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Introduction: Patients who suffer a traumatic brain injury (TBI) often experience

chronic and sometimes debilitating sequelae. Recent reports have illustrated

both acute and long-term dysbiosis of the gastrointestinal microbiome with

significant alterations in composition and predicted functional consequences.

Methods: Working with participants from past research, metagenomic stability

of the TBI- associated fecal microbiome (FMB) was evaluated by custom

qPCR array comparing a fecal sample from 2015 to one collected in

2020. Metatranscriptomics identified differently expressed bacterial genes and

biochemical pathways in the TBI FMB. Microbiota that contributed the largest

RNA amounts identified a set of core bacteria most responsible for functional

consequences of the TBI FMB.

Results: A remarkably stable FMB metagenome with significant similarity (two-

tail Spearman nonparametric correlation p < 0.001) was observed between

2015 and 2020 fecal samples from subjects with TBI. Comparing the 2020

TBI FMB metagenome to FMBs from healthy controls confirmed and extended

the dysbiotic genera and species. Abundance differences between average

TBI and healthy FMBs revealed Bacteroides caccae, B. uniformis, Blautia spp.,

Collinsella spp., Dialister spp., and Ordoribacter spp. were significantly different.

Functionally, the Parabacteroides genus contributed the highest percentage

of RNA sequences in control FMBs followed by the Bacteroides genus as

the second highest contributor. In the TBI FMB, the Corynebacterium genus

contributed the most RNA followed by the Alistipes genus. Corynebacterium

and Pseudomonas were distinct in the top 10 contributing genera in the TBI FMB

while Parabacteroides and Ruminococcus were unique to the top 10 in controls.

Comparing RNA profiles, TBI samples had ∼1.5 fold more expressed genes with

almost 700 differently expressed genes (DEGs) mapped to over 100 bacterial

species. Bioinformatic analysis associated DEGs with pathways led identifying

311 functions in the average TBI FMB profile and 264 in the controls. By average

profile comparison, 30 pathways had significantly different abundance (p < 0.05,

t-test) or were detected in >80% of the samples in only one of the cohorts (binary

distinction).
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Discussion: Functional differences between TBI and healthy control FMBs

included amino acid metabolism, energy and carbon source usage, fatty

acid metabolism, bacterial cell wall component production and nucleic acid

synthesis and processing pathways. Together these data shed light on the

functional consequences of the dysbiotic TBI FMB decades after injury.

KEYWORDS

traumatic brain injury, microbiome, fecal microbiome, metatranscriptome, BIAFAC

Introduction

Traumatic brain injury (TBI) is remarkably common with an
estimated 600 TBI-related hospitalizations and more than 170 TBI-
related deaths each day in the United States (Peterson and Thomas,
2021; Read, n.d.). In an Ohio based study, 1 in 5 adults reported a
TBI with loss of consciousness and for 10% of respondents the TBI
occurred before they were 15 years old (Corrigan et al., 2018). TBI
are associated with long-term health issues including increased risk
of stroke (Esterov et al., 2023), early onset dementia (Bellomo et al.,
2022), depression (Lambert et al., 2022), and decreased olfaction
(Tai et al., 2022). Post-TBI sequelae frequently include fatigue and
altered cognition that compromise quality of life and productivity
as described by the brain injury associated fatigue and altered
cognition syndrome (BIAFAC) (Yuen et al., 2020). BIAFAC is
characterized clinically by abnormal growth hormone (GH) levels
after glucagon stimulation and hypoaminoacidemia (Børsheim
et al., 2007; Durham et al., 2017; Mossberg et al., 2017; Wright
et al., 2020; Yuen et al., 2020) raising the possibility that BIAFAC
and other TBI-related sequelae may be caused by a dysbiotic
gastrointestinal microbiome. We have studied the potential role of
the microbial community structure in chronic TBI through fecal
sampling followed by bacterial 16S rDNA, tuf gene and shot-gun,
whole genome sequencing (WGS). These data directed creation of
a customized qPCR array to provide absolute abundance of selected
microbiota (Urban et al., 2020).

In clinical samples and animal models the fecal microbiome
(FMB) is significantly altered soon after even mild TBI, and
develops into chronic dysbiosis in some patients (Treangen et al.,
2018; Nicholson et al., 2019; Brenner et al., 2020; Pathare et al.,
2020; Urban et al., 2020; Yuen et al., 2020; Opeyemi et al., 2021;
Aghakhani, 2022; Soriano et al., 2022). Previously reported WGS
data from fecal samples from patients who had a moderate to
severe TBI predicted functional alterations in amino acid (AA)
metabolism, short chain fatty acid (SCFA) biosynthesis/oxidation
and communication with the nervous system including the
pituitary (Urban et al., 2020). Dysbiotic FMB communities are
increasingly associated with a variety of other neurocognitive
and neuropathological conditions (Sochocka et al., 2019; Elfil
et al., 2020; Johnson et al., 2020; Sun et al., 2020; Alharthi
et al., 2022; Dinan and Dinan, 2022). Comparing the dysbiotic
FMBs from individuals suffering with Parkinson’s disease, autism
spectrum disorder, Alzheimer’s disease, and other pathologies
has revealed an interesting list of bacterial genera that may
produce detrimental metabolites and/or metabolize critical dietary

components including essential AAs. This may lead to deficiencies
that have not yet understood consequences on nervous system
function.

It appears that the TBI FMB may cause similar impacts on the
gut-brain axis (Sundman et al., 2017). We previously reported that
the FMB communities in samples from participants with moderate
to severe, debilitating TBI that occurred, on average, >20 years
prior, were distinct from subjects without TBI in two care facilities
located in California and Texas (Urban et al., 2020). Our findings
illustrated changes in abundance of species in the Bacteroides and
Prevotella genera; consistent with findings reported more recently
for other neuropathologies (Rogers et al., 2016; Brenner et al.,
2020; George et al., 2021; Hanscom et al., 2021). Our WGS analysis
predicted substantial changes in molecular functions of the FMB
communities in TBI subjects relative to control subjects including
AA metabolism, SCFA metabolism, and energy utilization (Urban
et al., 2020).

Our clinical research and the field broadly support continued
investigation of the bi-directional signaling between the gut and
brain and determination of whether FMB dysbiosis is sustained
following TBI. FMB stability in large human cohorts has been
reported across time spans of >4 years (Faith et al., 2013; Chen
et al., 2021; Frost et al., 2021). Collective data indicated that
FMBs with greater alpha-diversity had higher stability and that
several bacterial genera including Bacteroides were among the most
stable over time. To address our theory that TBI FMB dysbiosis
is similarly stable, we analyzed the TBI FMB community profile
5 years after our initial study in a small cohort of past participants
with moderate to severe debilitating TBI living continuously in the
Centre for Neuro Skills (CNS) facility (Bakersfield, CA). In this first
kinetic study of TBI FMBs, analysis by qPCR array confirmed the
stability of the TBI FMB metagenomic community structure over
the 5-year sampling window.

To better understand the molecular consequences of the
shifted metagenome, we also completed bioinformatic analyses of
the metatranscriptome in the TBI FMB samples and compared
that profile to healthy controls. This novel approach identified
microbiota that were most contributory to the TBI FMB
metatranscriptome and those molecular pathways that were
significantly different between the groups. The results illustrated
that some metagenomically identified bacteria did not contribute
measurable RNA while other novel bacteria were recognized as
important contributors but were not noted as having significantly
altered abundance in past qPCR metagenomic comparisons.
Application of these newer technologies and bioinformatic
workflows will focus future study designs on only those bacteria
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that contribute to functional distinctions. Differences in expression
of microbial biochemical pathways confirmed and extended prior
WGS predictions including differences in specific AA metabolism
pathways, glycolysis and altered energy usage, and revealed impacts
on nucleotide metabolism and metabolism of lipids and SCFAs.
Collectively the data add confidence that subjects with moderate
to severe TBI have stable dysbiotic FMB community structures
with distinct functional profiles that may contribute to chronic
sequelae and increased risk for pathology. A greater understanding
of these alterations is critical to design effective interventions
to improve quality of life for individuals suffering long-term
consequences of TBI.

