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Abstract

Background: With increasing legalization and rising potency of cannabis products, cannabis use
disorder (CUD) is a growing public health concern, particularly among young adults, who have the
highest rates of CUD. While substance use is known to be associated with the oral microbiome,
the impact of CUD remains understudied. Given the oral microbiome’s role in overall health,
identifying microbial signatures associated with CUD, relative to other substance use disorders
(SUDs), may provide insight into its biological mechanisms and potential therapeutic targets.
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Methods: Saliva samples were collected from young adults (ages 18-25; N = 192) with CUD
(n =129) and non-CUD SUD (n = 63). The non-CUD SUD control group allowed for isolation
of CUD-related associations in a population that often uses multiple substances. Using 16S
rRNA gene sequencing, we examined alpha diversity, beta diversity, and taxa abundance between
the groups and in relation to cannabis use patterns (frequency and amount; CUD group only),
controlling for sequencing batch, age, sex, race, body mass index (BMI), and alcohol use.

Results: Compared to the non-CUD SUD group, the CUD group exhibited significantly lower
alpha diversity, distinct beta diversity, and differences in taxa abundance. Among those with CUD,
greater cannabis use frequency was linked to lower diversity, while both frequency and amount
were associated with higher abundances of strict anaerobes.

Conclusions: CUD is associated with specific alterations in the oral microbiome, including
lower diversity and taxonomic shifts. Associations with cannabis use patterns underscore the
relevance of frequent and heavy use. Future research should explore the functional implications of
these findings for CUD-related outcomes.

Keywords
Cannabis; Microbiome; Young adult; Substance use

1. Introduction

Cannabis is the second most commonly used substance in young adults. The increasing
legalization of cannabis for both medicinal and recreational purposes in the United States
has led to a decline in the perceived risk of its use, especially among younger populations
(Substance Abuse and Mental Health Services Administration SAMHSA, 2024). While
cannabis offers therapeutic benefits for certain conditions, the change in perceived risk is
concerning, as young adults are particularly vulnerable to the potential negative effects of
cannabis (Fischer et al., 2020; Leinen et al., 2023). For example, earlier onset of cannabis
use is associated with cognitive impairments, poor academic performance, and increased
susceptibility to mental health disorders (Cyrus et al., 2021). Youth who use cannabis

also face an increased risk of developing cannabis use disorder (CUD), which typically
peaks during young adulthood (Lawn et al., 2022; Substance Abuse and Mental Health
Services Administration SAMHSA, 2024). Moreover, the increasing potency of cannabis,
driven by higher delta-9-tetrahydrocannabinol (THC) concentrations, further escalates this
risk (Chandra et al., 2019; EISohly et al., 2021; Freeman et al., 2021). It is important to

note that current behavioral treatment options have limitations, and no medications for CUD
have been approved by the U.S. Food and Drug Administration (FDA) (Askari et al., 2021;
Sherman and McRae-Clark, 2016). Therefore, novel treatment options for CUD are urgently
needed and will require a comprehensive knowledge of the physiological effects of cannabis.

Most of the research into novel pharmacological treatments for CUD has focused on
the effects of cannabis on the brain, with comparatively little attention given to its
interaction with peripheral systems like the microbiome. The human microbiome is a
complex ecosystem of microorganisms that inhabit various parts of the body and play a
crucial role in maintaining health (Ogunrinola et al., 2020). While the gut microbiome
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has attracted the most attention due to its large and diverse microbial community, the oral
microbiome is increasingly recognized for its connections to brain function and behavior,
making it a promising and underexplored target for novel therapeutics in conditions such
as CUD. Disruptions in the oral microbiome have been linked to several neuropsychiatric
and neurodegenerative conditions, with emerging evidence suggesting a role in substance
use disorders (SUDs) (Kosciolek et al., 2021; Tao et al., 2024). Like the gut, the oral

cavity communicates bidirectionally with the brain through neural, immune, and endocrine
pathways (Adil et al., 2025; Bowland and Weyrich, 2022; Maitre et al., 2020; Narengaowa
et al., 2021). Cranial nerves such as the trigeminal, olfactory, and vagus provide direct routes
for oral bacteria and their byproducts to influence the central nervous system (Ha et al.,
2023). Disruptions in the oral microbial community can also lead to increased permeability
of the oral mucosa, allowing bacteria, bacterial products, and inflammatory mediators to
enter systemic circulation (Gualtero et al., 2023). This may promote low-grade systemic
inflammation, which is increasingly implicated in the pathophysiology of neuropsychiatric
conditions, including SUDs (Kohno et al., 2019). Some of these circulating factors, such as
pro-inflammatory cytokines, are capable of disrupting and crossing the blood-brain barrier,
potentially triggering neuroinflammatory processes and altering neuronal function (Gryka-
Marton et al., 2025). Additionally, oral bacteria can translocate to the gut, a process that
has been observed at higher rates in conditions such as alcohol use disorder (AUD). This
translocation may disrupt gut microbial composition, promote systemic inflammation, and
influence brain function through gut-brain axis signaling (Ames et al., 2020; Kageyama et
al., 2023; Schmidt et al., 2019). Taken together, these interconnected pathways highlight the
potential of the oral microbiome as a novel target for therapeutic intervention in SUDs.

