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Methamphetamine use disorder (MUD) is a major public health problem worldwide with limited effective treatment options. Previous studies have reported methamphetamine-associated alterations in gut microbiota. A potential role of gut microbiota in regulating methamphetamine-induced brain dysfunction through interactions with the host immune system has been proposed, but evidence for this hypothesis is limited. The present study aimed to investigate the alterations in the fecal microbiota and explore its relationship with systemic inflammation in MUD. Fecal samples were obtained from 26 male subjects with MUD and 17 sex- and age- matched healthy controls. Fecal microbial profiles were analyzed by 16S rRNA sequencing. Plasma inflammatory markers were measured using enzyme-linked immunosorbent assay. Associations between fecal microbiota, systemic inflammatory markers and clinical characteristics were examined by Spearman partial correlation analysis while controlling for possible confounders. Compared with healthy controls, individuals with MUD showed no difference in fecal microbial diversity, but exhibited differences in the relative abundance of several microbial taxa. At the genus level, a higher abundance of Collinsella, Odoribacter and Megasphaera and lower levels of Faecalibacterium, Blautia, Dorea and Streptococcus were detected in subjects with MUD. More importantly, altered fecal microbiota was found to be correlated with plasma levels of CRP, IL-2, IL-6 and IL-10. The order Lactobacillales, exhibiting lower abundance in participants with MUD, was positively related to the duration of methamphetamine abstinence and the plasma level of anti-inflammatory cytokine IL-10. This study is the first to provide evidence for a link between altered fecal microbiota and systemic inflammation in MUD. Further elucidation of interactions between gut microbiota and the host immune system may be beneficial for the development of novel therapeutic approaches for MUD.
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Introduction

Methamphetamine (METH), an amphetamine-type stimulant, is the most commonly abused drug in China, with 1.18 million officially registered drug users reporting methamphetamine use, accounting for 55.5% of all drug users nationwide by the end of 2019 (Office of China National Narcotics Control Commission, 2020). Individuals with methamphetamine use disorder (MUD) often suffer from serious neuropsychological symptoms including psychosis, depression, anxiety and cognitive deficits, even after extended periods of abstinence (London et al., 2004; Paulus and Stewart, 2020). Despite of the adverse health consequences and economic burden ascribed to MUD (United Nations Office on Drugs and Crime, 2021), there are currently no FDA-approved pharmacological interventions available for treating MUD and limited evidence for the effectiveness of cognitive-behavioral therapy (Paulus and Stewart, 2020), highlighting the urgent need for more effective treatment options.

In recent years, there has been an increasing interest in the gut microbiota as a potential target for novel therapeutics, due to its tremendous impact on the brain, behavior, and health (Cryan et al., 2019). While the majority of work concerning the role of the gut microbiota in neuropsychiatric conditions has focused on autism spectrum disorder (Sharon et al., 2019; Wang et al., 2019), Alzheimer’s disease (Vogt et al., 2017; Bulgart et al., 2020), Parkinson’s disease (Petrov et al., 2017; Aho et al., 2019), depression (Bastiaanssen et al., 2020; Yang et al., 2020), anxiety (Jiang et al., 2018) and schizophrenia (Zhu et al., 2019; Golofast and Vales, 2020), the evidence of interactions between the gut microbiota and substance use has been relatively limited (Qin et al., 2021; Salavrakos et al., 2021), and even less is known in the context of METH use.

Evidence of METH-induced dysbiosis largely comes from observations using rodent models. Significant changes in the composition of gut microbiota have been found in rats and mice under different regimens of METH exposure (Ning et al., 2017; Angoa-Pérez et al., 2020; Chen et al., 2021; Forouzan et al., 2021; Wang et al., 2021). Further, the alteration of Akkermansia has been identified to be associated with the rat’s behavioral response to METH in a conditioned place preference (CPP) model (Yang C. et al., 2021), suggesting a possible role of gut microbiota in modulating METH-induced behavior and vulnerability to MUD. However, clinical evidence in relation to MUD remains scarce. So far, only two recently published clinical studies have addressed this issue (Cook et al., 2019; Yang Y. et al., 2021). A study among men who have sex with men (MSM) found that METH use in the past six months was associated with higher levels of pro-inflammatory bacteria and lower levels of butyrate-producing genera in rectal swab samples (Cook et al., 2019). While the study cohort was comprised entirely of MSM, all of whom were engaging in anal intercourse, findings from this study might not generalize to the heterosexual population since it has been suggested that sexual behavior might influence the composition of gut microbiota (Noguera-Julian et al., 2016). Another study involving 16 male methamphetamine abusers and 14 healthy subjects also reported alterations in gut microbiota diversity and composition associated with MUD (Yang Y. et al., 2021). However, this study was limited by a relatively small sample size and inablility to adjust for possible confounders, highlighting the need for additional investigation.

Multiple mechanisms, including immune, endocrine and neuronal pathways have been described to be involved in the microbiota-gut-brain signaling (Agirman and Hsiao, 2021). For MUD, the interaction between gut microbiota and the host immune system has been assumed to be one of the key mechanisms. It was hypothesized that METH-induced pro-inflammatory microbiota profile and gut barrier dysfunction might allow the translocation of bacteria and bacterial components into the circulation, thus exacerbate systemic inflammation, abnormal immune response and neuroinflammation, leading to aberrant brain function and behaviors (Prakash et al., 2017; Qin et al., 2021), but no definitive evidence currently exists to prove this hypothesis. Indeed, studies have shown that METH elicits dysregulation in the innate and adaptive immune response, causing changes to both pro- and anti- inflammatory cytokines (Papageorgiou et al., 2019). However, no previous study has investigated the possible connection between gut microbiota and systemic inflammation in MUD. Therefore, the present study is set out to characterize the gut microbiota in MUD and preliminary analyze the correlation between the altered gut microbiota, the markers of systemic inflammation and clinical features in MUD.



