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ABSTRACT 

Alterations in the gut microbiota composition and function have been implicated 
in various human diseases. Gut–brain axis, a bidirectional communication 
network involving the neural, immune, and endocrine systems, facilitates the 
crosstalk between the gut microbiota and the central nervous system (CNS). 
Small molecules produced through host and microbial metabolism, known as 
metabolites, play a focal role in this signaling. Metabolomics, the comprehensive 
profiling of metabolites in biological samples, has been instrumental in 
identifying these active compounds. Applied to fecal and blood samples, 
metabolomics has revealed the significant influence of lifestyle factors, such as 
nutrition or substance use, on human metabolome. However, the connections 
between lifestyle factors and neuroactive metabolites remain poorly understood. 

This doctoral thesis aimed to discover metabolites with neuroactive potential 
and provide insights on how lifestyle factors may influence them. The primary 
methodology across the included studies was nontargeted metabolic profiling 
using liquid chromatography–high-resolution mass spectrometry (LC-HRMS), 
enabling broad detection of chemically diverse metabolites in human clinical 
samples. These samples were collected from clinical interventions examining the 
effects of alcohol use and withdrawal in individuals with alcohol use disorder 
(AUD), inulin supplementation in individuals with AUD or obesity, and high-
intensity interval training in individuals with metabolic-dysfunction associated 
steatotic liver disease (MASLD). 

The findings show that AUD has a profound effect on plasma metabolome, 
particularly affecting lipid intermediates, bile acids, steroids, and diet- and 
microbiota-derived metabolites. Notably, many of these changes showed 
reversible trends following a three-week withdrawal period, underscoring the 
independent impact of AUD. Several diet- and microbiota-derived metabolites 
were inversely associated with psychological symptoms and were also detected 
in the brains of deceased individuals with a history of heavy alcohol use. Inulin 
supplementation during withdrawal had modest effects on fecal and plasma 
metabolites, with minor reductions in fecal secondary bile acids and amines and 
increases in plasma lipid species. These changes showed moderate correlations 
with gut microbiota composition. Overall, alcohol use, inulin supplementation 
and exercise each produced distinct effects on fecal and plasma metabolomes. 
The relationships between fecal and plasma metabolites were treatment- and 
time-specific, and not consistent across interventions. 

This doctoral thesis uncovered several plasma metabolites with neuroactive 
potential and emphasized the role of diet and microbiota in shaping their 
abundance. It also demonstrated that microbiota-targeted interventions do not 
necessarily induce broad metabolic changes, as evidenced by the specific 
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outcomes of inulin supplementation. Furthermore, the distinct metabolic effects 
of different lifestyle interventions, influenced by environmental and individual 
factors, may explain the inconsistent associations between fecal and plasma 
metabolomes. The findings highlight the importance of assessing and 
considering the individual variability in microbiota composition, diet, lifestyle, 
and health when investigating pivotal metabolites involved in the gut–brain axis 
communication 

.
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SUOMENKIELINEN ABSTRAKTI 

Suolistomikrobiston koostumuksen ja toiminnan muutokset on yhdistetty 
lukuisiin sairauksiin. Suoli–aivo-akseli on kaksisuuntainen kokonaisuus, jossa 
hermosto, immuunijärjestelmä ja enteroendokriininen järjestelmä mahdollistavat 
viestinnän suolistomikrobiston ja keskushermoston välillä. Sekä oman 
aineenvaihduntamme että mikrobien aineenvaihdunnan tuottamat pienet mole-
kyylit ovat keskeisiä toimijoita tässä viestintäverkostossa. Metabolomiikka, eli 
biologisissa näytteissä olevien aineenvaihduntatuotteiden kattava profilointi, on 
keskeinen tieteenala näiden aineenvaihduntatuotteiden määrittämisessä ja 
tunnistamisessa. Uloste- ja verinäytteiden tutkiminen metabolomiikan keinoin 
on paljastanut, kuinka merkittävästi elämäntapatekijät, kuten ravitsemus tai 
päihteiden käyttö, vaikuttavat ihmisen metaboliittiprofiiliin. Toistaiseksi on 
kuitenkin epäselvää, millainen vaikutus elämäntapatekijöillä on aineenvaihdun-
tatuotteisiimme, joilla on hermostoon toimintaa muuttavia ominaisuuksia. 

Tämän väitöskirjan tavoitteena oli tunnistaa hermostoon vaikuttavia aineen-
vaihduntatuotteita ja selvittää, miten elämäntapatekijät voivat vaikuttaa niiden 
määriin kehossa. Tutkimuksissa käytettiin tutkimusmetodina kohdentamatonta 
metaboliittiprofilointia perustuen nestekromatografiaan ja korkean resoluution 
massaspektrometrilaitteisiin, mikä mahdollisti kemiallisesti monimuotoisten ja 
matalan pitoisuuden aineenvaihduntatuotteiden määrittämisen veri- ja uloste-
näytteistä. Näytteet olivat peräisin interventiotutkimuksista, joihin oli sisällytetty 
potilasryhmiä, joilla oli diagnosoitu alkoholiriippuvuussairaus, lihavuussairaus 
tai ei-alkoholiperäinen rasvamaksa. Interventioiden aikana alkoholiriippuvaiset 
potilaat osallistuivat alkoholivieroitukseen tai saivat vieroituksen aikana 
inuliinikuitulisää. Kolmannessa interventiotutkimuksessa inuliinikuitulisää ja 
ravitsemusohjausta annettiin lihavuussairaille potilaille. Neljännessä interventio-
tutkimuksessa ei-alkoholiperäistä rasvamaksaa sairastavat potilaat osallistuivat 
korkean intensiteetin intervalliharjoitteluun. 

Tulokset osoittivat, että alkoholiriippuvuus vaikuttaa voimakkaasti veren 
metaboliittiprofiiliin, erityisesti sappihappojen, steroidien, rasvahappoja sisältä-
vien sekä ravintoon ja mikrobeihin liittyvien aineenvaihduntatuotteiden osalta. 
Huomionarvoista on, että useat alkoholisairaudessa muuttuneista aineen-
vaihduntatuotteista osoittivat päinvastaisia muutoksia vieroitusjakson jälkeen 
korostaen alkoholin vaikutusta aineenvaihduntaan. Useat ravinto- ja mikrobi-
peräiset aineenvaihduntatuotteet olivat käänteisesti yhteydessä psykologisiin 
oireisiin ja niitä havaittiin runsaasti alkoholia käyttäneiden henkilöiden aivoista. 
Alkoholivieroituksen aikana annostellulla inuliinilisällä oli hyvin vähäinen 
vaikutus ulosteen ja veren metaboliittiprofiiliin, sillä muutoksia havaittiin 
lähinnä ulosteen sekundaarisissa sappihapoissa ja amiineissa, jotka laskivat sekä 
veren rasvahappoja sisältävissä aineenvaihduntatuotteissa, jotka nousivat. Nämä 
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muutokset olivat kohtalaisesti yhteydessä suolistomikrobiston koostumukseen. 
Tulosten mukaan alkoholin käyttö, inuliinilisä ja liikuntaharjoittelu aiheuttivat 
kukin erilaisia vaikutuksia ulosteen ja veren metaboliittiprofiiliin. Havaitut 
yhteydet ulosteen ja veren aineenvaihduntatuotteiden olivat ryhmästä ja ajasta 
riippuvaisia, eikä samoja yhteyksiä havaittu johdonmukaisesti eri interventio-
tutkimusten välillä. 

Tässä väitöskirjassa tunnistettiin useita veren aineenvaihduntatuotteita, joilla 
saattaa olla hermostoon vaikuttavia ominaisuuksia. Tulokset osoittavat ravitse-
muksen ja suolistomikrobiston olevan keskeisiä tekijöitä niiden määrän sääte-
lyssä. On kuitenkin huomioitava, että suolistomikrobistoon kohdistuvat inter-
ventiotutkimukset eivät välttämättä muuta aineenvaihduntatuotteiden määriä 
selkeästi, kuten inuliinilisän maltilliset vaikutukset osoittivat. Eri elämäntapa-
tekijöiden aineenvaihdunnalliset vaikutukset olivat selvästi toisistaan poikkeavia, 
mitä selittävät ympäristö sekä yksilölliset tekijät. Tulokset korostavat yksi-
löllisten erojen, kuten mikrobiston koostumuksen, ruokavalion, elämäntapojen 
ja terveydentilan huomioimisen tärkeyttä suoli–aivo-akselin toimintaan 
keskeisesti osallistuvien aineenvaihduntatuotteiden tutkimuksessa. 
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1 INTRODUCTION 

Metabolomics is the scientific field dedicated to the comprehensive analysis of 
small molecules, metabolites, within biological systems1. It emerged in the late 
20th century as an extension of other omics fields, such as genomics, 
transcriptomics, and proteomics, driven by advances in analytical technologies.  
Techniques like mass spectrometry (MS) and nuclear magnetic resonance (NMR) 
spectroscopy enable the simultaneous measurement of chemically broad range 
of metabolites in complex biological samples. As end products of cellular 
processes, metabolites reflect the functional state of a biological system. 
Quantitative profiling of metabolites offers insight into metabolic processes, 
physiological conditions, and cellular interactions influenced by both intrinsic 
and environmental factors2. When integrated with other omics approaches, an 
area known as multiomics, metabolomics helps elucidate the complex interplay 
between genotype and phenotype and their roles in health and disease. 

Blood and feces are two commonly analyzed biological samples that capture 
host and gut microbiota metabolism, as well as lifestyle factors like diet, drug 
use, and environmental exposures3-7. Blood metabolite profiles provide a 
systemic perspective into the metabolic status, where altered levels may serve as 
biomarkers of conditions such as metabolic syndrome or cognitive and mood 
disorders8-13. These changes can also generate novel hypotheses about disease 
origins. In contrast, fecal metabolite profile primarily reflects gut microbiota 
metabolism with smaller contributions from dietary- and host-derived 
compounds14. These profiles offer a window into the local gut environment and 
may hold biomarker potential for gastrointestinal disorders10, 15. Importantly, 
integrating blood and fecal metabolic profiles enables the study of dynamic host–
microbiota interactions, a rapidly growing area of research in the 21st century. 

Neurological and mental disorders are often accompanied by gastrointestinal 
symptoms and altered gut microbiota composition, sparking interest in the gut–
brain axis and its health implications16. This axis comprises bidirectional 
communication pathways between the gut and the brain. While the brain 
influences gastrointestinal function, signals originating from the gut can also 
affect brain activity. Numerous preclinical studies have demonstrated causal 
links between gut microbiota or their metabolites and neurodevelopmental 
disorders or behavior17-21. Microbial metabolites can act as neurotransmitters, 
modulate immune responses, and influence inflammation, all of which are 
relevant to brain function22-26. These findings have opened promising avenues 
for lifestyle-based interventions, as factors like diet, exercise or substance use 
shape the microbiota. Proof-of-concept studies using probiotics or nutritional 
strategies have shown potential in targeting mood and behavioral symptoms by 
modifying gut microbiota composition or function27-30. However, research in this 
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area is still in its early stages, and the current evidence is insufficient to draw 
definitive conclusions. 