Few studies have specifically examined the relationship of the oral microbiome with
cannabis use (Luo et al., 2021; Newman et al., 2019; Panee et al., 2024). This gap is

notable given several factors that make cannabis particularly relevant to the oral microbial
environment. Cannabis is almost exclusively consumed through the oral cavity, providing a
direct route for it to alter the oral environment. Cannabis use has also been associated with
oral health changes such as reduced salivary flow and lower oral pH, which create conditions
that favor the growth of opportunistic pathogens and may contribute to microbial imbalance
(Liu et al., 2020). To date, most research on cannabis and the oral microbiome has been
limited to adult samples and has largely relied on comparisons between individuals that

use cannabis and healthy controls. Our study addresses this gap by comparing individuals
with CUD to those with other SUDs, allowing us to investigate cannabis-specific microbial
alterations within the context of shared substance-related exposures. This distinction is
important, as CUD often co-occurs with other SUDs (John et al., 2018). Furthermore, our
focus on young adults aged 18-25 is based on both the developmental relevance of this
period and the high prevalence of CUD in this population. Given that the oral microbiome
continues to develop throughout young adulthood, this age range provides a critical window
for identifying cannabis-related microbial alterations that may inform future efforts to
improve prevention or treatment outcomes (Browning et al., 2024; McGrath et al., 2023). As
such, the oral microbiome may be an important, albeit understudied, factor in mental health
disorders such as CUD during young adulthood.
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The goals of this study were to address two primary objectives: 1) To determine if the oral
microbiome of young adults with CUD differ from those with other SUDs (non-CUD SUDs)
so that CUD-specific alterations in the oral microbiome can be identified, and 2) To examine
the association between the oral microbiome and the quantity of cannabis consumed and the
frequency of its use in young adults with CUD. Through these objectives, we aim to identify
oral microbiome patterns associated with CUD that may serve as a foundation for future
research on microbial contributions to cannabis-related outcomes during young adulthood.

2. Methods and materials

2.1. Participants

Participants (N = 192) were aged 18-25 years and part of an overarching screening protocol
for substance use studies (Davis et al., 2024). This study represents a secondary analysis

of data collected during screening visits for the parent protocols. All participants in the
CUD group (n = 129) met criteria for a CUD and had a positive urine drug screen for
metabolites of THC. Diagnosis of another SUD was not exclusionary, as comorbidity with
other SUDs is common among individuals with CUD (John et al., 2018). The non-CUD
SUD group (n = 63) met criteria for a SUD other than cannabis. Having a non-CUD SUD
control group allowed for isolation of CUD-related associations in a population that often
uses multiple substances. Participants were excluded from the parent protocols if they were
pregnant. For this specific study, participants were retrospectively excluded if they had used
antibiotics, prebiotics, or probiotics within the past month or reported such use at the time
of assessment, as the salivary microbiome is known to recover to baseline levels within that
timeframe following these exposures (Lundtorp-Olsen et al., 2021; Zaura et al., 2015; Zaura
et al., 2021). All participants provided written informed consent.

2.2. 16S rRNA gene amplification and sequencing

Participants provided a saliva specimen using a self-collection kit (OMNIgenesORAL,
OM-501 [DNA Genotek]) after verifying that they had not eaten, drunk, smoked, or
chewed gum in the past 30 min. Samples were moved into —20 °C until analysis. Bacterial
genomic DNA was extracted from the samples using established protocols at the Medical
University of South Carolina (supplementary materials) and shipped for further processing
and sequencing.

The V4 variable region of the 16S rRNA gene was amplified using PCR primers 515/806,
with 30-35 cycles of amplification performed using the HotStarTaq Plus Master Mix Kit
(Qiagen, USA). PCR conditions included initial denaturation at 95°C for 5 min, followed

by cycles of denaturation at 95°C for 30 s, annealing at 53°C for 40 s, extension at 72°C

for 1 min, and a final extension step at 72°C for 10 min. Post-amplification, PCR products
were assessed using 2 % agarose gel electrophoresis to confirm successful amplification

and determine relative band intensities. Samples were multiplexed with unique dual indices
and pooled based on molecular weight and DNA concentrations. Pooled samples underwent
purification using calibrated Ampure XP beads. Subsequently, the purified PCR product was
used to prepare an lllumina DNA library, followed by sequencing on a MiSeq platform at
MR DNA (www.mrdnalab.com, Shallowater, TX, USA), following manufacturer guidelines.
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2.3. Upstream sequence analysis of microbiome data

The DADAZ2 pipeline was used to check quality and process reads (version 1.3). First, we
filtered, trimmed, and merged reads for the four batches separately. Primers and adapters
were cut from the reads using trim left (50, 50); forward and reverse reads were truncated

at 220 bp and 200 bp, respectively; and low-quality reads were removed using the DADA2
default filtering parameters. We then pooled the amplicon sequence variant (ASV) tables and
removed chimeras. Finally, we assigned the taxonomy using the Human Oral Microbiome
Database (Chen et al., 2010). The distribution of sequencing depth and rarefaction curve are
presented in Figures S1-S2.