Materials and Methods


Study Subjects and Procedure

Individuals who met the Diagnostic and Statistical Manual of mental disorders, fifth edition (DSM-5) criteria for methamphetamine use disorder were recruited from Shanghai Compulsory Rehabilitation Center between November 2019 and October 2020. The diagnosis was made by two senior psychiatric doctors through face-to-face assessment. Subjects with other neurological or psychiatric disorders were ruled out. To limit confounding by the use of other illicit drugs such as heroin, cocaine and cannabis, individuals with other illicit substance use disorder within the past 5 years were also excluded. Healthy controls (HC) with no history of neuropsychiatric conditions or illicit substance use were recruited from the local community at the same time through advertisement and word-of-mouth. The inclusion criteria for all participants included age 18-65 years and body mass index (BMI) 18-35 kg/m2. For both groups, additional exclusion criteria were as follows: (1) chronic medical conditions such as autoimmune disease, diabetes, inflammatory bowel disease, liver cirrhosis and malignancy; (2) evidence of human immunodeficiency virus (HIV), syphilis, hepatitis B or C virus (HBV/HCV) infection; (3) use of antibiotics, probiotics, corticosteroids or any other immunomodulators within 3 months before sample collection; (4) history of gastrointestinal surgery within 5 years; (5) specific dietary habits such as high-fat diet preference or completely vegetable-based diet.

It is worth noting that individuals who drank alcohol or smoked cigarettes were not excluded from this study given the high prevalence of these conditions found in MUD (Rommel et al., 2015). Taking the effects of alcohol and nicotine on gut microbiota (Wannamethee et al., 2005; Leclercq et al., 2014; Ames et al., 2020) and systemic inflammation system (Wannamethee et al., 2005; Barr et al., 2016; Sureshchandra et al., 2019; Doggui et al., 2021) into consideration, these factors would be included as possible confounders in data analysis.

Of the 53 subjects initially screened, three participants did not meet the inclusion criteria, five individuals were excluded due to evidence of infection (one for HIV, one for HBV and three for HCV), and two people with diagnosis of diabetes were also excluded (Supplementary Figure 1). Ultimately, a total of 43 participants were included in this study. The study was approved by the Institutional Review Board and the Ethics Committee of Shanghai Mental Health Center and was conducted in accordance with the principles of the Declaration of Helsinki. Written informed consent was obtained from all participants, and all the private information of the subjects was kept confidential.



Data Collection and Clinical Measurements

Demographic data and medical history were obtained from participants via a self-report questionnaire. Drug use history including age of first METH use, total years of METH use, abstinence time and frequency of METH use were also collected from subjects with MUD. METH craving was assessed by Visual Analog Scale (VAS), a 10-centimeter line ranging from 0 (no craving) to 10 (most intense craving). The subjects were requested to recall the last time they used METH when rating on VAS. For the measurement of alcohol and tobacco use, the Alcohol Use Disorders Identification Test (AUDIT; Saunders et al., 1993) and the Fagerstrom Test of Nicotine Dependence (FTND; Heatherton et al., 1991) were applied to all participants. Non-drinkers and non-smokers were rated as zero on AUDIT and FTND total score, respectively. Non-drinker was defined as those who never consumed alcohol or consumed less than one drink per month. Non-smoker was defined as having never smoked. To evaluate the severity of depression and anxiety in individuals with MUD, the Patient Health Questionnaire-9 (PHQ-9; Kroenke et al., 2001) and the General Anxiety Disorder Scale-7 (GAD-7; Spitzer et al., 2006) were used.



Systemic Inflammatory Markers Analysis

Fasting venous blood was obtained from participants with MUD using heparinized disposable vacuum blood tubes and centrifuged within one hour of collection (4°C, 3000 rpm for 15 min) for plasma separation. Plasma was aliquoted and stored at -80°C until analysis. Five inflammatory markers in plasma were measured via sandwich enzyme-linked immunosorbent assay (ELISA) using commercially available kits (Beijing Rongxin Zhihe Biotechnology Co. Ltd., Beijing, China) according to the manufacturers’ protocols: C-reactive protein (CRP), tumor necrosis factor alpha (TNF-α), interleukin-2 (IL-2), interleukin-6 (IL-6) and interleukin-10 (IL-10). These markers of systemic inflammation were chosen base on published in vivo studies suggesting a possible biological association with METH use (Huckans et al., 2015; Papageorgiou et al., 2019). Laboratory personnel were blinded to the clinical data.