This thesis investigates the metabolic effects of alcohol consumption, fiber 
supplementation and high-intensity interval training, three lifestyle factors 
potentially relevant to the gut–brain axis. The core methodology is nontargeted 
metabolite profiling of both plasma and fecal samples to explore the role and 
systemic relevance of microbial metabolites. First, the alcohol-related 
metabolome was characterized to identify circulating metabolites with 
neuroactive potential. Next, the metabolic impact of inulin fiber supplementation, 
which targets gut microbiota, during alcohol withdrawal was assessed. Finally, 
the shared effects of the mentioned lifestyle factors were examined by comparing 
associations between fecal and plasma metabolomes across studies involving 
patients with alcohol use disorder (AUD), obesity or metabolic-dysfunction 
associated steatotic liver disease (MASLD). The findings offer insights into how 
lifestyle factors distinctly influence systemic and gut-localized metabolic 
profiles, contributing to our understanding of the gut–brain interactions. To 
contextualize these results, the literature review covers the principles of gut–
brain axis, the application of metabolomics in its study, neuroactive metabolites 
associated with gut microbiota, and the role of lifestyle factors, with a focus on 
alcohol and inulin fiber.  
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2 REVIEW OF THE LITERATURE 

2.1 Gut–brain axis 

2.1.1 Definition and implications of the gut–brain axis in human 
health 

The human gastrointestinal tract hosts a diverse microbial community including 
bacteria, archea, viruses and fungi31. While present in the small intestine, this 
community is mainly concentrated in the large intestine and dominated by 
obligately anaerobic bacteria collectively known as gut microbiota. The 
relationship between the host and the microbiota can be described as mutualistic 
and beneficial to both parties. Maintaining healthy gut microbiota is essential for 
the host as it supports local and systemic immune development, pathogen 
protection, metabolism of indigestible dietary fibers and production of essential 
vitamins32, 33. The metabolic capacity of the microbiota complements host’s 
biochemistry as the number of bacterial cells and their genetic potential both 
outnumber the host’s counterparts by 10–100 times. Products of microbial 
metabolism, microbial metabolites, are not only unique to microorganisms as 
they include molecules such as neurotransmitters24, 34 or uremic toxins35, 36 that 
are also produced by the host. Moreover, metabolizing dietary components yields 
metabolites with anti-inflammatory37, 38 or energetic39 properties. Together, these 
metabolites act as neuromodulators, signaling molecules, or energy sources for 
host cells. 

The central nervous system (CNS), comprising the brain and spinal cord, 
regulates physiological processes and cognitive functions. Bidirectional 
communication between peripheral organs, the nervous system and the immune 
system is essential for homeostasis. CNS, along with the peripheral nervous 
system, forms crosstalk networks with organs like the liver, pancreas and 
gastrointestinal tract. In the latter, the intricate communication network between 
the gut and the brain is referred to as the gut–brain axis40. Within the gut–brain 
axis, the gut microbiota interacts with the local nervous, endocrine and immune 
systems that convey signals to the brain. While the full extent of microbial 
signaling pathways is yet to be elucidated, microbial metabolites are considered 
key players in both local and systemic activation. Currently established 
mechanisms include education of immune systems41, activation of sympathetic42 
and parasympathetic43 neurons, production of neurotransmitters23, 44 and gut 
hormone secretion45, 46. 

Current knowledge does not support the existence of fetal microbiota47. 
Seeding of the gut microbiota is initiated during birth and the composition of the 
gut microbiota changes during maturation and aging33. However, the maternal 
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microbiota has been shown to have an impact on fetal development in preclinical 
models48. Further, preclinical reports also suggests that the presence of gut 
microbiota is essential for normal brain and immune development and growth as 
evidenced in germ-free (GF) animals, animals born and developing without 
gastrointestinal flora, exhibiting altered brain development, behavioral 
abnormalities and immune dysfunction49, 50. Bacterial molecules, such as 
antigens and metabolites derived from the maternal microbiota can enter the 
maternal circulation and reach the fetal environment, thereby influencing 
prenatal development51. Hence, albeit coming from experimental models, these 
findings underline the critical roles prenatal exposure to microbiota and 
associated molecules possess in shaping host’s early-life development.  

Early-life gut microbiota composition is determined by factors such as 
delivery mode, genetics, environment and diet52. Nevertheless, a newborn’s 
microbiota closely resembles maternal microbiota during the first postpartum 
months. The first 3–6 months post-birth are considered as the window of 
opportunity where beneficial, or detrimental, microorganism–host interactions 
are established. Perturbations during this period, due to factors such as antibiotic 
treatment, may lead to cognitive and behavioral alterations later in life53. Without 
significant stressors, such as severe inflammations or malnourishment, the 
introduction of solid foods initiates gut microbiota maturation. By the age of 2 
years, the compositional and functional diversity of the microbiota reaches an 
adult-like state intertwined with host metabolism, gastrointestinal well-being and 
immune homeostasis. With ageing, the microbiota composition changes as the 
gut flora of the elderly are characterized by a decrease in previously dominant 
bacteria replaced by other bacteria groups and pathobionts54. 

Interest in the gut–brain axis has been fueled by accumulating evidence of 
altered gut microbial composition in neurological disorders55. Moreover, 
findings go beyond observational as preclinical models have demonstrated that 
selected neurological symptoms can be recapitulated by transferring the disease-
associated gut microbiota from humans to GF mice56. While it is too early to 
establish robust causal link between gut microbiota and neurodevelopmental or 
behavioral disorders in humans, the potential of gut microbiota as a health 
modulator is widely recognized. Hence, characterizing pathways of action and 
mapping candidate biomarkers or metabolites implicated within the gut–brain 
axis is essential for unraveling the nature of microbiota–host crosstalk in the 
context of brain function. Documented pathways of communication within the 
gut–brain axis involve components of enteric nervous system and the immune 
system which are discussed in more detail in the following chapters and 
illustrated in Figure 1. 
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Figure 1. Key communication pathways within the gut–brain axis. Gut-derived 
molecules or immune cells can translocate from the gut to the brain via circulation or 
lymphatic system. Microbial metabolites, neurotransmitters and gut hormones can 
activate neurons of enteric nervous system carrying signals through vagal or spinal 
branches to the central nervous system. Additionally, cells of both adaptive and innate 
immune systems are widely present in the gut and interact with the compartments of 
systemic immunity. HPA, hypothalamic-pituitary-adrenal axis. Figure created in 
Biorender.com. 
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2.1.2 Enteric nervous system as a communication pathway 

The enteric nervous system (ENS) is a crucial component of the autonomic 
nervous system spread throughout the gastrointestinal tract57. The ENS forms a 
complex network of sensory, motor, and interneurons, along with supporting 
glial cells innervated within the intestinal wall. As a part of the autonomic 
nervous system, the ENS is capable of operating local motility, secretion and 
blood flow autonomously emphasizing its role as a frontline sensory network. 
However, ENS is also connected to the CNS through sympathetic and 
parasympatethic routes forming a bidirectional gut–brain crosstalk loop. The 
first neuronal interface, endings of the intrinsic primary afferent neurons, that 
can be directly or indirectly activated by intestinal content is in the submucosal 
plexus. These afferent neurons are extensions of the vagal and spinal branches 
thus offering a direct neuronal pathway from mucosal lining to the CNS. 

Vagus nerve has been highlighted as the most direct route of signaling 
between the gut and brain16. 80 % of vagal neuronal fibers are afferent and 
transmit signals from the intestinal muscle and mucosal layers towards the CNS 
while remaining efferent fibers carry signals from the CNS to the periphery. 
Depending on the location and type of the vagal afferents in the gastrointestinal 
tract, the excitatory signaling can be triggered directly via motion, stretch or 
molecules such as neurotransmitters. Moreover, microbiota or its metabolites can 
mediate the excitation of vagal sensory neurons through binding to G-protein-
coupled receptors resulting in activation of selected brainstem areas34, 42. 
Microbial metabolites can also induce neurotransmitter production in enteral 
cells and consequently via enteroendocrine function trigger activation of the 
vagal afferents58. Enteroendocrine cells have also been shown to form physical 
connections with vagal afferents and this neuroepithelial circuit, referred to as 
neuropods, carry signals from the intestinal lumen to brainstem within 
milliseconds59. Furthermore, vagal stimulation has been shown to modulate 
mood16 and severing the vagus nerve to modify behavior and brain function43, 60. 
Vagus nerve stimulation has also been linked to the hypothalamic-pituitary-
adrenal axis which is a major neuroendocrine system modulating stress 
responses61. Vagus stimulation resulted in the activation of hypothalamic stress 
pathways and increase in the plasma stress hormones corticosterone and cortisol-
release stimulating adrenocorticotropic hormone. 

In addition to vagal stimulation, enteroendocrine signaling is in the nexus of 
relaying microbial cues into nerve activating signaling16, 44. Majority of the 
circulating serotonin is produced by colonic enterochromaffin cells, and the rate 
of synthesis is influenced by microbial metabolites44, 62. Besides activating 
enteric neurons, serotonin has been shown to play a role in the development and 
function of the ENS63. Colonic L cells are another type of enteroendocrine cells 
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that synthesize glucagon-like peptide 1 (GLP-1) and peptide YY (PYY), both of 
which participate locally in gut motility and modulate food intake and eating 
behaviour via CNS64-66. Moreover, the ENS expresses several receptors binding 
hormones released by the L cells67. Similar to enterochromaffin cells, microbial 
metabolites can also regulate the enteroendocrine function of colonic L cells16. 
While selected species of the gut microbiota are indeed adept to synthesize 
neurotransmitters such as serotonin or histamine and thus directly activate the 
ENS, it is debatable whether their synthesis can reach physiologically relevant 
quantities67. However, the ENS also expresses receptors towards other microbial 
molecules. The most notorious example of such pattern recognition receptors are 
the Toll-like receptors (TLR). TLRs are vital for physiologically sound gut 
function and development as their knock-out produces neuronal defects and 
reduces intestinal motility reverted by TLR agonism68. Hence, molecular cues 
from the gut microbiota are essential for the development and maintenance of a 
functional ENS and thus gastrointestinal physiology69.   

2.1.3 Immune system as a communication pathway 

The gastrointestinal tract hosts a diverse array of innate and adaptive immune 
system cells that are the frontline responders to immune challenges generated by 
the gut microbiota32. It has been established that gut microbiota is in the apex of 
normal immune development and that microbiota–host immune crosstalk is 
established early in life52. Evidence shows that the offspring’s immunity is 
shaped by the maternal microbiota and that the microbial molecules and 
metabolites are the key transmitters48. After birth, the wealth of microbial 
molecules that challenge the developing immune system mediate the immune 
imprinting that is severely dysfunctional in GF mice70. Pattern-recognizing 
receptors, such as the mentioned TLRs, are the central receptors for detecting 
microbiota-associated molecules like lipopeptides and -polysaccharides and 
further training the immune system41, 71. Recognition of microbiota-associated 
molecular patterns will trigger innate immunity response resulting in a cascade 
of signals that eventually drive the production of cytokines and chemokines and 
infiltration of macrophages and dendritic cells in the site of inflammation. In 
infants the immaturity of the immune system protects the infant from excessive 
inflammatory responses towards microbial clues52. 

The signaling cascade initiated by the innate immunity is also required for the 
response of adaptive immunity cells, mainly circulating T- and B lymphocytes52. 
By its name, the adaptive immune system adapts to challenges through regulation, 
specification and tolerance facilitated by the memory T and B cells. Thus, 
exposure to microbes and their metabolites is reflected on immunoregulation of 
the adaptive immune system16. Recently, a link between this immune system and 
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the gut–brain axis was demonstrated by antidepressant-like behavioral changes 
induced by transferring lymphocytes from stressed mice to their immune-
deficient counterparts72. Short-chain fatty acids (SCFA) produced by the gut 
microbiota can also modulate the homeostasis of intestinal T cells through 
maturation of regulatory T cells22, 73.  

 During the inflammatory response, immune cells produce pro- and anti-
inflammatory cytokines that are signaling proteins interacting with other cells and 
membranes. Pro-inflammatory cytokines have the potential to induce depressive-
like behavior and reduce appetite which are characteristic to sickness behavior74. 
This implies that cytokines signal the brain via peripheral routes, or they can be 
transported to the CNS. Unlike immune cells or most microbiota-derived 
metabolites, cytokines can cross the blood–brain barrier (BBB) and increase its 
permeability. Alternatively, the lymphatic system can also pertain passage of 
cytokines, immune cells and even microbial components to the CNS75. As a part 
of the lymphatic system, the meningeal lymphatic vessels are responsible for the 
exchange and draining of the cerebrospinal and interstitial fluid from the CNS 
providing a potential opening for translocation of peripheral cells and molecules. 
Induction of immune reaction in the CNS, neuroinflammation, also activates 
microglia and astrocytes both of which are presumed targets of microbiota-derived 
metabolites76. While the repertoire of mechanisms by which microbiota signals the 
brain remains undisclosed, the findings of microbial modulation on the CNS 
immunity emphasizes the significance of gut–brain axis on brain homeostasis77. 
With the communication pathways described, the following chapter will cover 
currently established microbial-derived metabolites and their properties in the 
context of gut–brain axis. 

