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Abstract

Alcohol use disorder (AUD) is a global health problem with limited therapeutic options. The
biochemical mechanisms that lead to this disorder are not yet fully understood, and in this
respect, metabolomics represents a promising approach to decipher metabolic events related
to AUD. The plasma metabolome contains a plethora of bioactive molecules that reflects the
functional changes in host metabolism but also the impact of the gut microbiome and
nutritional habits. In this study, we investigated the impact of severe AUD (SAUD), and of a
three-week period of alcohol abstinence, on the blood metabolome (non-targeted LC-MS
metabolomics analysis) in 96 sAUD patients hospitalized for alcohol withdrawal. We found
that the plasma levels of different lipids ((lyso)phosphatidylcholines, long-chain fatty acids),
short-chain fatty acids (i.e. 3-hydroxyvaleric acid) and bile acids were altered in SAUD
patients. In addition, several microbial metabolites, including indole-3-propionic acid, p-
cresol sulfate, hippuric acid, pyrocatechol sulfate, and metabolites belonging to xanthine
class (paraxanthine, theobromine and theophylline) were sensitive to alcohol exposure and
alcohol withdrawal. 3-Hydroxyvaleric acid, caffeine metabolites (theobromine, paraxanthine
and theophylline) and microbial metabolites (hippuric acid and pyrocatechol sulfate) were
correlated with anxiety, depression and alcohol craving. Metabolomics analysis in post-
mortem samples of frontal cortex and cerebrospinal fluid of those consuming a high level of
alcohol revealed that those metabolites can be found also in brain tissue. Our data allow to
for the identification of neuroactive metabolites, from interactions between food components
and microbiota, which may represent new targets in the management of neuropsychiatric
diseases such as sAUD.
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This study provides valuable insights and allows for hypothesis generation around
diet-microbe-host interactions in alcohol use disorder. The strength of the evidence is
convincing: the work is done in a rigorous manner in a well-described cohort of
patients with AUD before and after withdrawal. There are several weaknesses,
including validating the metabolites identified by metabolomics, the cross-sectional
study design, the lack of a healthy control group, and the descriptive nature of such
clinical cohort studies. Nevertheless, the study provides a wealth of new data that
may be the basis for future studies that test causality and elucidate the role of single
metabolites in the psychiatric sequela of AUD.

https://doi.org/10.7554/eLife.96937.2.sa4

Introduction

Alcohol use disorder (AUD) is a global health problem accounting for substantial difficulties for the
individuals who consume, their related persons, and for the society. The biochemical mechanisms
that lead to this disorder are not yet fully understood, and in this respect, metabolomics represents
an interesting approach to decipher metabolic events related to AUD. Improving our
understanding of the pathology could lead to discovering potential novel targets for therapies

instance, changes in the levels of lipids (fatty acids, phosphatidylcholine, steroids) and amino acids
(glutamine, tyrosine, alanine, serotonin, asparagine) are commonly observed and, interestingly,
some changes in the blood metabolite profile precedes the emergence of alcohol use related
diseases, such as lower levels of serotonin and asparagine (5 (%). Metabolomics studies conducted

human, plasma or serum metabolomics studies have tested the effects of low/moderate/excessive
alcohol intake (9 @) but are rarely performed in clinical populations of severe AUD (sAUD)

methodology could differ across studies, some using nuclear magnetic resonance (NMR) while
others using more sensitive mass spectrometry (MS) coupled with liquid or gas chromatography
(LC or GQ), leading to the detection of different metabolites.

The human blood metabolome consists of 1) small molecules that directly represent the functional
changes in host metabolism, 2) metabolites produced by intestinal micro-organisms and 3)
metabolites originating from nutrition of other exogenous sources like drugs (1,11 3).

The aims of this study are multiple. First, we investigated the impact of SAUD on the blood
metabolome by non-targeted LC-MS metabolomics analysis. Second, we investigated the impact of
a short-term alcohol abstinence on the blood metabolome followed by assessing the correlations
between the blood metabolome and psychological symptoms developed in sAUD patients. Last, we
hypothesized that metabolites significantly correlated with depression, anxiety or alcohol craving
could potentially have neuroactive properties, and therefore the presence of those neuroactive
metabolites was confirmed in the central nervous system using post-mortem analysis of frontal
cortex and cerebrospinal fluid of persons with a history of heavy alcohol use.

Sophie Leclercq et al., 2024 elLife. https://doi.org/10.7554/eLife.96937.2 2 of 37


https://doi.org/10.7554/eLife.96937.2
https://doi.org/10.7554/eLife.96937.2.sa4

7 eLife

Our data bring new insights on xenobiotics- or microbial-derived neuroactive metabolites, which
can represent an interesting strategy to prevent or treat psychiatric disorders such as sAUD.

Results

Clinical characteristics of the study participants

Two cohorts of sAUD patients (ALCOHOLBIS and GUT2BRAIN) were used in this study. All patients
were hospitalized for a 3-week detoxification program, and tested at two timepoints: T1 which
represents the first day of alcohol withdrawal, and T2 which represents the last day of the
detoxification program. Both groups of patients were similar in terms of age, gender, smoking and
drinking habits and presented with high scores of depression, anxiety and alcohol craving at T1
(Table 13@). These biological and psychological similarities allow us to combine both cohorts (and
consequently increase sample size) and compare them to a group of heathy controls for
metabolomics analysis”.

Alterations in the plasma metabolome of SAUD patients

The metabolomics analysis allowed for sorting out a total of 11,651 features from the four
analytical modes of the plasma samples. An unsupervised principal component analysis (PCA)
model of the plasma metabolomic profiles between healthy controls and sAUD patients at the
beginning of the withdrawal (T1) is shown in Fig. 1a(@. In addition, the scores plot and the
performance of a supervised sparse partial least square discriminant analysis (SPLS-DA) model are
shown in Figs. S1 and S2, respectively. Between healthy controls and sAUD T1, the annotated
differential (Welch t-test q<0.05 and sPLS-DA variable importance in the projection (VIP) score >
2.0) metabolites included compounds from several metabolite classes as indicated in Fig. 1b @ and
Table S3. Compared to healthy controls, the metabolic profiles of SAUD patients were
characterized by an increase in long-chain fatty acids, such as 16:1 (palmitoleic acid), 18:1
(octadecenoic acid) and 22:4 (docosatetraenoic acid) fatty acids and phospholipids holding these
fatty acids. In addition, several drugs (like diazepam, trazodone) and metabolites with steroid
backbone such glycinated bile acids (glycohyodeoxycholic acid and glycochenodeoxycholic acid),
steroid hormones and acylcarnitines were increased in the sAUD group. We also observed a
significant increase in vitamin B6 metabolite, 4-pyridoxic acid, nicotine metabolite cotinine, a
hydroxy fatty acid 3-hydroxyvaleric acid and stress hormone cortisol. However,
lysophosphatidylcholines (LPCs) holding a saturated odd-chain (e.g. LPC 15:0 and LPC 17:0),
polyunsaturated 18-carbon fatty acid or an ether bond (O-) containing lipid were consistently
decreased in sAUD compared to controls (Fig. 1Tb 2). Further, we also showed a decrease in furan
fatty acids 3-carboxy-4-methyl-5-pentyl-2-furanpropanoic acid (3-CMPFP) and 3-carboxy-4-methyl-
5-propyl-2-furanpropionic acid (CMPF), in a carotenoid compound and in several metabolites
belonging to the family of xanthine. In addition, several amino-acid derived bacterial metabolites
such as pipecolic acid, 3-indole propionic acid, p-cresol sulfate and hippuric acid were significantly
decreased in sAUD patients compared to controls. The top- ranked metabolites in Fig. 1b™@
remained unknown regardless of manual curation.

We then conducted a correlational analysis between blood metabolites and alcohol consumption
reported by the patients. Alcohol intake was positively correlated with annotated bile acids,
steroids and drugs while xanthines (paraxanthine, theobromine and theophylline), odd-chain or
ether-bond LPCs and bacterial metabolite hippuric acid, p-cresol sulfate, pyrocatechol sulfate, and
3-indole propionic acid showed negative correlations (Fig. 1c@).
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ALCOHOLBIS | GUT2BRAIN
cohort cohort Al p-value
Number of subjects 48 48 96
Age 46+ 10 48+9 47+ 10 0.24
Gender
Men, n (%) 34 (71%) 30(62.5%) | 64 (67%) 0.39%
Women, n (%) 14 (29%) 18 (37.5%) | 32(33%)
Smoking status
Active smoker (%) 77 79 78 0.83%
Non-smoker (%) 23 21 22
Alcohol history
Alcohol consumption (g/day) 151+ 112 139+ 73 145 + 94 0.54
Duration of drinking habits (years) 17+ 10 16+ 11 16+11 0.76
Number of withdrawal cures 1+£2 2+2 1.8+£2.3 0.015%*
AUDIT score 317
DSMS score 8+2
Depression
Score at T1 23+11 26+ 12 25+ 12 0.26
Ancxiety
Score at T1 44+ 11 46+ 15 45+ 13 0.27
Alcohol craving
Total score at T1 20+7 25+6 22+7 0.00*
Obsession score at T1 9+5 11+4 10+4 0.26
Compulsion score at T1 11+3 14+3 13+£3 0.00*

Results are means =+ standard deviations. Independent t-tests to compare ALCOHOLBIS versus

GUT2BRAIN cohorts. Schi-square test for categorical variables; *p < 0.05

Table 1.

