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A B S T R A C T

Background: Substance use disorder emerges from a complex interaction between genetic predisposition, life
experiences, exposure, and subsequent adaptation of biological systems to the repeated use of drugs. Recently,
investigators have proposed that the human microbiota may play a role in brain health and disease. In particular,
the human oral microbiome is a distinct and diverse ecological niche with its composition influenced by external
factors such as lifestyle, diet, and oral hygiene. This investigation examined whether individuals with substance
use disorder (SU) show a different oral microbiome pattern and whether this pattern is sufficient to delineate the
SU group from healthy comparison (HC) subjects.
Methods: Participants were a sub-sample (N ¼ 177) of the Tulsa 1000 (T-1000) project. We analyzed 123 SU and
54 HC subjects using 16S rRNA marker gene sequencing to characterize the oral microbiome.
Results: The groups differed significantly based on the UniFrac distance, a phylogenetic-based measure of beta
diversity, but did not differ in alpha diversity. Using a machine learning approach, microbiome features combined
with socio-demographic variables successfully categorized group membership with 87%–92% accuracy, even
after controlling for external factors such as smoking or alcohol consumption. SU individuals with relatively lower
diversity also reported higher levels of negative reinforcement experiences associated with their primary sub-
stance of abuse.
Conclusions: Oral microbiome features are useful to sufficiently differentiate SU from HC subjects. There is some
evidence that subjects whose drug use is driven by negative reinforcement show an impoverished oral micro-
biome. Taken together, the oral microbiome may help to understand the dysfunctional biological processes that
promote substance use or may be pragmatically useful as a risk or severity biological marker.
1. Introduction

Substance use disorder is a complex disease that affects multiple body
systems including the adaptive immunity in the peripheral and central
nervous system (Kohno et al., 2019; Wang and Roy, 2017). The charac-
teristics of an adaptive immune system are important determinants for
interactions between the hosts and micro-organisms. However, the con-
tributions of neuroimmune interactions to the formation and mainte-
nance of addictive behaviors have only recently garnered appreciation
(Hofford et al., 2019). The characteristics of the adaptive immune system
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are also important determinants of the interactions between the human
host and their microbiome, the trillions of microbes residing on and
within the body (Turnbaugh et al., 2007). The human microbiome con-
sists of thousands of microbial species forming distinct ecological niches
across the body that contribute to site-specific functions which are
essential to the host's health (Consortium, 2012; IntegrativeP (iP) Re,
2019; Qin et al., 2010). Not only is the health of the microbiome linked
with normal development and function of the host, but lasting pertur-
bations to these microbial communities, termed dysbiosis, have been
associated with a variety of diseases such as inflammatory bowel disease,
ve, Tulsa, OK, 74136, USA.
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Table 1
Characteristics for 177 combined SU and HC subjects. BMI: Body Mass Index,
PHQ-9: Patient Health Questionnaire, OASIS: Overall Anxiety Severity and
Impairment Scale, DAST: Drug Abuse Screening Test, PROMIS: Patient-Reported
Outcomes Measurement Information System.

Sociodemographics (Mean/
SD)

Healthy Control
(n ¼ 54)

Substance Use
Disorder (n ¼ 123)

p-value

Age 32.09 (10.87) 34.19 (8.93) 0.18
Gender ¼ Male (%) 27 (50.0) 57 (46.0) 0.74
Weight [kg] 81.77 (17.95) 84.16 (16.33) 0.39
Height [cm] 171.27 (8.30) 172.06 (10.21) 0.63
BMI [kg/m2] 27.81 (5.37) 28.35 (4.56) 0.46
Percent Body Fat 30.16 (10.81) 31.19 (10.03) 0.54
Race/Ethnicity (%) 0.05
White 40 (74.1) 67 (54.5)
Asian 2 (3.7) 1 (0.8)
Black 2 (3.7) 8 (6.5)
Hispanic 3 (5.6) 5 (4.1)
Native American 6 (11.1) 36 (29.3)
Other 1 (1.9) 6 (4.9)

Education (highest level
obtained)

<0.001

Less than High School 0 (0.0) 28 (22.8)
High School 7 (13.0) 44 (35.8)
Some College 22 (40.7) 31 (25.2)