Fecal Sample Collection, DNA Extraction, and 16S rRNA Sequencing

Fresh fecal samples were collected from all participants using sterile containers (SARSTEDT, Germany) preloaded with 5 mL fecal preservation solution (Realbio Genomics Institute, Shanghai, China) and stored at -80°C until processing. DNA extraction from fecal samples was performed following the manufacturer’s instruction of QIAamp Fast DNA Stool Mini Kit (Qiagen, Germany). The concentration of DNA was quantified with a NanoDrop 2000 spectrophotometer (Thermo Scientific, USA). DNA integrity was determined by 1% agarose gel electrophoresis. The V3-V4 region of the 16S rRNA gene was amplified with primers 341F (5’-CCTACGGGRSGCAGCAG-3’) and 806R (5’-GGACTACVVGGGTATCTAATC-3’) using KAPA HiFi Hotstart ReadyMix PCR Kit. Amplicons were gel purified, quantified and sequenced on the Illumina MiSeq PE250 sequencing platform (Realbio Genomics Institute, Shanghai, China).



Sequence Data Processing and Bioinformatic Analysis

The paired-end sequencing reads were assembled by PandaSeq v2.9 (Masella et al., 2012). Reads containing poly-N and low-quality reads were removed from the raw data, and only the reads of length between 250-500 nt were obtained as clean reads. Clean reads were clustered into operational taxonomic units (OTUs) based on 97% similarities using Usearch v7.0.1090 (Edgar, 2013). Taxonomy was assigned to representative OTU sequences by the RDP classifier based on the RDP database of release 11 (http://rdp.cme.msu.edu; (Wang et al., 2007; Cole et al., 2014). The resulting OTU table was normalized by converting read counts into relative abundances. Unclassified taxa at a given taxonomic level were excluded from analysis.

Alpha diversity and beta diversity were calculated based on rarefied OTU counts in QIIME v1.9.1 (Caporaso et al., 2010). Alpha-diversity indices used included Chao1, observed species, Shannon index and Simpson index. The two-sided wilcox.test function in R Statistical Software v4.1.0 (R Core Team, 2021) was used to compare each α-diversity index between the MUD and HC groups. Beta-diversity was estimated by computing weighted UniFrac (Lozupone et al., 2007), unweighed UniFrac (Lozupone and Knight, 2005), Bray-Curtis and Jaccard distance matrices. Differences in beta diversity metrics were tested by permutational multivariate analysis of variance (PERMANOVA) using the adonis function with 999 permutations and visualized with Principal Coordinate Analysis (PCoA) using Vegan R package (v2.5-7; https://CRAN.R-project.org/package=vegan).

The linear discriminant analysis (LDA) effect size (LEfSe), an algorithm that emphasizes both statistical significance and biological relevance (Segata et al., 2011), was applied on the online interface Galaxy (https://huttenhower.sph.harvard.edu/galaxy/) to identify differentially abundant taxa (LDA score > 2.0, p < 0.05) between the MUD and HC groups. Similarly, MaAsLin2 (multivariate analysis by linear models) package in R was used to detect specific associations between microbial community abundance and clinical phenotype while de-confounding the effects of any other confounders (Mallick et al., 2021). MaAsLin2 was performed while adjusting for covariates of age, BMI, AUDIT total score, and FTND total score. The relative abundance of taxa was arc sine square root transformed (transform = AST). Any taxon-level association with a Benjamini-Hochberg false detection rate (FDR)-corrected q-value < 0.25 was considered statistically significant, which is the default threshold for significance in MaAsLin2 and is commonly used in microbiome studies (Lim et al., 2016; Leung et al., 2020). To decrease the noise, low-abundance taxa (average relative abundance < 0.01%) and taxa detected in < 10% of all samples were eliminated before the LEfSe and MaAsLin2 analyses.

For functional inferences of the microbial communities, the Kyoto Encyclopedia of Genes and Genomes (KEGG; Kanehisa et al., 2016) was used to define orthologous gene functions in terms of KEGG Orthology (KO) groups. KO abundances were predicted using PICRUSt v1.0.0 (Phylogenetic Investigation of Communities by Reconstruction of Unobserved States; Langille et al., 2013) tables to first normalize each OTU’s relative abundance by its 16S rRNA copy number and then infer KO abundance from the genomic content of each OTU. Differentially abundant KOs between the MUD and HC groups were identified by Wilcoxon rank sum test. All comparisons were corrected for multiple testing (Benjamini–Hochberg method, FDR q < 0.05).



Statistical Analysis

Comparisons of demographic and clinical information between the MUD and HC groups were analyzed using SPSS software (v26.0, IBM Statistics, Chicago, IL, USA). Continuous variables were tested using Student’s t test or Mann-Whitney U test depending on the distribution normality evaluated by Shapiro-Wilk’s test. Categorical variables were examined by Pearson Chi-square test or Fisher’s exact test. P value (two-sided) < 0.05 was considered significant.

Spearman partial correlation analyses were run to investigate the associations between the fecal microbiota, clinical variables, and systemic inflammation in the MUD group while controlling for age, BMI, AUDIT score, and FTND score. Correlation coefficients (r) and corresponding two-sided p values were computed using the ppcor R package (v1.1; https://CRAN.R-project.org/package=ppcor). P values were adjusted for FDR by the Benjamini-Hochberg method using the R function p.adjust. Statistically significant correlations (FDR q value < 0.05) were used to construct the correlation networks, which were visualized via a Circos image utilizing Circlize R package (Gu et al., 2014).

Other figures were produced using VennDiagram R package (v1.6.20; https://CRAN.Rproject.org/package=VennDiagram), ggplot2 R package (Wickham, 2016), and also Graph Pad Prism9 (Graph Pad Software, http://www.graphpad.com).