Clinical features of the study participants
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Chronic alcohol intake alters the plasma metabolome compared to healthy controls. a Principal component analysis score
plot of the plasma metabolomic features between healthy controls and persons with sAUD at T1. QC samples are colored in
orange. b Volcano plot depicting the effect size (Cohen’s D) and -Log10 transformed g values derived from Welch's t- test
analysis of the metabolomic features different between healthy controls and persons with sAUD at T1. Circle size represent
the variable importance in projections (VIP) scores derived from the sPLS-DA model for the plasma metabolomic features
between persons with sSAUD at T1 and healthy controls. ¢ Annotated metabolites having significant association (Spearman
p<0.05) with alcohol intake (g/day) in persons with AUD at T1. Circle size refers to the level of significance, blue gradient color
to the strength of negative while red to the strength of positive correlation coefficients. 3-CMPFP 3-carboxy-4-methyl-5-
propyl-2-furanpropionic acid; AC acylcarnitine; FA fatty acid; LPC lysophosphatidylcholine; LPE lysophosphatidylethanolamine;
PC phosphatidylcholine; PE phosphatidylethanolamine; SM sphingomyelin.
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Alcohol withdrawal shapes the plasma metabolome

The score plot of the SPLS-DA in Fig. 2a® shows a clear discrimination in plasma metabolomic
profiles in the course of withdrawal in sAUD patients. The sPLS-DA model performance and the
unsupervised PCA model scores plot are shown in supplementary Figs. S3 and S4, respectively.
Annotated metabolites discriminating sAUD groups (paired t-test g<0.05, sPLS- DA VIP score > 2.0)
before (T1) and after (T2) the 3-week withdrawal period included metabolites from a range of
chemical classes (Fig. 2b @, Table S3). Apart from the metabolites belonging to the class of
bilirubins, the levels of identified metabolites that were significantly changed upon alcohol
withdrawal (the major ones being indoles, acylcarnitines, glycerophospholipids and xanthines)
came back towards to the levels observed in controls (Table S3). In the course of alcohol
abstinence, we noted a significant decrease in 16-chain acylcarnitines, LPCs with 16- or 18-chain
fatty acid tails excluding LPCs with ether bonds, retinol, tryptophyl-phenylalanine dipeptide and 3-
hydroxyvaleric acid (Fig. 2b @). On the contrary, LPCs with odd-chain fatty acid tails or ether
bonds show a significant increase along with tryptophan derivatives 3-indoleacetic acid and 3-
indolepropanoic acid and metabolites of the xanthine family such as theophylline, paraxanthine,
theobromine and trigonelline during alcohol abstinence. The changes in metabolites belonging to
the xanthine family during alcohol withdrawal could be explained by the changes in dietary
intake of coffee, tea and chocolate (see Fig S5).

Overall, Fig. 2c @ demonstrates that a number of identified metabolites altered in SAUD patients
relative to control are affected by alcohol withdrawal. Apart from 4-pyridoxic acid, cotinine, and
heme metabolites bilirubin and biliverdin, the shifts observed in the selected metabolites are
generally in the opposite direction as compared to the baseline.

Correlations between blood metabolites

and psychological symptoms

Correlation analysis shows that, at T1, 96 annotated features were significantly (p<0.05) correlated
with psychological scores of anxiety, depression and alcohol craving (with sub- scores of obsession
and compulsion) (Fig 3). Annotated bile acids, drugs, lysophosphatidylethanolamines (LPE),
fatty acids, LPCs apart from LPCs with an ether-bond or 15:0 or 17:0 fatty acid tail were
consistently positively correlated with psychological symptoms, and more particularly with the
compulsive component of alcohol craving. Members of the xanthine family, pyrocatechol sulfate, a
pentose sugar (mannose/fructose), hippuric acid, 1-methyl-pyridone-carboxamide, acylcarnitines
with maximum of 10 carbons, creatinine and kynurenine were negatively correlated with
psychological symptoms. Within the acylcarnitine metabolite class, an interesting pattern was
observed, as the shorter chain-length acylcarnitines were consistently negatively correlated with
the psychological parameters, and the long-chain ones demonstrated positive correlation.

Heavy alcohol use-related alterations in the brain metabolome

Based on the annotated significantly altered plasma metabolites, we conducted a targeted search
in a metabolomics dataset consisting of cerebrospinal fluid (CSF) and frontal cortex samples
collected from deceased individuals with a history of heavy alcohol use and control individuals. 79
and 74 of the annotated plasma metabolites were identified from the CSF and frontal cortex,
respectively (Fig. 4a @, Table S3). We looked specifically at metabolites significantly correlated
with at least one psychological symptom. 3-Hydroxyvaleric acid, cotinine, theobromine and
paraxanthine were indeed present in the central nervous system (CNS) and significantly (Welch ¢-
test p<0.05) different between heavy alcohol use and control groups in both frontal cortex (Fig
4b@) and CSF (Fig 4c ). Additional significantly altered metabolites found only in the frontal
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3-week alcohol withdrawal shapes the plasma metabolome. a Scores plot of the sparse partial least square discriminant

analysis (sPLS-DA) of the plasma metabolomes at the start (T1) and end (T2) of the alcohol withdrawal in persons with sAUD

b Volcano plot depicting the effect size (Cohen’s D) and -Log10 transformed g values derived from paired t-test analysis of

the metabolomic features different between in persons with sAUD at T1 and T2. Circle size represent the variable importance
in projections (VIP) scores for the plasma metabolomic features in the sPLS-DA model of persons with SAUD at T1 and T2. ¢
Lollipop plot of the effect size (Cohen’s D) and -Log10 transformed q values of the altered annotated metabolites between
sAUD T1 and healthy controls as well as SAUD T1 and sAUD T2. Circle size refers to the level of significance, grey color to the
comparison between controls and sAUD T1, orange color to relative increase while violet to relative decrease towards the end

of alcohol withdrawal (T2). AC acylcarnitine; FA fatty acid; LPC lysophosphatidylcholine; LPE lysophosphatidylethanolamine;

PC phosphatidylcholine.
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Plasma metabolites associated with psychological symptom scores. Heatmap of the annotated metabolites having significant
(p<0.05) Spearman correlation with one or more psychological symptom score of obsession, compulsion, alcohol craving,
anxiety state or depression. Circle size refers to the level of significance, blue gradient color to the strength of negative while
red to the strength of positive correlation coefficients. AC acylcarnitine; FA fatty acid; GM gut microbiota; LPC
lysophosphatidylcholine; LPE lysophosphatidylethanolamine; PC phosphatidylcholine.
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cortex were LPE 20:3, nordiazepam, PC 16:0_18:1 and urea (Fig. 4b ). In the CSF, the independent
differential metabolites were FA 16:1 (palmitoleic acid), hippuric acid, LPCs 16:0 and 18:1, LPEs
16:0, 18:1 and 20:4 and pyrocatechol sulfate (Fig. 4c@).

Discussion

The circulating metabolome reflects the crosstalk between nutrition, microbiome and host
metabolism (12#), with diet and microbiome being the strongest determinants of the human

short-term abstinence, on the blood metabolome. We analyzed the correlations between blood
metabolites and psychological symptoms, as well as the presence of identified metabolites in the
CNS of individuals considered as heavy alcohol drinkers.

Impact of sAUD on the blood metabolome

In 2019, a review summarized the results obtained from 23 studies that have used a metabolomics
approach for measuring changes in metabolite profiles in relation to alcohol use (1 @). Changes in
lipids have been highlighted as the most consistent changes across studies.

Lipids are an integral part of cell membranes and signaling molecules in the body. PCs and LPCs
have been suggested to form a new class of biomarkers for alcohol consumption (2 2). For
instance, in our study palmitoleic acid (FA 16:1) was largely increased in SAUD patients compared
to controls, and in other studies, this metabolite has likewise been significantly associated with
alcohol consumption (14 (2,155). Another clear observation in our study was the lower level of

odd-chain lipids in sAUD patients. Since the lipids containing FA 15:0 and FA 17:0 have been
suggested to be products from bacterial metabolism (16 2,17 3), the existence of gut dysbiosis in

We found that some bile acids, sulphated steroids and 3-hydroxyvaleric acid were positively
associated with the amount of alcohol consumed. Sulphated steroids and hydroxyvalerate have
previously been associated with alcohol intake (19 (2,20 (). Metabolites belonging to the xanthine
family (theobromine, theophylline, paraxanthine) and microbial metabolites (hippuric acid,
indole-3-propionic acid, p-cresol sulfate, pyrocatechol sulfate) were negatively correlated with
alcohol consumption. Altogether, these results suggest that these metabolites are sensitive to
alcohol exposure. Interestingly, these metabolites were also correlated with the severity of the
psychological symptoms suggesting that they could play a role in the symptomatology of alcohol

use disorder.

Effect of short-term alcohol abstinence on the blood metabolome
Since alcohol consumption is known to influence lipid metabolism, it was expected that a short-
term alcohol abstinence could reverse or ameliorate lipidomic alterations. Indeed, we found that
some phospholipids that were increased in SAUD patients at baseline, such as PC 16:0_18:1,
PC18:1_14:0 and 16:0_16:1 as well as LPC 16:1, were downregulated during alcohol withdrawal to
reach the levels of healthy controls after detox. On the other hand, LPC 15:0 and LPC 17:0 that
were decreased in sAUD patients at baseline, increased during alcohol withdrawal, but did not
reach the levels of controls at the end of detox.

The metabolite that contributed the most to the differences observed with alcohol detoxification
was bilirubin. While bilirubin was not statistically higher in sAUD patients at baseline vs controls,
we observed a significant reduction of this metabolite after a 3-week alcohol withdrawal. In a
previous study, serum bilirubin was found to be associated with alcohol consumption, cigarette
smoking and coffee consumption (21 ). Interestingly, the caffeine metabolites belonging to the
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Figure 4.

Overlapping metabolites within the plasma and brain metabolome. a Venn diagram of the annotated plasma metabolites
that are also present in the frontal cortex and cerebrospinal fluid metabolome. b Significantly altered (p<0.05) frontal cortex
metabolites with a corresponding plasma metabolite showing an association with one or more psychological symptom score.
c Significantly altered (p<0.05) cerebrospinal fluid metabolite with a corresponding plasma metabolite showing an association
with one or more psychological symptom score. Data expressed as mean * SD with individual values shown. Statistical values
derived from Welch'’s t-test comparing metabolomic features between control and alcohol groups.
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xanthine family such as paraxanthine, theophylline and theobromine that were decreased at
baseline in sAUD patients compared to controls, increased significantly during alcohol withdrawal
to reach the levels of healthy controls. Changes in dietary intake of coffee, tea and chocolate
during alcohol withdrawal could explain these results Also, the bacterial metabolites indole
derivatives such as 3-indolepropionic acid and 3-indoleacetic acid increased during alcohol
withdrawal to reach the levels of healthy controls. Intriguingly, 3-hydroxyvaleric acid significantly
decreased during alcohol withdrawal and was found to be lower than healthy controls at the end
of detoxification period.

Metabolites that remained significantly higher in SAUD patients at the end of detoxification
compared to controls are stress hormone cortisol, palmitoleic acid (FA 16:1), some bile acids, some
drugs (diazepam, trazodone), vitB6 metabolite (4-pyridoxic acid, which is likely due to the fact that
patients received vitamin B supplement during their hospital stay) and cotinine (nicotine
metabolite that reveals the higher proportion of smokers in sAUD patients compared to controls).