Materials and methods

Ethics statement

All subjects provided written informed consent before self
or assisted collection of a single fecal sample. All procedures
were approved by the Advarra IRB (Pro00027812) for subjects at
the CNS facility (Bakersfield, CA) or by the University of Texas
Medical Branch (UTMB) IRB for control samples collected in
Galveston County, TX. Samples were assigned a unique study
identification number to minimize personal information exposure.
Limited metadata were connected to each study ID (Table 1).

Subjects

Study participants with moderate to severe TBI were enrolled
based on participation in our previous study (Urban et al., 2020).
Five continual residents of the CNS facility who previously donated
a fecal sample for analysis in 2015 (Urban et al., 2020) agreed to
participate and were consented under a new IRB protocol. They
resided continuously in the facility since the 2015 sampling. Five
male age- and BMI-matched healthy control subjects without a
history of TBI were recruited through advertisement and enrolled
from the Galveston, TX area. After obtaining informed consent,
participants were provided fecal sampling kits and were instructed
on the collection technique. Single fecal samples were collected
at the end of 2020 prior to any COVID-19 diagnosis in the CNS
facility.

Fecal microbiota DNA and RNA
preparation

As previously described (Urban et al., 2020), fecal samples
were collected into OMNIgene GUT kit OMR-200 (DNA Genotek,
Ottawa, ON, Canada) and delivered within 48 h to UTMB
(Galveston-control) or stored at −80◦C until shipped on dry ice
(CNS-TBI). For processing, samples were thawed and mixed with
3 ml of sterile PBS, vigorously vortexed, and 50 µl of the resulting
slurry was mixed with 200 µl PM1 solution (Qiagen) within a
0.1 glass Powerbead tube (Qiagen). The remaining material was
archived at −80◦C. Each sample was heated to 55◦C for 30 min

and then bead beaten (5 min at 30 Hz; Qiagen TissueLyser LT).
The liquid fraction (clarified at 13K × g for 1 min) was mixed
with inhibitor reduction solution (IRS; Qiagen), incubated at 4◦C
for 5 min. Nucleic acid (NA) was extracted using a MagNAPure96
system and the DNA and viral NA small volume kit (Roche Applied
Science, Indianapolis, IN, USA) or the MagNAPure96 cellular RNA
large volume kit (Roche). DNAs were analyzed for quality using
qPCR (Urban et al., 2020). Extracted RNA was quality checked
(16s rRNA and human GAPDH abundance) before NGS library
synthesis. Residual NA was stored at −80◦C. Negative quality
control samples were processed in parallel.

Fecal metagenomic stability
comparisons

DNA from each of the five fecal samples collected in 2020 were
subjected to our custom TBI FMB qPCR array (Urban et al., 2020)
that included quantification of total bacterial DNA and human
DNA. FMB metagenomic profiles were normalized to the amount
of total bacterial DNA recovered to allow comparison to the profiles
created in 2015 to minimize technical impacts created by slight
changes in the extraction kit and fecal sampling kits employed. All
samples from 2015 and 2020 surpassed the quality cutoffs (>1E7
bacterial genomes/µl of recovered DNA). Novel bacterial target
qPCR assays are described in Supplementary Table 1. Normalized
metagenomic profiles were subjected to similarity and correlation
analyses as described below.

Fecal metatranscriptomics and
bioinformatics

Bacterial and human ribosomal RNAs (rRNA) were removed
from the recovered RNA using the RiboMinus Bacteria 2.0
Transcriptome Isolation and RiboMinus Eukaryotic Kits v2
(ThermoFisher, Waltham, MA, USA). Target probes were mixed
in a 4:1 ratio of bacteria to human and used following the
manufacturer’s protocol. Libraries were prepared with a NEBNext
Ultra II RNA Library kit (New England Biolabs, Ipswich, MA,
USA). Libraries were quantified, pooled and sequenced with the
paired-end 75 base protocol on a NextSeq 550 using the High-
Output flow cell (Illumina Inc., San Diego, CA, USA). RNA-
negative water samples were analyzed to confirm no environmental
contaminants were present.

FASTQ files for bacterial metatranscriptomics with human
host reads removed were analyzed with Galaxy Europe web-based
bioinformatics1 using the established ASaiM workflow (Baker et al.,
2016; Batut et al., 2018; Mehta et al., 2021). Briefly, the sequencing
data were processed to remove low quality and adapter sequences
(Martin, 2011). All samples surpassed the minimum of 5E6 high
quality reads required for inclusion. A community profile was
extracted with the assignment of relative abundance to taxonomic
levels using MetaPhlAn2 (Truong et al., 2015). The sequences were
sorted to categorize rRNA reads from functional reads needed for

1 https://usegalaxy.eu/
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TABLE 1 Study cohort demographics.

Group Age Height (cm) Weight (kg) BMI Ambulatory Time since injury
(months)

TBI 1 41 180.34 88.08 27.1 Y 312

TBI 2 62 170.18 82.91 28.6 Y 264

TBI 3 53 180.34 65.77 20.2 N 324

TBI 4 44 165.1 74.93 27.5 Y 301

TBI 5 56 193.04 92.8 24.9 Y 266

TBI AVG 51.2 (8.6) 177.8 (10.8) 80.9 (10.7) 25.7 (3.3) 4Y/1N 293.4 (27.2)

Control 1 59 183.8 121.4 35.9 Y N/A

Control 2 57 185.5 112.2 32.6 Y N/A

Control 3 51 179 90 28.09 Y N/A

Control 4 60 183.4 98.2 29.2 Y N/A

Control 5 44 190.5 99.7 27.5 Y N/A

Control AVG 54.2 (6.7) 184.4 (4.2) 104.3 (12.4) 30.6 (3.5) 5Y N/A

Average values for each group are shown in bold text with (SDEV) indicated. The controls showed no significant average differences compared to the TBI subject cohort (Mann–Whitney
t-tests).

gene and pathway annotation (Kopylova et al., 2012) and then used
to derive functional information using the HUMAnN2 pipeline
(Abubucker et al., 2012). The results of both MetaPhlAN2 and
HUMAnN2 workflows were subsequently combined to associate
taxonomic and functional information corresponding to relative
abundance of microbiota identified from the community profile.
Raw data files are available (BioProject PRJNA1005267).

Pathway abundance levels for each specific genera/species were
sum totaled using pivot tables (Excel). Totals were normalized
via conversion to relative abundance (% or total) then compared
using unpaired t-tests (p ≤ 0.05) without correction assuming
a <0.05 p-value for significance. Binary comparison was carried
out by comparing the presence or absence of pathways between
groups (±80% Community, ±30% Bacteroides-specific, Control
vs. TBI). Microbiota at the genus and species levels contributing
to pathways with statistically significant differences in expression
were compared via relative abundance between control and TBI
cohorts. Clustering comparison and visualization of the data was
accomplished using PCA and associated heat-maps (Metsalu and
Vilo, 2015).

Statistical analysis

For metagenomic comparisons, Pearson’s correlation was
calculated in Excel. After normalization to total bacterial genomic
load in each sample (16S rDNA copies), two-tail Spearman
nonparametric correlation was performed and plotted (Prism
v9.5.1; GraphPad, Boston, MA, USA). To compare normalized
abundance of genomic copies between the TBI and control cohorts,
paired and unpaired multiple t-test analyses were performed
(Prism) as well as Fisher’s exact test calculations for binary
comparisons.2 For qPCR absolute abundance data comparisons,
statistical significance was determined using multiple t-tests via

2 https://www.socscistatistics.com/tests/fisher/default2.aspx

the Holm-Sidak method (Prism). Each qPCR target was analyzed
individually, without assumption of a consistent SD. A p-value
of <0.05 was considered significant. Clustering analysis was
completed using Morpheus web-based software (Broad Institute,
Cambridge, MA, USA) and ClustVis (Metsalu and Vilo, 2015). RNA
data analyses are described in the previous section.

Results

Study cohort

This study was made possible by the willingness of five subjects
living in the CNS facility (Bakersfield, CA) to participate in a follow
up FMB analysis. Two control subjects had COVID-19 more than
6 months prior to sampling and did not report any lingering effects.
None of the participants had any illness or antibiotic use in the
3 months prior to collection. Cohort demographics are summarized
in Table 1. There were no significant differences in the general
characteristics of the two groups although the average age and BMI
were slightly higher in the controls.