2.4. Assessments

Questionnaires were used to capture participants’ demographic and background information,
medication use, physical health, mental health, and substance use history. Participants were
administered a modified Timeline Followback (TLFB) to determine how much cannabis

and other substances they consumed and at what frequency and amount (Sobell and Sobell,
1992). Participants were asked to report the types of cannabis they used, and for each type

to estimate the amount they typically used in grams or milligrams. Then they were asked for
each prior day to report the types used and the corresponding number of units. For each type,
units were multiplied by estimated grams for that type, and grams used in the 7 days prior to
saliva collection was summed.

The Mini International Neuropsychiatric Interview (MINI) was administered to diagnose
substance use and other psychiatric disorders in participants (Sheehan et al., 1998). The
MINI is a brief, structured diagnostic tool that has been updated to assess Diagnostic

and Statistical Manual for Mental Disorders-5 (DSM-5) criteria (“Diagnostic and statistical
manual of mental disorders: DSM-5™", 5th ed,” 2013). The MINI does not assess nicotine
dependence; therefore, we used “suggestive nicotine dependence,” which is defined as a
score of six or above on the Modified Version of the Fagerstrom Tolerance Questionnaire
(mFTQ) and four or above on the Penn State Electronic Cigarette Dependence Index
(PSECDI) (Foulds et al., 2015; Prokhorov et al., 2000; Prokhorov et al., 1996).

2.5. Statistical analysis

Statistical analyses were conducted in R Software (R Core Team, 2023). Plots were
generated with the ggplot2 and phyloseq packages (McMurdie and Holmes, 2013; Wickham,
2016). For objective 1, inverse probability weights (IPWs) were used to mitigate the
potential impact of confounding on our results, given large differences in certain covariates
between groups (Rosenbaum and Rubin, 1983). IPWSs represent the inverse probability of
participants being in their observed exposure group — here, having CUD or not— given how
their covariate profile compares to what is typical for that group. Thus, the more atypical
the covariate values for participants’ exposure status, the greater weight their data is given.
This reweighting of the sample should balance confounding characteristics between the two
groups. Standardized mean differences between groups were calculated for all covariates
(sequencing batch, age, sex, race, BMI, and drinks over the past 7 days) before and after
weighting to assess how well weighting achieved balance between groups (a standardized
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difference <10 % is the accepted rule of thumb) (Austin and Stuart, 2015). Love plots
visualizing these differences can be found in the supplementary materials (Figures S3-S4).

Subsequent regressions were both IPW-weighted and adjusted for the same set of covariates
used to generate the weights, resulting in a doubly robust analysis that provides two
opportunities to nullify the influence of confounding variables on the exposure—outcome
relationship. Propensity scores were also included as covariates in the models to further
account for potential confounding. Standard errors/confidence intervals were adjusted to
incorporate the uncertainty introduced by IPWs. The Weightlt package was used for the
analyses (Greifer, 2025).

For objective 2, an outlier cutoff of greater than 3 z-scores was applied to the cannabis
grams data, leading to the exclusion of three participants (Figures S5-S6). All analyses in
objective 2 included sex-at-birth, drinks over the past 7 days, body mass index, sequencing
batch, age, and race as covariates.

2.5.1. Alpha diversity: Alpha diversity refers to the variety and abundance of taxa
within an environment. In this study, we calculated several alpha diversity indices, including
Shannon, Simpson, Pielou’s evenness, and Chaol using the microbiome package (Shetty,
2012-2019). These indices help to quantify the richness (number of different taxa) and
evenness (distribution of those taxa) of the microbial community. Linear regression models
were performed using the Im() function from the stats package in R to assess the association
of each alpha diversity index. Significance for alpha diversity analyses was set at p < 0.05.

2.5.2. Beta diversity: Beta diversity evaluates the differences in taxonomic composition
between groups. We assessed it using three dissimilarity metrics: Bray-Curtis, which
considers taxa abundance; Jaccard, which focuses on taxa presence and absence; and
Aitchison, which addresses the compositional nature of the data. These calculations were
performed using the phyloseq package and visualized using Principal Coordinate Analysis
(PCoA) plots. Differences in bacterial community profiles between groups were statistically
examined using Permutational Multivariate Analysis of Variance (Anderson, 2017; Oksanen
et al., 2024). Significance for beta diversity analyses was set at p< 0.05.

2.5.3. Differential abundance: Differential abundance refers to the identification of
specific taxa that vary in abundance between the groups. For differential abundance
analyses, taxa with a prevalence of less than 10 % were excluded. Microbial abundance
differences were identified using the Microbiome Multivariable Association with Linear
Models (MaAslin2) package using centered log-ratio transformation (CLR), which accounts
for the compositional nature of microbiome data (Mallick et al., 2021). Unlike alpha and
beta diversity, which summarize microbial communities using single values per sample,
differential abundance analyzes each taxon individually to identify specific taxa that vary
significantly between groups. To account for the increased likelihood of false positives
resulting from this multiple testing, the Benjamini-Hochberg procedure was applied, with a
default g-value threshold of 0.25 used to define significance.
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All analyses were performed at the genus and species levels. Feature tables are provided in
the supplementary materials to support meta-analyses and future study power calculations.