Identification of blood metabolites

with potential neuroactive properties

The metabolites belonging to the xanthine family (theobromine, paraxanthine and theophylline)
are metabolites of caffeine produced upon cytochrome P450 dependent oxidation in the liver.
They were all decreased in the blood of sAUD patients at baseline and were negatively correlated
with alcohol intake, alcohol craving, depression and anxiety. The decrease in caffeine metabolites
has previously been described in the urine of AUD patients, that is linked to the increasing severity
of alcoholic liver disease (22 ).

Theobromine is the principle alkaloid found in cocoa beans and is responsible for the bitter taste
of chocolate. It is known for its mood improving effect (23 @). Like caffeine, theobromine is an

suggesting adenosine receptor as a potential target for the treatment of alcohol abuse. In a
randomized, double-blind, placebo-controlled trial, the phosphodiesterase inhibitor pentoxifylline
associated with escitalopram showed greater reduction of depression scores compared to patients

Paraxanthine has a psychostimulant effect and can modulate dopamine release in the striatum

(27 @). Interestingly, in 2017 a systematic review indicated that consumption of coffee, tea and

Lipids, and mostly LPCs (except ether LPC derivatives) and LPEs were significantly and positively
correlated with the compulsive component of alcohol craving. LPCs are secreted by the liver and
are actively transported via the blood-brain barrier (BBB) and have been associated with pro-
inflammatory events (292). LPCs are also precursors of brain lysophosphatidic acid (LPA), which

regulates glutamatergic transmission and cortical excitability within the CNS. Recently, LPA has
been shown to induce hyperphagia following food restriction and this effect was dependent on

hypothesize that the positive correlation between peripheral LPC and compulsion for alcohol
drinking found in sAUD patients who have just been deprived of alcohol could be mediated by the
effect of LPA on AgRP neurons. Consistent with that, postmortem brain tissues from patients
consuming a high intake of alcohol showed increased levels of many LPCs (10 2).
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Circulating bile acids can reach the brain by crossing the BBB, either by simple diffusion or active
transport. Some bile acids show neuroprotective effects (32 ) while others are rather neurotoxic

glycocholic acid) and secondary (glycohyodeoxycholic acid, tauroursodeoxycholic acid) bile acids
were positively correlated with depression and anxiety in SAUD patients.

3-Hydroxyvaleric acid, also called B-hydroxypentanoate, was significantly and positively
correlated with anxiety and alcohol craving. This metabolite is formed from odd carbon fatty acids
in the liver and can reach the brain. 3-hydroxyvaleric acid is a C5-ketone body and is a precursor
of propionyl-CoA that refills intermediates of citric acid cycle and is useful for alternative energy
fuel in the brain (352,36 (2).

Other co-metabolites, i.e. produced by the gut microbiota and then processed by the liver, were
negatively correlated with all psychological symptoms. Pyrocatechol sulfate is a phenolic
compound derived from the gut microbiota, present in the CSF of mice, and implicated in synapse

sulfate was significantly and negatively correlated with all psychological symptoms of SAUD
patients (i.e. anxiety, depression and craving) suggesting a neuroprotective role of this metabolite.
Interestingly, 4-ethylphenylsulfate, another gut-derived metabolite linked with neurodevelopment
abnormalities, autism and anxiety behavior in mice (39 -41 @) showed negative correlations

with depression and the compulsive component of alcohol craving.

Hippuric acid, the glycine conjugate of benzoic acid has long been associated with the microbial
degradation of specific dietary components, including polyphenolic compounds (like chlorogenic
acid and catechin) found in fruits, vegetables, coffee and tea (42 ). Hippuric acid is indeed a host-

microbial metabolite benzoate. The plasma concentration of hippuric acid has been shown to be
17-fold higher in conventional mice compared with their germ-free counterparts suggesting a
substantial contribution of the gut microbiota in its production (44 ). We showed that blood

Mendelian randomization study including > 13,000 individuals from five European cohorts
characterized for depression suggested that low hippuric acid levels in the circulation is part of
the causal pathway leading to depression (47 (%), which was consistent with a significant decrease
of the dietary sources of hippuric acid including fresh fruits and vegetables in depressed patients
472).

Another way to support the neuroactive effects of the blood metabolites that are correlated with
one or several psychological factors is to demonstrate their presence in the brain. We therefore
conducted a targeted search in a database of post-mortem frontal cortex and CSF metabolomics
analysis (10 ) and found that 3-hydrovaleric acid, caffeine metabolites (theobromine,
paraxanthine and theophylline) and microbial metabolites (hippuric acid and pyrocatechol
sulfate) that were correlated with anxiety, depression and alcohol craving in our plasma cohort
were also present in the brain and in CSF, and the direction of their changes in the plasma

(increase or decrease) mimicked changes in the central nervous system.

Advantages and limitations of the study

Most of the studies assessing the impact of alcohol consumption on the blood metabolome were
cross-sectional, and only included male participants (45(%). Here, we reported longitudinal data to

assess the impact of a short-term alcohol abstinence on the blood metabolome, both in male and
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abstinent, but for various periods of abstinence. To avoid the bias of abstinence duration, our
patients were enrolled in a rigorous and standardized manner, within 24 hours after the last
drink. Furthermore, alcohol consumption was carefully evaluated with the time line follow back
method, which allows precise calculation of the amount (and type) of alcohol consumed (48(2).
This study also presents some limitations. First, the metabolomics analysis was conducted with LC-
MS while some important molecules, like lipoproteins, could have been measured with NMR-based
methods. Combining NMR and MS-based methods could have covered a wider spectrum of
metabolites. However, the non-targeted metabolic profiling with two different chromatographic
methods and ionization polarities covers a wide range of metabolites ideal for our discovery-based
approach. Large studies are usually required in metabolomics to observe small and medium size
changes. Here, we included only s96 AUD patients, but they were all well characterized and
received standardized therapies (for instance, vitB supplementation) during alcohol withdrawal.

The selection of the control group is always challenging in alcohol research. Here, the healthy
subjects were matched for sex, age and BMI but not for smoking status or nutritional intake.
Alcohol addiction is a major cause of malnutrition in developed countries and tobacco smoking is
more prevalent in alcohol users compared to healthy subjects. These two main confounding
factors, although being an integral part of the alcoholic pathology, are known to influence the
tested only once, while the SAUD patients were tested twice (T1 and T2). This means that we do not
take into consideration the intra-personal variability of the metabolomics data when interpreting
the results of alcohol withdrawal effects.

Conclusion

LC-MS metabolomics plasma analysis allowed for the identification of metabolites that were
clearly linked to alcohol consumption, and reflected changes in metabolism, alterations of
nutritional status, and gut microbial dysbiosis associated with alcohol intake. In particular the
changes in lipid class involving odd-chain fatty acids and ether-bond lipids as well as compounds
produced by gut microbiota seem to be the most prominent indicators of metabolic malfunction
related to severe alcohol use disorder, and thus warrant further studies and targeted intervention.
Also, the discovery of metabolites associated with behavioral and psychiatric traits related to SAUD
were of importance, and could be considered potential new therapeutic targets in the
management of SAUD, namely as adjuvants in the period of alcohol abstinence. The novelty of our
work was to characterize the impact of SAUD on the blood metabolome, and the impact of a short-
term alcohol abstinence in the same individuals, within a cohort that included both male and
female patients. Intervention studies are needed in order to bring the proof of concept that
nutritional approaches — namely the addition of specific lipids, or of nutrients modulating the gut
microbiome - for example prebiotic dietary fibers - may be essential and so far underestimated
components of alcohol withdrawal efficacy.

Subjects and methods

Study design and participants

A total of 96 sAUD patients hospitalized for a 3-week detoxification program in the alcohol
withdrawal unit at Cliniques Universitaires Saint-Luc, Brussels, Belgium were recruited. These
patients belong to two different cohorts, namely ALCOHOLBIS (patients recruited in 2015 and
2019) and GUT2BRAIN (patients recruited in 2018-2019) (Table 1). The severity of AUD was
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evaluated by a psychiatrist using the Diagnostic and Statistical Manual of Mental Disorders (DSM)
criteria, fourth edition (DSM-IV) (ALCOHOLBIS cohort) or fifth edition (DSM-5) (GUT2BRAIN
cohort). Patients evaluated with the DSM-IV received the diagnosis of “alcohol dependence”, while
the patients evaluated with the DSM-5 received the diagnosis of “severe alcohol use disorder” (6 or
more criteria). To simplify, we used the term “sAUD” (for severe alcohol use disorder) that includes
both diagnosis (sSAUD and alcohol dependence)”. Patients were eligible if they had been drinking
until the day of admission to the detoxification unit or the day before, and if they also did not
suffer from inflammatory bowel disease, other chronic inflammatory diseases (such as
rheumatoid arthritis) or cancer, nor from metabolic disorders such as obesity (BMI > 30 kg/m2),
diabetes and bariatric surgery, or severe cognitive impairment (MMSE < 24). We also excluded
subjects who had taken antibiotics, probiotics, or prebiotics in the 2 months prior to enrolment
and those who were taking non-steroidal anti- inflammatory drugs or glucocorticoids within 1
month of inclusion. Patients with known cirrhosis or significant liver fibrosis (>F2) detected by
Fibroscan (>7.6 kPa) on the day of admission were also excluded from the study. No other
psychiatric diseases, and no other addiction (except tobacco) have been diagnosed in these
patients.

SAUD patients were tested twice, on the day following their admission (T1) and on days 18-19 (T2)
corresponding to the last days of the detoxification program. The patients of the GUT2BRAIN
cohort were initially enrolled in a randomized, double-blind, placebo-controlled study assessing
the impact of prebiotic fiber supplementation on the gut-liver-brain axis (522,53 ). For this
reason, only biological and psychological data obtained at admission (T1), and before the
beginning of the prebiotic/placebo treatment, were considered. The patients of the ALCOHOLBIS
cohort did not take part in any other clinical study during the 3-week hospitalization stay.
Therefore, for this cohort, data obtained at both times of alcohol withdrawal (T1 and T2) were
considered. Thirty-two healthy controls (13 from the GUT2BRAIN cohort and 19 from the
ALCOHOLBIS cohort) matched for age, gender and BMI with no AUD (Alcohol use disorders test
[AUDIT] score <8 in males and <7 in females) were also recruited using flyers posted in Brussel’s
public setting (Table S1). The inclusion/exclusion criteria were the same as for SAUD patients
except for the alcohol related items. Healthy controls and SAUD patients were not matched for
smoking status.