TBI FMB metagenome profiles are stable
over time

Stability of the FMB in individuals with a TBI received on
average 24.5 years prior to sampling was evaluated by qPCR array
(Urban et al., 2020). In this follow-up study, five participants
from our original study (2015) provided a fecal sample roughly
5 years later. Each sample was evaluated for changes in the
FMB community profile based on the targets included in our
custom TBI FMB qPCR array (Urban et al., 2020) as well as
additional bacterial targets identified in ongoing research. Pearson’s
correlations on each absolute abundance pairing (2015 versus 2020)
without normalization showed >99% similarity for each FMB
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FIGURE 1

Spearman nonparametric correlation (two-tail) plots of the FMB metagenomic profiles of five subjects with TBI. Similarity indices (Spearman rho
value) based on the results from the 96 target custom qPCR array for TBI FMB are shown (r). The x-axis depicts the original profile (2015) and the
y-axis shows the 2020 sample distribution. For hypothesis testing the p-value was set to 0.05.

pair. Because of the variation in total 16S rDNA abundance and
changes in the collection materials over the 5 years, each profile
was normalized to the total 16S rDNA content (the lowest 16S
rDNA copy number was 7.5E7 for TBI and 2.58E7 for control
FMB samples) and then correlation matrices for each pair were
generated. The plotted correlations showed remarkable consistency
with rho values (two-tail Spearman nonparametric correlation)
ranging from 0.53 to 0.96 (Figure 1). By this comparison, all five
pairs were significantly similar (p > 0.001) indicating minimal
changes to previously reported FMB metagenomic community
profiles (Urban et al., 2020).

Consistent with the 2015 sampling in the larger TBI cohort
(n = 22), Akkermansia spp., Anaerotruncus colihominis, Bacteroides
spp., Clostridium spp., Collinsella spp., Faecalibacterium
prausnitzii, Lactobacillus spp., Parabacteroides spp., Prevotella
spp., Streptococcus spp., and Sutterella spp. were detected in
all five resamples (Table 2; Urban et al., 2020). Although not
previously reported Alistipes putredinis, Bifidobacterium spp.,
Blautia spp., Dialister spp., Lachnoclostridium spp., and Veillonella
spp. were also universally detected and found to be abundant
community members in the TBI profile (Table 2). Among the
Bacteroides genus, Bacteroides uniformis was the most abundant
species. Bacteroides ovatus, Bacteroides stercoris, and Bacteroides
vulgatus were detected almost as frequently, consistent with the
2015 analyses (Urban et al., 2020). Notable, but not significant
changes, in the average profile between 2015 and 2020 included
reduction in abundance and detection of Bacteroides caccae (13/22
detection and 4E4 genomes in 2015 versus 2/5 detections and 5E2
genomes in 2020), Bacteroides dorei (13/22 and 5E4 versus 2/5
and 34 genomes), B. vulgatus (10/22 and 1.6E5 versus 3/5 and
7E3 genomes), Lactobacillus fermentum (17/22 and 2E3 versus
1/5 and 1 genome) and Parabacteroides merdae (18/22 and 4.9E4

versus 3/5 and 6E2 genomes; multi paired t-test, p = 0.05). Finally,
Lactobacillus reuteri and Lactobacillus salivarius, were not detected
in any of the five resamples consistent with the 2015 individual
profiles.

Resample of the 2015 control cohort was not possible, so a
new cohort of control fecal samples were analyzed similarly. The
absolute abundance for each qPCR array target was normalized to
total 16S rDNA copies and then compared to the average TBI FMB
by paired and unpaired multiple t-test analyses and by Fisher’s exact
test for binary comparisons (Table 2). These comparisons identified
an additional 22 microbiota of interest that were either new to
testing or not highlighted in 2015 (Urban et al., 2020). Across the
previously reported targets, fold change differences (TBI versus
control) for the 2015 cohorts were matched to those of the 2020
comparison to identify bacteria most likely involved in dysbiosis.
With greatly reduced group sizes, variation was anticipated when
TBI resamples were compared to the new non-TBI controls.
Remarkably, only nine consistently tested targets showed a reversed
average fold difference (Table 2) and helped refine the list of targets
most likely associated with the altered metagenomic TBI profile.
In fact, this approach revealed 19 genomic targets that matched
the average fold difference reported for the 2015 sampling despite
potential biological noise introduced by the new controls.

Considering the limited number of available subjects for
resampling we also analyzed the statistical differences in detection
between groups. This comparison found that L. fermentum and
Parabacteroides goldsteinii were detected significantly more often
in controls (5/5 controls but only 1/5 TBI; p = 0.048, Fisher’s
exact test). Ralstonia pickettii was more commonly detected in
TBI samples (5/5 TBI but only 1 control; p = 0.048). Differences
in absolute abundance also were identified for those organisms
detected in at least three samples from both cohorts by paired
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TABLE 2 Metagenomic comparisons between TBI and control subjects.

Target TBI Control TBI FD BKY
p-value

W
p-value

FE
p-value

Match
2015 FC

Genus and species Count Avg SD Count Avg SD

Akkermansia spp. 5 2.7E+05 5.1E+05 3 6.7E+04 1.1E+05 4.01 0.36 0.34 0.44 Y

Alistipes spp. 5 6.9E+05 1.3E+06 5 1.1E+05 1.9E+05 6.32 0.36 0.39 1 NR

Alistipes onderdonkii 4 7.8E+05 1.5E+06 5 9.1E+04 1.9E+05 8.56 0.35 0.34 1 Y

Alistipes putredinis 5 6.3E+04 9.2E+04 5 1.5E+04 3.2E+04 4.15 0.36 0.34 1 NR

Anaerotruncus colihominis 5 2.3E+03 4.6E+03 5 1.3E+02 1.3E+02 17.98 0.12 0.10 1 Y

Bacteroides spp. 5 1.7E+05 3.2E+05 5 2.7E+05 2.2E+05 0.64 0.73 0.60 1 NR

Bacteroides caccae 2 5.4E+02 7.6E+02 4 1.2E+04 9.9E+03 0.04 0.23 0.08 0.52 Y

Bacteroides cellulosilyticus 1 3.4E+03 N/A 2 4.3E−03 4.9E−03 N/A N/A N/A 1 NT

Bacteroides dorei 2 3.4E+01 4.8E+01 4 2.2E+02 2.3E+02 0.15 0.15 0.15 0.52 N (1.03)

Bacteroides fragilis 2 3.1E+03 3.2E+03 0 N/A N/A N/A N/A N/A 0.44 NR

Bacteroides massiliensis 1 1.5E+01 N/A 2 1.2E+02 5.3E+01 0.12 N/A N/A 1 Y

Bacteroides ovatus 3 1.0E+04 1.5E+04 5 4.1E+03 4.6E+03 2.48 0.18 0.13 0.17 NR

Bacteroides plebeius 2 1.8E+01 2.6E+01 0 N/A N/A N/A N/A N/A 0.44 NA

Bacteroides sartorii 4 4.2E+00 7.3E+00 2 4.3E+00 2.5E+00 0.97 0.23 0.22 0.52 N (11)

Bacteroides stercoris 3 1.2E+03 9.4E+02 4 1.1E+04 1.2E+04 0.11 0.15 0.15 1 N (1.56)

Bacteroides stercorirosoris 3 3.4E+02 5.2E+02 2 2.6E+01 3.6E+01 12.96 0.39 0.38 1 Y

Bacteroides thetaiotaomicron 2 1.8E+04 2.5E+04 4 4.1E+03 3.6E+03 4.42 0.11 0.11 0.52 Y

Bacteroides uniformis 4 1.4E+05 2.6E+05 5 1.2E+05 9.4E+04 1.2 0.13 0.05 1 Y

Bacteroides vulgatus 3 7.2E+03 8.9E+03 5 2.1E+04 2.1E+04 0.34 0.15 0.07 0.17 N (1.25)

Bifidobacterium spp. 5 1.3E+04 2.2E+04 5 3.5E+03 2.7E+03 3.82 0.41 0.37 1 NR

Bifidobacterium bifidum 2 2.2E+04 1.3E+04 2 2.7E+02 3.8E+02 79.21 0.44 0.41 1 N (0.39)