3. Results

3.1. Participant characteristics

Detailed sociodemographic and clinical variables are presented in Table 1. The study
included 192 participants, with 129 in the CUD group and 63 in the non-CUD SUD group.
Most participants were female (67.44 % in CUD and 58.73 % in non-CUD SUD) and White
(70.54 % in CUD and 90.48 % in non-CUD SUD). Within the CUD group, severity levels
of CUD varied from mild (n = 22, 17.05 %) to moderate (n = 33, 25.58 %) to severe (n
=74, 57.36 %). In addition to meeting CUD criteria, some participants in the CUD group
also met criteria for suggestive nicotine dependence (n = 65, 50.39 %), alcohol use disorder
(AUD; n =69, 53.49 %), stimulant use disorder (n = 9, 6.98 %), cocaine use disorder (h =
12, 9.30 %), opioid use disorder (n = 2, 1.55 %), hallucinogen disorder (n = 11, 8.53 %),
inhalant use disorder (n = 3, 2.33 %), and sedative use disorder (n = 1, 0.78 %). Within the
CUD group, 36 (27.91 %) participants met criteria for CUD only, 28 (21.71 %) met criteria
for both CUD and AUD, 24 (18.60 %) for CUD and suggestive nicotine dependence, and
41 (31.78 %) met criteria for all three (CUD, AUD, and suggestive nicotine dependence).

In the non-CUD SUD group, participants met criteria for suggestive nicotine dependence

(n =31, 49.21 %), AUD (n = 53, 84.13 %), cocaine use disorder (n = 2, 3.17 %), and
hallucinogen use disorder (n = 1, 1.59 %). Of the non-CUD SUD participants, 32 (50.80
%) participants met criteria for AUD only, 10 (15.87 %) for suggestive nicotine dependence
only, and 21 (33.33 %) for both AUD and nicotine dependence. Among the participants,

16 from the non-CUD SUD group reported cannabis use in the past 7 days, whereas nearly
all participants in the CUD group (except for 2) reported using cannabis during this period.
Leaf/bud material was reported by both groups as their main cannabis use method (CUD:
70.54 %, non-CUD SUD: 20.63 %), indicating that most participants smoked their cannabis.
The number of different administration methods reported ranged from 0 to 6, and only 5
participants reported using a single method. This limited our ability to isolate the effects of
any one route of administration.

3.2. Microbiome

We generated a total of 9296 amplicon sequence variants (ASVs) from 616,930,124 high-
quality, nonchimeric reads. The ASVs were classified into 183 genera and 616 species.

3.2.1. Aim 1: microbial diversity and abundance in CUD vs. Non-CUD SUD

3.2.1.1. Diversity. At the genus level, alpha diversity was significantly lower in the CUD
group as indicated by the Shannon index (b= -0.198, 95 % CIl=[-0.282, —-0.114], p=
<0.001), the Simpson index (b= -0.014, 95 % CI=[-0.023, —0.005], p= 0.004), and the
Pielou’s evenness index (b= -0.042, 95 % Cl=[-0.060, -0.024], p=<0.001) (Fig. 1A,
Supplementary Table 1). At the species level, alpha diversity was also significantly lower in
the CUD group using the Shannon (b= -0.254, 95 % Cl=[-0.379, —0.129], p = <0.001),
Simpson (b= -0.009, 95 % CI=[-0.016, —0.002], p = 0.010) and Pielou’s evenness (b=
-0.043, 95 % Cl=[-0.063, —0.023], p = <0.001) indices (Fig. 1B, Table S1).
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Beta diversity analyses revealed significant differences between the CUD and non-CUD
SUD groups as assessed by the Aitchison dissimilarity metric at both the genus (p = 0.002,
R2=0.013) and species (p= 0.001, R2= 0.011) levels (Fig. 2, Table S2).

3.2.1.2. Abundance. Abundance profiles of the top 20 genera and species for each
group are presented in Fig. 3. Seventeen genera differed significantly in abundance
between the CUD and non-CUD SUD groups (Fig. 3C). Of these, eight were less
abundant in the CUD group: Peptostreptococcaceae [XI][G-2] (coef=-1.033, ¢= 0.012),
Peptostreptococcus (coef= -0.879, ¢g= 0.127), Bacteroidales [G-2] (coef= —0.765, g= 0.138),
Peptostreptococcaceae [XI][G-7] (coef=-0.733, g= 0.127), Peptococcus (coef= —0.719,
g=0.171), Lachnospiraceae [G-8] (coef= —0.632, g= 0.196), 7annerella (coef= —0.548,
g= 0.196), and Catonella (coef= —0.444, g= 0.138). Genera that were more abundant

in the CUD group included Eggerthia (coef=0.390, g= 0.238), Peptoniphilus (coef=
0.414, g= 0.127), Desulfovibrio (coef= 0.435, g= 0.171), Prevotella (coef= 0.440, g=
0.196), Granulicatella (coef= 0.456, g= 0.127), Streptococcus (coef= 0.457, g= 0.129),
Neisseriaceae [G-1] (coef=0.460, g= 0.127), Mitsuokella (coef= 0.742, g= 0.196), and
Cryptobacterium (coef= 0.908, g= 0.043).

