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Introduction
Secondary bile acids with diverse structures 
are synthesized in the gastrointestinal tract by 
enzymes expressed by the microbiome. Some of 
the secondary bile acids have also been shown 
to modulate neurological conditions in animal 
models by binding to receptors expressed 
in the central nervous system (Grant, 2020). 
Numerous small studies have shown that 
Autism Spectrum Disorder (ASD) children have 
microbiome dysbiosis compared to age matched 
neurotypical (NT) children, we hypothesized that 
secondary bile acids depleted in ASD may have a 
significant role as a therapeutic for amelioration 
of behavioural symptoms. 

Methods
A metacohort of 588 ASD and 518 age- and/
or sex-matched neurotypical pediatric subjects 
was constructed from the Second Genome 
Knowledgebase containing both published 
data as well as novel data collected for this 
study. Microbiome profiles from ten 16S rRNA 
amplicon datasets, three shotgun metagenomics 
datasets and one metatranscriptomics dataset 
were obtained from stool samples. Differentially 
abundant taxa and microbial metabolites 
associated with ASD were predicted, followed 
by identification of concordance across datasets 
using Second Genome proprietary informatics 
algorithms. The secondary bile acids with the 
greatest depletion in ASD children were tested 
in CNTNAP2 mice for modulation of behavior 
associated with ASD. RNA-seq was conducted 
using the brain tissue to discover pathways 
which were modulated by the secondary bile 
acid treatment.

Results
Two bile acids, Glycodeoxycholate (GDC) 
and Ursodeoxycholate (UDC), and other 
metabolites, were consistently depleted in 
ASD children across multiple cohorts of ASD. 
Increased habituation exploration and decreased 
anxiogenic behavior were observed with GDC- 
and UDC-fed CNTNAP2 mice, respectively. RNA-
seq of the brain tissue of the mice fed with 
GDC and UDC demonstrated an enrichment of 
neuronal system receptors and postsynaptic 
signal transmission pathways. 

Conclusion
UDC and GDC have the potential to ameliorate 
behaviour challenges faced by ASD children 
thus providing intervention in this huge area 
of unmet need. This approach of identification 
of metabolites from multiple geographically 
disperse cohorts accelerates the drug discovery 
process in ASD and has the potential to be 
applied for multiple neurological disorders.
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Metabolic modeling with MelonnPan (Mallick, 2019; Yin, 2020) received 
as inputs each bacterial function as binned by BioCyc reaction definitions 
and scaled to continuous variables of relative abundance where the net 
contribution of reaction capacity from the populations of all bacteria in the 
community contribute to the net metabolite levels. For shotgun metagenomic 
inputs it should be noted that dietary DNA and DNA from non-bacterial 
microorganisms are also contributors. MelonnPan output was the estimated 
abundance for each metabolite for each subject. Differences in metabolite 
abundances between AS and NT groups were summarized by linear mixed-
effects models, as in the taxonomic analysis, above. Displayed are the 208 
metabolites (points) detected in 2 or more datasets. Metabolite positions 
indicate the direction and magnitude of the overall integration where 
metabolites on the right represent those more abundant in the NT children 
and vertical position represent P-values unpenalized for multiple testing. 
Lower p-values were observed for secondary bile acids (green) compared to 
primary bile acids (red) with Glycodeoxycholate ranking as most probable to 
be enriched in NT and depleted in AS (p=0.044). Ursodeoxycholate was also 
trending in the same direction. In contrast, taurodeoxycholate, was mildly 
associated with AS (p=0.093). Other metabolites (blue) were modeled as well 
but none ranked as high as GDC in this analysis. 

Bile acid fed mice showed no significant decrease in weight over the feeding period under an ascending dosage safety test with a maximum dose of 20% total intake by weight. 

Gene set enrichment analysis revealed multiple genes and pathways altered in the mouse prefrontal cortex after supplementing with GDC. No pathways were altered in UDC fed mice at the 
p<0.05 significance level, however 104 pathways were at p<0.15 significance. 

GSEA analysis of RNA sequencing provides the top 10 most significantly altered pathways. Node size refers to the number of altered genes within a pathway and intersections reflect genes 
shared by multiple pathways. While the top 10 pathways seem simplistic, many gene expression pathways were altered due to the administration of the bile acids, suggesting that the 
compounds travel to the prefrontal cortex likely passing through the blood brain barrier. Of interest are pathways involving alterations in neurotransmitter receptors, rRNA processing, and 
downstream metabolism. 

CNTNAP2/Caspr mice are a knockout ASD mouse model as the CNTNAP2 gene is associated with the ASD phenotype in humans and provide a model for behavioral assays. The secondary bile 
acids orally administered significantly altered anxiogenic and habituation behaviors in vivo as shown above. Not shown are the 3 chamber sociability test nor the marble burying test which 
were performed but no significant changes were observed. The elevated plus maze measures anxiogenic phenotype by time spent in the closed arms. UDC fed mice spend less time in the 
closed arms which means they spend more time exploring which may mean UDC aids in decreasing anxiety. In the 3 day open field test, habituation is shown by a decrease in overall activity as 
the mice become more comfortable in their environment they tend to explore less. Habituation also occurs as the test subject presents decreased anxiogenic behavior as seen in both UDC and 
GDC fed mice. Diagrams from La-Vu, 2020.