Bifidobacterium longum 3 7.7E+03 1.2E+04 4 1.9E+03 1.5E+03 3.98 0.21 0.09 1 NR

Blautia spp. 5 2.4E+06 3.2E+06 5 3.4E+06 3.1E+06 0.72 0.03 0.07 1 NR

Clostridium spp. 5 4.2E+02 2.6E+02 5 1.1E+03 2.1E+03 0.37 0.45 0.49 1 NR

Clostridium leptum 5 3.2E+02 1.9E+02 5 1.1E+03 2.1E+03 0.29 0.32 0.30 1 N (5.5)

Clostridium symbiosum 4 1.3E+02 1.1E+02 5 2.4E+01 2.5E+01 5.14 0.11 0.10 1 Y

Collinsella spp. 5 8.1E+04 1.5E+05 5 2.3E+05 1.6E+05 0.35 0.06 0.03 1 Y

Corynebacterium spp. 5 7.6E+05 4.0E+05 5 7.1E+05 1.1E+06 1.07 0.64 0.92 1 NR

Corynebacterium
propinquum

2 3.6E+00 3.3E+00 0 N/A N/A N/A N/A N/A 0.44 NR

Desulfovibrio spp. 4 3.6E+03 1.2E+03 5 1.6E+04 2.4E+04 0.22 0.22 0.21 1 N (3.44)

Dialister spp. 5 1.9E+04 2.2E+04 5 7.7E+03 6.4E+03 2.45 0.05 0.06 1 NR

(Continued)
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TABLE 2 (Continued)

Target TBI Control TBI FD BKY
p-value

W
p-value

FE
p-value

Match
2015 FC

Genus and species Count Avg SD Count Avg SD

Eubacterium spp. 4 1.6E+05 1.7E+05 5 1.2E+05 1.1E+05 1.36 0.71 0.66 1 NR

Eubacterium rectale 4 1.9E+05 1.7E+05 5 1.2E+05 1.1E+05 1.67 0.17 0.08 1 NR

Eubacterium siraeum 4 5.7E+03 7.3E+03 3 2.5E+03 4.3E+03 2.28 0.39 0.37 1 NR

Faecalibacterium prausnitzii 5 2.9E+05 4.6E+05 5 5.3E+05 2.8E+05 0.55 0.01 0.01 1 Y

Lachnoclostridium spp. 5 2.0E+06 1.4E+06 5 2.2E+06 1.2E+06 0.93 0.05 0.02 1 NR

Lactobacillus spp. 5 7.0E+03 1.5E+04 5 1.3E+03 1.1E+03 5.54 0.44 0.44 1 NR

Lactobacillus fermentum 1 1.1E+00 N/A 5 4.4E+02 9.7E+02 0.002 N/A N/A 0.048 N (15.6)

Lactobacillus reuteri 0 N/A N/A 0 N/A N/A N/A N/A N/A 1 NA

Lactobacillus rhamnosus 5 2.1E+01 3.2E+01 2 3.8E+00 5.2E+00 5.42 0.39 0.37 0.17 NR

Lactobacillus salivarius 0 N/A N/A 0 N/A N/A N/A N/A N/A 1 NA

Megasphaera massiliensis 0 N/A N/A 2 3.0E+03 4.0E+03 N/A N/A N/A 0.44 NA

Odoribacter spp. 4 1.5E+04 1.6E+04 4 9.7E+03 4.9E+03 1.59 0.03 0.05 1 Y

Parabacteroides spp. 5 5.5E+03 8.3E+03 5 9.5E+03 5.2E+03 0.59 0.76 0.41 1 NR

Parabacteroides distasonis 3 1.9E+03 2.4E+03 5 1.8E+03 3.2E+03 1.11 0.30 0.28 0.17 Y

Parabacteroides goldsteinii 1 2.0E+04 N/A 5 3.3E+02 5.0E+02 60.32 N/A N/A 0.048 NR

Parabacteroides merdae 3 6.0E+02 1.0E+03 5 7.4E+03 6.1E+03 0.08 0.13 0.05 0.17 Y

Prevotella spp. 5 1.7E+05 3.8E+05 5 2.2E+06 3.3E+06 0.08 0.24 0.24 1 Y

Prevotella copri 1 1.5E+04 N/A 3 6.0E+04 1.0E+05 0.25 N/A N/A 0.52 Y

Prevotella stercorea 0 N/A N/A 1 5.4E+02 N/A N/A N/A N/A 1 NA

Propionibacterium acnes 1 1.1E+01 N/A 2 9.6E−01 1.1E−01 11.14 N/A N/A 1 NR

Ralstonia pickettii 4 2.9E+03 3.2E+03 1 N/A N/A N/A N/A N/A 0.048 NR

Ruminococcus spp. 4 1.51E+04 1.21E+04 5 5.5E+04 6.2E+04 0.27 0.27 0.22 1 NR

Ruminococcus bromii 2 2.3E+03 1.3E+03 4 3.4E+03 5.5E+03 0.68 0.31 0.29 0.52 Y

Streptococcus spp. 5 1.1E+04 1.4E+04 5 3.1E+04 4.4E+04 0.34 0.19 0.19 1 Y

Streptococcus salivarius 2 1.4E+04 1.8E+04 4 3.3E+02 3.1E+02 42.29 0.16 0.14 0.52 Y

Subdoligranulum spp. 4 2.9E+04 3.1E+04 4 1.3E+04 9.3E+03 2.27 0.07 0.08 1 NR

Sutterella spp. 5 8.6E+04 1.5E+05 5 4.3E+04 3.1E+04 1.99 0.07 0.03 1 N (0.37)

Veillonella spp. 5 2.2E+02 2.8E+02 5 9.8E+02 1.8E+03 0.23 0.35 0.28 1 NR

Results for the TBI cohort are displayed in columns 2, 3 and 4. The Control results are shown in columns 5, 6 and 7. The count column shows the number of detections for each target out of the five samples in each cohort. The average genomic abundance (avg column; by
qPCR) and standard deviation (SD column) for each cohort is shown. The fold difference (FD) between abundance of specified qPCR targets in the average TBI FMB compared to control FMBs is shown. Because of the complexity of these comparisons, several methods
of statistical comparisons were performed as depicted. BKY, paired t-test with Benjamini, Krieger, and Yekutieli correction for false discovery; W, Mann–Whitney test; FE, Fischer’s exact test for detection differences. The results for the 2020 comparison were compared to
those of the 2015 comparison with the original control group to determine if the fold change (FC) was not previously reported (NR) or matched [yes (Y) or no (N)] the prior data, discordances are shown as a numerical value.
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TABLE 3 Relative RNA contribution of the top 10 genera for TBI and non-TBI FMB profiles.

Contributing genus
TBI FMB

Percent of total RNA contribution Contributing genus
Control FMB

Corynebacterium 9.02 8.32 Parabacteroides

Alistipes 7.22 6.67 Bacteroides

Eubacterium 6.99 6.45 Ruminococcus

Subdoligranulum 6.65 5.77 Faecalibacterium

Bacteroides 6.5 4.59 Alistipes

Propionibacterium 6.39 4.29 Propionibacterium

Ralstonia 5.82 4.21 Ralstonia

Pseudomonas 5.48 3.87 Eubacterium

Alcaligenes 5.19 3.67 Alcaligenes

Faecalibacterium 4.58 3.29 Subdoligranulum

Genera shown in bold text are unique to the top 10 contributors of the indicated cohort. Percentage of total RNA contribution values are based on normalized counts of assigned RNA sequences.

and unpaired comparisons. Five bacteria were found to have
at least 1 p-value ≤ 0.05 and be higher in average abundance
in control samples including Blautia spp. (1.4-fold, p = 0.03),
Collinsella spp. (3-fold, p = 0.03), F. prausnitzii (1.8-fold, p = 0.01),
Lachnoclostridium spp. (1.1-fold, p = 0.05), and P. merdae (12.3-
fold, p = 0.05). Four bacteria were identified as more abundant
in TBI by the same metrics including B. uniformis (1.2-fold,
p = 0.05), Dialister spp. (2.5-fold, p = 0.05), Odoribacter spp. (1.6-
fold, p = 0.05), and Sutterella spp. (2-fold, p = 0.03). Of these nine
organisms, B. caccae, B. uniformis, Blautia spp., Collinsella spp.,
Dialister spp., and Odoribacter spp. had a consistent abundance
difference in the 2015 and 2020 comparisons.