2.2 Metabolomics in the study of the gut–brain axis 

2.2.1 Metabolomics approaches 

Progress in high-throughput technologies has revolutionized scientific research78. 
Large-scale assessment of biological molecules in a short period of time is 
characteristic to the scientific field called omics. Different omics applications 
focus on specific molecules like DNA (genomics), RNA (transcriptomics, 
proteins (proteomics) or metabolites (metabolomics). Metabolomics studies the 
small molecules (<1500 Da) derived from cellular metabolism, reflecting the 
functional output of other omics levels at the time of sample collection. Existing 
sub-fields within metabolomics can focus on specific metabolite classes such as 
lipids (lipidomics) or volatiles (volatilomics), or particular areas of science such 
foodomics. Metabolic profiling, the comprehensive assessment of metabolites in 
a sample, is for mapping dietary or disease biomarkers and characterizing 
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cellular metabolism (Figure 2)1. Integrating multiple layers of omics data in 
multi-omics studies provides a holistic view of the intrinsic factors driving 
disease risks. In the context of gut–brain axis, integrating metagenomics data 
from gut microbiota with host metabolomes offers insights into microbial 
influence on host metabolic profiles associations with emotional or cognitive 
functions79. In the following paragraphs, the main methodologies and general 
aspects of sample treatment are discussed. 

A targeted, quantitative metabolomics approach studies specific metabolites 
of interest, usually a few tens, though newer methods can quantify even hundreds 
accurately80. Targeted metabolomics, or rather targeted metabolite analysis as 
metabolomics is by definition nontargeterd, is hypothesis-driven, selecting 
metabolites based on common pathways, chemical class or other relevant 
physicochemical for the hypothesis. Strengths include specificity, accuracy and 
possibility to quantify absolute concentrations. Although developing validated 
targeted metabolomics method is laborious and may require additional sample 
concentration steps for the low-abundant metabolites, downstream data 
processing is more straightforward than in nontargeted methods. Moreover, 
targeted approaches can achieve higher analytical sensitivity than nontargeted 
approaches by focusing on selected precursor ions, mass-to-charge ratios (m/z) 
or retention time ranges. Since microbial metabolites belonging to classes of bile 
or amino acids are relevant for the gut–brain axis signaling, several studies have 
implemented targeted assays focusing on them81-83. 

Contrary to targeted approaches, nontargeted metabolomics (also known as 
metabolic profiling, nontargeted or global metabolomics) aims to cover the full 
range of metabolites in a sample detectable by the chosen analytical technique84. 
These studies are hypothesis-generating, typically focusing on differentiating 
metabolites between case and control groups, measured by their relative 
abundances. Consequently, this approach enables the detection of known, 
suspected and unknown metabolites, expanding the pool of potentially 
interesting metabolites to thousands. Since the aim is to cover a broad range of 
analytes, sample treatment procedures are usually straightforward, enabling 
high-throughput and sensitive analysis. However, the richness of the data 
requires several downstream processing steps to align and normalize data, reduce 
background noise and account for missing data. Confirming compound identities 
requires analysis of analytical standards to match the molecular features, limiting 
identification to established compounds. To address some of the limitations, 
semi-targeted approaches combine standards with nontargeted methods to 
determine absolute concentrations of selected metabolites complementing 
metabolic profiling79. Nevertheless, metabolic profiling is widely utilized to 
probe how neurological disorders alter metabolism or how microbiota presence 
or absence affects the host85-87. 
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Regardless of the metabolomics approach, metabolites need to be extracted 
from biological matrixes84. First, snap-freezing or embedding is used at 
collection to stop metabolic reactions. Metabolite extraction is facilitated by 
extraction solvent which also acts as a dilutant, quenches the metabolism and 
precipitates proteins. The choice of extraction solvent is crucial for metabolite 
coverage with methanol or acetonitrile mixed with water being common 
choices79. Combining different organic solvents like methyl tert-butyl ether or 
dichloromethane improves extraction coverage. Liquid samples such as plasma 
or urine can use simple and rapid liquid-liquid extraction. Solid samples like 
tissues or fecal material may require mechanical homogenization to break down 
the matrix and release metabolites. Extraction may include additional steps like 
derivatization or concentration by evaporation but generally ends with 
centrifugation and filtration to remove extra material from the sample. Together, 
combining different extraction methods and biological matrices provides 
comprehensive insight into an organism’s metabolic landscape. 

 
Figure 2. Metabolomics workflow from sample treatment to metabolite identification. 
Metabolites can be extracted from virtually any type of biological samples. Choice of 
the analytical instrument, or their combinations, depend on the approach or target 
metabolites. Data handling requires bioinformatics tools and several preprocessing 
steps. Annotation is facilitated by chemical standards, spectral databases and in silico 
tools. GC, gas chromatography; LC, liquid chromatography; MALDI, matrix-assisted 
laser desorption ionization; MS, mass spectrometry; NMR, nuclear magnetic resonance 
spectroscopy; QToF, quadrupole-time-of-flight; QqQ, triple-quadrupole. Figure 
created in Biorender.com. 
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2.2.2 Analytical instrumentation 

Similar to the extraction method, no single analytical platform can 
comprehensively cover the entire metabolome84. Combining different platforms 
enables capturing most metabolites regardless of their chemical properties and 
concentrations ranging from picomolar to millimolar. Common platforms in 
metabolomics include NMR spectroscopy and MS. Both have their advantages 
and limitations, which are discussed in detail later, but they can be used in 
parallel to provide complementary information on the metabolome. Within MS 
techniques, the mass analyzer is chosen based on the study aim and resources. 
For example, triple quadrupoles are commonly used in targeted approaches, 
while quadrupole time-of-flights (QToF) or Orbitraps in nontargeted approaches. 
The latter two HRMS instruments provide information on analytes’ accurate 
masses and isotopic patterns.  MS is rarely used alone; coupling it with a 
chromatographic separation method, such as ultra-high performance liquid 
chromatography (UHPLC) or gas chromatography (GC), permits efficient 
analysis of chemically rich samples and supports metabolite identification. 
Additionally, mass spectrometry imaging is increasingly used to determine the 
spatial distribution of metabolites within tissue. The following paragraphs briefly 
review the advantages and disadvantages of NMR, GC-MS and LC-MS 
platforms. 

NMR spectroscopy offers robustness, reproducibility, structural elucidation, 
non-destructive and high-throughput capabilities84. It is the only metabolomics 
platform capable of determining the chemical structure of unknown compounds, 
making it ideal for novel metabolite identification when a high-concentration 
sample of the unknown compound is available. For instance, while MS suggested 
the presence of a known microbiota-derived metabolite in mice brain, NMR 
revealed their identity as two novel isomers of carnitine derivatives88. NMR 
samples do not require pretreatment, analysis is quantitative, can be completed 
in minutes, and the resulting spectra are robust and reproducible, enabling the 
reliance on spectral databases2. Moreover, samples can be used for other analysis 
after measurement. However, NMR has limited sensitivity (around few 
micromoles) and requires high liquid sample volumes (few hundred microliters). 
The widely used 1H NMR requires protonated molecules, and with limited 
sensitivity, the NMR spectrum from a biological sample can contain signals from 
around 100 metabolites89. Despite these limitations, NMR spectroscopy is 
broadly applied in metabolomics due to its robustness, quantitative nature, and 
wide range of organic metabolite coverage. 

GC-MS is ideal for analyzing thermally stable and volatile organic 
compounds or non-polar metabolites such as SCFAs, alcohols and ketones84. The 
range of detectable metabolites can be increased to (semi)polar metabolites like 
amino acids and amines by including a derivatization or other chemical 
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modification step in sample treatment. In GC-MS, volatiles vaporized at high 
temperature, are moved by inert carrier gas through a column where they interact 
with the column material based on their chemical characteristics. Volatiles spend 
varying time in the column before reaching the MS side. Commonly, volatiles 
are ionized by electron impact, producing reproducible fragmentation spectra, 
enabling the use of spectral libraries. In terms of sensitivity, GC-MS outperforms 
NMR reaching sub-millimolar concentrations. However, electron impact is a 
hard ionization technique not suitable for all metabolites, and GC gradients 
usually extend analysis time to tens of minutes. GC-MS has been extensively 
applied to measure microbial metabolites, like SCFAs, from fecal and blood 
samples in both targeted and nontargeted manner79, 90. 

UHPLC-MS offers the widest coverage of non-volatile analytes, tailored by 
extraction and MS techniques according to the research question80. In 
chromatographic separation, analytes are carried by liquid phase through a 
column covered in material with affinity towards, for example polar or nonpolar 
analytes. Targeted approaches can apply a single LC method for optimal 
separation of selected analytes, while nontargeted approaches can combine 
methods, like reversed-phase (RP) and hydrophilic interaction (HILIC) 
chromatography to separate both hydrophobic and hydrophilic analytes. 
Electrospray ionization (ESI) is the most used ionization technique in 
metabolomics, creating fewer fragments and preserving analytes compared to 
electron impact ionization. ESI allows ionization of a wide range of co-eluting 
compounds in a single assay, and together with LC separation, outperforms most 
metabolic profiling techniques. Ion-mobility spectrometry, useful for 
stereoisomer separation post-ionization, separates ions in gas-phase based on 
their structural features. LC-MS does not require extensive sample treatment, 
and analysis time can be limited to around ten minutes per sample, producing 
data on potentially thousands of metabolites. However, the resulting data in 
nontargeted approaches requires extensive data processing84. The next topic 
covers the steps in nontargeted LC-MS metabolomics data processing and how 
such data has been utilized to understand the molecular landscape within the gut–
brain axis. 

2.2.3 Utilization of nontargeted metabolomics data 

The acquired spectral data from nontargeted liquid chromatography–high-
resolution mass spectrometry (LC-HRMS) metabolomics analysis is complex 
and redundant, containing information from the sample, pre-treatment materials, 
eluents, instrument noise, and in-source adducts and fragments91. Analyzing a 
single sample can produce thousands of molecular features, with the number of 
detected features increasing with each sample. Signal abundances are relative to 
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the ionization efficiency and analyte concentration, further complicated by 
individual differences in metabolomes. To translate this high-dimensional data 
into identifiable metabolic signatures and meaningful biological information, 
peak-picking, alignment, data correction, quality control and reduction are 
essential procedures to ascertain data validity.  

Data processing begins with peak picking and alignment where spectral peaks 
are detected based on pre-set parameters defining peak height, mass accuracy, 
scan and retention time, and aligned across all samples1. Instrumental drift causes 
systematic distortion in the abundances of molecular features, which must be 
corrected before further processing. Drift correction is done by algorithms that 
correct feature abundances against those from regularly analyzed pooled quality 
control (QC) samples, representing a ‘mean’ sample92. After correction, quality 
metrics can be calculated for the molecular features’ abundances based on their 
coefficient of variation and residual standard deviation, followed by the removal 
of low-quality features originating from random variation or artefacts. 
Metabolomics data can contain missing values due to various reasons and data 
imputation methods such as Random Forest, K-Nearest Neighbors or minimum 
value can be used to address missing data93. Before proceeding to annotation and 
identification, the number of interesting features can be narrowed by applying 
filters such as sample-to-blank or signal-to-noise ratios, and multivariate or 
univariate analysis or machine-learning tools to reveal molecular features that 
are most discriminating or significantly different between sample groups. 
Several online platforms offer the entire pipeline from peak picking to statistical 
analysis, as well as vendor-specific and freeware community-maintained 
applications and programming tools that can be used in parallel to facilitate data 
processing and analysis1. 