The study was approved by the “Comité d’éthique Hospitalo-facultaire Saint-Luc UCLouvain”
(2017/04JUL/354 and 2014/31dec/614, identification number NCT03803709 at ClinicalTrials.gov(®).
The study has been carried out in accordance with The Code of Ethics of the World Medical
Association and followed the ethical guidelines set out in the Declaration of Helsinki. All
participants provided written informed consent in compliance with the European law 2001/20/CE
guidelines.

For investigating presence of the potentially neuroactive metabolites in the CNS, we used
metabolomics data from frontal cortex (Broadman area 9) and CSF samples from the Tampere
was collected from forensic autopsies done in the area of the Pirkanmaa Hospital District during
2010-2015, a total of 700 subjects. Out of these we identified 97 heavy alcohol users based on
autopsy reports and medical records (diagnosis of alcohol-related diseases: ICD-10 codes F10.X,
G31.2, G62.1, G72.1, 142.6, K70.0-K70.4, K70.9, and K86.0, or signs of heavy alcohol use in the
clinical or laboratory findings, e.g., increased levels of gamma-glutamyl transferase, mean
corpuscular volume, carbohydrate-deficient transferrin). Lack of these findings was inclusion
criteria for the control group (n = 100), most of whom had died due to cardiovascular diseases
(Table S2). Samples were stored at -80 °C until use.
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Assessment of psychological symptoms

sAUD patients were tested for depression, anxiety and alcohol craving with self-reported
questionnaires: the Beck Depression Inventory [BDI] (54 (#), the State-Trait Anxiety Inventory

supplemental material for details)

Biological sampling

To avoid variation due to fasting state and circadian rhythm, blood samples were collected in all
participants in the morning between 8:00 and 8:30 am after an overnight fasting, at T1 and T2.
Blood was drawn in tubes containing EDTA as an anticoagulant. The samples were centrifuged at
1000 g for 15 min at 4°C and the plasma was frozen at -80°C until analysis.

Nontargeted metabolomics analysis

Plasma sample preparation and LC-MS measurement were performed as previously detailed in
Klavus et al (572) (see supplemental material for methodological details of the LC-MS analysis,

peak picking and data processing).

Statistical analysis

R software version 4.0.3. was used for statistical analyses. Multivariate analyses, namely PCA for
dimension reduction and sPLS-DA for group discrimination, were conducted by ‘mixOmics’ R
package v. 6.14.1 (58 ). For the sPLS-DA model we used a cross-validation (CV) procedure of 10-
fold CV repeated 50 times. Univariate analyses were conducted by ‘notame’ R package v.

0.2.1(57 @). Significant features were shortlisted using Welch’s and paired t-tests. All p-values were
corrected using the Benjamini-Hochberg false discovery rate (FDR) to calculate the g-value. For all
tests, p and g values < 0.05 were considered statistically significant. Visualizations were created by
the previously mentioned R packages and GraphPad Prism v. 8.4.2. Correlation analyses were
performed at T1 using R software version 3.6.1. Spearman coefficient was calculated and p-value <

0.05 was considered statistically significant.
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Reviewer #1 (Public review):
Summary:

This work by Leclercq and colleagues performed metabolomics on biospecimens collected
from 96 patients diagnosed with severe alcohol use disorder (AUD). The authors discovery
strong alterations in circulating glycerophospholipids, bile acids, and some gut microbe-
derived metabolites in AUD patients compared to controls. An exciting part of this work is
that metabolomics was also done in post-mortem samples of the frontal cortex and
cerebrospinal fluid of heavy alcohol users, and some of the same metabolites were seen to be
altered in the central nervous system. This important study will form the basis for hypothesis
generation around diet-microbe-host interactions in alcohol use disorder. The work is done in
a highly rigorous manner, and the rigorously collected human samples is an evident strength
of this work. Overall, this work will provide many new insights, and it is poised to have a high
impact on the field.

Strengths:

(1) The rigorously collected patient-derived samples

(2) There is high rigorous in the metabolomics investigation

(3) Statistical analyses are well-described and strong.

(4) The careful control of taking blood samples at the same time to avoid alterations in meal-
and circadian-related fluctuations in metabolites is a clear strength.

Weaknesses:
None remaining

https://doi.org/10.7554/eLife.96937.2.sa3

Reviewer #2 (Public review):

The authors carried out the current studies with the justification that the biochemical
mechanisms that lead to alcohol addiction are incompletely understood. The topic and
question addressed here are impactful and indeed deserve further research. To this end, a
metabolomics approach toward investigating the metabolic effects of alcohol use disorder
and the effect of alcohol withdrawal in AUD subjects is valuable. However, this work is
primarily descriptive in nature, and these data alone do not meet the stated goal of
investigating biochemical mechanisms of alcohol addiction. The current work's most
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significant limitation is the cross-sectional study design, though inadequate description and
citation of the underlying methodological approaches also hampers interest.

Most of the data are cross-sectional in study design, i.e., alcohol use disorder vs controls.
However, it is well established that there is a high degree of interpersonal variation with
metabolism, and further, there is somewhat high intra-personal variation in metabolism over
time. This means that the relatively small cohort of subjects is unlikely to just reflect the
broader condition of interest (AUD/withdrawal). The authors report a comparison of a later
time-point after alcohol withdrawal (T2) vs the AUD condition. Nonetheless, without replicate
time points from the control subjects it is difficult to assess how much of these changes are
due to withdrawal vs the intra-personal variation described above. Overall, insufficient
experimental context exists to interpret these findings into a biological understanding. For
example, while several metabolites are linked with AUD and associated with microbiome or
host metabolism based on existing literature, it is unclear from the current study what
function these changes have concerning AUD, if any. The authors also argue that alcohol
withdrawal shifts the AUD plasma metabolic fingerprint towards healthy controls (line 153).
However, this is hard to assess based on the provided plots since the direction of change of
the orange data subset considers AUD T2 vs. T1. In contrast, AUD T2 vs. Control would
represent the claimed shift. To substantiate these claims, the authors would better support
their argument by showing this comparison in all experimental groups (including control
subjects) in their multi-dimensional model (e.g., PCA). The authors attempt to extend the
significance of their findings by assessing post-mortem brain tissues from AUD subijects;
however, the finding that many of the metabolites changed in T2/T1 are also found in AUD
brain tissues is interesting but does not strongly support the authors' claims that these
metabolites are markers of AUD (line 173). Concerning the plasma cohort itself, it is unclear
how the authors assessed for compliance with alcohol withdrawal or whether the subjects'’
blood-alcohol levels were independently verified.

The second area of concern is the lack of description of the analytical methodology, the lack
of metabolite identification validation evidence, and related statistical questions. The authors
cite reference #59 regarding the general methodology. However, this reference from their
group is a tutorial/review/protocol focused resource paper and it needs to be clarified how
specific critical steps were actually applied to the current plasma study samples, given the
range of descriptions provided in the citations. The authors report a variety of interesting
metabolites, including their primary fragment intensities, which is appreciated (Supp Table
3), but no MS2 matching scores are provided for level 2 or 3 hits. Further, level 1 hits under
their definition are validated by an in-house standard, but not supporting data are provided
other than this categorization. Finally, a common risk in such descriptive studies is finding
spurious associations, especially considering the many factors as described in the current
work. These include AUD, depression, anxiety, craving, withdrawal, etc. The authors describe
the use of BH correction for multiple-hypothesis testing. Still, this approach only accounts for
the many possible metabolite association tests within each comparison (such as metabolites
vs. depression) and does not account for the multi-variate comparisons to the many
behavior/clinical factors described above. The authors should employ one of several common
strategies, such as linear mixed effects models for these types of multi-variate assessments.

Revised Review after Resubmission:

I thank the authors for their responses and revisions to the figures and data and their
clarifications of their results and study goals. However, based on this updated information, it
is now more apparent that the paper falls into the common trap of descriptive studies where
insufficient experimental design was considered to test the association in question robustly.
Further, follow-up initiatives are lacking to test the findings by other experimental means.
Despite the authors' responses, the paper still fails to convert or interpret the metabolomics
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findings into any new biological understanding or meaningfully testable hypotheses, and the
results remain descriptive in nature with significant caveats.

The authors clarify that their study's "goal was not to investigate the biochemical
mechanisms of AUD but how metabolomics could contribute to the psychological alterations
of AUD." However, the 2nd sentence of the abstract remains as follows: "The biochemical
mechanisms that lead to this disorder are not yet fully understood, and in this respect,
metabolomics represents a promising approach to decipher metabolic events related to
AUD."This leads the reader to conclude that the purpose of the current study is to use
metabolomics to address this gap, despite their later clarification. In the revised response, the
authors walk back their claims of these goals, yet the manuscript text and data is largely
unchanged in the revision. The serious caveats pointed out by several reviewers concerning
the study as reported significantly reduces the utility of the described findings for the
broader scientific community, and the authors largely downplay these limitations without
addressing the underlying issues.

The authors also clarified in their response that the study's key purpose of the study is to
assess "correlations between the blood metabolome and psychological symptoms developed
in AUD patients.” This goal is dubious as the vast majority of metabolites are not
psychoactive, and it is implausible that the metabolome would affect mental state or vice
versa. More biological frameworks and citations are needed for this paradigm. The
soundness of the goal is further questioned by the study's simplistic design and the authors'
admission that "In this discovery-based approach, the aim was to discover potential
candidates linked with psychological symptoms for subsequent work to evaluate causality."
Yet, the authors side-step the point about the risk of finding spurious associations and decline
to control this risk using widely-accepted approaches such as multi-variate correction,
instead continuing to use only BH correction for multiple hypothesis testing. The reviewers
previously pointed out that BH correction only accounts for the many possible metabolite
association tests within each comparison (such as metabolites vs depression). However, it
does not account for the multi-variate comparisons to the many behavior/clinical factors. This
issue is ignored in the response because the study's goal is hypothesis generating. Instead, the
authors focused their responses on the issue of causality which was not the central point of
the criticism.