TBI FMB metatranscriptome analyses
revealed distinct community structures
for bacteria that contributed RNA

The metagenomic analyses indicated a stable TBI FMB
community profile that was substantially different from 2
distinct control cohorts sampled 5 years apart. The differences
observed between TBI and control FMB metagenomic profiles
failed to identify functional changes associated with the distinct
communities. To address the consequence of the distinct profile,
metatranscriptomics (metaTx) were completed on the five TBI fecal
resamples that were compared to the 2020 controls. In addition
to providing the opportunity to compare bacterial behavior in
the TBI and healthy GI environments, metaTx identified the fecal
bacteria that contributed RNA. This analysis distinguished viable,
metabolically active bacteria from the bacteria that were detected
metagenomically but were not associated with active transcription.
Using 75 bp, paired-end reads we mapped sequences to genus
and species levels supporting analyses of community structures,
pathway abundance and ultimately the identification of bacteria
most contributory to the differences and functional consequences
of the shifted TBI FMB profile.

As an initial analysis of the metaTx, the list of bacterial
genera that contributed the highest numbers of sequence reads
in the average TBI and control community structure were
compiled considering only those that were detected in ≥2/5
samples in each cohort. As shown in Table 3, based on the

percent of total mapped RNA reads, there were 8 common
genera in the top 10 contributors between the TBI and
control metaTx averages including Bacteroides, Faecalibacterium,
Alistipes, Propionibacterium, Ralstonia, Eubacterium, Alcaligenes,
and Subdoligranulum. Others have reported similar findings for
microbial contributors to the core FMB metatranscriptome (Abu-
Ali et al., 2018). The other 2 exclusive genera in the top 10
contributors for the average TBI profile were Corynebacterium
and Pseudomonas while Parabacteroides and Ruminococcus were
the distinct members of the top 10 contributors in the control
profile. In the average TBI metaTx profile, the Corynebacterium
genus contributed the most RNA but was 12th in contribution for
controls (9% versus 2.7% of total RNA sequences in TBI versus
controls; Table 3). The most robust contribution in the genus
was mapped to Corynebacterium kroppenstedtii (average of 4.1%
for TBI and present in all 5 samples) which was also the most
abundant contributor in controls for this genus (2.1%, present
in 4/5 samples). Despite the difference in RNA contribution,
the Corynebacterium genus was present in every sample and
statistically indistinguishable in control and TBI FMBs (Table 2).
The second largest RNA contribution to the TBI metaTx profile
was attributed to the Alistipes genus (7.2% versus 4.6%; Table 3).
Metagenomically, the Alistipes genus was detected in all samples
in both cohorts but was 6.3-fold more abundant in the average
TBI community (Table 2). Among the Alistipes species, Alistipes
onderdonkii was the most contributory (3.26% of total RNA) but
was only detected in 3/5 TBI samples. A. putredinis was detected in
4/5 TBI samples and was responsible for 2.4% of the RNA detected
in the average metaTx profile.

In the controls, the highest percentage of RNA sequences
were attributed to Parabacteroides (8.3% versus only 2.3% in TBI
making it 13th most contributory); Bacteroides was the second most
contributory genus (6.7%). From the metagenomic perspective,
Parabacteroides genomes were detected in every control and TBI
sample at similar abundance suggesting that the TBI environment
altered the transcriptional behavior of Parabacteroides or that the
significantly more frequently detected P. goldsteinii was a main
contributor to the RNA differences. Similarly, Bacteroides spp.
genomes were detected in every TBI and control sample with
a slightly higher abundance in controls (Table 2). However, the
Bacteroides member species genomic presence and abundance
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TABLE 4 Top 10 most abundantly expressed FMB metabolic pathways in each cohort.

Metabolic pathway
TBI FMB

Percent of total Metabolic pathway
Control FMB

Glycolysis IV 2.96 14.8 Glycolysis IV

Adenosine ribonucleotides de novo biosynthesis 2.86 5.04 Adenosine ribonucleotides de novo biosynthesis

L valine biosynthesis 2.63 4.44 Glycolysis III

Pyruvate fermentation to isobutanol 2.45 3.13 L valine biosynthesis

Guanosine ribonucleotides de novo biosynthesis 2.23 2.83 Guanosine ribonucleotides de novo biosynthesis

5 aminoimidazole ribonucleotide biosynthesis
II

2.04 2.69 Pyruvate fermentation to isobutanol

Superpathway of 5 aminoimidazole
ribonucleotide biosynthesis

2.04 2.08 5 aminoimidazole ribonucleotide biosynthesis II

Coenzyme A biosynthesis II 1.73 2.08 Superpathway of 5 aminoimidazole ribonucleotide
biosynthesis

L isoleucine biosynthesis I 1.71 1.93 Glycolysis VI

5 aminoimidazole ribonucleotide
biosynthesis I

1.57 1.91 L isoleucine biosynthesis I

The average relative abundance (% of total mapped pathways) are shown for the 10 most abundant pathways in each cohort. Pathways unique to the top 10 of each cohort are shown in bold.
Pathway labels are assigned by the described workflow and are matched to the MetaCyc database.

were distinctive (Table 2). Ruminococcus was the third most
contributory genus in the controls (11th in TBI) although only 4/5
samples were positive for genomes and there was a 3.7-fold lower
genomic abundance in controls than TBI (Table 2).

MetaTx data processing identified FMB
molecular pathways that may contribute
to long-term sequelae

Individual metaTx profiles were bioinformatically processed
to identify a cohort average number of expressed bacterial genes
(ASaiM) and comparisons to identify differently expressed genes
(DEGs, p < 0.05, t-test). On average, TBI samples contained 1.57E4
expressed genes (range of 1.23E4–2.22E4) while controls averaged
9.79E3 expressed genes (range of 4.95E3–1.59E4). Consistent
with prior reports (Abu-Ali et al., 2018), we observed a “core
metaTx” that had consistent detection and abundance between the
two cohorts allowing those genes to be eliminated from further
consideration. Comparison of the average profiles revealed nearly
700 DEG between the average TBI and control profile contributed
by over 100 bacteria. The metaTx profiles were subjected to ASaiM
workflows (Batut et al., 2018; Mehta et al., 2021) to identify
molecular pathways that were differently expressed between the
cohorts. The average TBI profile had 311 detected pathways with
264 in the average control profile. The most abundantly expressed
pathway for both profiles was glycolysis IV (14.8% and 2.96% of
the total for control and TBI, respectively; Table 4). There were 7
additional common pathways in the top 10 for both cohorts. The
pathways for coenzyme A biosynthesis II and 5 aminoimidazole
ribonucleotide biosynthesis I were unique to the TBI top 10 (1.7%
and 1.5% of total, respectively; Table 4). Glycolysis III and VI
pathways were distinct to the top 10 in the control profile (4.4%
and 1.9% of total, respectively).

Statistical comparison of normalized pathway abundance led
to the identification of 30 bacterial pathways that were either
significantly different in abundance (p < 0.05, unpaired t-test) or

were detected in ≥80% of the samples in only one of the cohorts
(binary distinction; Figure 2). This list included pathways that
grouped into categories for energy utilization, AA metabolism, fatty
acid and lipid metabolism, nucleotide metabolism and bacterial cell
wall component production. Unsupervised clustering of individual
samples, considering only these 30 pathways, illustrated robust
distinctions between the cohorts (Figures 2, 3). Of the 30, 27 were
more abundant or more often detected in the average TBI profile
while the remaining 3 were significantly more abundant in controls.