Results


Demographic and Clinical Characteristics of Participants

Twenty-six subjects with MUD and 17 healthy individuals were enrolled in this study. All participants were male. All of the subjects belonged to the same nationality (Han Chinese) and lived in Shanghai city. Demographic and clinical characteristics were listed in Table 1. There were no significant differences between the MUD and HC groups in terms of age, BMI and years of education (all p > 0.05). However, a greater proportion of individuals with MUD were not married (p = 0.036). As expected, subjects with MUD had significantly higher AUDIT and FTND total score than the healthy control individuals (both p < 0.001). In the MUD group, the average age of first METH use was 27.47 years old, the median duration of METH use was 4 years, and the median duration of abstinence was 8.22 months.


Table 1 | Demographic and clinical characteristics of study participants.





Unaltered Overall Structure of the Fecal Microbial Communities in MUD

In the current study, 16S rRNA gene amplicon sequencing of the fecal samples obtained from 43 participants generated 1,564,800 clean reads, ranging from 28,213 to 38,982 and with a mean of 36,391 reads. A Venn diagram was drawn to display the shared and distinct OTUs between the MUD and HC groups. In total, 418 OTUs were shared in both groups, while 236 were unique for the MUD group, and 78 were specific for the HC group (Supplementary Figure 2A). No significant differences in alpha diversity were identified between the two groups when measured by four different indices (Chao1, observed species, Shannon or Simpson index; all p > 0.05; Supplementary Figure 2B). Beta diversity according to the Bray-Curtis, Jaccard, unweighted UniFrac and weighted UniFrac distances showed no differences in the microbial composition between the groups (PERMANOVA, all p > 0.05), with no evidence of a clear separation in PCoA representations (Supplementary Figure 3). Compositional analysis revealed that Bacteroidetes, Firmicutes, Proteobacteria and Fusobacteria were the most abundant phyla in our sample of 43 subjects (Supplementary Figure 4A). At the genus level, Bacteroides, Prevotella, Faecalibacterium, Megamonas and Roseburia were among the major phylotypes in both groups (Supplementary Figure 4E).



Identification of Differentially Abundant Taxa Between MUD and HC

Despite the overall similarity of microbial structure between the MUD and HC groups, application of the LEfSe method identified several taxa with significant different abundance between the two groups (LDA score >2, p <0.05; Figures 1A, B). Compared to the HC group, the relative abundance of Actinobacteria at the phylum level; Betaproteobacteria and Actinobacteria at the class level; Burkholderiales and Coriobacteriales at the order level; Coriobacteriaceae at the family level; Megasphaera, Conllinsella and Odoribacter at the genus level were significantly higher in the MUD group. Conversely, the HC group was significantly enriched with the class Bacilli, the order Lactobacillales, the family Streptococcaceae, and the genera Faecalibacterium, Blautia, Dorea and Streptococcus. The relative abundance of taxa with significantly different abundance in the two groups were shown (Figure 2).




Figure 1 | Taxa with significant different abundance between the MUD and HC groups. (A) Taxonomic cladogram obtained from LEfSe analysis displaying differentially enriched bacterial taxa in HC (red) and MUD (green). (B) Linear discriminant analysis (LDA) revealed the effect size of each differentially abundant taxa (LDA score > 2, p < 0.05).






Figure 2 | Barplots for relative abundance of significantly different taxa identified by LEfSe in the two groups. The x-axis represents the means proportion of the taxa. Each bar shows mean ± SEM. aThe taxa showed the same relative abundance at both taxa levels.



To further verify the changes in the microbial components, a multivariate regression model, MaAsLin2 was performed. The enrichment of the genus Conllinsella (coefficient = 0.0664, FDR q = 0.0002) together with upper-level taxa such as the family Coriobacterianceae (coefficient = 0.0575, FDR q < 0.0001), and the genus Odoribacter (coefficient = 0.0474, FDR q = 0.1328) in the MUD group was confirmed by MaAsLin2 even after adjusting for the covariates of age, BMI, AUDIT score, and FTND score, showing strongly positive associations with MUD (Model 2, Table 2). Consistent with the LEfSe results, the genera Faecalibacterium, Blautia, Dorea, and Streptococcus were found to be negatively associated with MUD, whereas the order Burkholderiales and upper-level taxon Betaproteobacteria had positive associations with MUD in the crude model (all FDR q < 0.25; Model 1, Table 2). However, these associations were no longer significant after adjustment for confounders (all FDR q > 0.25; Model 2, Table 2). In addition, MaAsLin2 detected the genus Clostridium sensu stricto, which was not identified in the LEfSe analysis, being negatively associated with MUD although the association in the adjusted model did not remain statistically significant (FDR q > 0.25; Model 2, Table 2). Analysis using MaAsLin2 showed that most significant features identified by LEfSe remained significant after adjustment for age, BMI, AUDIT score, and FTND score. The concordance of results from two different statistical methods provided confidence that the differences observed are true associations rather than false positives.


Table 2 | Detection of taxa significantly associated with MUD by MaAsLin2.





Functional Properties of Fecal Microbiota Predicted by PICRUSt

PICRUSt based on closed-reference OTU was used to predict the abundance of functional categories. A total of 14 KOs were identified with significantly different abundance in the fecal microbiota between the MUD and HC groups (all FDR q < 0.05; Supplementary Figure 5). Interestingly, all of the identified KOs were enriched in the HC group, including purine metabolism related genes such as K16839, K16840 and K16842, fatty acid metabolism and biosynthesis related gene KO18743, and quorum sensing related gene KO13816.