College or Higher 25 (46.3) 20 (16.3)
Symptom Scores (Mean/SD)
PHQ-9 0.80 (1.19) 6.33 (5.91) <0.001
OASIS 1.07 (1.36) 5.71 (4.77) <0.001
DAST 0.13 (0.39) 7.74 (2.01) <0.001
PROMIS: Alcohol Use T-
score

44.14 (6.76) 50.02 (3.55) <0.001

PROMIS: Nicotine
Dependence T-score

25.57 (7.46) 41.98 (13.66) <0.001

SU Psychiatric Medication
Status
Medicated (%) 48 (39.02) NA

SU Psychiatric
Comorbidities
Comorbidities (%) 58 (47.15) NA
Anxiety (%) 47 (38.21)
Depression (%) 38 (30.89)
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colorectal cancer (McDonald et al., 2018; Yatsunenko et al., 2012;
V�azquez-Baeza et al., 2018), and most recently, mental health disorders,
such as depression, anxiety, schizophrenia and bipolar disorder (Nguyen
et al., 2018; Collins et al., 2012; Cryan and Dinan, 2012). These mental
health disorders are associated with significant medical comorbidities,
including substance use. To date, the role of the human microbiome in
substance use disorders remains largely unknown (Roy-Byrne et al.,
2008).

The human oral microbiome is a distinct ecological niche from the
highly-studied gut microbiome and is formed early in development
(Koenig et al., 2011; Costello et al., 2009; Demmit et al., 2017). Its
composition is influenced by environmental factors including diet, sub-
stance use, oral health, and overall health and disease. Studies of twins
have revealed that more than 50% of microbial phenotypes are heritable
(Demmitt et al., 2017; Stahringer et al., 2012). The human oral cavity
contains a number of different habitats, including the teeth, gingival
sulcus, tongue, cheeks, hard and soft palates, and tonsils, which are
colonized by bacteria, and comprises over 600 prevalent taxa at the
species level (Dewhirst et al., 2010). Sequencing results indicate that
distinct sites host microbial communities that are not only distinguish-
able, but to a meaningful degree, are composed of entirely different
microbes and that most oral microbes are site specialists (Dewhirst et al.,
2010; Welch et al., 2019). The spatial organization of complex natural
microbiomes is critical to understanding the interactions of the individ-
ual taxa that comprise a community. Within the structure, individual taxa
are localized at the micron scale in ways that suggest their functional
niche in the consortium (Mark Welch et al., 2016). Thus, assessing the
oral microbiome provides a unique opportunity to examine whether
drugs of abuse affect the colonization of the oral cavity and how this
information could be used to differentiate individuals with substance use
disorder from healthy comparison subjects.

The current investigation aimed to determine whether the oral
microbiome of recently abstinent individuals with substance use disorder
differed from that of comparable healthy subjects. We selected in-
dividuals with a diagnosed amphetamine or opioid substance use disor-
der and healthy comparison subjects who participated in the Tulsa 1000
(T-1000) project. The T-1000 project is a longitudinal observational
study of treatment-seeking individuals with mental health problems
across the categories of mood, anxiety, eating, and substance use disor-
ders and those without mental health conditions (Victor et al., 2018). In
addition, we carefully examined both current alcohol and nicotine use as
covariates of interest to examine whether or not amphetamine use dis-
order or opioid use disorder independently contributed to differences
between substance using individuals and healthy comparison subjects.

2. Materials & methods

2.1. Participants

The current study focused on the first 500 participants of the Tulsa
1000 (T-1000) project (Victor et al., 2018) (recruited January 5, 2015 to
February 22, 2017). Complete data were available from 177 participants,
aged 18–55 years, with substance use disorders (SU, n ¼ 123) and
healthy controls (HC, n ¼ 54). Full inclusion/exclusion criteria are
described in (Victor et al., 2018). Subjects were seeking treatment for
substance use disorders and mainly recruited from local substance use
treatment facilities, including 12&12, Inc. (n¼ 57, 49 male), the Women
in Recovery program through Family and Children's Services (n ¼ 52, 51
female), but also the Laureate Psychiatric Clinic and Hospital and the
Tulsa metropolitan area. Themean age of regular substance use for the SUD
group was 20.3 years (SD ¼ 6.4). Healthy control subjects were recruited
from the Tulsa metropolitan area through online, radio, and informa-
tional flyer advertisements. Additional details on subject characteristics
are provided in Table 1.
2