To address a main goal for this study, bacteria that were
most contributory to the differences between the profiles (≥ 1%
RNA contribution) were identified by mapping DEG sequences
associated with the 30 pathways to genus and species. At the genus
level, Bacteroides and Faecalibacterium were robust contributors
with 62% of the DEG for these pathways in the control profiles
mapped to these 2 genera (52% and 10%, respectively; Table 5).
In TBI, these genera contributed 6% and 7%, respectively.
Interestingly, the largest contributions in the TBI samples were
mapped to Ralstonia (11%) and Corynebacterium (10%) genera.
At the species level, B. uniformis and B. vulgatus were responsible
for the greatest differences in contributions to these pathways
(10% and 22%, respectively in controls versus 2% each for TBI;
Table 5). Faecalibacterium sequences mapped to F. prausnitzii in
both cohorts. Ralstonia sequences mapped to R. pickettii.

Given the robust differences observed for the Bacteroides genus,
we considered only those RNA sequences that mapped to this
genus. Pathways mapped to Bacteroides in each individual sample
revealed one sample in each cohort that had minimal contributions
that were eliminated to avoid signal dilution. The remaining 4
samples in each cohort were statistically compared leading to
the identification of 12 pathways that were significantly different
in abundance between the 2 cohorts (Figure 4 and Table 6).
Among the Bacteroides-specific differences, eight pathways were
significantly more abundant in the average TBI profile and four
were significantly higher in the control metaTx (Table 6). Three
of the four were glycolysis pathways (III, IV, and VI). The fourth
was the adenosine ribonucleotides de novo biosynthesis pathway.
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FIGURE 2

A heat map depiction of the 30 significantly differently expressed
biochemical pathways identified by comparison of the average TBI
and control metatranscriptomic data. Individual expression levels
for each of the FMB profiles is shown (red is high expression and
blue is low expression). TBI samples are clustered on the left (blue)
and controls on the right (red). Three pathways were significantly
more abundant in controls (top 3 labels on the right) and 27 were
more abundant in the TBI (p < 0.05 multiple t-test). Additional detail
for specific values can be found in Figure 3. Pathway names are
assigned by the ASAIM workflow and match the MetaCyc database.
ARB, adenosine ribonucleotides de novo biosynthesis; CDGB, CDP
diacylglycerol biosynthesis pathway I or II; UAPB, UDP N
acetylmuramoyl pentapeptide biosynthesis; SGGD, superpathway of
D glucarate and galactarate degradation; UAGB, UDP N acetyl D
glucosamine biosynthesis I; CB3D, chorismate biosynthesis from 3
dehydroquinate; SPRB, superpathway of pyrimidine ribonucleotides
de novo biosynthesis; PCoAB, pantothenate and coenzyme A
biosynthesis I.

Glycolysis IV and the adenosine pathway were in the previously
described top 30 and were higher in the control cohort profile
(Figure 2). The reduced levels of these energy use pathways in the
TBI metaTx profiles supports a distinct environment leading to
use of alternate energy metabolism pathways. The eight pathways
expressed more abundantly in the TBI Bacteroides-specific profile
included novel AA and nucleotide metabolism pathways and a
pathway associated with phosphoantigens that activate gamma
delta T cells (Feurle et al., 2002; Table 6). The final pathway,
coenzyme A biosynthesis II was noted in the top 30 and also
involves metabolism of AAs.

Discussion

Acute TBI has been shown to cause FMB dysbiosis in
both clinical and animal model studies (Treangen et al., 2018;
Nicholson et al., 2019; Brenner et al., 2020; Pathare et al., 2020;
Opeyemi et al., 2021; Soriano et al., 2022). Based on studies of

individuals with debilitating moderate to severe TBIs, we continue
to test the hypothesis that the dysbiotic TBI FMB becomes a
stabilized norm in some patients and may cause or contribute to
long-term fatigue and altered cognition years after injury. Using
multi-omic approaches, the stability of the dysbiotic FMB was
shown in five individuals who provided a fecal sample 5 years after
the initial study and, on average, 25 years after TBI. Each TBI FMB
kinetic pair was found to be significantly similar supporting the
conclusion that a stable dysbiotic relationship was formed between
FMB community members and the TBI GI environment. Further,
by comparing the metagenomic profiles to a new cohort of age- and
gender-matched controls, FMB organisms common to the prior
and current comparisons were identified, revealing several genera
associated with TBI dysbiosis and refining prior outcomes (Urban
et al., 2020). Ongoing work led to additional qPCR targets identified
in the average TBI FMB community including R. pickettii. The
genomic DNA for R. pickettii was detected in all five TBI FMB
communities while only one control sample had detectable DNA
suggesting a potential role in TBI-related dysbiosis and symptoms.
By comparison to the new control cohort, L. fermentum and
P. goldsteinii were found almost exclusively in controls. Finally,
control FMBs had higher abundance of Blautia spp., Collinsella
spp., F. prausnitzii, Lachnoclostridium spp., and P. merdae genomes
consistent with prior observations (Urban et al., 2020) leading
to the prediction that these organisms may provide metabolic
functions associated with eubiosis that are reduced or lost in the
dysbiotic TBI FMB.

Metagenomic WGS analyses predict encoded functions that
may contribute to dysbiosis but fail to confirm that specific
operons are expressed so metaTx comparisons were completed.
These analyses identified both contributing bacteria and pathways
enhancing understanding of the TBI FMB dysbiosis. This small,
focused study revealed significant differences in multiple core
metabolic functions and further refined the organisms most
likely involved in the dysbiosis by mapping DEGs. Unexpectedly,
these analyses illustrated that the TBI FMB had increased
numbers of expressed genes and pathways suggesting enriched
functional diversity and alternate pathway usage compared to
FMBs from healthy subjects. Several genera (e.g., Prevotella)
previously identified metagenomically (Urban et al., 2020) failed
to show functional contributions while others (e.g., Ralstonia)
proved distinctive in both genomic and transcriptomic outcomes.
Mapping detected sequences revealed that Parabacteroides spp.
contributed the most RNA to the control profile. However,
significant DEGs were not mapped to this genus suggesting that
this genus contributed only to common core metabolic processes.
In contrast, the distinction in the Bacteroides genus was substantial
and complicated. Bacteroides spp. contributed the second highest
amount of RNA to the control cohort that was indistinguishable
from the amount in TBI profiles (both ∼6.5%; Table 3). However,
when considering only significant DEGs and pathways that mapped
to Bacteroides, 52% mapped to Bacteroides spp. in the controls while
only 6% mapped to this genus in TBI profiles (Table 5) supporting
a strong eubiotic contribution consistent with other reports (Elfil
et al., 2020; Dinan and Dinan, 2022).

Fecal microbiome bacteria produce a variety of metabolites
that influence or directly signal neuronal and endocrine changes
(Sarkar et al., 2018; Dinan and Dinan, 2022). The complex web
of metabolite usage within and between community members
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FIGURE 3

Differently expressed pathways grouped by core metabolic process. The top left panel depicts a PCA of the distinctions based on the expression
pattern of the 30 pathways between TBI (blue) and control (red) FMB metatranscriptome data. The other five panels are scatterplots illustrating the
average expression level of each pathway as a percent of total mapped RNA sequences with circles denoting individual profile values. SEM values are
shown as whiskers and p-values are shown (unpaired Welch’s t-test with p < 0.05 considered significant). Pathway abbreviations are as shown in the
legend to Figure 2.

leads to selection pressures that favor some bacteria while forcing
others to seek alternate means for survival. The metaTx data
established 5 broad differences represented by the 30 differently
expressed pathways including major differences in glycolysis
pathway expression (Figures 2, 3). Of the 30 pathways, the 3 that
were significantly more abundant in the control profile (pyruvate
fermentation to propanoate I, adenosine ribonucleotides de novo
biosynthesis and glycolysis IV) revealed contributions missing from
the TBI FMB.

Pyruvate fermentation to SCFAs and nucleotide levels
(potentially contributed by commensal bacteria) have both been
connected to improved outcomes for TBI recovery (Lusardi,
2009; Yanckello et al., 2022a,b; Zhao et al., 2023). Interestingly, as
reviewed by Gomes et al. (2011), work on extracellular adenosine
in a variety of brain disorders has led to recognition that adenosine
receptor antagonists positively promote synaptic plasticity that
may ultimately involve control of glutamatergic transmission or a
variety of other brain homeostasis pathways. Remarkably, research
on adenosine receptor antagonists, including caffeine and other
methylxanthine compounds, led to the approval of istradefylline as
a treatment for Parkinson’s disease (Berger et al., 2020). Reduced
abundance of the adenosine pathway in the TBI profile and
increase in pyrimidine synthesis related pathways (SPRB and flavin
biosynthesis) suggests environmental differences leading to FMB
adaptation. Finally, elevated expression of the pentose phosphate
pathway also relates to carbon usage and homeostasis consistent
with the more diverse metaTx requirements for the TBI FMB.