Relationships Between Altered Fecal Microbiota, Clinical Characteristics and Systemic Inflammation in MUD

Spearman partial correlation analysis was conducted to explore the relationships between the altered fecal microbial taxa obtained by LEfSe, clinical characteristics, and markers of systemic inflammation in MUD (N = 26), controlling for age, BMI, AUDIT score, and FTND score. Significant correlations were identified between twelve microbial taxa, six clinical variables, and four systemic inflammatory factors (Table 3 and Figure 3). The relative abundance of the genus Collinsella and upper-level taxon Coriobacteriaceae, was positively related to the total years of METH use (r = 0.5312, FDR q = 0.0390; r =0.5666, FDR q = 0.0390 respectively). Besides, the order Lactobacillales showed significantly positive correlations with the months of METH abstinence (r = 0.4233, FDR q = 0.0496). The class Bacilli and sub-taxa were found to be positively correlated with the level of anti-inflammatory cytokine IL-10. Moderate correlations (|r| = 0.4-0.6, all FDR q < 0.05) were also observed for the class Actinobacteria and the genus Dorea with IL-6, the genus Blautia with IL-2, and the genus Megasphaera with CRP. Regarding the relationships between clinical measurements and systemic inflammation, we found the severity of anxiety evaluated by GAD-7 showing a negative correlation with IL-10 (r = -0.4667, FDR q = 0.0472). Surprisingly, craving was negatively associated with CRP (r = -0.5003, FDR q = 0.0390) while positively associated with IL-10 (r = 0.4408, FDR q = 0.0472). Moreover, frequency of METH use had moderately negative correlations with CRP (r = -0.4438, FDR q = 0.0472) and IL-6 (r = -0.4270, FDR q = 0.0496).


Table 3 | Correlations between altered fecal microbiota, clinical variables and markers of systemic inflammation. .






Figure 3 | Connections between altered fecal microbiota, clinical variables and systemic inflammation identified by Spearman partial correlation. Adjusted for age, BMI, AUDIT score, and FTND score. Only significant correlations with an FDR q value < 0.05 were shown. #The taxa showed the same relative abundance at both taxa levels. c, class; o, order; f, family; g, genus; CRP, C-reactive protein; IL, Interleukin; GAD-7, General Anxiety Disorder Scale-7.






Discussion

To the best of our knowledge, the current study is the first to provide evidence for a link between altered fecal microbiota and systemic inflammation in MUD. Consistent with previous studies (Cook et al., 2019; Yang Y. et al., 2021), our results demonstrated that subjects with MUD exhibited differences in the relative abundance of several microbial taxa. Importantly, the order Lactobacillales, containing several anti-inflammatory bacterial species, decreased in MUD and correlated positively with the plasma level of anti-inflammatory cytokine IL-10, as well as the duration of METH abstinence, suggesting a potential role of the gut-immune-brain axis (Fung et al., 2017) in MUD.

In our study, no difference was observed between the MUD and HC groups regarding the alpha diversity of fecal microbiota, which is in agreement with previously published literature (Cook et al., 2019). With respect to beta diversity, recent studies reported a significant variation in overall microbial composition between METH users and non-users (Fulcher et al., 2018; Cook et al., 2019), which was not replicated in the present study. This inconsistency may be due to the longer duration of abstinence in our study population. The METH-users in the aforementioned study reported METH use within 6 months (Cook et al., 2019), whereas the median duration of METH withdrawal in our study was 8.22 months. A recent study conducted in rats found that the significant difference in beta diversity caused by METH exposure was no longer evident after 7 days of cessation (Forouzan et al., 2021). Therefore, the similarity of the overall microbial structure between the MUD and HC groups in the present study might be explained by the restoration during prolonged abstinence.

According to our results, Collinsella, a genus belonging to the family Coriobacteriaceae and the phylum Actinobacteria, was recognized as the most robustly associated with MUD and positively related to the total years of METH use. In humans, Collinsella has been linked to poor metabolic states including obesity (Gomez-Arango et al., 2016; Frost et al., 2019), type 2 diabetes mellitus (Candela et al., 2016), hypercholesterolemia (Khan et al., 2018) and nonalcoholic steatohepatitis (Astbury et al., 2020). Additionally, Collinsella was considered as a biomarker in patients with symptomatic atherosclerosis (Karlsson et al., 2012). Since METH use is closely related to enhanced atherosclerotic plaque formation (Kevil et al., 2019), enrichment of Collinsella in MUD may indicate an increase susceptibility for cardiovascular disease, which is among the leading causes of death associated with MUD (Paulus and Stewart, 2020). Higher abundance of Collinsella has also been observed in patients with schizophrenia (Shen et al., 2018; Li et al., 2020). Given the considerable overlap in the clinical symptoms of METH-induced psychosis and schizophrenia (Wearne and Cornish, 2018), as well as the usage of METH in inducing animal models of schizophrenia-like phenotype (Machiyama, 1992; Oka et al., 2020), it is therefore likely to be a connection between Collinsella and psychotic symptoms in MUD, which was not investigated in this study. Furthermore, Collinsella has been associated with negative affect assessed by the Positive Affect and Negative Affect Schedule (PANAS) in healthy adults (Lee et al., 2020). However, no evidence of correlations between Collinsella and depression or anxiety was detected in the current study, possibly attributed to the differences in the scales used for measurement and the study population. With respect to substance use, Fulcher et al. (2018) found that decreased abundance of Collinsella was associated METH use during chronic HIV-infection among young men who have sex with men, which is inconsistent with our results. As participants with evidence of HIV infection were ruled out in our study, this contradiction may be due to the influence of uncontrolled confounders in Fulcher et al.’s study. Besides, a reduction of Collinsella has been indicated in alcohol use disorder (Litwinowicz et al., 2020). Notably, our results supported the negative association between Collinsella and alcohol use by incorporating the AUDIT score as a covariate (Supplementary Table 1). More importantly, Collinsella has been shown to influence the epithelial production of IL-17A and contribute to hyper-permeability of the gut by reducing the expression of the tight junction protein ZO-1 in research of rheumatoid arthritis (Chen et al., 2016). According to these data, we may infer that the observed higher abundance of Collinsella in MUD might further contribute to raise the host inflammatory level although no correlations between Collinsella and levels of inflammatory factors were found in our study.