Further, the authors employ mainly systemic plasma analyses unlikely to reflect brain
biochemistry. The authors deny that the purpose of including the post-mortem brain tissue
data was to demonstrate that "metabolites significantly correlated with the psychological
symptoms - and present in the central nervous system (frontal cortex or CSF) - are "markers
of AUD," yet if this is not the goal, the structure of the experiment, and the value of these data,
is unclear. Another reviewer pointed out that it is difficult to control cross-sectional post-
mortem tissue due to a lack of suitable controls, and the authors again side-step the question
by citing the lack of suitable controls and the impossibility of "healthy controls" in post-
mortem samples. This is true, but this lack of technical feasibility and the confounding factor
of CVD/lipid metabolism does not justify the weak experimental design in this respect.
Therefore, it remains unclear what can be understood from these data, given the limitations.

Finally, the authors acknowledge the limitation in their revision that they did not assess a
second-time point in the control cohort of samples which could have been used to tease apart
intra-personal variation from AUD-associated changes during alcohol-abstinence.
Unfortunately, this is not a small caveat to simply acknowledge in the discussion section; it
severely limits the interpretation and utility of the reported data more broadly, and the
authors do not address this underlying problem.

https://doi.org/10.7554/eLife.96937.2.sa2
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Reviewer #3 (Public review):

Summary:

The authors have compared different groups of AUD patients at different levels and have

examined metabolomics.
Strengths:
A well-written and comprehensive study.

https://doi.org/10.7554/eLife.96937.2.sa1

Author response:

The following is the authors’ response to the original reviews.

Public reviews:
Reviewer #1:

This work by Leclercq and colleagues performed metabolomics on biospecimens
collected from 96 patients diagnosed with several types of alcohol use disorders (AUD).
The authors discovered strong alterations in circulating glycerophospholipids, bile acids,
and some gut microbe-derived metabolites in AUD patients compared to controls. An
exciting part of this work is that metabolomics was also performed in frontal cortex of
post-mortem brains and cerebrospinal fluid of heavy alcohol users, and some of the
same metabolites were seen to be altered in the central nervous system. This is an
important study that will form the basis for hypothesis generation around diet-microbe-
host interactions in alcohol use disorder. The work is done in a highly rigorous manner,
and the rigorously collected human samples are a clear strength of this work. Overall,
many new insights may be gained by this work, and it is poised to have a high impact on
the field.

Strengths:

(1) The rigorously collected patient-derived samples.

(2) There is high rigor in the metabolomics investigation.
(3) Statistical analyses are well-described and strong.

(4) An evident strength is the careful control of taking blood samples at the same time of
the day to avoid alterations in meal- and circadian-related fluctuations in metabolites.

Weaknesses:

(1) Some validation in animal models of ethanol exposure compared to pair-fed controls
would help strengthen causal relationships between metabolites and alterations in the
CNS.

(2) The classification of "heavy alcohol users" based on autopsy reports may not be that
accurate.

(3) The fact that most people with alcohol use disorder choose to drink over eating food,
there needs to be some more discussion around how dietary intake (secondary to heavy
drinking) most likely has a significant impact on the metabolome.
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We thank this reviewer for his/her encouraging comments and for highlighting the fact that
this study is important in the field to generate hypotheses around diet-microbe-host
interactions in alcohol use disorder.

Concerning weakness #1: Regarding the validation in animal models of ethanol exposure, we
were very careful in our discussion to avoid pretending that the study allowed to test
causality of the factors. This was certainly not the objective of the present study. The testing
of causality would indeed probably necessitate animal models but these models could only
test the effects of one single metabolite at a time and could not at the same time capture the
complexity of the changes occurring in AUD patients. The testing of metabolites would be a
totally different topic. Hence, we do not feel comfortable in conducting rodent experiments
for several reasons. First, AUD is a very complex pathology with physiological and
psychological/psychiatric alterations that are obviously difficult to reproduce in animal
models. Secondly, as mentioned by the reviewer, AUD pathology spontaneously leads to
nutritional deficits, including significant reductions in carbohydrates, lipids, proteins and
fiber intakes. We have recently published a paper in which we carefully conducted detailed
dietary anamneses and described the changes in food habits in AUD patients (Amadieu et al.,
2021). As explained below, some blood metabolites that are significantly correlated with
depression, anxiety and craving belong to the xanthine family and are namely theobromine,
theophylline, and paraxanthine, which derived from metabolism of coffee, tea or chocolate
(which are not part of the normal diet of mice or rats).Therefore, conducting an experiment
in animal model of ethanol exposure compared to pair-fed controls will omit the important
impact of nutrition in blood metabolomics and consequently won’t mimic the human AUD
pathology. In addition, if we take into consideration the European Directive 2010/63/EU (on
the protection of animals used for scientific purposes) which aims at Reducing (Refining,
Replacing) the number of animals used in experiment, it is extremely difficult to justify, at the
ethical point of view, the need to reproduce human results in an animal model that won’t be
able to mimic the nutritional, physiological and psychological alterations of alcohol use
disorder.

Concerning weakness #2: The classification of subjects to the group who have a history of
heavy alcohol use was not solely on autopsy record, but was also based on medical history i.e.
diagnosis of alcohol-related diseases: ICD-10 codes F10.X, G31.2, G62.1, G72.1, 142.6, K70.0-
K70.4, K70.9, and K86.0, or signs of heavy alcohol use in the clinical or laboratory findings,
e.g., increased levels of gamma-glutamyl transferase, mean corpuscular volume,
carbohydrate-deficient transferrin, as stated in the methods section of the manuscript. In
Finland, the medical records from the whole life of the subjects are available. We consider
that getting diagnosis of alcohol-related disease is clear sign of history of heavy alcohol use.

Concerning weakness#3: As explained above, we do agree with the reviewer that AUD is not
only “drinking alcohol” but is also associated with reduction in food intake that obviously
influenced the metabolomics data presented in this current study. We have therefore added
some data, which have not been published before, in the results section that refer to key
nutrients modified by alcohol intake and we refer to those data and their link with
metabolomics in the discussion section:

Results section page 8, Line 153-155. This sentence has been added:

“The changes in metabolites belonging to the xanthine family during alcohol withdrawal
could be explained by the changes in dietary intake of coffee, tea and chocolate (see Fig S5).”

Discussion section: Page 11, Line 235-240.

“Interestingly, the caffeine metabolites belonging to the xanthine family such as
paraxanthine, theophylline and theobromine that were decreased at baseline in AUD patients
compared to controls, increased significantly during alcohol withdrawal to reach the levels of
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healthy controls. Changes in dietary intake of coffee, tea and chocolate during alcohol
withdrawal could explain these results”.

In the conclusion, Page 16, Line 354-356, we clearly stated that: “L.C-MS metabolomics plasma
analysis allowed for the identification of metabolites that were clearly linked to alcohol
consumption, and reflected changes in metabolism, alterations of nutritional status, and gut
microbial dysbiosis associated with alcohol intake”

Reference:

Amadieu C, Leclercq S, Coste V, Thijssen V, Neyrinck AM, Bindels LB, Cani PD, Piessevaux H,
Starkel P, Timary P de, Delzenne NM. 2021. Dietary fiber deficiency as a component of
malnutrition associated with psychological alterations in alcohol use disorder. Clinical
Nutrition 40:2673-2682. d0i:10.1016/j.cInu.2021.03.029

Leclercq S, Cani PD, Neyrinck AM, Starkel P, Jamar F, Mikolajczak M, Delzenne NM, de Timary
P. 2012. Role of intestinal permeability and inflammation in the biological and behavioral
control of alcohol-dependent subjects. Brain Behav Immun 26:911-918.
doi:10.1016/j.bbi.2012.04.001

Leclercq S, De Saeger C, Delzenne N, de Timary P, Stdrkel P. 2014a. Role of inflammatory
pathways, blood mononuclear cells, and gut-derived bacterial products in alcohol
dependence. Biol Psychiatry 76:725-733. d0i:10.1016/j.biopsych.2014.02.003

Leclercq S, Matamoros S, Cani PD, Neyrinck AM, Jamar F, Starkel P, Windey K, Tremaroli V,
Backhed F, Verbeke K, de Timary P, Delzenne NM. 2014b. Intestinal permeability, gut-bacterial
dysbiosis, and behavioral markers of alcohol-dependence severity. Proc Natl Acad Sci U S A
111:E4485-E4493. d0i:10.1073/pnas.1415174111

Voutilainen T, Karkkdinen O. 2019. Changes in the Human Metabolome Associated With
Alcohol Use: A Review. Alcohol and Alcoholism 54:225-234. doi:10.1093/alcalc/agz030

Public Reviewer #2:

The authors carried out the current studies with the justification that the biochemical
mechanisms that lead to alcohol addiction are incompletely understood. The topic and
question addressed here are impactful and indeed deserve further research. To this end,
a metabolomics approach toward investigating the metabolic effects of alcohol use
disorder and the effect of alcohol withdrawal in AUD subjects is valuable. However, it is
primarily descriptive in nature, and these data alone do not meet the stated goal of
investigating biochemical mechanisms of alcohol addiction. The current work's most
significant limitation is the cross-sectional study design, though inadequate description
and citation of the underlying methodological approaches also hampers interest. Most of
the data are cross-sectional in the study design, i.e., alcohol use disorder vs controls.
However, it is well established that there is a high degree of interpersonal variation with
metabolism, and further, there is somewhat high intra-personal variation in metabolism
over time. This means that the relatively small cohort of subjects is unlikely to reflect the
broader condition of interest (AUD/withdrawal). The authors report a comparison of a
later time-point after alcohol withdrawal (T2) vs. the AUD condition. However, without
replicative time points from the control subjects it is difficult to assess how much of these
changes are due to withdrawal vs the intra-personal variation described above.

We agree with the reviewer. Our goal was not to investigate the biochemical mechanisms of
AUD but rather to investigate how metabolomics could contribute to the psychological
alterations of AUD. The goals of the study are defined at the end of the introduction (Page 4 —
Lines 80-91), as follows:
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“The aims of this study are multiple. First, we investigated the impact of severe AUD on the
blood metabolome by non-targeted LC-MS metabolomics analysis. Second, we investigated
the impact of a short-term alcohol abstinence on the blood metabolome followed by assessing
the correlations between the blood metabolome and psychological symptoms developed in
AUD patients. Last, we hypothesized that metabolites significantly correlated with depression,
anxiety or alcohol craving could potentially have neuroactive properties, and therefore the
presence of those neuroactive metabolites was confirmed in the central nervous system using
post-mortem analysis of frontal cortex and cerebrospinal fluid of persons with a history of
heavy alcohol use. Our data bring new insights on xenobiotics- or microbial-derived
neuroactive metabolites, which can represent an interesting strategy to prevent or treat
psychiatric disorders such as AUD”.