Despite methodological approaches, metabolite identification remains the 
major bottleneck in nontargeted metabolomics91. Measurement of accurate mass 
and calculation of probable molecular formula can still result in tens of matching 
metabolites, and while chromatographic separation adds another data dimension, 
retention times are method and lab specific. Inspection of MS/MS fragmentation 
spectra significantly improves annotation rates, as MS/MS spectrum are 
metabolite-specific, although not enough to distinguish stereoisomers. Moreover, 
characteristic fragments are relatively reproducible between different MS 
instruments when the same fragmentation energy is applied, allowing querying 
of spectral libraries for possible candidates. Nevertheless, confident 
identification requires matching the accurate mass, retention time and MS/MS 
fragments against data from analytical standard analyzed with the same 
instrument and conditions. With over 100,000 known human metabolites94, 
creating and maintaining such internal libraries is impossible for a single 
research group or facility. Hence, annotation is assisted by public spectral 
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libraries, in silico tools predicting fragmentation patterns, and machine-learning 
approaches utilizing large databases for spectral matching and similarity scoring. 
Since chemically similar metabolites share some common fragments, molecular 
networking approaches are increasingly used to provide insight into chemically 
connected metabolites, bridging the gap between knowns and unknowns. 

In the context of gut–brain axis, a seminal 2009 study using nontargeted 
UHPLC-QToF-MS approach showed that over 200 unique mice blood molecular 
features were microbiota-associated, with particular enrichment in amino acid 
derivatives and sulfated metabolites95. Since then, metabolic profiling studies 
have verified the broad influence of gut microbiota on our metabolome, with one 
study suggesting that almost 50 % of variation in circulating metabolites is 
explained by the microbiota6. Metabolic profiling of circulating metabolites can 
also unravel metabolic signatures or altered metabolic pathways in neurological 
and mental disorders96, 97. Profiling of the fecal metabolome has been used as a 
proxy for microbial functionality and can reveal metabolic dysregulation linked 
to neurodevelopmental disorders where gastrointestinal symptoms are common14, 

98. Constantly accumulating metabolomics data has been translated into 
interactive platforms where users can inspect the metabolic signatures and their 
associations with background variables6, 11. With the establishment of 
community-sourced repositories, researchers can now mine millions of 
microbiota-associated MS/MS spectra and link them to specific microbial 
species or genera99. Mining public repositories has been used to identify novel 
microbiota-modified bile acid signatures in humans100. In an approach called 
reverse metabolomics, specific MS/MS patterns of novel metabolites are mined 
from public repositories to explore their biological significance in existing 
data101. 

2.3 Neuroactive properties of microbial metabolites 

2.3.1 Neurodevelopment 

Neurodevelopmental processes begin in the prenatal phase and continue 
throughout life, involving the generation, organization and reshaping of the 
nervous system. Recent studies indicate that microbial metabolites, such as 
butyrate, amino, and bile acid derivatives, modulate the formation of intestinal 
structures through cell proliferation102, 103. A seminal study in a mouse model of 
autism spectrum disorder (ASD) showed that maternal microbiota can drastically 
affect brain development in descendants17. ASD-related behavior abnormalities 
and defects in intestinal integrity and microbial composition in descendants are 
induced by immune activation in pregnant dams. Descendants exhibit increased 
intestinal permeability due to alterations in serum metabolite profiles, 
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particularly a 46-fold increase in 4-ethylphenylsulfate, a tyrosine derivative and 
uremic toxin. Microbiota-dependency was demonstrated by normalization of 
ASD-related behavior and metabolic abnormalities after administering 
Bacteroides fragilis, a human commensal. Underlining the significance of the 4-
ethylphenylsulfate, treating naïve wild-type mice induced anxiety-like behavior. 
A follow-up study linked the detrimental effects of 4-ethylphenylsulfate to 
interference in brain myelination, oligodendrocyte maturation and activity 
patterns in the limbic system19. 

4-ethylphenylsulfate has also been detected in the plasma of children with 
ASD, aligning with preclinical findings86. Another molecule, 4-
methylphenylsulfate also called p-cresol sulfate, differing from 4-
ethylphenylsulfate by methyl instead of ethyl substitution in the phenyl ring, 
impairs social behavior in mice, and this behavior was transferred by fecal 
microbiota transplantation (FMT)35. High circulating levels of p-cresol sulfate 
were measured in recipient, along with decreased myelination in the medial 
prefrontal cortex. In humans, urinary and fecal levels of p-cresol sulfate have 
been shown to be elevated in children with ASD compared to children without 
ASD104, 105. 

Conversely, some microbial metabolites have protective effects in humanized 
mouse model of ASD-like behavior. When GF mice received an FMT from ASD 
donors, circulating levels of 5-aminovaleric acid and taurine were significantly 
lower compared to control mice106. Taurine, a non-proteinogenic amino sulfonic 
acid, and 5-aminovaleric acid, a lysine degradation product, ameliorated ASD-
like features when administered to pregnant dams or offspring before reaching 
four weeks of age. Cognitive and social defects in offspring were ameliorated 
when acetic and propionic acids, two prominent SCFAs, were administered post-
weaning107. These beneficial effects were accompanied by improvements in 
hippocampal synaptic ultrastructure and microglial maturation. Microbial 
metabolism has also been associated with fear extinction learning, where 
appropriate response to environmental stimuli develops108. Neuronal plasticity 
necessary for learning processes was diminished in GF or antibiotic-treated mice 
but not in gnotobiotic mice, and this was associated with four phenolic 
metabolites and sulfates: 3-(3-sulfooxyphenyl)propanoic acid, phenyl, 
pyrocatechol and indoxyl sulfates. 

  Continuing the notion that microbial metabolites affect behavior through 
neurodevelopment modulation, a study implicated maternal microbiota products 
in fetal thalamocortical axonogenesis18. This process involves axonal branching 
connecting the thalamus to cortical brain areas, and absence of maternal 
microbiota interfered with the process, causing neurobehavioral defects in 
offspring. Restoration of axonogenesis was achieved even in the absence of gut 
microbiota by selected microbial metabolites: 5-aminovaleric acid, its betainized 
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form 5-aminovaleric acid betaine (5-AVAB), trimethylamine-N-oxide (TMAO), 
hippuric acid and imidazolepropionic acid. The microbiota-dependency of these 
metabolites and their translocation to the fetal brain have been previously 
reported, but their neurogenic properties were a novel finding85, 95, 109. 
Neurogenic metabolites have also been detected in adult mice, where tryptophan 
metabolites promote neurogenesis in the hippocampus or axonal regeneration 
after sciatic nerve injury110, 111. In the former, indole stimulation through the aryl 
hydrocarbon receptor was necessary to induce neurogenesis, while in the latter, 
regeneration was stimulated by 3-indolepropionic acid (IPA) mediated inhibition 
of neutrophil chemotaxis. Beyond neurodevelopment, gut microbiota-associated 
metabolites may also influence neurological functions such as neurotransmission, 
modulation of BBB integrity, neuroinflammation, neuronal energy metabolism, 
and neuroprotection, as illustrated in Figure 3.  
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Figure 3. Overarching neuronal functions of microbiota-associated neuroactive 
metabolites. Red arrows illustrate detrimental effects such as induction of 
neuroinflammation, disruption of blood–brain barrier, altered neurodevelopment, 
interference with neuronal signaling and mitochondrial function. Green arrows 
illustrate beneficial effect such as support of blood–brain barrier integrity or 
mitochondrial function, alleviation of neuroinflammation and rescue of 
neurodevelopmental processes or neuronal signaling.  5-AVA(B), 5-aminovaleric acid 
(betaine); BBB, blood–brain barrier; IPA, 3-indolepropionic acid; SCFA, short-chain 
fatty acid; TMAO, trimethylamine-N-oxide; TUDCA, tauroursodeoxycholic acid. 
Figure created in Biorender.com. 
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2.3.2 Neurotransmission 

The gut microbiota, through its enzymatic activities, significantly modulates the 
host’s production of various neurotransmitters95 within the gut lumen and can 
synthesize neurotransmitters de novo112. Prominent examples of bacteria-derived 
neurotransmitters include dopamine, norepinephrine, pipecolic acid and gamma-
aminobutyric acid (GABA)24, 112. Additionally, bacterial β-glucuronidase cleaves 
the glucuronide-conjugate from host-derived dopamine and norepinephrine, 
transforming inactive conjugated catecholamines into biologically active forms 
within the gut lumen23. Some microbial-species in the normal gut flora produce 
tryptophan-derived serotonin, a neurotransmitter associated with depression and 
substance-use disorders, though the impact of this serotonin supply on host 
physiology remains unclear113, 114. Microbial products may also act as 
neurotransmitter receptor agonists, binding to receptors and initiate signaling. 
For example, phenylethylamine, produced by microbial fermentation, can pass 
the BBB and act as a dopamine receptor agonist34. The previously mentioned 5-
aminovaleric acid and taurine are weak GABAA receptor agonists106, while 
tryptamine, a tryptophan derivative, can bind to serotonin receptor 5-HT4, 
increasing colonic secretion and gut transit time115. 

Despite of microbial potential for de novo serotonin synthesis, over 90% of 
the host’s serotonin is produced by the enterochromaffin cells in the gut, with 
gut microbiota playing a crucial regulatory role44, 116. Microbial metabolites can 
stimulate enterochromaffin cells to synthesize and release serotonin to the lamina 
propria. Tyrosine-derivative tyramine, a secondary bile acid deoxycholic acid, 
and 4-aminobenzoic acid have been shown to stimulate serotonin synthesis44. 
The ENS has nerve fibers expressing serotonin receptors, and inducing serotonin 
release increases enteric and vagal neuronal signaling towards the CNS. 
Serotonin-releasing properties have been observed with several microbiota-
associated metabolites, including tryptophan derivatives indole and indole-3-
aldehyde, norepinephrine and SCFAs like butyric, isobutyric and isovaleric 
acids58, 117. Recently, the small intestine and cecal SCFAs (acetic, butyric and 
propionic acids), secondary bile acids and indoxyl sulfate, were shown to 
promote vagal nerve activity by receptor-mediated activation of the 
enteroendocrine cells26. Indole and SCFAs also promote the release of gut 
hormones that modulate motility, secretion and satiety. Indole can transiently 
promote the release of GLP-1 from colonic L cells118, while SCFAs induce 
enteroendocrine cells to secrete PYY and GLP-1 and release leptin from 
adipocytes, collectively regulating food intake and satiety45, 46, 119, 120. However, 
indole overproduction can stimulate vagal afferents in the intestine and induce 
anxiety-like behavior in mice but only under chronic stress121. Conversely, 
tryptophan-derived indoles have been associated with reduced anxiety-like 
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behavior in humanized mice receiving FMT from patients with irritable bowel 
syndrome and subsequent probiotic supplementation122. A recent study observed 
overexcitability of principal neurons in the basolateral amygdala, a key brain 
structure in anxiety-related behavior, in GF mice123. Indole supplementation in 
the absence of gut microbiota reverted amygdala neuronal overactivity and 
ameliorated anxiety-like behavior, suggesting a mechanism for indole’s anxiety-
relieving effects. Although not reported, the anxiety-ameliorating effect may be 
related to shifts in plasma serotonin or norepinephrine levels124 or SCFA 
production, as butyric and propionic acid have stress-relieving properties via 
downregulation of genes involved in hypothalamic stress signaling125. 

The variety of luminal microbiota-associated neurotransmitters is 
considerable, but their impact on CNS signaling and levels is not straightforward. 
In conventionalized mice, the substantially higher peripheral and colon GABA 
levels were not reflected in brain levels compared to GF mice109. Instead, GF 
mice had higher levels of both dopamine and GABA109, 126. However, indirect 
modulation of CNS neurotransmitters and subsequent signaling by microbiota-
associated metabolites has been recorded. Glutamate, a neurotransmitter and 
precursor of GABA, participates in hippocampal glutamatergic signaling127. 
Tryptophan-derived kynurenic acid can modulate extracellular glutamate levels, 
and limiting kynurenic acid supply has been shown to increase hippocampal 
glutamate levels, enhancing memory and cognitive performance in vivo127-129. 
Following an FMT from schizophrenic patients, recipient mice showed 
decreased hippocampal glutamate and increased GABA without notable effects 
on circulating GABA130. Treatment with probiotic Lactobacillus rhamnosus 
increased brain levels of glutamate, GABA and N-acetyl aspartate, with levels 
returning to baseline after treatment cessation121. Previously, L. rhamnosus 
treatment modulated regional brain GABA receptor expression and reduce 
anxiety- and depression-like behavior in mice43. 