2.2. Self-report questionnaires and clinician-based assessments

Participants completed self-report assessments for demographic and
clinical and psychiatric features, with a primary focus on measurements
of mood, anxiety, childhood and adult traumatic experiences, history and
recent drug use, personality, social and physical functioning, cognition,
sleep, fatigue, pain, impulsivity, and eating dimensions. A full report on
assessments obtained as part of the Tulsa 1000 study is described in
Victor et al., 2018) (Victor et al., 2018). Pertinent measurements related
to substance use disorders for the current study are included in Table 1
and Supplementary Tables 1-2. These included: The Patient Health
Questionnaire (PHQ-9) (Kroenke and Spitzer, 2002), Overall Anxiety
Severity and Impairment Scale (OASIS) (Campbell-Sills et al., 2009;
Norman et al., 2006), Drug Abuse Screening Test (DAST-10) (Cocco and
Carey, 1998), Customary Drinking and Drug Use Record (CDDR with
Michigan Negative Reinforcement Questionnaire (MNRQ) (Brown et al.,
1998; Pomerleau et al., 2003), PROMIS® (Patient Reported Outcome
Measurement Information System) measures (Cella et al., 2010; Gershon
et al., 2010), Wide Range Achievement Test (WRAT-4 reading) (Wil-
kinson, 2006) and Mini International Neuropsychiatric Interview (MINI
Version 6.0) (Lecrubier et al., 1997).
2.3. Ethical approval

Ethical approval was obtained from Western Institutional Review
Board T1000 protocol #20142082. All methods were carried out in
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accordance with relevant guidelines and regulations. Informed consent
was obtained by trainedmembers of the research team. ClinicalTrials.gov
identifier: #NCT02450240.
Fig. 1. Community-level differences. Unweighted UniFrac Principal Coordi-
nate Analysis (PCoA) visualization of differences between groups.
2.4. Microbiome

2.4.1. Sample collection and sequencing
Participants were provided with home oral collection kits (BD SWUBE

Dual Swab Collection System; BD Worldwide). Participants were
instructed to collect the oral sample a minimum of 2 h after brushing
their teeth, to swab inside the mouth for 20 s and cover all sides of the
swab by rubbing back and forth. Swabs were placed in labeled tubes
without touching the sides, secured, and returned to an assessment team
member at the Laureate Institute for Brain Research within 24 h of
collection. Returned samples were transported to the University of
Oklahoma Integrative Immunology Center (IIC) Laboratories for DNA
extraction and long-term storage in secure freezers at �80 �C.

DNA extraction was performed at the University of Oklahoma IIC
Laboratories and shipped for further processing and sequencing. Ampli-
fication and sequencing were performed at the University of California
San Diego using standard Earth Microbiome Project (EMP) protocols
(Caporaso et al., 2012; Minich et al., 2018). Whole DNA was extracted
from samples using the EMP 16S rRNA amplicon extraction protocol
(Earth Microbiome Project, 2016). PCR amplification and library prep-
aration were performed similarly to the protocol described by Caporaso
et al. (2012). Illumina primers with unique reverse primer barcodes were
used to target the V4 region of the 16S ribosomal RNA gene. V4 ampli-
cons were sequenced on the Illumina HiSeq 2000 platform, yielding
paired-end, 150-base-pair reads. Sequencing was performed at the UCSD
IGM Genomics Center. Feature tables along with sample and preparation
information may be accessed in Qiita (qiita.ucsd.edu (Gonzalez et al.,
2018);) as study ID 10424. Raw sequencing data was deposited in
EBI-ENA under accession number EBI: ERP123404.

2.4.2. Bioinformatic and statistical analyses
All sequence processing was performed using QIIME 2 version 2019.1

(qiime2.org (Bolyen et al., 2019);). Raw sequencing results were
demultiplexed and microbial Amplicon Sequence Variants (ASVs) were
identified using the Deblur algorithm (Amir et al., 2017). Rarefied to
5000 sequences/sample. The output feature table was characterized
using QIIME 2: feature table summary, alpha and beta diversity. Mea-
sures of alpha diversity were: Shannon, observed OTUs (richness), and
Faith's phylogenetic diversity. Measures of beta diversity used were:
Bray-Curtis distance, weighted, and unweighted UniFrac. Principal co-
ordinate (PCoA) plots were generated using Emperor (V�azquez-Baeza
et al., 2013). The significance of alpha diversity results was measured
using the Kruskal-Wallis H test and the significance of beta diversity re-
sults was measured using PERMANOVA with 999 iterations, both tests as
implemented in QIIME 2.