In the current study, MUD was characterized by a reduction in the relative abundance of genera Faecalibacterium, Blautia, Dorea and Streptococcus, most of which are in line with previously reported data (Xu et al., 2017; Cook et al., 2019), although these associations did not remain significant after adjusting for confounders. Decreased abundance of Faecalibacterium has also been found in METH-users from a large cohort study (Cook et al., 2019). Faecalibacterium prausnitzii, the only identified species in the genus Faecalibacterium, is one of the most abundant butyrate-producing bacteria in the gastrointestinal tract and has demonstrated anti-inflammatory effects via NF-κB inhibition and IL-10 induction (Miquel et al., 2013). Thus, it is probable that the reduction in the abundance of Faecalibacterium may exacerbate inflammation in MUD. In contrast to our results, mice exposed to escalating dose-multiple binge METH presented a significantly higher abundance of Blautia (Chen et al., 2021), probably because of the species differences between human and rodent model. Blautia has been shown to play an important role in maintaining environmental balance in the intestine and preventing inflammation by upregulating intestinal regulatory T cells and producing short chain fatty acids (Kim et al., 2014). Nonetheless, it remains unclear whether Blautia is good for human health given that higher abundance of Blautia was detected under unhealthy conditions such as irritable bowel syndrome (Rajilić–Stojanović et al., 2011) and ulcerative colitis (Nishino et al., 2018) as well. In fact, it has been supposed that different species of Blautia may exert beneficial or adverse effects (Liu et al., 2021). In our study, Blautia was positively correlated with the plasma level of pro-inflammatory cytokine IL-2. Although the simultaneous increase of the relative abundance of Blautia and the level of IL-2 has been reported (Qi et al., 2019), further investigations are required to identify the relationship between Blautia and IL-2. In accord with our findings, a study comparing subjects with substance use disorder (SUD) with healthy controls reported a depletion of the genus Dorea, the genus Streptococcus and upper-level taxa including the family Streptococcaceae, the order Lactobacillales and the class Bacilli in the SUD group (Xu et al., 2017). Enrichment of the genus Megasphaera in the HC group was also reported (Xu et al., 2017); however, our study found the opposite. The discrepancy might be explained by the fact that participants with MUD made up only for 30% of the SUD group in the study.

Perhaps the most notable finding is that the order Lactobacillales, exhibiting lower abundance in the MUD group, was positively correlated with the duration of METH abstinence and the plasma level of anti-inflammatory cytokine IL-10. Lactobacillales, a dominant order in class Bacilli and phylum Firmicutes, is considered as a beneficial commensal. Bacteria in the order Lactobacillales produce lactic acid as a major end-product of carbohydrate fermentation and are among the most common microorganisms used as probiotics (Gareau et al., 2010; Lahtinen et al., 2011). Correlation analysis in our study indicated that the relative abundance of Lactobacillales increased as the withdrawal period progressed, suggesting a tendency towards restoration during abstinence. Bacterial strains belonging to Lactobacillales are known to have potential to modulate cytokine release (Gareau et al., 2010; Vemuri et al., 2017). Specifically, administration of Lactobacillus casei suppresses proinflammatory responses by increasing IL-10 levels (So et al., 2008b; So et al., 2008a). Interestingly, our results also revealed that Lactobacillales was positively correlated with IL-10 levels. While the mechanism for MUD-associated decrease in Lactobacillales remains unclear, the correlation between Lactobacillales and IL-10 would seem to suggest a potential role of the altered gut microbiota in MUD by modulating the systemic immune system of the host.

Though not the primary object of our study, it is somehow surprising to find that the frequency of METH use was conversely correlated with plasma levels of IL-6. In contrast, Luo et al. (2021) found a positive association between IL-6 and frequency of METH use among chronic METH users with an average abstinence time of about 40 days, much shorter than that of our subjects. Another study in which alcohol-dependent subjects hospitalized for a 3-week detoxification program reported a positive correlation between IL-10 and alcohol craving at onset of withdrawal (Leclercq et al., 2012). After 3 weeks of abstinence, however, IL-10 was found negatively relating to depression, anxiety and craving (Leclercq et al., 2012). As in our study, IL-10 was positively correlated with craving for METH while negatively correlated with anxiety measured by GAD-7. In addition, CRP, a typical inflammation marker, presented negative correlations with the frequency of METH use and craving in our study. Many of findings were contrary to expectations that higher pro-inflammatory markers would relate to more frequent METH use, stronger craving and more severe negative affect (i.e., depression and anxiety) while higher anti-inflammatory cytokines would relate to less frequent METH use, lower craving and less severe negative affect. These rather disturbing results might indicate a more complex relationship between immune system activity and addiction as mentioned by (Stamatovich et al., 2021) in a previous study of cocaine use disorder, possibly distinct across different periods of substance use.