Other examples of GABA-linked microbiota-associated metabolites are 
lysine-derived pipecolic acid and lactate. Pipecolic acid has been detected in the 
brain and is involved in GABAergic signaling or GABA release within the 
CNS131, 132. Lactate has been linked with hippocampal and frontal cortex GABA 
expression and has been shown to improve memory and learning through 
neuroplasticity in mice133, 134. In addition to GABA-related signaling, lactate 
induced the expression of hippocampal brain-derived neurotrophic factor, a 
neuronal growth factor involved in learning and memory functions135. SCFAs 
like butyric acid may also regulate the production of neurotrophic factors, such 
as brain-derived neurotrophic factor, in the CNS39. However, negative 
neuromodulatory effects are also possible as demonstrated with p-cresol 
administration, which induced negative traits in anxiety-like and social behavior 
through alterations in dopamine turnover and receptor activity and signaling in 
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oxytocinergic and opioidergic systems136-138. Recently, significant elevations of 
prefrontal cortex p-cresol were linked with altered dopaminergic signaling in the 
prefrontal cortex and increased abundance of protein-fermenting gut bacteria 
families in a preclinical model of post-traumatic stress disorder139. 

While preclinical studies have provided preliminary mechanisms and 
pathways in which the neuromodulatory potential of microbial metabolites 
manifests as behavioral symptoms or altered cognitive performance, similar 
observations in humans are scarce. Decreased serotonin levels have been 
suggested as indicators of depression, or alcohol use disorder, or even causal 
factors for neurological and cognitive symptoms associated with COVID-19140-

142. However, serotonin homeostasis is complex with considerable external 
modulators such as diet143 influencing circulating levels independently from 
strictly regulated cerebral levels140, 141. Tryptophan metabolism and its 
relationship with mental health have been studied in different populations, with 
meta-analysis supporting a decreasing trend in tryptophan and related 
metabolites in patients with major depressive disorder144. Tryptophan catabolism 
through the kynurenine pathway has been linked to depression145 and cognitive 
functions in obese individuals146 and females with medically diagnosed 
depression83. Alternatively, the microbiota-orchestrated indole pathway, 
specifically end-product urinary indoxyl sulfate, has been associated with 
recurrent depressive symptoms, and circulating indoxyl sulfate with anxiety147, 

148. There are also indications that psychobiotics, probiotics conferring mental 
health benefits, modulate tryptophan metabolism by favoring serotonin 
pathway27 instead of kynurenine pathway149. Beyond serotonin, a dopamine-
related microbial pathway synthetizing 3,4-dihydroxyphenylacetic acid has been 
associated with mental quality of life score114 but also suggested as a biomarker 
of Alzheimer’s disease150. Understanding these interactions opens new avenues 
for exploring therapeutic strategies targeting the microbiota-neurotransmitter 
relationship. 

2.3.3 Blood–brain barrier integrity 

The BBB is a selective barrier separating circulating blood from the brain, except 
for the circumventricular organs151. The BBB has a significant neuroprotective 
role, preventing the translocation of toxins, pathogens, cells and large molecules 
from circulation, thus preserving brain homeostasis and functions. Consequently, 
the BBB also limits the passage of most gut-derived metabolites or 
neurotransmitters. It is formed by endothelial cells connected by tight junctions 
composed of transmembrane proteins like claudins and occludins, connected to 
cytoskeleton actin filaments via zonula occludens 1 and 2 proteins, along with 
adherent junctions sealing the vascular wall. However, supporting cells such as 



 Review of the Literature 21 

 

astrocytes, pericytes and microglia also contribute to barrier maintenance and 
connect the BBB to surrounding neurons and vasculature. Semipermeability is 
enabled through selective transport mechanisms, including diffusion of small 
hydrophilic molecules such as ethanol, ion transporters, carrier-mediated 
transporters, and receptor-mediated or adsorptive transcytosis. Findings of 
altered barrier function and increased permeability in pathological conditions 
have highlighted the effect of gut microbiota and its metabolites on BBB 
function152. 

Although the BBB prevents translocation of most molecules, studies in GF 
mice have indicated that some microbial metabolites can pass the barrier, likely 
via transporters mentioned previously18, 85. Metabolite translocation is not 
limited to preclinical models as analysis of postmortem human brain samples has 
shown detectable levels of microbial products like TMAO, hippuric acid and 5-
AVAB153. Secondary bile acids, such as taurolithocholic, ursodeoxycholic, and 
3-dehydrochenodeoxycholic acids, have been measured in the brains of 
Alzheimer’s disease patients in significantly higher proportions than in control 
samples154. However, it is unclear whether altered barrier integrity results from 
metabolites or the pathological condition. Nevertheless, serum levels of 
deoxycholic acid and its taurine or glycine conjugated forms are associated with 
cognitive impairment in Alzheimer’s disease patients81, and gradual increases in 
lithocholic acid over disease progression have been recorded155. Moreover, a 
distinct group of bacterial species drives the metabolism of these bile acids, but 
their significance in disease progression is yet to be established156. 

GF mice display signs of disrupted BBB compared to specific pathogen-free 
mice highlighting microbial interplay developing a functional BBB157. 
Dysfunction was evident in the embryonic state, emphasizing the significance of 
the prenatal environment and maternal microbiota. However, administration of 
butyrate or monocolonization with butyrate-producing bacterial species restored 
tight junction protein levels and barrier integrity to control levels. Increased 
expression of tight junction protein also partly restored BBB integrity after a 
single intraperitoneal injection of sodium butyrate in a mouse model of traumatic 
brain injury158. Propionic acid alone has been shown to improve BBB integrity 
by mitigating oxidative and pro-inflammatory pathways in vitro159. The 
beneficial effects of SCFAs reach the blood–cerebrospinal fluid barrier, as 
microbial colonization or administration improved barrier integrity in a mouse 
model of Alzheimer’s disease160. In the same study, the beneficial effect was 
likely exerted by direct interaction between the barrier and butyrate/propionate, 
as vagotomy did not diminish the improvement, nor were the SCFAs detectable 
in the cerebrospinal fluid. Endothelial cells in the barrier express 
monocarboxylate transporters and free fatty acid receptors, which could be 
responsible for the observed effects without substantial translocation to the brain, 
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although similar receptors are expressed in neurons and astrocytes39. Within the 
brain, SCFAs may promote histone acetylation and participate in gene regulation. 
However, contrary to the preclinical in vivo and in vitro models, the uptake of 
SCFAs to the human brain is nominal. 

Apart from SCFAs, other microbial metabolites are associated with BBB 
integrity. Secondary bile acids have varying effects on BBB permeability. 
Injection of deoxycholic acid in rats increased barrier permeability by disrupting 
the tight junction protein zonula occludens 1 and 2 and occludin161. In contrast, 
in an in vitro model of severe hyperbilirubinemia, ursodeoxycholic acid partially 
restored barrier integrity by protecting endothelial cells from apoptosis162. 
Trimethylamine (TMA) and its oxidized form, TMAO, have opposing effects on 
BBB integrity163. TMA impairs barrier integrity in vitro by degrading the actin 
cytoskeleton and inducing metabolic stress. Conversely, physiological levels of 
TMAO enhance BBB integrity both in vitro and in vivo by promoting anti-
inflammatory pathways and protecting from lipopolysaccharide-induced stress. 
Another metabolite protecting BBB from lipopolysaccharide-induced damage is 
the host–gut co-metabolite p-cresol glucuronide164. Interestingly, the protective 
mechanism depends on the presence of lipopolysaccharide, as the p-cresol 
glucuronide acts as BBB TLR4 antagonist, inhibiting endotoxin binding and 
subsequent BBB degradation. IPA was recently shown to rescue the degradation 
of tight junction proteins and downregulate disruptive signaling pathways in an 
in vitro model of ischemic brain injury165 Finally, indoxyl sulfate was shown to 
induce BBB disruption and cognitive impairment in a rat model of renal 
dysfunction, with barrier disruption mediated through aryl hydrocarbon receptor 
activation166. Together, these data indicate that microbial metabolites modulate 
BBB integrity through various mechanisms, but the evidence is still preliminary 
and largely from preclinical models. 

2.3.4 Neuroinflammation 

The pivotal role gut microbiota plays modulating the host's immune system, 
influencing both local and systemic immune responses, was demonstrated in GF 
mice71, 77, 167, 168. Bacteria and microbiota-associated molecular patterns educate 
the host’s immune system to maintain immune homeostasis, discriminating 
pathogenic bacteria from symbiotic bacteria. Microbial metabolites can also have 
pro- or anti-inflammatory effects that reach the CNS168. Within the CNS, the 
inflammatory responses initiate the production of reactive oxygen species, pro-
inflammatory cytokines, and chemokines by the resident brain cells or migrating 
immune cells, leading to neurofinlammation169, 170. Neuroinflammatory cascades 
can be triggered by central infection or trauma, but systemic conditions such as 
metabolic disease or aging also induce neuroinflammation. Depending on the 
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magnitude and duration of neuroinflammation and the counteracting measures 
by microglia and macrophages, the outcome may support brain homeostasis or 
sustain neuropathological processes171. 

The dualistic properties of microbial metabolites on neuroinflammation are 
robustly portrayed by the SCFAs and tryptophan derivatives. From the 
perspective of immune homeostasis, SCFAs have fundamental properties, as 
SCFA administration can reinstate T cell maturation and balance and increase 
microglial function in the CNS, even in the absence of the microbiota77, 172. In a 
mouse model of cerebral hypoperfusion, SCFA administration or colonization 
with SCFA-producing bacterial species mitigated neuronal apoptosis and 
hippocampal neuroinflammation25. Conversely, propionic acid has been 
associated with detrimental effects on CNS neuroinflammation and behavioral 
abnormalities in ASD rat models173-176. Acetate alone promoted microglial 
maturation and mitochondrial function but limited phagocytic capacity, resulting 
in a net-negative effect on amyloid beta protein deposition, the assumed driver 
of Alzheimer’s disease progression177. SCFAs increased both alpha-synuclein 
deposition in an in vivo model of Parkinson’s disease and amyloid beta protein 
deposition in an in vivo model of Alzheimer’s disease but these effects were not 
repeated in vitro25, 56. Additionally, the limited number of clinical trials with 
SCFA supplementation have not resolved the inconclusive preclinical results178, 

179. 
Tryptophan-derived metabolites, especially products of the kynurenine 

pathway have both pro- and anti-inflammatory properties through the agonism 
of the aryl hydrocarbon receptor pathway180, 181. Indoxyl sulfate promoted 
neuroinflammation and cell death in vitro in astrocytes and glial cells and 
induced histological brain alterations in vivo36. In a rat model of chronic kidney 
disease, indoxyl sulfate supplementation impaired behavior and spatial memory 
performance182. However, indoxyl sulfate, along with indolepropionic acid and 
indole-3-aldehyde, also alleviated CNS inflammation in vitro and in vivo in a 
mouse model of multiple sclerosis183, 184. Suppression of proinflammatory gene 
expression was observed in human astrocytes after indoxyl sulfate treatment, 
along with reduced aryl hydrocarbon receptor-dependent activation184. 
Parkinson’s disease patients display increased cerebrospinal fluid levels of 
indoxyl sulfate compared to controls, even in the absence of renal dysfunction185. 
Activation of aryl hydrocarbon receptor also drove the beneficial effects of 
urolithin A supplementation, a polyphenol metabolite, inhibiting 
neuroinflammatory processes and microglia activation in mouse models of 
multiple sclerosis and stroke186-188. Another polyphenol, quinic acid, alleviated 
neuroinflammation and amyloid beta protein deposition likely by increasing 
indole-3-acetic and kynurenic acids and inhibiting the nuclear factor-kappa B 
signaling pathway189. Anti-inflammatory effects of polyphenols may also be 
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mediated by the suppression of cytokine secretion, as dihydrocaffeic acid, a 
derivative of caffeic acid, decreased circulating interleukin-6 levels in a mouse 
model of stress-induced depression190. 