2.4.3. Machine learning
The machine learning analysis of the results was performed using

scikit-learn Python package and calour (Xu et al., 2019; https://github.co
m/biocore/calour), similarly to previously proposed approaches (Belk
et al., 2018; Teng et al., 2015; Xu et al., 2014). Microbial features were
filtered out at 5000 and then normalized to 10,000 counts per sample.
Random forest algorithm was used to predict classes of interest using a
grid search optimization of the parameter space. For each classifier a
5-fold stratified cross validation was used and 20% of samples were left
out as a separate test set. Depending on the specific classification prob-
lem, different scoring functions were used (highlighted in the Results
section). In any case where non-microbiome variables were used in
model training, they were 1-hot encoded as features. Each ROC curve was
generated from cross-validation results. The confusion matrices were
generated from the test set.
3

2.4.4. Taxonomic assignment
Taxonomy was assigned to ASVs using the q2-feature-classifier plugin

(Bokulich et al., 2018). We trained a classifier specific to the 16S region
covered by our primers, and additionally incorporated environ-
ment-specific taxonomic abundance information acquired from the
readytowear taxonomic weights repository (https://github.com/BenKaeh
ler/readytowear). This weighted bespoke method has been shown to
significantly improve classification accuracy over common Naive Bayes
classification methods without taxonomic weights (Kaehler et al., 2019).

3. Results

177 microbiome samples were collected from SU and HC subjects
recruited through the Tulsa-1000 project (Table 1).

As a first approximation, we examined community-level differences
to evaluate whether healthy subjects (HC) and the substance use cohort
(SU) exhibit microbial differences. Indeed, using beta diversity, or
between-subject microbial diversity, we observed such differences
(Fig. 1).

Although the differences were not visually striking using both
weighted (not shown) and unweighted UniFrac measures (Lozupone and
Knight, 2005), they were significant in both cases as determined by a
PERMANOVA test (p-values ¼ 0.001). UniFrac is a phylogenetic-based
beta diversity distance metric that quantifies the unique fraction of the
phylogenetic tree occupied by microbes belonging to one of the two
compared samples. The visualization in Fig. 1 is a dimensionally reduced
(using principal coordinate analysis; PCoA) representation of an all-vs-all
UniFrac distance matrix. The relative effect size (expressed as pseudo-F)
was higher in weighted UniFrac (7.83), as compared to unweighted
UniFrac (5.65). Weighted UniFrac takes into account the relative abun-
dance of particular microbes, while the unweighted version considers
only presence/absence.

Comparing subsets of the SU cohort (stimulant users, SU-S and opioid
þ users, SU-O, Supplementary Table 2) we did not observe beta diversity
differences in UniFrac measures (PERMANOVA unweighted UniFrac p-
value ¼ 0.503; weighted UniFrac p-value ¼ 0.152). There were no sig-
nificant alpha diversity (within-subject diversity) differences observed
between HC vs. SU or SU-O vs. SU-S (all p-values > 0.1).

Since the majority of the SU subjects were recruited from two
different treatment facilities based on their sex (see Methods section), we
investigated whether there were systematic community-level differences
between them. We compared sex differences within the HC group and
within the SU group. All alpha- and beta diversity differences for the HC
group were not significant for alpha-diversity: Shannon diversity (p-
value ¼ 0.441), Faith's PD (p-value ¼ 0.586); beta diversity: unweighted

http://ClinicalTrials.gov
http://qiita.ucsd.edu
http://qiime2.org
https://github.com/biocore/calour
https://github.com/biocore/calour
https://github.com/BenKaehler/readytowear
https://github.com/BenKaehler/readytowear


Table 2
Random Forest classifier statistics.

classifier Accuracy TPR FPR PPV

Group Assignment 0.83 0.73 0.08 0.90
Substance Use: smokers vs. non-smokers 0.58 0.82 0.67 0.55
Substance Use smokers vs. Healthy Control
non-smokers