We also identified fourteen species that were significantly different between the groups
(Fig. 3D). The nine species that were less abundant in the CUD group included
Haemaophilus pittmaniae (coef= -1.746, g= 0.052), Campylobacter sp.HMT044 (coef=
-1.228, g= 0.162), Peptostreptococcaceae [XI][G-2] bacterium_HMT091 (coef= -1.093,
g= 0.018), Peptostreptococcus stomatis (coef= —0.935, g= 0.150), Prevotella sp. HMT317
(coef=-0.843, g= 0.168), Bacteroidales [G-2] bacterium_ HMTZ274 (coef= -0.826, g=
0.175), Peptococcus sp.HMT167 (coef= -0.809, g= 0.177), Lachnospiraceae [G-8]
bacterium_ HMT500 (coef= -0.692, g= 0.218), and Catonella morbi (coef= -0.477,
g=0.180). The species with higher abundances consisted of Streptococcus lactarius
(coef=0.489, g= 0.203), Rothia dentocariosa (coef= 0.683, g= 0.203), Cryptobacterium
curtum (coef= 0.848, g= 0.146), Dialister micraerophilus (coef=0.975, g= 0.183), and
Streptococcus thermophilus (coef= 1.158, g= 0.034).

3.2.2. Aim 2: microbial diversity and abundance differences associated with
quantity of cannabis consumed and frequency of cannabis use (n = 126, CUD
group only)

3.2.2.1. Patterns of use and diversity. In the CUD group, the number of cannabis use
days was negatively correlated with microbial diversity at the genus (b= -1.432, 95 % Cl=
[-2.564, —0.300], p=0.014) and species (b= -4.848, 95 % CI=[-8.706, —0.991], p= 0.014)
levels using the Chaol index. No significant associations were observed between the number
of cannabis grams or grams per use day with any alpha diversity indices (Table S3).

The number of cannabis use days was also significantly associated with the composition of
the microbial community as measured by Aitchison dissimilarity at the species level (R2=
0.012, p=10.001; Table S4).
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3.2.2.2. Patterns of use and abundance. Taxa signficantly associated with the quantity of

cannabis consumed and frequency of cannabis use in participants with CUD are presented in
Fig. 4.

The number of cannabis use days was positively correlated with abundances of the genus
Gracilibacteria [GNO2] [G-2] (coef = 0.281, g= 0.113) as well as the species Gracilibacteria
(GNO2) [G-2] bacterium HMT873 (coef= 0.274, g= 0.209) and Absconditabacteria (SR1)
[G-1] bacterium HMT874 (coef= 0.513, g= 0.209). Only one species, Veillonellaceae [G-1]
bacterium HMT155 (coef= —0.296, g= 0.159), was negatively correlated.

The total number of cannabis grams over the past 7 days was negatively correlated with

the abundances of two genera: Gracilibacteria [GNOZ] [G-1] (coef= —0.310, g= 0.231) and
Bergeyella (coef=-0.252, g= 0.232). In addition, abundances of the species Porphyronomas
asaccharolytica (coef= 0.362, g= 0.134), Prevotella denticola (coef= 0.467, g= 0.202),
Prevotella oralis (coef= 0.380, g= 0.113), and Treponema sp. HMT251 (coef=0.268, g=
0.227) were positively correlated with the total number of cannabis grams. Aggregatibacter
paraphrophilus (coef= —-0.745, g= 0.157), Neisseria oralis (coef= -0.763, ¢g= 0.110), and
Streptococcus sanguinis (coef= —0.524, g= 0.211) were negatively correlated.

Finally, the number of grams per use day was not associated with any genera but was
positively correlated with abundances of the species Porphyromonas asaccharolytica (coef=
0.367, g= 0.136) and Prevotella oralis (coef= 0.355, g= 0.161), Treponema HMT251 (coef=
0.283, g= 0.198) and was negatively correlated with abundances of Streptococcus sanguinis
(coef=-0.541, g= 0.189), Haemophilus paraphrohaemolyticus (coef= -0.793, ¢g= 0.219),
and Aggregatibacter paraphrophilus (coef= —-0.678, g= 0.226).

4. Discussion

In this study, we aimed to 1) determine if the oral microbiome of young adults with CUD
differs from those with non-CUD SUDs, and 2) determine whether differences in the oral
microbiome in the CUD group are associated with the quantity of cannabis consumed
and/or the frequency of its use. ldentifying microbiome differences specific to CUD, as
opposed to other SUDs, is crucial for treatment development given the high prevalence of
comorbid SUDs among young adults with CUD. In our study, after we robustly accounted
for the potential impacts of confounding factors, the CUD group exhibited significantly
lower alpha diversity, distinct beta diversity, and differences in the abundances of several
taxa compared to the non-CUD SUD group. Additionally, within the CUD group, both

the quantity of cannabis consumed, and the frequency of its use were associated with
differences in microbiome diversity and taxa abundances. These findings point to a potential
relationship between the oral microbiome and CUD that could have important implications
for oral health and could provide new avenues for developing CUD-specific therapeutics.

Our analysis revealed that alpha diversity was significantly lower in the CUD group,
suggesting a less diverse oral microbiome compared to the non-CUD SUD group.
Specifically, significantly lower diversity scores were observed in the CUD group using

the Shannon, Simpson, and Pielou’s evenness indices at the genus level. At the species level,
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scores on the Shannon and Pielou’s evenness indices were significantly lower in the CUD
group. While the Simpson and Shannon indices capture both the richness and evenness of
taxa, Pielou’s evenness index focuses solely on evenness, suggesting that lower evenness

(i.e., lower distribution of taxa) may be a key factor in the observed lower diversity in the
CUD group.

