and eye contact; the responses generate a score that classifies the child as either “ASD” (positive score)
or “no ASD” (negative score).

We also requested a home video of their child with ASD. Due to both privacy and technical barriers
to video upload, we made the video upload optional but required that all subjects complete the MARA
as a strict inclusion criterion. The specific details of scoring and the validation of the classifier are
described in previous publications (21, 22, 26). For the purposes of this study, we had at least three
video raters who were blind to diagnosis independently tag the specific behavioral features that our
video classifier requires to produce a risk score. To safeguard against ascertainment bias due to increas-
ing familiarity, we required our video analysts to score an unlabeled mixture of ASD participant videos
and similar home videos of neurotypical children aged 2 to 7 years mined from YouTube’s publicly avail-
able videos. We took the majority consensus diagnosis as the outcome for comparison with the caregiv-
er’s self-reported diagnosis. Finally, we worked individually with the families that enrolled in the study
to minimize the potential of false-negative controls by asking them to confirm that their second child
was not on the autism spectrum (having never received a formal diagnosis, despite the other child
receiving one).

Lifestyle, antibiotics, and dietary practices. Participants electronically completed questionnaires
on behalf of their children, which included both dietary, supplement (including antibiotics) lifestyle
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using a five-point frequency-based Likert scale and categorical answers (Table S1 and Table S3), includ-
ing categorical data items were assigned either 1 or 0, and Likert scale items were assigned a value from
1 to 5 (1 = “Never,” to 5 = “Always”). Differences of qualities with ordinal values were investigated using
a linear-by-linear association test, and qualities with categorical values were tested using a chi-squared
test. To verify that family relation was a practical criterion to ensure similarity between case and control
lifestyle and dietary habits, we performed a permutation test (999 permutations) on the Euclidean dis-
tances between participants’ numerical responses. Data were standardized to mean 0 and variance 1 to
account for the differences in scale between categorical and Likert scale numerical values (see Fig. S2F
in the supplemental material).

DNA extraction, amplification, and sequencing. Microbiome samples were processed according to
the procedures outlined by the American Gut Project Protocol (53–56). Samples were shipped the day of collec-
tion by express mail (prestamped envelopes were provided to the participants) (56). Samples were stored at
280°C upon arrival (within 48 h of sampling) (9). DNA was extracted using the 96-well Powersoil DNA isolation
kit (MO BIO, Carlsbad, CA). We utilized the manufacturer’s protocol with the following modification: after the
addition of the sample and solution C1, we partially submerged the sealed extraction plates in a water bath for
10 min at 65°C. We amplified the extracted DNA using the 5PRIME MasterMix (5 PRIME, Inc., Gaithersburg, MD)
and the 515F/806R (targeting the V4 region) primers for a final concentration of 0.2mM per primer. The ther-
mocycler settings for generating amplicons were as follows: (i) 3 min at 94°C; (ii) 35 cycles, with 1 cycle consist-
ing of 45 s at 94°C, 1 min at 50°C, and 1.5 min at 72°C; (iii) a final extension step of 10 min at 72°C. After PCR,
we quantified the DNA concentration of each sample using the Quant-iT PicoGreen double-stranded DNA
(dsDNA) assay kit and then pooled to 70ng DNA per sample. We generated clean pools using the QIAquick
PCR purification kit (Qiagen, Hilden, Germany). The clean pools were then submitted to the Environmental
Sample Preparation and Sequencing Facility at Argonne National Laboratory to be sequenced on an Illumina
MiSeq using V4 chemistry.

Sequence filtering, chimera removal, taxonomic assignment, and phylogenic tree.We obtained
a total of 3,419,972 reads. Raw sequences were processed using the workflow available in the soft-
ware package DADA2 (31), which models and corrects amplicon errors. Reads were trimmed to
include base pairs 10 through 140 and truncated at the first instance of a Phred quality score less
than 20. Reads with more than two expected errors were filtered out. Reads were then dereplicated
and denoised, and samples with less than 10,000 reads were discarded. Forward and reverse reads
were merged, and chimeras were removed. Taxonomy was assigned to each amplicon sequence var-
iant (ASV) generated by this pipeline by running the Ribosomal Database Project’s (RDP) naive
Bayesian classifier (57), implemented in DADA2, against the GreenGenes data set maintained in
DADA2 package (58). The phylogenetic tree was rooted using an Archaea sequence from
Halorhabdus rudnickae as an outgroup (see available GitHub code): all the sequences were aligned
using the phangorn package and a neighbor-joining tree was built (59) using ape. The tree was
bootstrapped 100 times with phangorn (60).

Statistical analyses. We performed statistical analyses with R version 3.4.2 (28 September 2017)
using R Studio Integrated development environment for R v1.0.136 (open source software) (Boston, MA).
All code used for this work is publicly available: https://github.com/walllab/Microbiome_16S_mbio.