Secondary bile acids, which are produced by gastrointestinal microbes, are capable of CNS signaling. Patients with CNS disorders associated with GI comorbidities provide an opportunity to 
determine if secondary bile acids (and if so, which types) are enriched or depleted in the disease compared to healthy controls. By profiling the bacterial DNA extracted from stool biospecimens 
from multiple CNS patient cohorts and and applying metabolic prediction algorithms, we were able to identify secondary bile acids that modulate behaviors in relevant mouse models. This 
approach accelerates the drug discovery process in ASD and can be translated to other disease areas of where bacterial metabolites are hypothesized to modulate CNS functions.

UDC-fed but not GDC-fed mice exhibited reduced anxiogenic behavior in elevated 
maze test

Both UDC-fed and GDC-fed mice exhibited increased habituation indicated by decrease 
in distance traveled in 3 day open field test between days 1 and 3

Both the primary bile acids and the secondary bile acids with their conjugates serve as ligands for receptor molecules found within the nucleus or within membranes of neurons 
and may have a signaling role in the central nervous system. Some bile acids have shown neuroprotective potential in animal models and clinical studies of neurological conditions. 
Quantitative analysis of individual bile acids, the enzymes that produce them and their receptors have been associated with multiple neurological ailments and have been 
proposed as biomarkers of neurological disease. Recent research has highlighted BA signaling in neurodegenerative diseases and neurological disorders. Table adapted from Grant, 
2020, See paper for extended review. 

Currently, there is a huge unmet need for therapeutic interventions for Autism Spectrum Disorder (ASD) children. The heterogenous ASD behaviors are characterized by early-
onset difficulties in social communication and unusually restricted, repetitive behavior and interests compared to Neurotypical (NT) children. Several studies have demonstrated 
gastrointestinal (GI) disorders as common comorbidities (Lai, 2014). Fecal Microbiota Transplant (FMT), conducted in a small study has shown significant improvement of ASD 
symptoms (Kang, 2019). FMTs have been shown to affect bacterial-encodeded bile salt hydrolase availability and specific bile salt concentrations (Mullish, 2019). These findings 
suggest a important role of microbiota and secondary bile acids in ASD. Since the majority of the published studies have a relatively small number of ASD children profiled and 
since the microbiome can be highly variable across geographies there is little consistency in the findings across these studies. In the present study, a meta-cohort using both 
published and novel data was constructed and analysed for bile acids consistently depleted across multiple cohorts in order to obtain a robust clinically actionable microbiome 
metabolite signature. Two secondary bile acids, Glycodeoxycholate (GDC) and Ursodeoxycholate (UDC), which were depleted across multiple cohorts of ASD children compared to 
NT children were then tested for behaviour amelioration in animal model and RNA seq analysis was done from the brain tissue of these animals. 

The research described was conducted by the Microbiome, Metabolites and the Mind (M3) Consortium comprised of Second Genome, Stanford University and Oregon State 
University. The workflow begins with a bacterial DNA meta-analysis from stool biospecimens obtained from multiple cohorts of children with Autism Spectrum (ASD) diagnoses 
and cohort-matched neurotypical (NT) controls. Microbiome profiling is conducted to detect differences in the relative abundance of bacterial taxa and in enzymatic functional 
capacity. Modeling allows estimation of metabolic pathway perturbations affecting secondary bile acids (sBAs) abundance. The sBAs with the greatest inferred depletion in ASD 
compared to NT children are tested for gut-to-brain signaling in an animal behaviour model.

Raw data was obtained from public repositories, from original authors or was newly generated at Second Genome. Data were processed using standardized pipelines emplying 
DADA2 (Callahan, 2016) for Illumina 16S HTS sequences, UPARSE (Edgar, 2018) for Pyrosequenced 16S HTS, Sinfonietta for G4 PhyloChip hybridizations (Ravilla, 2019), Sourmash 
(Pierce, 2019) and Diamond (Buchfink, 2015) for Illumina shotgun MTG sequences. Reference databases utilized was StrainSelect (https://www.secondgenome.com/platform/
data-analysis-tools/strainselect) for taxonomy and BioCyc (Paley, 2021) for functional genes. PiPhillin (Narayan, 2020) was used for inference community functional capacity from 
of 16S HTS sequences.

Over 90% of the primary bile acids production 
in humans is by the liver for secretion into the 
gastrointestinal tract. The primary bile acids (shown 
on left) are derived from cholesterol and solubilize 
dietary lipids for digestion. Secondary bile acids 
(shown or right) are formed by modification of the 
primary bile acids by enzymes produced by bacteria 
in the gastrointestinal tract. Chemical structures 
rendered by BioCyc (Paley, 2021).