The frequency of cannabis use appears to be more closely associated with changes in
richness (i.e., the number of taxa), as evidenced by the negative correlation between the
number of cannabis use days and Chaol, an index that specifically measures richness, at
both the genus and species levels in the CUD group. This finding suggests that richness

may be more sensitive to changes in cannabis use over a short period, such as 7 days. In
contrast, differences in evenness may be more obvious when comparing groups, as it reflects
the distribution of species rather than their abundance or presence, making it less responsive
to short-term fluctuations in cannabis use. Overall, these findings suggest that cannabis use
is associated with lower microbial diversity, both at the group level, differentiating young
adults with CUD from those with non-CUD SUD, and in relation to cannabis use frequency.

The lower diversity associated with cannabis use can have several possible explanations.
One possibility is that cannabis has an antimicrobial effect, attributed to cannabidiol’s ability
to disrupt bacterial cell membranes and inhibit the production of biofilms (Blaskovich et

al., 2021). Another possible explanation is that the heat from smoking cannabis, the most
common method of use in our cohort, kills microbes by denaturing their proteins and
disrupting their cell membranes (Cebrian et al., 2017). Finally, the reduced salivary flow
associated with cannabis use may make it more difficult for beneficial microbes to survive
and maintain a balanced microbial community (Hayashi et al., 2015). While cannabis

use may lead to lower microbial diversity through antimicrobial effects, heat exposure, or
reduced salivary flow, it is also possible that pre-existing alterations in the oral microbiome
contribute to cannabis use. Individuals with SUDs who exhibit lower microbial diversity
have been found to report greater negative reinforcement experiences related to their primary
substance of use (Kosciolek et al., 2021). This suggests that low oral microbiome diversity
may contribute to patterns of cannabis use driven by the desire to avoid negative feelings or
withdrawal symptoms, though more research is needed to fully understand this connection.

Beta diversity analyses revealed significant differences between the groups at both the genus
and species levels when assessed using the Aitchison dissimilarity metric, which accounts
for differences in both taxa abundance and presence/absence. Additionally, the number of
cannabis use days was significantly associated with beta diversity, as measured by Aitchison
dissimilarity at the species level. However, no significant differences were found when using
the Jaccard index, which only considers species presence or absence, or the Bray-Curtis
index, which primarily measures species abundance. These findings suggest that cannabis-
related alterations in the oral microbiome may involve more complex, community-wide
shifts that are not limited to the presence or abundance of individual taxa. Such patterns
may be especially relevant in early or chronic stages of cannabis use, where disruption of
microbial community structure could occur in complex ways.
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Taken together, the significant differences in both alpha and beta diversity suggest that

the oral microbiome of the CUD group has a distinct composition, marked by a lower
number of taxa that are unevenly distributed compared to other SUDs. These findings are
consistent with a study reporting lower alpha and distinct beta diversity in adults with

CUD compared to controls (Luo et al., 2021), but differ from another study that found

no diversity differences between individuals with chronic cannabis use and controls in the
salivary microbiome (Panee et al., 2024). While these differences may stem from age or
other sample-related factors, they could also suggest that changes to diversity are specific to
CUD rather than cannabis use alone, but more research is needed to clarify this relationship.

Interpreting these diversity differences in the context of CUD is challenging, given that the
role of oral microbial diversity is not as well-defined as in other microbial environments like
the gut. Both lower and higher microbial diversity have been associated with negative health
outcomes in different neuropsychiatric and neurodegenerative conditions, making it difficult
to define a “healthy” level of diversity. However, the presence of diversity differences,
regardless of direction, suggests differences in the microbial community that may have
biological relevance. In this context, the lower diversity observed in the CUD group may
reflect a microbial profile that is characteristic of CUD rather than inherently better or worse
than that of individuals with other SUDs. Follow-up studies incorporating microbial function
or host response will be critical for clarifying the significance of these findings and their
potential relevance to cannabis-related health outcomes.

When investigating differences in specific taxa between the groups, we identified seventeen
genera and fourteen species that were differentially abundant between young adults with
CUD and young adults with non-CUD SUD. We observed higher abundances of the genera
Streptococcus and Prevotellain the CUD group, which aligns with findings from gut
microbiome studies in adults with CUD and adults with chronic cannabis use, respectively
(Luo et al., 2021; Panee et al., 2018). However, those studies also identified higher
abundances of the species Megasphaera micronuciformis and Viellonella atypica with
cannabis use, which we did not observe in our study. These findings suggest that cannabis
use may lead to broad changes in the microbiome, such as shifts at the genus level, but that
specific changes related to CUD may be more pronounced at the species level.