As demonstrated by SCFAs and tryptophan metabolites, the overall influence 
on neuroinflammation can differ depending on the disease state. Age can also 
play a role, as ingestion of the advanced glycation end product N6-
carboxymethyllysine induced microglial dysfunction only in aged mice, but not 
in young mice191. The effect was dependent on age-related microbiota 
composition, jeopardizing gut barrier integrity and increasing translocation of 
the metabolite to circulation and the brain. In the same study, TMAO was among 
the upregulated metabolites in aged mice’s brain and circulation. Elsewhere, 
TMAO has been shown to aggravate post-operative cognitive dysfunction in 
aged rodents and promote hippocampal cytokine release in a Parkinson’s disease 
model through neuroinflammatory mechanisms192-195. Both N6-
carboxymethyllysine and TMAO have been detected in the CNS of Alzheimer’s 
or Parkinson’s disease patients185, 196, 197. In elderly humans, an inverse 
correlation has been recorded between cognitive performance and TMAO192 
while N6-carboxymethyllysine has been associated with oxidative stress198. 
Hence, the physiological state is an important mediator of the overall relationship 
between microbial metabolites and neuroinflammation. 

2.3.5 Neuronal energy metabolism 

Despite accounting for roughly 2 % of the total body mass, the brain consumes 
around 20 % of our resting energy expenditure199. Cognitive functions are 
energetically costly, primarily driven by neurons, the principal component of 
nervous tissue. To maintain synaptic excitability, glucose is primarily used as 
fuel, but lactate and ketone bodies can be utilized if glucose supply falls short. 
The properties of lactate and ketone bodies extend beyond maintaining energy 
balance. Astrocytes produce lactate through glycolysis, which is subsequently 
used by neurons. This astrocyte-neuron lactate shuttle is central to long-term 
memory formation and synaptic plasticity200. Lactate supply from astrocytes is 
also linked with the neural glutamine-glutamate cycle, affecting downstream 
glutamate and GABA, both associated with learning and memory201, 202. Lactate 
receptors are widely expressed throughout the cerebral neocortex, hippocampus 
and BBB, promoting neural activity independently, emphasizing its role beyond 
being mere energy source. 

Ketogenic diet rich in fat and low in carbohydrates, has gained attention for 
symptom improvement in treatment-resistant epilepsy patients and protective 
effects in preclinical models of neurodegenerative disorders203. Administration 
of ketogenic meals or the ketone body β-hydroxybutyrate has been found to 
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promote cognitive performance and memory function in elderly individuals or 
patients with type 2 diabetes204, 205. Similar to lactate, β-hydroxybutyrate is 
involved in the glutamate and GABA pathways, as GABAergic neurons can use 
β-hydroxybutyrate as a substrate in neurotransmitter synthesis206. Moreover, 
alterations in GABA and β-hydroxybutyrate have also been recorded in subjects 
with heavy alcohol use. A gut microbiota-dependent depletion of β-
hydroxybutyrate was observed in individuals with alcohol use disorder (AUD) 
along with changes in social and depressive behavior207. In line with the 
depletion of circulating β-hydroxybutyrate, GABA levels were reduced in the 
brains of deceased subjects with a history of chronic alcohol use153. 

Fasting increases the production of ketone bodies and could theoretically alter 
cognitive function. In diabetic mice, intermittent fasting enhanced cognitive 
function and improved mitochondrial gene expression in the hippocampus208. 
While depletion of microbiota abolished the observed effect of fasting, 
administration of IPA, tauroursodeoxycholic acid or SCFAs recapitulated the 
effect of fasting on hippocampal energy metabolism and cognition. IPA has been 
previously linked with improved mitochondrial respiratory rates and function in 
neuroblastoma cells or mice brain cell cultures209, 210. Although mitochondrial 
defects have been associated with ASD211, the butyric acid-induced improvement 
in mitochondrial function in vitro212 was not observed in an in vivo model of 
ASD where both butyric and propionic acid treatment interfered with brain 
mitochondrial fatty acid metabolism213. In contrast, in an in vivo model of aged 
mice, neither sodium acetate nor propionate halted microglial mitochondrial 
function, but N6-carboxymethyllysine damaged mitochondrial structures, 
inducing microglial metabolic dysfunction191. Alterations in mitochondrial fatty 
acid oxidation rate are not unique to SCFAs, as other microbial-derived 
metabolites have similar properties. Carnitine mediates fatty acid oxidation, and 
carnitine analogues 3-methyl-4-(trimethylammonio)butanoate and 4-
(trimethylammonio)pentanoate colocalize with carnitine in brain white matter, 
interfering with mitochondrial function88. An isomer of these compounds, 5-
AVAB, also limited fatty acid oxidation by altering carnitine transportation into 
cells in mouse cardiomyocytes214. Together, findings of altered mitochondrial 
function in neurological or neurodegenerative disorders and the variety of 
metabolites with potential to regulate neuronal bioenergetics warrant continued 
research in brain energy metabolism and gut–brain axis. 

2.3.6 Neuroprotection 

Neuroprotective actions or measures preserve, recover or protect neuronal 
structures or homeostasis. Many compounds described in the previous chapters 
possess neuroprotective qualities, such as mitigating inflammation or oxidative 
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stress and promoting neuronal regeneration. Mapping neuroprotective 
compounds is crucial due to the wide variety of conditions characterized by 
neuronal damage, including aging, neurodegenerative disorders, and traumatic 
brain injuries all. In addition to previously mentioned metabolites, a significant 
group of neuroprotective compounds is phytochemicals215. Present in plant-
based products and released from the plant matrix by digestion or activated by 
gut microbiota metabolism, many phytochemical metabolites have shown 
promise in preclinical models of neurodevelopmental disorders. 

Phytochemical metabolites, including ellagitannins, isoflavones, flavonoids, 
and phenolic acids, have preliminary evidence of neuroprotective features. 
However, due to the chemical complexity of phytochemicals that are further 
amplified by microbial metabolism, neuroprotective potential is rather 
compound specific as exampled by BBB perfusion capability216. Examples of 
microbiota-produced phytochemical derivatives, 3-hydroxybenzoic acid and 3-
(3′-hydroxyphenyl)propionic acid, were found to accumulate in mice brains 
after administration of grape seed extract or red wine and decrease amyloid β 
protein build-up in vitro217. Ergothioneine, a histidine-derivative, was able to 
cross the BBB and protected against amyloid β protein-induced cellular damage 
both in vitro and in vivo218, 219. Ferulic acid, a phenolic compound in plant fiber 
matrix, reduced pathological brain changes and improved memory in a model of 
cerebral amyloidosis220. Preliminary evidence also links other gut microbiota-
related phytochemical metabolites like hesperitin, sulforaphane, and s-equol to 
neuroprotective benefits against neurodegenerative diseases221. 

Some previously mentioned metabolites, like tauroursodeoxycholic acid, IPA, 
and urolithin A, also have specific neuroprotective characteristics observed in in 
vitro and in vivo models of amyloid beta protein-associated illnesses. For 
instance, IPA alleviated cell apoptosis and oxidative stress in neuroblastoma 
cultures treated with amyloid β protein222. Tauroursodeoxycholic acid mitigated 
neuronal apoptosis and interfered with amyloid β protein build-up in preclinical 
models of Alzheimer’s and Parkinson’s disease223, 224. In a mouse model of 
cerebral ischemia, ferulic acid limited neuronal cell death and improved memory 
performance post-ischemia37. A downstream microbial product of ferulic acid 
showed antioxidative properties in an in vitro model of human neuroblastoma 
cells38. Besides its neuroprotective qualities against amyloid β deposits, ferulic 
acid has potential in mitigating depression and neuronal damage post-ischemia. 
In a mouse model of corticosterone-induced depression, ferulic acid alleviated 
depressive behavior and oxidative stress in the brain225. Urolithin A protected 
mice from aging-related cognitive decline and pathological changes in brain 
neuronal structure, likely mediated through nerve factor kappa B and mTOR 
signaling226. 
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Despite the accumulating evidence of phytochemicals’ neuroprotective 
characteristics, current research remains speculative. A healthy dietary regimen 
is associated with brain-related benefits, but such studies do not provide 
molecular-level resolution to isolate molecules driving the effects. However, 
administrating plant or fruit extracts typically yields cognitive improvements or 
mood benefits, but extracts are mixtures of different molecules rather than pure 
isolates227. Identifying potential compounds and revealing the microbiota-
assisted molecular pathways behind the compounds’ health-promoting effects is 
crucial to unfold the diet-microbiota-health crosstalk. 

2.4 Lifestyle factors and the gut–brain axis 

2.4.1 Lifestyle factors influencing the gut–brain axis 

The preceding chapters detailed the complex communication network within the 
gut–brain axis and the role of microbiota-related metabolites. While genetics and 
both pre- and postnatal periods influence the establishment and development of 
the gut–brain axis, lifestyle factors are crucial for maintaining gut function and 
brain health later in life (Figure 4). Approaches to promote overall health 
through optimal lifestyle choices may rely on gut–brain axis-dependent 
signaling33. A balanced diet rich in fiber and fermented products promotes a 
diverse gut microbiota in terms of composition and function228. Conversely, an 
unhealthy diet promotes dysbiosis, increased gut barrier permeability, and 
systemic low-grade inflammation. Harmful factors such as smoking, substance 
use, or alcohol use induce inflammatory and neuronal damage229. Exercise, 
recognized for its metabolic benefits, also regulates mood and cognitive function 
and is advocated as a tool for stress management230. Thus, the net influence of 
lifestyle factors on the gut–brain axis and health should not be overlooked. The 
following paragraphs discuss the role of selected lifestyle factors in the context 
of gut–brain axis, with an emphasis on alcohol intake and inulin fiber. 

Obesity is associated with systemic low-grade inflammation, characterized by 
chronically elevated levels of circulating pro-inflammatory cytokines231. This 
pro-inflammatory setting drives β-cell exhaustion and interferes with tissue 
insulin signaling, contributing to the development of type 2 diabetes and further 
accelerating inflammation. The main drivers of this low-grade inflammation are 
the number and function of adipose tissue macrophages in obesity. As adipose 
tissue expands, the number of macrophages in the adipose tissue increases, and 
their polarization shifts towards a pro-inflammatory state, increasing the 
production of TNF-α, IL-6 and IL-1β among other cytokines or chemokines. 
Similar macrophage accumulation and differentiation occur in the liver, 
promoting steatosis and steatohepatitis. Hypoxia, or insufficient oxygen supply, 
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triggers adipose tissue inflammation when vasculature formation does not keep 
up with the oxygen needs of expanding tissue. Obesity also alters gut microbiota 
composition and increases gut and brain barrier permeability, subjecting the 
intestinal and cerebral immune systems to increased influx of microbial 
metabolites and inflammatory molecules232. Reports of transferring depressive-
like behavior and neuroinflammatory signatures through FMT to recipient mice 
in the absence of obesity suggests a major role of microbiota composition and 
function in developing obesity-associated neuroinflammation233, 234. These 
mechanisms may explain neuroinflammatory responses associated with obesity 
in preclinical models. Moreover, obesity-associated neuroinflammation has been 
linked to poorer performance cognitive test235, 236. While obesity predisposes to 
neuroinflammation, dietary factors contributing to obesity and inflammation 
should not be overlooked. 