Differences between AS and NT groups were calculated 
for as effect sizes with standard errors for each each taxon 
within each dataset. To identify taxa with concordant 
signatures for any given metadata variable/combination 
across multiple datasets, linear mixed-effects models were 
calculated using the metafor R package (method=”REML”) 
(citation). The point’s horizontal positions indicate the 
direction and magnitude of the overall observations where 
points on the right represent taxa more abundant in the 
NT children and error bars represent SEM. P-values were 
adjusted to q-values by the Benjamini-Hochberg method 
(q <0.05 indicated by triangle shape). Not all taxa were 
detected in each dataset as indicated by the color scale. 
Error bars represent standard error of the mean. Differences 
were not apparent by incidence (presence/absence), but 
deeper analysis on incidence data might be supportive. 
Thus, from our methods applied to date we could not 
conclude that certain strains were “missing” in ASD subjects 
but instead were reduced in their relative abundance. 

metabolite increased in ASD ← → metabolite increased in NT

Time in Closed Arms Total Distance

FIGURE 5: 
Metabolic modeling across cohorts suggested secondary bile acids and other metabolites are depleted in AS gastrointestinal tract 

FIGURE 6A
Orally administered secondary bile 
acids were not associated with 
adverse effects

TABLE 3
GCD altered gene expression to a greater 
degree than UDC 

FIGURE 6B
Orally administered secondary bile acids altered 
gene expression profiles in the prefrontal cortex. 

FIGURE 7
Orally administered bile acids elicit improvement in behavior tests in an animal model of Autism

effect size as log2(fold-change) 
ASD ← → NT

Glycodeoxycholate top 10 altered 
pathways GSEA

Ursodeoxycholate top 10 altered 
pathways GSEA

FIGURE 4: 
Specific gastrointestinal bacterial populations were depleted in AS compared to NT controls

FIGURE 1: 
Secondary bile acids have diverse structures due to bacterial modifications
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TABLE 1
Secondary bile acids are ligands for receptors expressed in the central nervous system

FIGURE 2
Are secondary bile acids 
associated with the Autism 
Spectrum behaviors?

FIGURE 3: 
Research 
workflow

TABLE 2
The compiled meta-analysis resulted in the largest collection of 585 AS plus 500 NT children’s DNA profiles to date

Receptor CNS Cellular Localization Primary  
Bile Acid Ligands

Secondary/Conjugated 
Bile Acid Ligands

FXR Cortical neurons CA, CDCA DCA, LCA

TGR5 Neurons, astrocytes, microglia CA, CDCA DCA, LCA

S1P2R Cortical neurons, microglia, hippocampal pyramidal cells,  
retinal ganglion cells  TCA, GCA, TDCA, GDCA, TUDCA

PXR Brain endothelial cells, hippocampal neurons  LCA

VDR Neurons, glia  LCA

α5β1 integrin Cortical neurons, brain endothelial cells  TUDCA, norUDCA (UDCA homolog)

GR Neurons, microglia, cortical neurons  UDCA, TCA, GCDCA, TUDCA

Count of genes detected at various 
significance thresholds

p<0.05 p<0.10 p<0.15

 Ursodeoxycholate 0 0 104

Glycodeoxycholate 153 277 291

Publication Dataset Technology DNA profiling 
instrument

16S 
region ASD (n) NT (n) Min age 

(yrs)
Max age 

(yrs)
Median 
age (yrs)

Male 
(%)

Kang et al. 2013 DS1 16S HTS 454 GS FLX Titanium V2V3 20 20 3 16 6 87.5

Kang et al. 2018 DS2 16S HTS 454 GS FLX Titanium V2V3 23 21 4 17 9 84.1

Kang et al. 2017
Kang et al. 2019 DS3 16S HTS Illumina MiSeq V4 18 20 7 17 11.05 89.5

Li et al. 2019 DS4 16S HTS Illumina HiSeq V1V2 59 30 2 10 nr. nr.

Strati et al. 2017 DS5 16S HTS 454 GS FLX Titanium V3V5 39 39 nr. nr. nr. nr.

Coretti et al. 2018 DS6 16S HTS Illumina MiSeq V3V4 11 14 2 4 nr. nr.

Wang et al. 2019 DS7 MTG Illumina HiSeq 4000 - 43 31 2 8 4 73.0

Pulikkan et al. 2018 DS8 16S HTS Illumina NextSeq 500 V3 29 24 3 16 9 75.5

Averina et al. 2020
DS9 MTG Illumina HiSeq 4000 - 29 20 2 9 3 79.6

DS10 16S HTS Illumina MiSeq V3V4 15 5 2 9 3.5 70.0

Newly generated

DS11 16S HTS Illumina MiSeq V4 107 92 2 12 4.75 72.4

DS12 PhyloChip ThermoFisher GeneTitan V1V9 96 93 2 12 5.17 72.0

DS13 MTG Illumina NextSeq - 96 91 2 12 5.17 73.3

Total 585 500
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