Substantial differences in the types of glycolysis-associated
RNAs between cohorts may be central to the dysbiotic functions
associated with the TBI FMB. Glycolysis is a central amphibolic

metabolic process in bacteria contributing both energy (catabolic)
and molecular precursors (anabolic) to other pathways in the
form of pyruvate. Different types of bacterial glycolysis metabolize
different sugars, ultimately cleaving glucose into as many as
four ATP molecules and two pyruvates (Wolfe, 2015). Glycolysis
(pathway IV) was a common pathway when comparing the metaTx
profiles but alternative versions of glycolysis (glycolysis III and VI)
were distinct to the top 10 most abundant pathways in the controls.
This suggests that TBI FMB communities must be using alternate
means of ATP generation and may ultimately contribute less
pyruvate to the metabolome, limiting available precursors for other
pathways. These differences could be produced by environmental
activation of different operons or distinctly encoded pathways
based on the bacterial genomes present. In support of distinctive
sugar usage, three pathways that degraded glucarate or galactarate
were exclusively observed in each of the individual TBI FMBs
(Figure 3). Finally, increased abundance of the glyoxylate cycle
RNAs in the TBI FMB suggest the need to create additional glucose
in support of bacterial functions perhaps addressing predicted
pyruvate deficiency.

Pyruvate is a precursor in many pathways, is utilized
to synthesize AAs (e.g., alanine, valine, and leucine) and is
converted to propionate by Corynebacteria, Propionibacteria, and
Bifidobacteria (Wolfe, 2015). Other glycolysis metabolites are used
to synthesize histidine and serine and drive production of lipids and
vitamins. Bacteroides pathway analyses found reduced abundance
of glycolysis in the TBI FMB as well as increased degradation of
selected AAs (e.g., histidine) (Table 6). This increases the likelihood
of reduced systemic availability of specific AAs based on both
reduced synthesis and increased degradation for energy production
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TABLE 5 Top bacterial RNA contributors to the 30 differently
expressed pathways.

% contribution (>1% only)
Genus and species

TBI Control

Achromobacter piechaudii 2 1

Alcaligenes faecalis 1 1

Alistipes onderdonkii 6 3

Alistipes putredinis 2 3

Bacteroides spp. 6 52

Bacteroides caccae 3

Bacteroides coprocola 7

Bacteroides massiliensis 2

Bacteroides ovatus 2

Bacteroides stercoris 4

Bacteroides uniformis 2 10

Bacteroides vulgatus 2 22

Bifidobacterium adolescentis 5

Blautia spp. 4 2

Corynebacterium accolens 3

Corynebacterium kroppenstedtii 5 1

Corynebacterium propinquum 2

Enhydrobacter aerosaccus 3

Eubacterium rectale 7 3

Faecalibacterium prausnitzii 7 10

Lachnospiraceae 2_1_58FAA 2

Parabacteroides distasonis 1 2

Propionibacterium acnes 5 1

Pseudomonas aeruginosa 3 2

Ralstonia pickettii 11 4

Ruminococcus gnavus 2

Ruminococcus obeum 1 2

Ruminococcus sp_5_1_39BFAA 4

Serratia marcescens 3 1

Streptococcus spp. 4 3

Bacterial genera or species that contribute to the 30 distinctive pathways identified by
statistically significant differences in relative abundance or binary detection are shown.
Bacteria were only included if their contribution values were >1% of the total for
the pathways. Bolded bacteria and values indicate the greatest distinction in bacterial
contribution between cohorts.

that could contribute to the clinical hypoaminoacidemia observed
following TBI (Børsheim et al., 2007; Dai et al., 2011; Durham et al.,
2017). At the species level, B. uniformis and B. vulgatus represented
the largest proportion of mapped Bacteroides RNAs in the controls,
consistent with eubiotic functions (Wang et al., 2021; Dinan and
Dinan, 2022). Genomic levels of B. uniformis were higher in the TBI
FMB illustrating the limitation of metagenomics and exemplifying
the complexity surrounding development of probiotics. Similarly,
B. vulgatus is associated with ulcerative colitis (Mills et al., 2022)
suggesting that the contextual influences of environment and

community composition must be considered when attempting to
assign probiotic status.

Among the AA metabolism differences (Figure 3), degradation
pathways observed in the TBI profile utilized aspartate, glutamate,
and glutathione (NAD biosynthesis, heme biosynthesis, and
gamma-glutamyl cycle) as precursors supplying products for other
pathways including AA synthesis and transport. In contrast,
several biosynthesis pathways for specific AAs were more abundant
in the TBI metaTx (tryptophan, arginine, and seleno AAs).
The chorismate biosynthesis pathway (Figure 3, CB3D) can
lead to synthesis of aromatic AAs including phenylalanine,
tyrosine, and tryptophan consistent with the observed activation
of the biosynthetic pathways. Finally, the 4 aminonbutanoate
(GABA) degradation V pathway exclusively expressed in the TBI
FMBs suggests a direct effect of the dysbiotic community on
the availability of this major inhibitory neurotransmitter that
will require additional study. The increased abundance of AA
metabolism pathways in the TBI FMB and reduced abundance of
pathways for pyruvate fermentation to produce lipids and SCFAs
further illustrate adaptations that reflect responses to the TBI GI
environment and/or the stable FMB selection.

The fifth group of more abundant pathways in the TBI FMB
included bacterial cell wall component biosynthetic machinery
for peptidoglycan and coenzyme A (Figure 3) that likely favors
reproduction of pathobiont species. CoA serves as a cofactor for
production of phospholipids, SCFAs and TCA cycle components
illustrating the complexity of overlap associated with the adaptive
transcription in FMB communities. Bacterial peptidoglycan in
cell walls protects against environmental stress but also triggers
inflammatory responses through interactions with pathogen
recognition receptors. The role of inflammation remains unclear
with some reports indicating it enhances neuroprotection while
others show associated damage and post-TBI sequelae leading to
controversial connections and inconclusive therapeutic strategies
(Cederberg and Siesjö, 2010; Corps et al., 2015; Hanscom et al.,
2021). Careful analysis of larger FMB metaTx datasets will be
needed to confidently identify pathobionts adding inflammatory
molecules to the systemic milieu.

As part of a working model of FMB contribution to long-
term TBI sequelae, we hypothesize that the observed increase in
histidine degradation (significantly more abundant in Bacteroides-
specific TBI FMB pathways; Table 6), and distinct degradation
and synthesis of other AAs as well as increased gamma-glutamyl
cycle pathway expression support a role for AA metabolism in
fatigue and cognitive issues following TBI (graphically summarized
in Figure 5). A reduction in available histidine would be predicted
to reduce conversion to histamine, a potent neurotransmitter.
Histidine is converted to histamine by histaminergic neurons in
the tuberomammillary nucleus located in the hypothalamus that
serves a hub to link key brain regions associated with arousal,
cognition, sleep, and GH secretion (Haas and Panula, 2003; Haas
et al., 2008). Individuals with a history of TBI and BIAFAC
symptoms had reduced max GH values (<10 ng/ml) following
a glucagon stimulation test (Mossberg et al., 2017; Wright et al.,
2020; Yuen et al., 2020) and hypoaminoacidemia following a
standardized meal (Durham et al., 2017). GH replacement therapy
improved symptoms (Mossberg et al., 2017; Wright et al., 2020;
Yuen et al., 2020). In animal model studies, dietary and systemically
administered histidine substantially increased plasma GH levels
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FIGURE 4

Heat map and PCA plots of the 12 differently expressed pathways based on Bacteroides contributions only. The individual Bacteroides pathway
profiles for subjects with TBI (blue) and healthy controls (red) are depicted as a heat map representing the 12 that showed significant differences in
abundance (p < 0.05 multiple t-test; red to blue scale bar shows percent of total). The PCA illustrates the distinction provided illustrating the
complexity of the transcriptional adaptation of this genus to the TBI and health control GI environments.