Several limitations of this study need to be addressed. First, the present work should be interpreted as exploratory owing to the relatively small sample size consisting of male subjects only and the imbalance of the size between the two groups. Besides, the cross-sectional design of our study does not allow for conclusions about the causality of the demonstrated correlations. Thus, prospective research with a larger cohort is warranted. Further studies involving in vitro and in vivo host-microbe interaction are also needed to understand causal mechanisms. Second, plasma levels of systemic inflammatory factors and the severity of negative affect were not measured in the HC group; thus, whether these indicators were abnormal in the MUD group remains unclear in this study. Although higher levels of depression and anxiety in METH users, as well as the METH-associated changes in inflammatory factors have been reported (Huckans et al., 2015; Papageorgiou et al., 2019), results concerning these metrics in our study should be interpreted cautiously. Third, despite the fact that this study was controlled for factors affecting the gut microbiota, including age, BMI, alcohol use and smoking, other confounding factors such as diet, physical activity and socio-economic variables such as economic status and level of education should be fully considered in future studies. Fourth, this study was limited to a panel of only five markers of systemic inflammation. A greater scope of cytokines, chemokines and other molecular factors related to METH use (e.g., IL-1β, IL-8, IL-12, IL-18, interferon-gamma and Intercellular adhesion molecule 1; Papageorgiou et al., 2019) should be evaluated in further investigations. Moreover, our study included only a brief battery of self-reported questionnaires. Although we did find significant correlations between fecal microbiota, immune factors and clinical variables, future studies could apply a more comprehensive assessment involving cognitive function and psychotic symptoms, which is also an issue of concern. Fifth, the current study used only VAS as a subjective evaluation to assess craving for METH, which may lead to reporting bias and social desirability bias, especially among subjects undergoing compulsory rehabilitation in this study. Although VAS has been commonly used for craving assessment in multiple studies (Rosenberg, 2009; Kleykamp et al., 2019), future research could apply objective methods (e.g., electroencephalograph) to improve the reliability of craving measurement (Parvaz et al., 2016). Finally, the use of 16S rRNA sequencing only allowed us to identify taxa down to the genus level, and specific variation at the species level was therefore not evaluated. It is now generally accepted that different bacterial species, or even strains, of the same genus may exert completely different effects on the host (Mihatsch et al., 2012). Therefore, metagenomics studies are necessary to pursue in-depth understanding in this regard.

In summary, our findings provide evidence for alterations of fecal microbiota in male subjects with MUD. Furthermore, we demonstrated, for the first time, that altered microbial taxa were correlated with the levels of specific systemic inflammatory factors and clinical characteristics in MUD. As inflammation is one of the proposed mechanisms through which gut microbiota could potentially regulate aberrant brain functions in MUD, further revealing the precise interactions between gut microbiota and systemic inflammation may provide mechanistic insights and help to develop new therapeutic approaches for individuals with MUD.
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Taxa Model 1 (unadjusted) Model 2 (adjusted for age, BMI,
AUDIT score, and FTND score)

Coef.” pvalue qvalue Coef.” p value q value
p:Actinobacteria 0.0254 0.1014 0.6085  0.0626 0.0060 0.1096*
:Firmicutes; c:Bacilli -0.0135 0.0002 0.0018™ -0.0134 0.0128 0.2345*
p:Proteobacteria;c:Betaproteobacteria 0.0386 0.0346 0.1903*  0.0207 0.4583 0.7180
p:Actinobacteria; c:Actinobacteria 0.0255 0.1005 0.2762 0.0629 0.0058 0.1592*
p:Firmicutes; c:Bacilli; o:Lactobacillales -0.0138 0.0002 0.0021** -0.0139 0.0107 0.1387*
p:Actinobacteria; c:Actinobacteria; o:Coriobacteriales 0.0215 0.0123 0.0796* 0.0557 5.94E-07  3.86E-05**
p:Proteobacteria; c:Betaproteobacteria; o:Burkholderiales 0.0386 0.0345 0.1496* 0.0208 0.4569 0.6906
Firmicutes; c:Bacilli; o:Lactobacillales; f:Streptococcaceae -0.0098 0.0047 0.0858* -0.0110 0.0312 0.4957
:Actinobacteria; c:Actinobacteria; o:Coriobacteriales; f:Coriobacteriaceae 0.0220 0.0127 0.0858* 0.0575 5.52E-07  5.52E-05**
Firmicutes; c:Clostridia; o:Clostridiales; f:Clostridiaceae1 -0.0290 0.0129 0.0858* -0.0322 0.0651 0.5099
p:Firmicutes; c:Clostridia; o:Clostridiales; f:Lachnospiraceae; g:Blautia -0.0338 0.0011 0.0539* -0.0237 0.1234 0.6760
p:Firmicutes; c:Clostridia; o:Clostridiales; f:Ruminococcaceae; g:Faecalibacterium -0.1369 0.0049 0.1045* -0.0874 0.2228 0.6853
p:Actinobacteria; c:Actinobacteria; o:Coriobacteriales; f:Coriobacteriaceae; g:Collinsella 0.0275 0.0061 0.1045"  0.0664 6.11E-07 0.0002**
p:Firmicutes; c:Clostridia; o:Clostridiales; f:Clostridiaceae1; g:Clostridium sensu stricto -0.0317 0.0127 0.1625* -0.0365 0.0579 0.5473
p:Bacteroidetes; c:Bacteroidia; o:Bacteroidales; f:Porphyromonadaceae; g:Odoribacter  0.0223 0.0232 0.2202*  0.0474 0.0016 0.1328*
p:Firmicutes; c:Clostridia; o:Clostridiales; f:Lachnospiraceae; g:Dorea -0.0207 0.0295 0.2202* -0.0147 0.3240 0.7311
p:Firmicutes; ¢:Bacili; o:Lactobacillales; f:Streptococcaceae; g:Streptococcus -0.0084 0.0802 0.2202* -0.0083 0.1406 0.6766