Due to the fact that the method section describing the study design is located at the end of the
manuscript, we have decided to clarify the methodological approach in the first paragraph of
the result section in order to show that in fact, we have performed a longitudinal study
(which includes the same group of AUD, tested at two time points - at the beginning and at
the end of alcohol withdrawal). This is stated as follows:

Results section, Page 6, Line 97-99: “All patients were hospitalized for a 3-week detoxification
program, and tested at two timepoints: T1 which represents the first day of alcohol
withdrawal, and T2 which represents the last day of the detoxification program”.

We propose to add a figure with a schematic representation of the protocol. We let the editor
deciding whether this figure can be added (as supplemental material).

Author response image 1.

Schematic representation of the protocol

|||! 8|
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e | 72 | :
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| / @

W
Non-targeted metabolomics analysis. Depression (BDI)
using LC-MS Anxiety (STAI)
Alcohol craving (0CDS)

We agree with the reviewer that the correlational analysis (between blood metabolites and
psychological symptoms) is conducted at one time point (T1) only, which has probably led to
the confusion between cross-sectional and longitudinal study. In fact we had a strong
motivation to provide correlations at T1, instead of T2. T1, which is at the admission time, is
really the moment where we can take into account variability of the psychological scores.
Indeed, after 3 weeks of abstinence (T2), the levels of depression, anxiety and alcohol craving
decreased significantly ( as shown in other studies from our group (Leclercq et al., 2014b,
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2014a, 2012)) and remained pretty low in AUD patients, with a much lower inter-individual
variability which makes the correlations less consistent.

We agree with the reviewer that there is a high intra and inter-personal variability in the
metabolomics data, that could be due to the differences in previous meals intakes within and
between subjects. While AUD subjects have been tested twice (at the beginning and at the end
of a 3-week detoxification program), the control subjects have only been tested once.
Consequently, we did not take into account the intra-personal variability in the control group.
The metabolomics changes observed in AUD patients between T1 and T2 are therefore due to
alcohol withdrawal but also to intra-personal variability. This is a limitation of the study that
we have now added in the discussion section, Page 16, Lines 354-357 as follows:

“The selection of the control group is always challenging in alcohol research. Here, the
healthy subjects were matched for sex, age and BMI but not for smoking status or nutritional
intake. Alcohol addiction is a major cause of malnutrition in developed countries and tobacco
smoking is more prevalent in alcohol users compared to healthy subjects. These two main
confounding factors, although being an integral part of the alcoholic pathology, are known to
influence the blood metabolome. Furthermore, another limitation is that the control group
was tested only once, while the AUD patients were tested twice (T1 and T2). This means that
we do not take into consideration the intra-personal variability of the metabolomics data
when interpreting the results of alcohol withdrawal effects”.

The limitation concerning the small sample size is already mentioned in the discussion
section, as follows:

“Large studies are usually required in metabolomics to observe small and medium size
changes. Here, we included only 96 AUD patients, but they were all well characterized and
received standardized therapies (for instance, vitB supplementation) during alcohol
withdrawal”.

Overall, there is not enough experimental context to interpret these findings into a
biological understanding. For example, while several metabolites are linked with AUD
and associated with microbiome or host metabolism based on existing literature, it's
unclear from the current study what function these changes have concerning AUD, if any.
The authors also argue that alcohol withdrawal shifts the AUD plasma metabolic
fingerprint towards healthy controls (line 153). However, this is hard to assess based on
the plots provided since the change in the direction of the orange data subset is
considers AUD T2 vs T1. In contrast, AUD T2 vs Control would represent the claimed shift.
To support these claims, the authors would better support their argument by showing
this comparison as well as showing all experimental groups (including control subjects)
in their multi-dimensional model (e.g., PCA).

We thank the reviewer for these comments. It is true in this type of discovery-based approach
the causality cannot be interpreted nor do we claim so. The aim was to characterize the
metabolic alterations in this population, response to withdrawal period and suggest potential
candidate metabolites linked to psychological symptoms. Rigorous pre-clinical assays and
validation trials in humans are required to prove the causality, if any, of the discussed
metabolites.

The original claim on line 153 was poorly constructed and the Figure 2c is meant to visualize
the influence of withdrawal on selected metabolites and also show the effect of chronic
alcohol intake on the selected metabolites at baseline. The description of the Figure 2c has
been modified in result section from line 156 onwards: “Overall, Fig. 2c demonstrates that a
number of identified metabolites altered in SAUD patients relative to control are affected by
alcohol withdrawal. Apart from 4-pyridoxic acid, cotinine, and heme metabolites bilirubin
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and biliverdin, the shifts observed in the selected metabolites are generally in the opposite
direction as compared to the baseline.”

The authors attempt to extend the significance of their findings by assessing post-
mortem brain tissues from AUD subjects; however, the finding that many of the
metabolites changed in T2/T1 are also present in AUD brain tissues is interesting;
however, not strongly supporting of the authors' claims that these metabolites are
markers of AUD (line 173). Concerning the plasma cohort itself, it is unclear how the
authors assessed for compliance with alcohol withdrawal or whether the subjects' blood-
alcohol levels were independently verified.

We did not claim that the metabolites significantly correlated with the psychological
symptoms - and present in central nervous system (frontal cortex or CSF) - are “markers of
AUD”. Line 173 did not refer to this idea, and the terms “markers of AUD” do not appear in
the whole manuscript.

Regarding the compliance with alcohol cessation, we did not assess the ethanol blood level.
The patients are hospitalized for a 3-week detoxification program, they are not allowed to
drink alcohol and are under strict control of the nurses and medical staff of the unit.
Consuming alcoholic beverage within the hospitalization unit is a reason for exclusion.
However, we carefully monitored the liver function during alcohol withdrawal. For the
reviewers’ information, we have added here below, the evolution of liver enzymes (ALT, AST,
gGT) during the 3-week detoxification program as indirect markers of alcohol abstinence.

Author response image 2.

Data are described as median + SEM. AST, Aspartate transaminase; ALT, Alanine
transaminase; gGT: gamma glutamyltranspeptidase. ** p<0.01 vs T1, *** p<0.001 vs T1

AST ALT vGT
500 009 o 700
AD0 - : 250 - 600 .
= 3001 2001 ry
S5 125 1 5 150 5 200
z 100 % = =
S : . S i w 2 300 $ kxx
2 754 =2 | *kx = 250 -
E . E E 200 :
5 207 S 50 . g 150 .
® 55 w w 100
50
0 = : 0 ’ 0
«“N «‘& «"\ &41, «"N «“q’
& Fa i ra P &
W w L v £ £

The second area of concern is the need for more description of the analytical
methodology, the lack of metabolite identification validation evidence, and related
statistical questions. The authors cite reference #59 regarding the general methodology.
However, this reference from their group is a tutorial/review/protocol-focused resource
paper, and it is needs to be clarified how specific critical steps were actually applied to
the current plasma study samples given the range of descriptions provided in the
citations. The authors report a variety of interesting metabolites, including their primary
fragment intensities, which are appreciated (Supplementary Table 3), but no MS2
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matching scores are provided for level 2 or 3 hits. Further, level 1 hits under their
definition are validated by an in-house standard, but no supporting data are provided
besides this categorization. Finally, a common risk in such descriptive studies is finding
spurious associations, especially considering many factors described in the current work.
These include AUD, depression, anxiety, craving, withdrawal, etc. The authors describe
the use of BH correction for multiple-hypothesis testing. However, this approach only
accounts for the many possible metabolite association tests within each comparison
(such as metabolites vs depression). It does not account for the multi-variate
comparisons to the many behavior/clinical factors described above. The authors should
employ one of several common strategies, such as linear mixed effects models, for these
types of multi-variate assessments.

The methodological details related to the sample processing, data acquisition, data pre-
processing and metabolite identification have been provided in the supplementary materials
and described below. Supplementary table 3 has been amended with characteristic MS2
fragments for both positive and negative ionization modes if data was available. Additionally,
all annotations against the in-house library additions have been rechecked, identification
levels corrected and EICs for all level 1 identifications are provided in the supplementary
material.

As described in the statistical analysis methods, BH correction was employed in the group-
wise comparisons to shortlist the altered features for identification. Manual curating was
then applied for the significant features and annotated metabolites subjected to correlation
analysis. In this discovery-based approach the aim was to discover potential candidates
linked with psychological symptoms for subsequent work to evaluate causality. Hence, the
application of multi-variate analysis assessing biomarker candidates is not in the scope of this
study.

“LC-MS analysis. Plasma sample preparation and LC-MS measurement followed the
parameters previously detailed in Klavus et al (57). Samples were randomized and thawed on
ice before processing. 100 pl of plasma was added to 400 ul of LC-MS grade acetonitrile,
mixed by pipetting four time, followed by centrifugation in 700 g for 5 minutes at 4 °C. A
quality control sample was prepared by pooling 10 ul of each sample together. Extraction
blanks having only cold acetonitrile and devoid of sample were prepared following the same
procedure as sample extracts. LC-MS grade acetonitrile, methanol, water, formic acid and
ammonium formate (Riedel-de Haén™, Honeywell, Seelze, Germany) were used to prepare
mobile phase eluents in reverse phase (Zorbax Eclipse XDBC18, 2.1 x 100 mm, 1.8 pm, Agilent
Technologies, Palo Alto, CA, USA) and hydrophilic interaction (Acquity UPLC® BEH Amide 1.7
um, 2.1 x 100 mm, Waters Corporation, Milford, MA, USA) liquid chromatography separation.
In reverse phase separation, the samples were analyzed by Vanquish Flex UHPLC system
(Thermo Scientific, Bremen, Germany) coupled to high-resolution mass spectrometry (Q
Exactive Focus, Thermo Scientific, Bremen, Germany) in both positive and negative polarity
mass range from 120 to 1200, target AGC 1e6 and resolution 70,000 in full scan mode. Data
dependent MS/MS data was acquired for both modes with target AGC 8e3 and resolution
17,500, precursor isolation window was 1.5 amu, normalized collision energies were set at 20,
30 and 40 eV and dynamic exclusion at 10.0 seconds. In hydrophobic interaction separation,
the samples were analyzed by a 1290 LC system coupled to a 6540 UHD accurate mass Q-ToF
spectrometer (Agilent Technologies, Waldbronn, Karlsruhe, Germany) using electrospray
ionization (ESI, Jet Stream) in both positive and negative polarity with mass range from 50 to
1600 and scan rate of 1.67 Hz in full scan mode. Source settings were as in the protocol. Data
dependent MS/MS data was acquired separately using 10, 20 and 40 eV collision energy in
subsequent runs. Scan rate was set at 3.31 Hz, precursor isolation width of 1.3 amu and target
counts/spectrum of 20,000, maximum of 4 precursor pre-cycle, precursor exclusion after 2
spectra and release after 15.0 seconds. Detectors were calibrated prior sequence and
continuous mass axis calibration was performed throughout runs by monitoring reference
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ions from infusion solution for operating at high accuracy of < 2 ppm. Quality control samples
were injected in the beginning of the analysis to equilibrate the system and after every 12
samples for quality assurance and drift correction in all modes. All data were acquired in
centroid mode by either MassHunter Acquisition B.05.01 (Agilent Technologies) or in profile
mode by Xcalibur 4.1 (Thermo Fisher Scientific) softwares.