In addition, we identified several taxa associated with both the quantity of cannabis
consumed and the frequency of its use among participants with CUD. Specifically, the
number of cannabis use days was linked to one genus and three species, the total amount
of cannabis consumed over the past 7 days was associated with two genera and three
species, and the number of grams consumed per use day was associated with five species.
Interestingly, all taxa that were positively correlated with more cannabis use were either
strict anaerobes or likely to be strict anaerobes, meaning they cannot survive in the presence
of oxygen. This finding aligns with previous research that shows smoking cigarettes makes
the oral cavity more anaerobic (Mohammed et al., 2024; Wu et al., 2016), suggesting

that higher cannabis use among young adults with CUD may contribute to a shift in the
oral microbiome toward a more anaerobic composition, potentially increasing the risk for
oral health issues associated with cannabis use, such as periodontal disease and other oral
infections (Thomson et al., 2008).

Drug Alcohol Depend. Author manuscript; available in PMC 2026 April 21.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Browning et al.

Page 12

Two measures of cannabis consumption, the total grams consumed in the past week and the
grams consumed per use day, were associated with several of the same species of microbes.
These included Aggregatibacter paraphrophilus, Streptococcus sanguinis, and Neisseria
oralis, all of which exhibited lower abundances with higher cannabis consumption. Our
finding that Streptococcus sanguinis was negatively correlated with cannabis use appears to
be in conflict with previous research, which observed higher abundances of this species in
individuals with chronic cannabis use compared to nonsmoking control participants (Panee
et al., 2024). However, it has also been reported that the non-psychoactive phytocannabinoid
Cannabigerol (CBG) has antibacterial effects against Strepfococcus sanguinis (formerly
Streptococcus sanguis), suggesting that the specific composition of cannabis may play a role
in these differing results, along with the other factors mentioned above (Agawi et al., 2021).
Our study did not capture fine-grained details on the cannabinoid content of the cannabis
used by participants, underscoring the need for future research in this area.

Both the total number of cannabis grams over the past seven days as well as the amount

of cannabis per use day were positively correlated with abundances of Porphyromonas
asaccharolytica, Prevotella oralis, and Treponema sp. HMTZ251. Interestingly, studies have
reported finding several 7Treponema species in various regions of postmortem brains from
individuals with Alzheimer’s disease and control participants, including the trigeminal
ganglia, pons, hippocampus, and frontal lobe cortex (Riviere et al., 2002; Siddiqui et al.,
2019). However, it is important to note that the specific species identified in this study,
Treponema sp. HMT251, has been little studied, and more research is needed to determine
its potential association with the brain. In addition to the shared species, abundances

of Prevotella denticola were positively correlated with the total number of grams, and
Haemophilus paraphrohaemolyticus was negatively associated with the number of grams
per use day. These findings suggest that, while the microbial shifts observed in relation to
cannabis use are generally similar across different measures of consumption, the frequency
and intensity of cannabis use may play distinct roles in shaping the oral microbiome.

While our findings shed light on the potential impact of CUD and cannabis use on the

oral microbiome, several limitations must be acknowledged. First, the cross-sectional design
limits causal inference, and longitudinal research is needed to determine whether observed
microbial alterations are a cause or consequence of cannabis use. Second, because we
relied on secondary data from existing substance use protocols, we were unable to design

a demographically balanced sample, and the overall sample was predominantly white and
female. While this limits generalizability, our study differs from previous substance use
research, which has historically overrepresented White men (Gunn et al., 2022). Third,

the lack of a non-SUD comparator group may be perceived as a limitation; however,

our approach fills a gap in the literature as, to our knowledge, all the previous studies

have focused on comparisons between individuals with SUDs and control participants

with no SUDs. Our findings offer novel insights and reflect the comorbidity commonly
observed in substance-using populations and help isolate the CUD-specific alterations in
individuals who use cannabis. We explored the distribution of other substance use disorders
within the sample to determine whether alcohol- and nicotine-related differences could be
disentangled; however, the subgroup sizes were not large enough to support adequately
powered comparisons. Future studies with larger, more stratified samples will be necessary
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to disentangle the independent and interactive effects of co-occurring SUDs on the oral
microbiome. Moreover, we attempted to mitigate demographic imbalances and potential
confounding through rigorous statistical approaches, including both covariate adjustment
and propensity score matching on age, sex, race, and alcohol use. Nonetheless, residual
confounding remains a possibility. Fourth, we did not assess dietary intake or oral health
status, both of which can influence the oral microbiome. However, our sample consisted of
generally healthy young adults (ages 18-25), who are less likely to experience significant
oral pathology or major dietary fluctuations compared to older or clinical populations.
While not a direct measure of diet, we included BMI as a covariate to approximate general
nutritional status, though we recognize it does not capture specific dietary patterns or
nutrient intake. Although this remains a common limitation in microbiome research due to
the complexity and lack of standardized assessments, future studies should prioritize the
inclusion of objective, validated measures of both oral health and diet to better account

for these potential confounders. Similarly, objective measures for cannabis use quantity
and frequency are currently lacking. As such, we relied on self-reported data, which is
standard in the field but may introduce recall bias(Baker et al., 2018). Finally, our microbial
profiling relied on 16S rRNA sequencing, which enables broad taxonomic comparisons but
lacks species-level resolution and does not capture microbial function. Future work using
shotgun metagenomics or integrated multi-omic approaches will be critical for identifying
species-specific and functional differences that may underlie the observed associations.
Despite these limitations, this study provides important preliminary insights into cannabis-
related oral microbiome alterations and highlights key directions for future research aimed at
clarifying their clinical relevance.