Several dietary patterns have been studied in the context of brain health and 
cognitive function237. Despite differences, whether it’s the Mediterranean diet, 
the Dietary Approach to Stop Hypertension, the Mediterranean–DASH diet 
intervention for neurodegenerative delay, or the Inflammatory diet, these 
patterns share common core features. They emphasize consuming vegetables, 
fruits, whole grains, oils rich in unsaturated fatty acids, fish, lean meat, and low-
fat dairy products while discouraging the use of red and processed meat, 
convenience foods, and foods high in saturated fat or cholesterol. Apart from the 
Mediterranean diet, which has shown significant effects on cognitive outcomes 
in clinical trials, evidence of positive effects between dietary patterns and 
cognitive outcomes primarily comes from observational studies. Rather than 
pinpointing a single biological pathway behind the neuroprotective effects, it is 
likely that neurological health benefits are conferred synergistically, including 
slowing neurodegenerative or neuroinflammatory processes, improving cerebral 
vascular or bioenergetic states, and modifying epigenetics or host–microbiota 
interactions.  

As diet strongly modulates gut microbiota composition, and plant-rich diet 
provides ample feed for microbial metabolism, the gut–brain axis is 
acknowledged as a core regulator in observed diet-related benefits238. For 
example, microbial products of carbohydrate fermentation or bile acid 
metabolism, SCFAs and secondary bile acids, interact with local immune and 
nervous networks, inducing signaling cascades that regulate satiety and 
immunomodulatory responses. Polyunsaturated fatty acids have also been 
scrutinized for their ability to modulate microbiota composition, interlink with 
microbial metabolism, and influence cognitive function. Thus, targeting 
microbiota through selected dietary components is an intriguing option for 
adjunctive therapies in brain-related disorders. 
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Prebiotics or probiotics are increasingly used to improve mood or cognitive 
functions by targeting the gut microbiota. Prebiotics contain substrates 
selectively used by gut microorganisms, while probiotics contain live 
microorganisms, both conferring health benefits on the host239. Synbiotics 
combine prebiotics and probiotics synergistically, while postbiotics consist of 
non-living microorganisms or their components. Prebiotics or probiotics can be 
acquired from natural sources like fermented foods or vegetables, but dietary 
supplements containing isolates of single or a mixed prebiotic or probiotic 
components are usually used in studies. Species from the Lactobacillus and 
Bifidobacterium genera are most used in probiotics, and prebiotics stimulate the 
proliferation of these species due to their SCFA production capability229. Some 
evidence suggests that psychobiotics, like L. plantarum species, may confer 
benefits for the gut–brain axis, resulting in antidepressant and anxiolytic effects 
or improvements in cognitive and memory functions29, 240. Mechanisms 
hypothesized to mediate probiotics’ brain health benefits include amelioration of 
local and systemic inflammation, neuroinflammation and immune modulation229, 

240. 
Regarding prebiotics, the most studied fermentable carbohydrates with 

prebiotic effects are fructooligosaccharides, galactooligosaccharides and inulin-
type fructans241. The properties of inulin, a widely used long-chain cross-linked 
fructooligosaccharide, will be discussed more in depth in a separate chapter. 
Compared to probiotics, the evidence for prebiotics is thinner as meta-analysis 
showed no support for antidepressant or anxiolytic effect29. In terms of cognitive 
function, results have been controversial, with some benefits observed in acute 
supplementation studies but not on a similar scale in studies continuing 
supplementation for several weeks242. Aging may also be a factor, as positive 
results on cognition have been recorded among elderly subjects242, 243. 
Nevertheless, with prebiotics’ established effects on SCFA-producing species 
and indicative evidence on cognitive performance, prebiotics are a factor to 
consider when targeting the gut–brain axis. 

The beneficial effects of exercise on overall health are well documented, and 
maintaining regular physical activity is recommended regardless of age or health 
status. Different types of exercise are important for preventing and treating 
neurodegenerative diseases or mental disorders229, 244. While different exercise 
modes, regimens, and intensities may have unique benefits, this discussion 
focuses on the overall influence of physical exercise. Findings on exercise’s 
influence on gut microbiota composition have accelerated the discussion on 
whether microbiota and the gut–brain axis mediate some positive effects 
associated with exercise. Generally, the documented effects of exercise are 
driven by immunological, neuronal, epigenetic and metabolic mechanisms that 
extend from peripheral tissues to the brain. Physical activity is particularly 
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favorable for the aging brain, as demonstrated by the induction of neurotrophic 
regulation and improvement in cognitive function and brain volume selected 
areas in elderly subjects230. Clinical studies have also established microbial 
signatures concomitant with physical activity that promote functional alterations. 
Interestingly, the genera responding to exercise include species recognized for 
SCFA production, and the metabolic adaptation enriches the pathways 
associated with amino acids and carbohydrates metabolism. Hence, exercise can 
alter the gut microenvironment to support the proliferation of selected bacterial 
genera producing metabolites relevant for gut physiology and gut–brain 
communication. Moreover, the gut microenvironment is altered by reduced 
transit time, favoring symbiotic bacteria that protect against opportunistic 
pathogens. It is worth mentioning that some local effects of exercise can be 
unfavorable, but their long-term impacts are unknow. For instance, strenuous and 
prolonged exercise decreases the blood flow to the intestine, induces metabolic 
stress and increases gut permeability, predisposing to temporary gastrointestinal 
distress244. Nevertheless, clinical studies exploring the interplay between 
exercise and gut–brain axis remain scarce, but further mechanistic hypotheses 
based on preclinical models suggest roles for the local immune system, alteration 
of neurotransmission, and gut hormones in mediating the crosstalk. 

Substance use disorders are among the most prominent mental health disorders, 
inflicting substantial mental and physiological disease burdens along with 
socioeconomic issues245. Widespread misuse of substances such as alcohol, 
stimulants, opioids, and cannabis is reflected in the constant increase in addiction 
problems, where current treatment options are characterized by a high risk of 
relapses. The neurobiological basis for addiction lies in the interplay of 
neurotransmitters and the brain’s reward system as substances induce short-term 
dopamine release, resulting in feelings of pleasure and reward. However, long-
term substance use poses serious risk of dysregulated neuronal circuits, 
influencing cognitive and emotional well-being or lethal overdosing246. Mounting 
preclinical evidence suggests that substance use is also associated with 
deteriorating intestinal permeability, proinflammatory responses, altered gut 
microbiota and behavioral abnormalities245. Considering that gut microbiota is 
involved in many of the same processes affected by substance use, harnessing the 
gut–brain axis in substance use disorder treatment is an appealing approach. Much 
of the research has focused on AUD, which will be discussed in more detail in the 
following chapter. However, stimulants and opioids also interact with the gut 
microbiota. For instance, cocaine increased intestinal norepinephrine levels, 
promoting colonization of ɣ-Proteobacteria, which enhanced addiction-like 
behavior through alterations in brain glutamatergic signaling247. Moreover, 
microbiota depletion by antibiotic treatment may increase drug-seeking behavior 
and sensitivity to cocaine reward sensation, likely linked to the reduced 
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availability of SCFAs248, 249. Similar effects have been demonstrated with opioid 
administration to mice250. Furthermore, FMT of methamphetamine-associated 
microbiota promotes anxiety- and depressive-like behavior in recipient mice, 
suggesting microbiota-dependent psychiatric symptomology251.  

 
Figure 4. Lifestyle factors influencing the gut–brain axis. Wide range of factors can 
alter the homeostasis present in the gut–brain axis communication. While many induce 
changes in the gut microbiota that are reflected in the gut–brain communication, 
lifestyle factors can also alter physiological or psychological compartments 
predisposing to brain-related diseases. Figure created in Biorender.com. 
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2.4.2 Special focus on the effect of excessive alcohol use in the context 
of gut–brain axis 

Alcoholic beverages have been an integral part of human dietary, social and 
economic landscapes for thousands of years. However, with the growing 
understanding of alcohol-related physiological, psychiatric and societal issues, 
health guidelines advocate to limit alcohol intake below 1–2 “drinks” per day, as 
there is no safe amount of alcohol consumption for health252. Generally, 1–2 
“drinks” refers to ethanol amount of 16–28 grams per day, considered light to 
moderate alcohol intake253. Anything above this is considered as excessive 
alcohol use, where binge drinking (several drinks and intoxication at a single 
occasion) or AUD (drinking with one or more signs of addiction) stand out as 
major health risks. AUD can be assessed for its severity – mild, moderate or 
severe – depending on the number of criteria the individual’s symptoms meet in 
an assessment by a medical professional. AUD is characterized by both 
physiological and psychological symptoms which, is why effective treatment 
tends to combine nutritional, medicinal and behavioral approaches in a 
personalized manner. 

Upon ingestion, ethanol is rapidly distributed throughout the body as it passes 
freely through most biological membranes254. The liver is the primary site of 
ethanol metabolism due to its size, exposure to intestinal uptake through the 
portal vein, and high content of alcohol dehydrogenase, the primary enzyme for 
alcohol oxidation. Alcohol dehydrogenase produces toxic acetaldehyde, which 
is rapidly oxidized into acetate. Acetate becomes the primary energy source, 
limiting the use of long-chain fatty acids, amino acids and glucose in peripheral 
tissues. Ethanol oxidation occurs at a constant rate and can cover over 50 % of 
sedentary energy consumption if blood ethanol levels (i.e. alcohol intake) are 
kept constant. Hence, long-term excessive alcohol intake is usually accompanied 
by nutritional deficiencies. Consistent with these, alcohol use is reflected in 
alterations of systemic levels of amino acids, lipids, dietary- and microbiota-
derived metabolites255. For instance, increases in lysophosphatidylcholines 
(LPC), phosphatidylcholine (PC) diacyls, long-chain fatty acids, steroids, lactate 
and alanine while decreases in levels of sphingomyelins, PC acyl-alkyls, citrate 
and glutamine are associated with alcohol use. Due to the robust shift in 
metabolism induced by excessive, long-term alcohol use, endogenous 
metabolites like phosphatidylethanolamines (PE) and fatty acid derivatives have 
been suggested as potential biomarkers for excessive alcohol use253. Sustained 
alcohol consumption and metabolism exhibit harmful effects, especially in the 
liver and the brain254. In the liver, inhibition of fatty acid oxidation and parallel 
activation of fatty acid synthesis causes steatosis, metabolic dysfunction, and 
stress reflected in the liver’s detoxification rate. In the brain, alcohol 
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consumption impairs neuronal function through altered dopaminergic and 
glutamatergic signaling, mediating the neurobiology of addictive behavior and 
withdrawal symptoms, and leading to long-term neuronal injury. 

Although dysbiosis is not uniformly associated with alcohol use, it is a potent 
modulator of gut microbiota composition and function, decreasing beneficial 
bacteria like Lactobacillus and increasing pro-inflammatory bacteria like 
Proteobacteria256, 257. Dysbiosis has also been associated with AUD symptoms 
like alcohol craving and anxiety, especially bacteria from the family 
Ruminococcaceae, suggesting a microbial modulator of individual susceptibility 
to excessive alcohol consumption or AUD. Moreover, alcohol-induced changes 
in microbiota composition can persist even after longer periods of abstinence. 
Ethanol is also a microbial metabolite, and recent reports have demonstrated that 
ethanol production by selected symbiotic bacteria can reach amounts sufficient 
to induce liver diseases or, in rare cases, intoxification258. Alongside dysbiosis, 
increased intestinal permeability has been suggested as a key characteristic of 
alcohol’s detrimental effects mediated by the gut–brain axis. Binge drinking 
deteriorates barrier function, resulting in increased circulating levels of bacterial 
endotoxins and metabolites257. Higher intestinal permeability in persons with 
AUD was reversed following a three-week withdrawal period, indicating the 
acute harmful effect of alcohol but also the possibility to overturn some 
pathological changes with relatively short-term alcohol cessation259. In the same 
study, AUD symptomology correlated strongly with increased permeability and 
dysbiosis. As alcohol intake is promptly followed by a peripheral immune 
reaction resulting in the production of pro-inflammatory signaling molecules, 
and their continuous production in chronic alcohol use, altered intestinal 
permeability potentiates the passage of inflammatory mediators from the 
intestine to the systemic circulation256. Coupling these findings with preclinical 
evidence of transfer of AUD-related symptomology via FMT and amelioration 
of symptoms via probiotic supplementation further underlines the role of gut–
brain axis in the development of alcohol use-related pathology. 