0.81 0.73 0.11 0.87

Substance Use alcohol vs. Healthy Control non-
alcohol

0.75 0.92 0.43 0.68

TPR - true positive rate.
FPR - false positive rate.
PPV - positive predictive value.
PPV - positive predictive value.
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UniFrac (p-value ¼ 0.942), Bray-Curtis (p-value ¼ 0.581). For the SU
group we did not find significant differences for alpha-diversity mea-
sures: Shannon diversity (p-value¼ 0.917), Faith's PD (p-value¼ 0.424).
However, we found borderline significant values for beta diversity
measures: unweighted UniFrac (p-value ¼ 0.051; pseudo-F ¼ 1.886),
Bray-Curtis (p-value ¼ 0.018; pseudo-F ¼ 3.119). Since most of the fe-
males were recruited from a single center, it was impossible to disam-
biguate whether the observed effect resulted from true microbiome sex
differences in SU cohort, or whether it was a center effect and a conse-
quence of varying therapeutic strategies. Nevertheless, the relative effect
size of those differences (expressed as pseudo-F) was close to 3 times
smaller than the differences between HC and SU groups (unweighted
UniFrac HC vs. SU pseudo-F ¼ 5.65; SU males vs. SU females pseudo-F ¼
1.89).

A series of random forest classifiers were conducted using the bac-
terial abundance table to determine the discriminative utility of the oral
microbiome, i.e. to generate individual-level group membership pre-
dictions. First, we addressed whether on the basis of microbiome and
socio-demographic features it was possible to predict group membership
of participants (Fig. 2, Table 2). Aside from microbiome features (rep-
resented as amplicon sequence variants; ASVs), we used basic socio-
demographic variables (sex, body mass index (BMI), age, ethnicity), as
well as PROMIS nicotine dependence T-score and PROMIS alcohol use T-
Fig. 2. Random Forest classifier ROC curves. The results of a random forest cl
predictions controlled for gender, BMI, age, ethnicity, PROMIS Nicotine Dependen
predictions controlled for gender, BMI, age, ethnicity. (C) smokers vs. non-smokers
alcohol consumers controlled for gender, BMI, age, ethnicity.

4

score as input variables for the model. On a test set of 35 samples (20% of
subjects), we were able to achieve 83% classification accuracy (Table 2).
Correctly assigning HC status was easier (92% accuracy) than assigning
the SU label (73% accuracy).

We suspected that current nicotine and alcohol use might substan-
tially alter the oral microbiome composition, therefore contributing to
our classification accuracy. To evaluate, we created models to predict SU-
smoker vs. HC-non-smoker status (taking only smokers from the SU
cohort and non-smokers from the healthy control cohort; Fig. 2B) and,
assifier. (A) Group assignment (Substance Use (SU) vs. Healthy Control (HC))
ce T-score, PROMIS Alcohol Use T-score. (B) SU-smokers vs. HC non-smokers
predictions only within the SU cohort. (D) SU-alcohol consumers vs. HC non-
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analogously, SU-alcohol vs. HC-non-alcohol (Fig. 2D), as well as a within
group assessment of smoking predictions, i.e. SU-smokers vs. SU-non-
smokers (Fig. 2C). A score of 50 was used as a threshold to separate
positive and negative groups (PROMIS alcohol use T-score > 50 ¼
alcohol group; PROMIS nicotine dependence T-score > 50 ¼ smoker
group). Both classifiers include socio-demographic variables (sex, BMI,
age, and ethnicity).

By creating classifiers for smoking and alcohol use groups, we
observed similar accuracy (81% and 75%, respectively) to the result
achieved by the HC vs. SU classifier (Table 2). However, creating a
similar classifier for differentiating smokers vs. non-smokers within the
SU cohort yielded a close to random accuracy of 58% and PPV of 55%
(Fig. 2C; Table 2), suggesting that the dominant effect was driven by
substances of abuse and not from smoking status, or other confounding
factors. For other within-group comparisons, e.g. alcohol vs. non-alcohol
within HC or SU, the group sizes were too small to create a reliable
classifier.

The microbiome features that contributed to the classifiers collec-
tively showed low feature importance (<5%) and high variability. This
suggests that there is not a single feature or combination of several fea-
tures (i.e. socio-demographic variables and the microbiome) to robustly
predict the phenotype. The effects observed are likely on the community-
level, and therefore require information about the entire microbiome in
order to be effective. This also provides further confirmation that neither
PROMIS nicotine dependence score, nor PROMIS alcohol use score are
significant contributors for classifying subjects into healthy or substance
use groups.