Metabolomics analysis of TSDS frontal cortex and CSF samples using the same 1290 LC system
coupled with a 6540 UHD accurate mass Q-ToF spectrometer has been previously
accomplished by Karkkainen et al (10).

Peak picking and data processing. Raw instrumental data (*raw and *d files) were converted
to ABF format using Reifycs Abf Converter (https://www.reifycs.com/AbfConverter). MS-DIAL
(Version 4.70) was employed for automated peak picking and alignment with the parameters
according to Klavus et al., 2020 (57) separately for each analytical mode. For the 6540 Q-ToF
mass data minimum peak height was set at 8,000 and for the Q Exactive Focus mass data
minimum peak height was set at 850,000. Commonly, m/z values up to 1600 and all retention
times were considered, for aligning the peaks across samples retention time tolerance was 0.2
min and MS1 tolerance 0.015 Da and the “gap filling by compulsion” was selected. Alignment
results across all modes and sample types as peak areas were exported into Microsoft Excel
sheets to be used for further data pre-processing.

Pre-processing including drift correction and quality assessment was done using the notame
package v.0.2.1 R software version 4.0.3 separately for each mode. Features present in less
than 80% of the samples within all groups and with detection rate in less than 70% of the QC
samples were flagged. All features were subjected to drift correction where the features were
log-transformed and a regularized cubic spline regression line was fitted for each feature
against the quality control samples. After drift correction, QC samples were removed and
missing values in the non-flagged features were imputed using random forest imputation.
Finally, the preprocessed data from each analytical mode was merged into a single data
matrix.

Molecular feature characteristics (exact mass, retention time and MS/MS spectra) were
compared against in-house standard library, publicly available databases such as METLIN,
HMDB and LIPIDMAPS and published literature. Annotation of metabolites and the level of
identification was based on the recommendations given by the Chemical Analysis Working
Group (CAWG) Metabolomics Standards Initiative (MSI) (59): 1 = identified based on a
reference standard, 2 = putatively annotated based on physicochemical properties or
similarity with public spectral libraries, 3 = putatively annotated to a chemical class and 4 =
unknown.”

Reference 59: Sumner LW, Amberg A, Barrett D, Beale MH, Beger R, Daykin CA, et al. Proposed
minimum reporting standards for chemical analysis. Metabolomics. 2007;3:211-221.

Recommendations for the authors:
Reviewer #1:

(1) There should be more discussion comparing and contrasting the differences between
the 2 cohorts (ALCOHOLBIS versus GUT2BRAIN), instead of stressing the similarities.

As indicated in the results section, we have verified that the ALCOHOLBIS cohort and
GUT2BRAIN cohort are similar in term of age, gender, smoking habits, drinking habits and
severity of psychological symptoms. Those similar features are important to allow the
combination of the metabolomics data from the two cohorts, which subsequently allows to
have a bigger sample size (n = 96) and more statistical power.
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(2) The identification of 97 heavy alcohol users based on hospital codes at autopsy may
not be the most rigorous way to define those with AUD. More information is needed on
how these 97 were classified as heavy alcohol users.

The classification of subjects to the group who have a history of heavy alcohol use was not
based solely on the autopsy records. The classification was also based on medical history,
which in Finland is available from the whole life of the subjects, and including diagnoses and
laboratory finding. The subjects needed to have a diagnosis of alcohol-related disease, as
stated in the methods section of the manuscript. However, since some of the used diagnoses
are related to organ damage related to heavy alcohol use, we do not claim that these subjects
would all have alcohol dependence. But history of heavy use of alcohol is needed to get organ
damage associated with alcohol use. Therefore, we consider that diagnosis of alcohol-related
disease is a clear sign of a history of heavy alcohol use.

(3) The fact that the control group mainly died of cardiovascular disease confounds the
interpretations around alcohol impact metabolite levels. How much of the metabolomics
differences are related to hyperlipidemia or other CVD risk factors in the controls?

There are no healthy controls in post-mortem studies, since all subjects need to die from
something to be included to the cohort. The challenge in studying AUD is that they die
relatively young. The only other group of individuals who die outside of hospital at the
relatively same age as subjects with AUD are those with CVD. Post-mortem autopsies are done
in Finland to all who die outside of hospital, and these are the main source of samples for
post-mortem sample cohorts. Therefore, there is no other control group to compare AUD
subject to in these types of studies.

As for the altered metabolites in the post-mortem sample, the phospholipids observed could
be associated with CVD. However, alterations in phospholipids are also commonly associated
with alcohol use and AUD (for a review see (Voutilainen and Karkkédinen, 2019)) and this
effect is also seen in the results from the clinical cohorts in this study (Figure 1). Therefore, it
cannot be said that these phospholipids finding would be due to selection of the control
group.

(4) When examining metabolomics alterations, it is extremely important to understand
what people are eating (i.e., providing a substrate). A major confounding issue here is
that heavy alcohol users typically choose drinking over eating food. How much of the
observed alterations in the plasma metabolome is due to the decreased food intake?
Some validation in animal models of ethanol exposure compared to pair-fed controls
would help strengthen causal relationships between metabolites and alterations in the
circulation and CNS.

Regarding the validation in animal models of ethanol exposure, we were very careful in our
discussion to avoid pretending that the study allowed to test causality of the factors. This was
certainly not the objective of the present study. The testing of causality would indeed
probably necessitate animal models but these models could only test the effects of one single
metabolite at a time and could not at the same time capture the complexity of the changes
occurring in AUD patients. The testing of metabolites would be a totally different topic.
Hence, we do not feel comfortable in conducting rodent experiments for several reasons.
First, AUD is a very complex pathology with physiological and psychological/psychiatric
alterations that are obviously difficult to reproduce in animal models. Secondly, as mentioned
by the reviewer, AUD pathology spontaneously leads to nutritional deficits, including
significant reductions in carbohydrates, lipids, proteins and fiber intakes. We have recently
published a paper in which we carefully conducted detailed dietary anamneses and
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described the changes in food habits in AUD patients (Amadieu et al., 2021). As explained
below, some blood metabolites that are significantly correlated with depression, anxiety and
craving belong to the xanthine family and are namely theobromine, theophylline, and
paraxanthine, which derived from metabolism of coffee, tea or chocolate (which are not part
of the normal diet of mice or rats).Therefore, conducting an experiment in animal model of
ethanol exposure compared to pair-fed controls will omit the important impact of nutrition
in blood metabolomics and consequently won’t mimic the human AUD pathology. In addition,
if we take into consideration the European Directive 2010/63/EU (on the protection of animals
used for scientific purposes) which aims at Reducing (Refining, Replacing) the number of
animals used in experiment, it is extremely difficult to justify, at the ethical point of view, the
need to reproduce human results in an animal model that won’t be able to mimic the
nutritional, physiological and psychological alterations of alcohol use disorder.

As explained above, we do agree with the reviewer that AUD is not only “drinking alcohol”
but is also associated with reduction in food intake that obviously influenced the
metabolomics data presented in this current study. We have therefore added some data,
which have not been published in the previous version of the manuscript, in the results
section that refer to key nutrients modified by alcohol intake and we refer to those data and
their link with metabolomics in the discussion section:

Results section page 8, Line 153-155. This sentence has been added:

“The changes in metabolites belonging to the xanthine family during alcohol withdrawal
could be explained by the changes in dietary intake of coffee, tea and chocolate (see Fig S5).”

Discussion section: Page 11, Line 234-238.

“Interestingly, the caffeine metabolites belonging to the xanthine family such as
paraxanthine, theophylline and theobromine that were decreased at baseline in AUD patients
compared to controls, increased significantly during alcohol withdrawal to reach the levels of
healthy controls. Changes in dietary intake of coffee, tea and chocolate during alcohol
withdrawal could explain these results”.

In the conclusion, Page 16, Line 360-32, we clearly stated that: “L.C-MS metabolomics plasma
analysis allowed for the identification of metabolites that were clearly linked to alcohol
consumption, and reflected changes in metabolism, alterations of nutritional status, and gut
microbial dysbiosis associated with alcohol intake”

Reference:

Amadieu C, Leclercq S, Coste V, Thijssen V, Neyrinck AM, Bindels LB, Cani PD, Piessevaux H,
Starkel P, Timary P de, Delzenne NM. 2021. Dietary fiber deficiency as a component of
malnutrition associated with psychological alterations in alcohol use disorder. Clinical
Nutrition 40:2673-2682. d0i:10.1016/j.clnu.2021.03.029

Leclercq S, Cani PD, Neyrinck AM, Stérkel P, Jamar F, Mikolajczak M, Delzenne NM, de Timary
P. 2012. Role of intestinal permeability and inflammation in the biological and behavioral
control of alcohol-dependent subjects. Brain Behav Immun 26:911-918.
do0i:10.1016/j.bbi.2012.04.001

Leclercq S, De Saeger C, Delzenne N, de Timary P, Stdrkel P. 2014a. Role of inflammatory
pathways, blood mononuclear cells, and gut-derived bacterial products in alcohol
dependence. Biol Psychiatry 76:725-733. doi:10.1016/j.biopsych.2014.02.003

Leclercq S, Matamoros S, Cani PD, Neyrinck AM, Jamar F, Starkel P, Windey K, Tremaroli V,
Béckhed F, Verbeke K, de Timary P, Delzenne NM. 2014b. Intestinal permeability, gut-bacterial
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dysbiosis, and behavioral markers of alcohol-dependence severity. Proc Natl Acad Sci U S
A111:E4485-E4493. doi:10.1073/pnas.1415174111

Voutilainen T, Karkkdinen O. 2019. Changes in the Human Metabolome Associated With
Alcohol Use: A Review. Alcohol and Alcoholism 54:225-234. d0i:10.1093/alcalc/agz030

Reviewer #2:

(1) More methodological information about the laboratory processing of samples,
instrumentation, and data analysis needs to be provided. Reference 59 needs to be more
specific and include important methodological details for this project. Please provide an
actual methods section for the mass-spectrometry-based metabolomics.