In conclusion, our study suggests that the oral microbiome of young adults with CUD
exhibits distinct patterns compared to those with other SUDs. These findings extend

prior research that has identified differences between individuals with CUD and healthy
controls and highlight the importance of future research aimed at determining whether these
microbial differences are unique to CUD and clinically meaningful. If future longitudinal
and mechanistic studies confirm that these microbial patterns are not only consequences
but also contributors to the maintenance of cannabis use, then interventions aimed at
restoring microbial diversity such as probiotics, prebiotics, or oral hygiene strategies may
play a supportive role in improving treatment outcomes. This work represents an early but
important step in disentangling the complex biological factors that may contribute to CUD
and identifying new directions for intervention.
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Fig. 1.

Alpha diversity in the cannabis use disorder (CUD) and non-CUD substance use disorder
(SUD) groups. A) The CUD group had significantly lower Shannon (p < 0.001), Simpson (p
= 0.004), and Pielou’s Evenness (p < 0.001) scores at the genus level. B) The CUD group
had significantly lower Shannon (p < 0.001), Simpson (p = 0.010), and Pielou’s evenness (p

< 0.001) scores at the species level.
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Beta Diversity in the Cannabis Use Disorder (CUD) and non-CUD Substance Use Disorder
(SUD) groups. A-C) Genus-level principal coordinates analysis (PCoA) plots using the
Bray-Curtis, Jaccard, and Aitchison dissimilarity metrics. D-F) Species-level PCoA plots

using the Bray-Curtis, Jaccard, and Aitchison dissimilarity metrics.
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Centered log ratio (CLR) abundances in the Cannabis Use Disorder (CUD) and non-CUD
Substance Use Disorder (SUD) groups at the species and genus levels. A) Top 20 genera
abundances by substance group. B) Top 20 species abundances by substance group. C)
Genera that were significantly different between the CUD and non-CUD SUD groups, D)
Species that were significantly different between the CUD and non-CUD SUD groups. All
g-values < 0.025.
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B) Significant associations at the species level. All g-values < 0.025.
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Table 1
Participant characteristics.
CUD (n=129) Non-CUD SUD (n=63) Group comparison
Age, y, mean (SD) 21.16 (1.89)  21.47(1.88) p=0.230
Sex, Female, No. (%) 87 (67.44)  37(58.73) p=0.306
Race, No. (%)
White 91(70.54)  57(90.48) p=0.004
Non-white 38(29.46)  6(9.52)
Ethnicity, Hispanic/Latinx, No. (%) 15 (10.79) 6(9.52) p=0.848
BMI, kg/m 2, mean (SD) 24.45 (6.08)  24.51 (5.65) p=0.634
Cannabis use
Cannabis use disorder severity, No. (%) 4
Mild 22 (17.05) -
Moderate 33 (25.58) -
Severe 74 (57.36) -
Cannabis use days, mean (SD) 2 598(L64)  092(210) p<0.001
Cannabis grams per use day, mean (SD) b 191 (3.26) 0.26 (0.98) p<0.001
Cannabis grams past 7 days, mean (SD) b 1232 (2247)  153(6.72) p<0.001
Primary cannabis use method, No. (%)
Edibles/drink/tinctures 15 (11.63) 1(6.25) p<0.001
Leaf/bud material 91 (70.54) 13 (81.25)
Wax/dabs/concentrates/oils 18 (13.95) 2 (12.5)
Other 5(3.88) -
Number of cannabis use methods over the past 7 days, No. (%) p<0.001
0 2 (1.55) 47 (74.60)
1 36 (27.91)  7(11.11)
2 50(38.76) 7 (11.11)
3 22(17.05)  2(3.18)
4 13 (10.08) -
5 4(3.10) -
6 2(1.56) -
Other substance use ?
Alcohol
Alcohol use days, mean (SD) 1.50 (1.55) 2.30 (1.66) p<0.001
Total number of drinks, mean (SD) 6.16 (8.72) 11.58 (10.76) p<0.001
Nicotine
Nicotine use days, mean (SD) 3.19 (3.26) 2.60 (3.23) p=0.146
Substance use disorder diagnoses, No. (%)
Suggestive nicotine dependence® 65(50.39)  31(49.21) p=1
Alcohol use disorder? 69(53.49)  53(84.13) p<0.001
Stimulant use disorder@ 9(6.98) - p=0.074
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CUD (n=129) Non-CUD SUD (n=63)

Group comparison

Cocaine use disorder? 12 (9.30) 2(3.17)
Opioid use disorder? 2 (1.55) -
Hallucinogen use disorder? 11 (8.53) 1(1.59)
Inhalant use disorder? 3(2.33) -

Sedative use disorder? 1(0.78) -

p=0.216
p=0.813
p=0.122
p=0548

p=1

Page 23

a . . - . L " . . . . -
Determined using Mini International Neuropsychiatric Interview (MINI). Current diagnosis was used to reflect conditions at time of visit. Some

participants have multiple SUDs.

b . s . . .
Calculated using the Timeline Followback for the seven days prior to saliva collection.

DDefined as a score of 6 or above on the Modified Version of the Fagerstrom Tolerance Questionnaire (mFTQ) and 4 or above on the Penn State

Electronic Cigarette Dependence Index (PSECDI).
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