To gain a better understanding of the potential underlying mecha-
nisms contributing to the observed differences, we performed a PIC-
RUSt2 analysis which aimed to reconstruct the functional potential of
microbial communities within each sample using 16S rRNA data (Lan-
gille et al., 2013; Douglas et al., 1101). PICRUSt2 may predict, among
others, KEGG ontologies classifying functions within each sample. We
previously argued that negative reinforcement processes, i.e. “relief use”,
the use of a substance to prevent the occurrence of an aversive future
state, is central to the maintenance of the use disorder and is modulated
by (Kohno et al., 2019) internal body sensations (Wang and Roy, 2017),
aversive interoception, and (Hofford et al., 2019) conditioned stimuli
that are associated with heightened negative emotions, drug craving,
withdrawal, or stress (May et al., 2020). As part of the T-1000 project
assessments, we modified the Customary Drinking and Drug Use Record
Fig. 3. Alpha correlation (Shannon) between KEGG ontology pathways an

5

(CDDR) to include the Michigan Negative Reinforcement Questionnaire
(MNRQ) to evaluate subject beliefs concerning the positive and negative
consequences of the subject's drug use in reference to their primary drug
of abuse. With an analysis approach similar to microbe-level ones, we
found that Shannon alpha-diversity decreased as negative reinforcement
scores increased (Fig. 3), i.e. those individuals with relatively lower di-
versity report higher levels of negative reinforcement experiences asso-
ciated with their primary substance of abuse. The relatively small
correlation (Spearman rho¼�0.23; p¼ 0.005) included all subjects with
CDDR Negative Reinforcement measured (146 subjects). This suggests
that the process of addiction decreases the functional potential of the
microbiome.

4. Discussion

This investigation aimed to determine pragmatically whether oral
microbiome differed across individuals with substance use disorder
relative to healthy comparison subjects. A secondary aim was to deter-
mine whether there was evidence for a particular process or a particular
microbiota that differentiated these groups. There were four main re-
sults. First, the oral microbiome differed significantly between in-
dividuals with SU relative to HC subjects, even after adjusting for BMI,
age, ethnicity, current nicotine dependence, and current alcohol use. In
combination, the microbiome characteristics were able to produce a
prediction accuracy in a test set of 83% (Table 2). Second, a similar ac-
curacy was observed for both smokers and individuals with alcohol use
(Table 2). Third, the detailed characterization of the microbiota contri-
bution to the differentiation between the groups did not yield evidence
for a particular microbe that differed between the groups, even though
the beta diversity (between sample) differences at the whole microbial
community level as measured by unweighted UniFrac were significant
(Fig. 1). It is not surprising, as the oral microbiome is primarily impacted
by differences in individual's oral hygiene or dietary habits, which we
expect to be the major contributors to microbial diversity changes (57).
Fourth, there was some evidence for a more strongly reduced functional
diversity of microbiota in those individuals who also reported greater
levels of negative reinforcement symptoms, i.e. admitted to stronger re-
lief use (Fig. 3). Taken together, these results support the hypothesis that
individuals with substance use disorder have a significantly altered
microbiome and that this difference is sufficiently distinct to accurately
classify this group. However, future investigations will need to determine
d CDDR Negative Reinforcement score at timepoint 0 for all subjects.
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whether these differences contribute directly to the pathophysiological
process of addiction.