The reviewer is correct that the methods should be described in detail but due to word limits,
the description was moved to a supplementary file. Methodological details are provided in
the answer to the final comment in the public reviews section and we kindly refer to that for
the methodological details. Reference 57 (Kldvus et al) is a method paper and covers the
whole untargeted metabolomics pipeline that is used in our work.

(2) The VIP figures, e.qg., Figure 1b and Figure 2b are not very informative and would be
better represented in a supplementary table

VIP scores for all annotated metabolites are provided in the supplementary table 3 along with
peak data and other values derived from statistical tests. Furthermore, we have removed the
VIP value in figures 1 and 2 and we have replaced them by an updated Volcano plot to
represent also the VIP values in addition to the q and Cohen’s d values.

(3) The findings on odd-chain lyso-lipids are interesting, and while these have been
reported biologically, odd-chain lipids are uncommon and should be validated with
authentic standards as available (please provide an XIC of the level 1 peak and standard
if possible, e.g., LPC 17:0) or at least a supplementary figure on manual inspection of the
negative mode MS2 spectrum showing the putative fatty acid chain fragment. The
current assignments are based on positive mode lipid class fragments and accurate
mass.

We thank the reviewer for pointing this out and it is correct that the negative MS2 spectrum
is essential for lipid identification. Although the current assignments show only positive
fragments for many lipids, the fatty acid chain, if reported, has been confirmed from negative
mode MS2 spectrum. The supplementary table 3 with peak information has been augmented
with fragment information from both negative and positive ionizations if available. Also,
reference and experimental MS2 spectra have been provided as separate supplemental file
for level 1 identifications, including the odd-chain lyso-lipids LPC 15:0 and 17:0.

(4) Please provide some supplementary information (MS1/MS2 if available) on the
untargeted features of interest (up and down-regulated) from Figure 1C, especially the 5
encircled features. If any manual annotation of these features was attempted, please
include a brief description in the results/discussion.

All statistically significant features with MS2 data have been subjected to manual annotation
and database searches using at least METLIN, HMDB and LipidMaps. Additionally, if the
manual inspection failed to provide any identification, in silico fragmentation software MS-
FINDER was used to calculate candidate molecular formula. The features were labeled as
unknown if all efforts were unsuccessful. The peak characteristics of the key unknowns in
Figure 1b have also been included in the supplemental table.
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A note of the manual inspection has been included in the result section line 129: “The top-
ranked metabolites in Fig. 1b remained unknown regardless of manual curation.”

Reviewer #3:

I'think this is an interesting paper with a very solid methodology and an abundance of
results. I am not an expert on metabolomics, and I have some very interesting hours
here, trying (but sometimes failing) to grasp this paper's content. This paper also needs
to be closely read by a reviewer who knows the metabolomics field and can give
feedback on the meaning of the results. I have focused purely on the AUD clinical side as
this is where I may contribute. My main concern is conceptualizing the aims and what
authors want to investigate. As far as I understand, this is a study of the relationship
between alcohol use and the metabolome, and in this respect, I think there are some
issues.

Just take the abstract that talks about (in the first sentence) alcohol use disorder ("AUD") -
a term that generally sometimes refers to harmful use of alcohol and alcohol addiction
and sometimes to all F10-diagnosis (and thus an inaccurate term), then the following
sentence talks about what leads to alcohol addiction (not dependence) - and this in a
mechanistic direction and in the last part of the second sentence talks about
metabolomics being able to decipher metabolic events related to AUD. So, even in the
first two sentences, it is confusing - is this about correlates, mechanisms, prevention, or
treatment? The inaccuracy of terms continues in sentence 4. We have "chronic alcohol
abuse" (?) and "severe alcohol use disorder (AUD)" (abbreviated for the second time).
Later, only "alcohol abuse" is used and the abstract ends with something about these
findings being interesting in "the management of [...] AUD". All this illustrates that there
is a large mixture of concepts - what aspect of alcohol use or abuse are you looking at?
Moreover, of intention: is it to find correlates, explanations, or targets for interventions?
Without clarity in this respect, one can get lost in what all these interesting measures
mean - how we should interpret them. This comment is made only for the abstract.
However, but it is equally valid and important for the introduction and discussion parts
of the ms, where additional terms and formulations are introduced: "heavy alcohol use"
(lines 86-7) and "prevent or treat psychiatric disorders such as AUD" (lines 90-1). This is
then reflected in the discussion where the authors claim that what they have found is
related to "chronic alcohol abuse" (line 188), "heavy alcohol drinkers" (line 191), and
"AUD patients” (lines 199 and 202 and further on).

We thank the reviewer for this useful comment and we apologize for the confusion. We agree
that it is important to use the correct terms and definitions. All patients included in this study
were diagnosed as severe AUD (for more information on the diagnosis, see answer to the
comments related to DSM-IV and DSM5). This manuscript is consequently related to severe
AUD and other terms like “alcohol abuse, “alcohol addiction” are therefore not appropriate.
In the revised version of the manuscript, we have used severe AUD or the abbreviation sAUD.
The figure and legends have been changed accordingly.

In the first paragraph of the results section, ALCOHOLBIS and GUT2BRAIN are compared.
It says they are similar on many measures, including craving, but different on some
measures, again including craving. It is difficult to grasp this even if the authors try to
explain (lines 101-2). This sentence also introduces some discussion in the results section
by saying something normative about their finding and relating this to other research
(references 12, 13, and 14).

We would like to apologize for the confusion related to first paragraph of the results section.
We have indeed indicated that, while the ALCOHOLBIS cohort and the GUT2BRAIN cohort are
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highly similar in term of biological and psychological features, a significant difference does
exist in the compulsive component of the craving score. Indeed, the mean score of
compulsion is 11 + 3 in the ALCOHOLBIS cohort and 14 + 3 in the GUT2BRAIN cohort. In
healthy controls, the mean score of compulsion is 1.5 + 1.5. Despite the statistically significant
difference in craving between both cohorts, we do not think that this difference is relevant in
our context since both scores (11 and 14) are considered high compared to the control group.
In order to simplify the message, we have revised the first paragraph as follows:

“Both groups of patients were similar in terms of age, gender, smoking and drinking habits
and presented with high scores of depression, anxiety and alcohol craving at T1 (Table 1).
These biological and psychological similarities allow us to combine both cohorts (and
consequently increase sample size) and compare them to a group of heathy controls for
metabolomics analysis™.

In line 104 the abbreviation PCA is introduced but needs to be explained. Such objections
could be made for many of the abbreviations used (sPLS-DA VIP, LPC, CSF, CNS, LPE, etc.),
but of course, they may be made more difficult by the unusual way of stacking the
different sections.

We thank the reviewer for pointing these out. Most abbreviations are written out in the
figure legends or method section but indeed the organization of the different sections makes
it less evident. The abbreviations pointed out have been opened in the results section when
they are first used.

Furthermore, they say that the severity of AUD was "evaluated by a psychiatrist using the
Diagnostic and Statistical Manual of Mental Disorders (DSM) criteria, fourth edition
(DSM-1V) (ALCOHOLBIS cohort) or fifth edition (DSM-5)" (GUT2BRAIN cohort): This makes
sense for DSM-5 but needs to be explained more for DSM-1V. They also need to say what
levels were included.

We thank the reviewer for this very appropriate remark that deserves some explanations.

While the patients of the GUT2BRAIN cohort were enrolled in 2018-2019 where the DSM5 was
applicable, the patients from the ALCOHOLBIS cohort were recruited many years before. The
protocol related to the ALCOHOLBIS cohort was written before 2013, and approved by ethical
committee, where the DSM-IV was the last version of the DSM used at that moment.

We therefore totally agree with the reviewer that our sentence “the severity of AUD was
"evaluated by a psychiatrist using the Diagnostic and Statistical Manual of Mental Disorders
(DSM) criteria, fourth edition (DSM-IV) (ALCOHOLBIS cohort) or fifth edition (DSM-5)"
(GUT2BRAIN cohort)” is not correct. Indeed, DSM-IV (before 2013) described two distinct
disorders, alcohol abuse and alcohol dependence, while the DSM-5 integrates the two DSM-IV
disorders into a single disorder called alcohol use disorder with mild (2 or 3 symptoms),
moderate (4 or 5 symptoms) and severe (6 or more symptoms) sub-classifications.

In this present study, we have enrolled patients that received the diagnosis of alcohol
dependence (DSM-IV criteria) or severe alcohol use disorder (DSM5 criteria).

We have changed the paragraph related to this issue into this new one:

“The severity of AUD was evaluated by a psychiatrist using the Diagnostic and Statistical
Manual of Mental Disorders (DSM) criteria, fourth edition (DSM-IV) (Alcoholbis cohort) or
fifth edition (DSM-5) (GUT2BRAIN cohort). Patients evaluated with the DSM-IV received the
diagnosis of “alcohol dependence”, while the patients evaluated with the DSM-5 received the
diagnosis of “severe alcohol use disorder” (6 or more criteria). To simplify, we used the term
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“sAUD” (for severe alcohol use disorder) that includes both diagnosis (SAUD and alcohol
dependence)”.

I'am unsure about the shared first co-authorship and the shared last co-authorship
request, but I leave this up to the editors and the journal policies. Also, the order of the
different parts may be correct (the M+M placed last) but is unusual for many journals.
This is also up to the journal to decide.

As mentioned in the guidelines to authors, the method section should be included at the end
of the manuscript.

https://doi.org/10.7554/eLife.96937.2.sa0
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