Analysis of alpha-diversity differences. We calculated alpha-diversity for each sample using
Shannon-Weiner diversity, a traditional metric that takes into account richness and evenness of taxo-
nomic species, and phylogenetic diversity, a metric that measures the total length of phylogenetic
branches necessary to span the set of taxa in a sample (60). We then used a Wilcoxon rank sum test (61)
to quantify the significance of differences observed between the two cohorts. Next, we performed 1,000
bootstraps to calculate the variance of diversity metrics observed in each cohort and again used a rank
sum test to quantify the significance of the difference in variances.

Identification of dietary and lifestyle habits influencing the microbial community and
identification of confounding factors. To determine whether or not the parent-reported dietary and
lifestyle questionnaires contained influential data and insight into the microbial communities observed
in our samples, we used a permutational multivariate analysis of variance (PERMANOVA) test (ADONIS
function in vegan package) on Bray-Curtis distances agglomerating all the samples (without stratifica-
tion). We also performed a test to measure the homogeneity of the dispersion (PERMDISP2 procedure)
of each cluster in order to be more confident that the cluster-specific centroids were robustly different
rather than due to disparities in cohort dispersions.

Once we identify which dietary and lifestyle habits are significantly associated with a microbial com-
munity structure across all samples, we used the intersection of covariate significantly different between
the two cohorts (see “Lifestyle, antibiotics, and dietary practices” above) to identify which of these cova-
riates could be confounding factors.

Permutation test on sibling pair differentials. In addition to community level trends, we investi-
gated differential abundances of specific taxa. We ran a permutation test on mean taxon abundance
differences between sibling pairs to determine whether any taxa were systematically enriched or
depleted in our ASD samples compared to our NT controls. Details can be found in Text S1A in the
supplemental material.

Models to maximize the likelihood of detecting rare ASVs. Given the sparsity of 16S rRNA gene
sequencing due to sequencing depth limitations, we used differential ribosomal analysis based on the
negative binomial distribution and zero-inflated Gaussian analysis, to estimate log fold changes of taxa
abundances between our ASD and NT groups (62).

Differential analysis of 16S amplicon. (i) Negative binomial distribution.We performed differen-
tial analysis of taxa counts between groups by modeling taxon abundances under a negative binomial

David et al.

March/April 2021 Volume 6 Issue 2 e00193-20 msystems.asm.org 14

https://github.com/walllab/Microbiome_16S_mbio
https://msystems.asm.org


model using the DESeq2 framework (63). This method performs variance stabilization on taxon counts
and then fits a generalized linear model with a log link on normalized count data.

(ii) Zero-inflated Gaussian analysis. To account for sparsity due to undersampling, we used the
method developed by Paulson et al. (28), a mixture model that uses a zero-inflated Gaussian distri-
bution to account for various depths of coverage. This method uses cumulative sum scaling (CSS)
for normalization to account for undersampling and increase the sensitivity and specificity of identi-
fiable taxa.

(iii) Spearman correlation. Finally, we also leverage MARA classifier scores to determine whether
any ASVs were correlated with phenotype scoring within the ASD cohort only.

Functional profile prediction using Piphillan.We inferred metabolic activity using Piphillan (64).
Piphillan aligns 16S sequences to sequences in the GreenGenes database (58) and assigns func-
tional profiles based on 16S sequences, 16S sequences that do not match a database entry are
assigned the functional profile of their nearest neighbor. Piphillan was run on DESeq2-normalized
data (see Fig. S5 for normalization justification) to produce estimates of KEGG ortholog abundances
(65–67). We then performed a modified gene enrichment analysis: a set was considered a metabolic
pathway as defined by the KEGG Brite database, and an element was considered a KEGG ortholog
(68).

Gene set enrichment analysis using KEGG orthologs. Using KO prediction provided by Piphillan,
we assigned to each ASV the functional pathways using the KEGG database (67). As some KOs contrib-
ute to multiple pathways, we first divided the abundance of each KO in a sample by the number of
pathways the KO participates in, so that a single functional unit’s activity or output may contribute to
only one pathway at a time (as a rule of thumb). Then we used the Gage implementation of gene set
enrichment analysis (GSEA) (69) to perform a modified gene enrichment analysis: a set was considered
a metabolic pathway as defined by the KEGG Brite database, and an element was considered a KEGG
ortholog (68).

Power calculation. We modeled microbial abundances as a Dirichlet-Multinomial, a model which
has been proven to successfully reflect the abundances seen in naturally occurring microbial com-
munities (70). Under this model, we estimated Method-of-Moments (MoM) parameters for each
taxon and determined the stability of those estimates by comparing likelihood ratio test statistics
over 1,000 Monte-Carlo simulations (71). From this simulation, we can determine the number of
samples necessary to reach a given level of power when estimating parameter values. At a rejection
threshold value of 0.05, 70 ASD child subjects and 70 NT subjects were required to obtain power
above 0.99, and 45 ASD child subjects and 45 NT child subjects were sufficient to provide a power
greater than 0.95. Though we do not explicitly use the Dirichlet-Multinomial model in further analy-
ses, a high power in this context implies a high power in more complex downstream analyses that
are not able to be simulated.

Data accessibility. All fastq files can be downloaded at http://files.cgrb.oregonstate.edu/David_Lab/
ASD_study1/. Code and analysis are available on GitHub at https://github.com/walllab/Microbiome_16S_mbio.
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