“Coefficients from the generalized linear model using MaAsLin2 on pairwise testing between the two groups. *q < 0.25; **q < 0.05; q values were calculated using Benjamin-Hochberg
correction (FDR). In Model 2, taxa with significant difference and their g values were bolded. p, phylum; ¢, class; o, order; f, family; g, genus.
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Interactions between variables Correlation coefficient (r) p value q value

Fecal Microbiota x Clinical Variables

Age of First Use p:Actinobacteria; c:Actinobacteria® -0.4853 0.0221 0.0441

riobacteriales; f:Coriobacteriaceae” -0.5638 0.0063 0.0390

linsella -0.5181 0.0135 0.0390

lautia -0.6656 0.0007 0.0159

Total Years of Use riobacteriales; f:Coriobacteriaceae® 0.5666 0.0060 0.0390

g:Coliinsella 0.5312 0.0110 0.0390

g:Blautia 0.4395 0.0407 0.0472

Months of Abstinence o:Lactobacillales 0.4233 0.0496 0.0496
Fecal Microbiota x Systemic Inflammation

CRP g:Megasphaera 0.5221 0.0127 0.0390

IL-6 p:Actinobacteria; c:Actinobacteria® -0.4501 0.0356 0.0472

g:Dorea 0.5244 0.0122 0.0390

IL-10 0.4529 0.0343 0.0472

o:Lactobacillales 0.4660 0.0288 0.0472

f:Streptococaceae; g:Streptococcus” 0.5137 0.0145 0.0390

IL-2 g:Blautia 0.5069 0.0161 0.0390
Systemic Inflammation x Clinical Variables

Age of First Use IL-2 -0.4394 0.0408 0.0472

IL-10 -0.4252 0.0485 0.0496

Frequency of Use CRP -0.4438 0.0385 0.0472

IL-6 -0.4270 0.0475 0.0496

Craving CRP -0.5003 0.0177 0.0390

IL-10 0.4408 0.0401 0.0472

GAD-7 IL-10 -0.4667 0.0285 0.0472

Spearman partial correlation adjusting for age, BMI, AUDIT score, and FTND score (N =26). Q values were calculated using Benjamin-Hochberg correction (FDR); g values < 0.05 were
bolded. #The taxa showed the same relative abundance at both taxa levels. c, class; o, order; f, family; g, genus; CRP, C-reactive protein; IL, Interleukin; GAD-7, General Anxiety Disorder
Scale-7.
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Characteristics MUD group (N = 26) HC group (N = 17) P-value
Age, years 33.34 [31.80-38.17] 34.00 [26.5-55.5] 0.619*
BMI, kg/m? 24.92 + 3.06 23.63 +3.73 0.222°
Education, years 12 [9-14.25] 16 [9-17] 0.188%
Married, N (%) 7 (26.9%) 10 (58.8%) 0.036°
Employed, N (%) 21 (80.8%) 17 (100%) 0.139¢
AUDIT 9[0-13.25] 01[0-0] <0.001*
FTND 5[2.75-6] 010-1] <0.0012
METH use characteristics

Age of first use 27.47 +5.33 NA NA
Total years of use 4[3-7] NA NA
Months of abstinence 8.22 [3.38-16.04] NA NA
Frequency of use (in last month before rehabilitation) NA
Almost everyday 0 (0%) -

3-5 times a week 4 (15.4%) -

1-2 times a week 8 (30.8%) -

Less than once a week 14 (53.8%) -

Craving (VAS) 2[0.5-4.35] =

Emotion

PHQ-9 3[0.75-5 - NA
GAD-7 1 [0-4.25) = NA
Inflammatory markers

CRP, mg/L 7.72 £ 1.66 = NA
TNF-at, pg/mL 69.88 + 12.11 - NA
IL-2, ng/mL 6.84 + 1.50 &= NA
IL-6, pg/mL 27.01 £ 7.41 = NA
IL-10, pg/mL 937.21 + 169.26 = NA

Data are presented as mean + standard deviation (SD), Median [IQR, inter-quartile range], or N (%). %p values based on Mann-Whitney U test; °p values based on Student’s t test; °p values
based on Pearson chi-square test; %p values based on Fisher exact test. MUD, methamphetamine use disorder; HC, healthy control; BMI, body mass index, calculated as weight in
kilograms divided by height in meters squared; AUDIT= Alcohol Use Disorders Identification Test; FTND, Fagerstrom Test for Nicotine Dependence; NA, not applicable; VAS, Visual
Analogue Scale; PHQ-9, Patient Health Questionnaire-9; GAD-7, General Anxiety Disorder Scale-7: CRP, C-reactive protein; TNF-o, Tumor necrosis factor-alpha; IL, Interleukin.