While there is evidence that immune responses in the periphery and
the central nervous system are altered by exposure to drugs of abuse, the
contributions of neuroimmune interactions to addictive behaviors are
just beginning to be appreciated and brain-immune system interactions
in substance use disorders are much more complex and important than
previously understood (Hofford et al., 2019). In particular, no systematic
programs of research have examined the role of microbiota in drug
addiction (Skosnik and Cortes-Briones, 2016). Our results point to small,
if any, differences in the diversity of the microbiome, i.e. in alpha or beta
diversity. However, we did find that those individuals who reported
greater negative reinforcement symptoms, e.g. use of a substance to
alleviate an aversive state such as withdrawal, had a less varied micro-
biome in terms of its metabolic capabilities. Over the course of addiction,
substance users switch from using drugs to feel “good” to using drugs to
avoid feeling “bad”, and this transition from positive to negative rein-
forcement parallels important changes in brain function that drive
chronic use and impair adaptive decision-making (Koob and Le Moal,
2001; Koob, 2013; Koob and Volkow, 2016; Volkow et al., 2016; Kwako
and Koob, 2017). During early stages of use, excessive striatal dopamine
release associated with drug highs may be suppressed by neurochemical
stress signals from the extended amygdala; these signals are thought to
amplify over time, further suppressing dopamine responses to drug
reward so that users experience tolerance and no longer feel positive
effects (Koob et al., 2014). Drug use then becomes “relief use”: a way to
avoid withdrawal symptoms (aversive bodily feeling states) that are
accompanied by neurochemical stress signals. Moreover, in a recent
morphine-murine model, evidence suggested the role of the gut micro-
biome and metabolome as a potential mechanism that contributes to the
negative consequences associated with opioid use. These investigators
found a significant shift in the gut microbiome and metabolome within
one day following morphine treatment compared to that observed after
placebo (Wang et al., 2018). Thus, the changes in microbiome diversity
could be a consequence of late stage addiction. Longitudinal studies
would be needed in order to distinguish among these possible causes for
the patterns shown here.

The detailed analysis of the features differentiating the substance
users from healthy comparison subjects revealed low feature importance
scores which suggests that the effects we are observing are due to broad
ecological changes within the oral microbiome, rather than specific ASVs
or covariates. Substance use is associatedwith a number of behaviors that
can affect the oral microbiome such as poor eating habits, poor oral
health behaviors, direct vasoconstrictive effects of the oral mucosa, and
other poor health maintenance behaviors. Therefore, this cross-sectional
study cannot delineate the predominant process that contributes to the
observed differences. Nevertheless, the fact that these differences were
sufficient to accurately classify the subjects provides some pragmatic
justification to further investigate the role of the microbiome in the
pathophysiology of substance use disorder. Interestingly, however, the
observed differences were not just simply a consequence of smoking
behavior because the microbiome did not differ significantly between
substance users who smoked versus those that did not. This is particularly
interesting because current smoking had the strongest effect on the
overall microbial community structure among the tested lifestyle factors.
The abundances of Veillonella and Megasphaera were higher in current-
smokers, and increased with the pack-year value and the Fagerstrom
Test of Nicotine Dependence (FTND) score (Lim et al., 2016). In contrast,
Haemophilus decreased with the pack-year of smoking and the FTND
score. Thus, it will be important to examine in future studies how the oral
microbiome adjusts as smoking behavior changes.

This study has several limitations. First, the cross-sectional nature of
the study and the case-control design limit the inferences that can be
drawn from the results. Specifically, there is no possibility to go beyond
associative statements, i.e. that there are substantial differences between
the groups, yet the causal sequence of events is unclear. Future
6

investigations will need to use both interventional or experimental ap-
proaches as well as longitudinal studies to investigate the cause and
consequences of these observed differences. Second, the broad changes
in the microbiome make it difficult to suggest that substance use pro-
motes or inhibits a particular microbial agent. Third, we cannot differ-
entiate between the differences in hygiene and true ecological differences
between SU and HC subjects. Thus, we will need to examine prospec-
tively whether changes in oral hygiene among SU individuals are asso-
ciated with changes in oral microbiome and whether this change differs
from changes observed during prolonged recovery.

This study aimed to examine whether the oral microbiome of sub-
stance using individuals is sufficiently different from that of healthy
comparison subjects to warrant further investigations into the causal role
such differences could contribute to the process of substance use. The
results support the notion that there are broad differences in the oral
microbiome and that these differences are sufficiently significant to
robustly differentiate users from comparison subjects. Moreover, there is
some evidence that measures of severity or progression of substance use,
as indicated by increased negative reinforcement experiences, is also
associated with reduced oral microbiome diversity. However, future in-
vestigations will need to examine the degree to which these differences
contribute to the persistence of substance use or whether these differ-
ences are epiphenomal and not disease relevant. In addition, one will
need to examine whether microbiome differences are associated with
differential brain processing that is relevant for substance use such as
reward-related processes. Nevertheless, the possible effects of substance
use disorder on the microbiome could lead to new diagnostic approaches,
and the possible contribution of the microbiome to substance use disor-
der could provide a unique approach to developing new intervention for
this condition.
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