TABLE 6 Differently expressed Bacteroides-specific pathways.

Percentage of total TBI/control p
Pathway

TBI avg Control avg

Glycolysis IV 7.94 24.3 −3.1 0.02

dTDP L rhamnose biosynthesis I 4.32 1.69 2.6 0.03

Adenosine ribonucleotides de novo biosynthesis 4.23 6.58 −1.6 0.03

Glycolysis III 4.06 8.19 −2 0.001

L histidine degradation I 3.74 1.58 2.4 0.05

Glycolysis VI 2.12 4.34 −2 0.01

Queuosine biosynthesis 1.95 0.58 3.4 0.01

PreQ0 biosynthesis 1.83 0.437 4.2 0.05

Methylerythritol phosphate pathway I 1.8 0.541 3.3 0.03

L lysine biosynthesis VI 1.74 0.856 2 0.02

Coenzyme A biosynthesis II 1.64 0.212 7.7 0.02

Superpathway of L aspartate and L asparagine biosynthesis 0.915 0.229 4 0.05

The 12 significantly different pathways contributed by Bacteroides spp. are shown with the average % of total RNA depicted and the related fold change (FC) and p-value (multiple t-test).

via pathways dependent on functional conversion to histamine by
histidine decarboxylase (Maeda and Frohman, 1978; Cacabelos,
1991; Bruno et al., 1993). There has been almost a decade of
connection between the histidine/histamine system and nervous
system dysfunction including associations with autism spectrum
disorder, Tourette’s syndrome, and other neuropathologies (Wright
et al., 2017; Moro et al., 2020). Very recently, elegant mapping
of histaminergic neuron fibers revealed a heterogenic projection
pattern that reached a large number of brain regions with little
overlap (Lin et al., 2023) suggesting histidine deficiency could have
substantial impacts. Disruption of the histaminergic system has

been associated with dysregulation of sleep-wake cycle (fatigue)
and cognitive functions (Passani et al., 2000; Tashiro et al., 2002;
Alvarez, 2009; Yoshikawa et al., 2021). Collectively these data
support additional testing of the hypothesis that TBI FMB dysbiosis
creates chronic histidine deficiency leading to dysregulated release
of GH ultimately contributing to the observed profound fatigue and
cognition issues in subjects with BIAFAC (Figure 5).

Histidine degradation and other AA metabolism pathways were
mapped back to a select set of bacteria associated with greater
contributions in TBI FMBs including R. pickettii. A member of
the Burkholderiales order, R. pickettii was originally isolated from

Frontiers in Molecular Neuroscience 13 frontiersin.org

https://doi.org/10.3389/fnmol.2024.1341808
https://www.frontiersin.org/journals/molecular-neuroscience
https://www.frontiersin.org/


fnmol-17-1341808 March 8, 2024 Time: 17:54 # 14

Pyles et al. 10.3389/fnmol.2024.1341808

FIGURE 5

A graphic summary of the metaTx findings and potential neuroendocrine impacts. This image depicts a working model focused on altered TBI FMB
metabolism of histidine, other AAs and nucleotides leading to impacts on histaminergic neuron function in the tuberomammillary nucleus (TMN) of
the hypothalamus. Reduced production of histamine in the TMN would have a cascade effect including dysregulation of pituitary functions
including growth hormone (GH) secretion. Created with BioRender.com.

moist soil and water samples. It has since been reported as a FMB
community member that impacts host functions (Udayappan et al.,
2017; Kim et al., 2021) but has not been reported in the context
of TBI. It is possible that the observed DEGs in our study were
incorrectly mapped based on the 75 bp reads so additional studies
will be required to confirm the functional role for R. pickettii and
the other bacteria to establish if their transcriptional contributions
are causally associated with TBI sequelae including abnormal GH
and hypoaminoacidemia.

Among the limitations of this focused characterization study
was the small cohort of subjects who provided a follow up
fecal sample. Despite the small cohort, we confirmed lasting
stable distinctions in the TBI FMB metagenome with strong
statistically significant functional impacts identifying several
metabolic consequences related to neuroendocrine dysfunction.
Larger studies are warranted with focused analyses of the
identified differences in core metabolic processes as well as
functional reconstruction studies in ex vivo and germ-free mouse
model systems. The RNA sequence mapping also must be
confirmed by alternate methods to address inaccuracies cause
by conservation of gene sequences that complicate accurate
assignment to species levels. Associating multiple DEGs with
differently expressed pathways reduces such errors and increases
confidence in this screening method that supports development of
testable hypotheses and directing next steps.

Translationally, completion of these studies will not only
help to elucidate the impacts of the dysbiotic TBI FMB but
should identify novel targets for prebiotic, probiotic, and molecular
approaches targeted to the bacteria in the GI tract. There are a
number of studies that tested general probiotics or FMB transplants
in the context of TBI or other neurotrauma that showed mixed
results (Kigerl et al., 2016; Brenner et al., 2017; Rice et al., 2019; Yi
et al., 2019; Yanckello et al., 2022a,b) supporting a need for greater
specificity in targeting. Based on the observed SCFA metabolism
differences in the TBI FMB, we recently completed a trial of a
prebiotic fructooligosaccharide dietary supplement in subjects who

have moderate to severe TBI (NCT04949607). Such prebiotics
create SCFAs through fermentation by several bacterial genera
including some identified in this study. Data are being analyzed
but the supplement was tolerated and appears to have had positive
impacts on fatigue and cognitive measures (unpublished findings).
Based on the current data implicating multiple metabolic processes,
larger cohorts, and additional metaTx analyses will be needed to
select optimal combinations of prebiotics, probiotics, and targeted
molecules for optimal designs for clinical testing.

Interestingly, treatment of medically refractory epilepsy has
included implementation of a ketogenic diet since the 1920s
(Peterman, 1924) suggesting the reported dysbiosis associated with
epilepsy may also reflect alternate energy metabolism and even
distinct amino acid utilization as expertly reviewed by several
groups (Holmes et al., 2020; Lum et al., 2020; Chatzikonstantinou
et al., 2021). The published studies in clinical cohorts and in animal
models primarily employed metagenomic analyses and were, like
this report, limited by relatively small cohorts but illustrated
some common findings that need to be further studied. In
particular, several indicated reductions in the relative abundance of
Bacteroides spp. (Lum et al., 2020; Chatzikonstantinou et al., 2021)
and functional predictions of impacts on the acetyl-CoA pathway
and subsequent potential for degradation of essential amino acids
and consequential changes in GABA and other neurotransmitters.
The intriguing similarities as well as connections to other
neuropathologies support completion of addition studies including
the use of metatranscriptomics to better address functional profile
differences.

Conclusion

Long-term sequelae related to TBI are relatively common
with nearly 30% of survey participants reporting fatigue and
cognitive symptoms within 6 months of a TBI and over 15% still
experiencing symptoms 5 years later (Wright et al., in review, PLoS
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One). Others have reported that most patients with a TBI have
lingering symptoms that slowly improve over the 5 years following
injury (Nelson et al., 2023). Such data strongly support a TBI
initiated cascade that may create a stable dysbiotic FMB impact.
Working to address the stability of the dysbiotic TBI FMB we had
the benefit of five subjects who were willing to provide a fecal
sample 5 years after our original analysis which confirmed that
dysbiosis associated with TBI decades earlier remained stable. By
comparison to two temporal and geographically disparate control
cohorts, we refined the list of organisms that define TBI FMB
dysbiosis and identified potential prebiotic/probiotic intervention
opportunities that will need to be carefully studied as effectively
reviewed in the past (Brenner et al., 2017). Through metaTx
analyses, functional impacts consistent with clinical deficiencies
in essential AAs, SCFAs and altered energy utilization were
confirmed. Although the gut-brain axis involves well established
correlations, causative mechanisms are not understood. Using an
established model of FMB dysbiosis and neurologic symptoms, we
identified metabolic pathways expressed in the FMB that affect
bioavailability of key signaling molecules, essential nutrients, and
neurotransmitter precursors. These findings help initiate directed
studies to better understand the underlying issues and the potential
for interventions to address the long-term consequences of TBI on
the gut-brain axis in some patients.
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