2.4.3 Inulin metabolism – the host–microbiota crosstalk 

Dietary fibers present in plant products are nutrients indigestible by the human 
gastrointestinal tract but fermentable by gut microbiota241. Due to their 
physicochemical and prebiotic properties, dietary fibers are acknowledged for 
their benefits against non-communicable diseases and are indispensable in 
healthy dietary patterns. Dietary fiber can be roughly divided into non-starch 
polysaccharides, resistant starches or resistant oligosaccharides, with the 
molecular compositions varying within these categories. Inulin is a fructan 
comprised of fructose monomers linked by glycosidic linkages, and the number 
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of monomeric units in the polymer affects its solubility and fermentability260. 
Inulin is a common storage carbohydrate in plants, with rich natural sources 
including Jerusalem artichoke, chicory, grains and onions. Besides natural 
sources, inulin is widely applied in food processing due to its safety and 
technological characteristics like gelation, foaming and thickening. As with other 
dietary fibers, the health benefits of inulin are linked to improvements in lipid 
metabolism, blood glucose levels, weight maintenance, gastrointestinal 
homeostasis, and modulation of gut microbiota composition and function241. 

Despite inulin’s prebiotic qualities, clinical interventions have not 
demonstrated a significant effect on microbiota diversity or relative abundances 
following inulin supplementation261. However, like other accepted prebiotics, 
inulin stimulates the proliferation of several members of the genus 
Bifidobacterium and Lactobacillus. These genera include species known for their 
SCFA and lactic acid production, molecules that can modulate the intestinal 
environment and promote the growth of bacteria utilizing them as substrates. 
Hence, the lack of effect on microbiota diversity may result from the selective 
blooming of certain species at the expense of others. Significant increases in 
fecal butyrate have been observed after inulin supplementation but not in acetate 
or propionate261. Apart from butyrate, the effect of inulin on other metabolites 
has been limited or understudied. Preclinical models have demonstrated 
increases in fecal bile acids, dicarboxylic acids and indoles along with circulating 
indoles and phosphocholines262, 263. However, clinical trials lasting 4 to 6 weeks 
did not show inulin-dependent effects on fecal volatiles in healthy adults or 
circulating metabolites in adults with overweight264, 265. Extending 
supplementation to 12 weeks induced subtle alterations in fecal fatty acid 
metabolites but not in systemic or urinary metabolites266, 267. These findings 
suggest that if inulin metabolism alters metabolite levels and host metabolism, 
intestinal metabolism and gut-derived signaling are likely key mediators driving 
the benefits of inulin. 

The metabolic benefits of inulin have been associated with maintaining 
normoglycemia, reducing body weight, and lowering blood cholesterol levels in 
individuals with obesity or related metabolic diseases241. However, the 
mechanisms behind such effects are not fully understood, but several plausible 
pathways intersect with the gut–brain axis, including production of anti-
inflammatory mediators by the intestinal immune system, SCFA-mediated 
influence on satiety, vagal stimulation, energy metabolism or production of gut 
hormones, and improvement of gut barrier integrity. There are indications 
supporting these theories and promising results in the context of brain and 
behavior. In a preclinical model of chronic mild stress, inulin administration 
decreased anxiety and depressive behavior, along with a decrease in 
neuroinflammatory markers and increase in hippocampal markers of 
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neurogenesis268. Neurogenic properties of inulin have also been recorded in a 
mouse model of traumatic brain injury, along with increased cecal and serum 
levels of SCFAs269. Preliminary clinical evidence has also been presented. For 
instance, a 12-week intervention with snack bars containing inulin-type fructans 
significantly decreased desire to eat, increased satiety, and improved composite 
mental score in subjects with overweight or obesity270. Consistently, females 
with overweight showed decreased neural activation towards high-caloric food 
stimuli after 2 weeks of inulin supplementation271.  Elsewhere, combined inulin 
and resistant maltodextrin supplementation during a weight loss diet increased 
the activity of gut microbial genes involved in the synthesis of neurotransmitter 
precursors and GABA and decreased levels of secondary bile acids in 
participants with overweight272. Additionally, in elderly twins, 12-week 
inulin+branched chain amino acid supplementation combined with resistance 
training improved cognition and memory test scores when compared to controls 
receiving only branched chain amino acid supplementation with resistance 
training243. Although the findings are preliminary and study populations small, 
the effects of inulin on the gut–brain axis warrants for further and larger-scale 
investigations. 
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3 AIMS OF THE STUDY 

The primary aim of this study was to identify circulating microbiota-derived 
metabolites with neuroactive potential using a nontargeted LC-HRMS-based 
metabolomics approach on human biospecimens collected from five independent 
clinical trials. The research is structured into three studies, each with specific 
objectives: 
 

I. Characterize the impact of severe AUD and a three-week alcohol 
withdrawal period on plasma metabolome, and identify circulating 
metabolites associated with alcohol craving, anxiety and depression 
scores in individuals with AUD. 
 

II. Investigate the modulatory effect of inulin fiber supplementation 
during a three-week alcohol withdrawal on both plasma and fecal 
metabolomes and explore their associations with gut microbiota and 
clinical markers related to inflammation, liver function, sociability and 
neuroplasticity. 
 

III. Examine the common associations between fecal and plasma 
metabolites across three different lifestyle interventions: (1) 
individuals with AUD undergoing inulin supplementation during a 
three-week alcohol withdrawal, (2) individuals with obesity receiving 
inulin supplementation for three months and (3) individuals with 
MASLD participating in a three-month high-intensity interval training 
program. 
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4 MATERIALS AND METHODS 

4.1 Clinical samples 

The studies utilized clinical samples of plasma, feces, frontal cortex and 
cerebrospinal fluid (CSF) obtained from participants in pre-existing trials as 
shown in Figure 5. Study I used samples from three distinct cohorts. Two 
cohorts (AlcoholBis and Gut2Brain) were clinical trials involving individuals 
with AUD in the area of Brussels, Belgium. The third cohort (Tampere Sudden 
Death Series) comprised of deceased individuals with a history of heavy alcohol 
use, with samples collected during forensic autopsies in the area of Pirkanmaa, 
Finland. Study II included samples from the Gut2Brain study comprising of 
individuals with AUD in the area of Brussels. Study III combined samples from 
three intervention trials involving patients with either AUD (Gut2Brain) or 
obesity (Food4Gut) in Brussels, and patients with MASLD (BestTreat) in the 
area of Kuopio, Finland. Details on the cohorts and sample sizes are provided in 
the following sections. 
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Figure 5. Flowchart of cohorts, analytical platforms, acquired datasets and applied 
statistical analysis in the studies included in this thesis. CSF, cerebrospinal fluid; MS, 
mass spectrometer; PCA, prinicpal component analysis; Q-ToF; quadrupole time-of-
flight; SCFA, short-chain fatty acids; sPLS-DA, sparse partial least-squares 
discriminant analysis; UHPLC, ultra-high performance liquid chromatography. 

4.1.1 Study I 

In the study I, male and female patients with AUD were drawn from two different 
cohorts: Alcoholbis273, with participants recruited in 2015 and 2019, and 
Gut2Brain274, with recruitment in 2018–2019. Population characteristics are 
detailed in the original publications273, 274. In both cohorts, patients underwent a 
3-week detoxification program at the alcohol withdrawal unit of Cliniques 
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Universitaires Saint-Luc, Brussels, Belgium. Together, the cohorts included 48 
actively drinking patients. AUD severity was confirmed by a psychiatrist using 
the diagnostic criteria of the Diagnostic and Statistical Manual of Mental 
Disorders. AlcoholBis utilized the fourth version of the manual to diagnose 
‘alcohol dependence,’ while Gut2Brain utilized the fifth version to diagnose 
‘severe AUD’. For consistency, the term ‘AUD’ is used throughout to refer to 
both diagnoses.  

Exclusion criteria included chronic inflammatory disease, liver disease, 
cancer, metabolic disorder, diabetes or severe cognitive impairment or bariatric 
surgery. Participants were also excluded if they had used probiotics, prebiotics 
or antibiotics in the previous two months, or non-steroidal anti-inflammatory 
drugs or glucocorticoids in the past month. Blood samples and psychological 
data were collected on the day after admission (T1) and at end of the alcohol 
withdrawal (T2). Blood samples were stored at -80°C until analysis. However, 
since the Gut2Brain cohort included a placebo-controlled prebiotic fiber 
intervention, only T1 data from this cohort were used in the study. This resulted 
in group sizes of n = 96 for T1 and n = 48 for T2. Both cohorts also included 
age-, biological sex- and BMI-matched healthy controls without AUD, recruited 
from the same region, with a pooled total n = 32. The study was approved by the 
local ethics committee, registered at ClinicalTrial.gov (NCT03803709), and 
conducted in accordance with the Declaration of Helsinki. 

To investigate whether circulating metabolites were also present in the CNS, 
Study I incorporated metabolomics data from the Tampere Sudden Death Series 
cohort conducted in the area of Pirkanmaa Hospital District, Finland153. Frontal 
cortex and CSF samples were collected during forensic autopsies from 700 
deceased individuals and stored in -80°C until analysis. Autopsy reports and 
medical records were reviewed to identify individuals with a history of heavy 
alcohol use, alcohol-related disease, or elevated clinical markers of alcohol 
consumption. The alcohol group included of n = 97 individuals, while the control 
group comprised n = 100 individuals without signs of excessive alcohol use, 
whose primary cause of death was cardiovascular disease. Population 
characteristics for these groups have been published previously153.  

4.1.2 Study II 

Study II was based on a randomized, double-blind, placebo-controlled trial 
investigating the effects of inulin supplementation during a 3-week alcohol 
withdrawal program in patients with AUD274. Participants were males and 
females aged 18–65, actively drinking, and diagnosed with AUD by a 
psychiatrist at Cliniques Universitaires Saint-Luc, Brussels, Belgium. Exclusion 
criteria included the presence of any addiction other than tobacco, chronic 
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inflammatory disease, liver disease, cancer, metabolic disease, bariatric surgery 
or severe cognitive impairment. Patients who had used probiotics, prebiotics or 
antibiotics in the previous two months, or non-steroidal anti-inflammatory drugs 
or glucocorticoids in the past month were also excluded. The Gut2Brain trial was 
registered at ClinicalTrials.gov (NCT03803709), approved by the local ethics 
committee and conducted in accordance with the declaration of Helsinki. 

Study protocol consisted of two inpatients weeks (weeks 1 and 3) at the 
withdrawal clinic, separated by one outpatient week (week 2). Eligible 
participants were randomized in 1:1 ratio to receive either inulin or maltodextrin 
(placebo). A total of 50 patients were enrolled, with 21 in the placebo and 22 in 
the inulin group completing the study.  Inulin and maltodextrin were provided in 
identical sachets in powder form. The dosage was gradually increased: 4 g (days 
3–4), 8 g (days 5–14), and 16 g (days 15–19), which was the target dose. Fasting 
blood and fecal samples, along with psychological symptom data, were collected 
the day after admission (T1) and at the end of the intervention (T2). All samples 
were stored at -80°C until analysis.  

4.1.3 Study III 

Study III compared plasma and fecal metabolomics data from three separate 
clinical intervention trials. The first intervention was the Gut2Brain trial (see 
section 4.1.2). A subset of participants with complete nontargeted plasma and 
fecal metabolomics data at both T1 and T2 was included, resulting in n = 19 for 
the placebo and n = 17 for the inulin group. The second intervention, Food4Gut, 
was a multicenter, single-blind, placebo-controlled trial conducted in the area of 
Brussels, Belgium, between 2016 and 2018275. The trial was registered at 
ClinicalTrials.gov (NCT03852069) and approved by the local ethics committee. 
Eligible participants were obese Caucasian adults (18–65 years) with at least one 
obesity-related metabolic condition (e.g. dyslipidemia or (pre)diabetes). 
Exclusion criteria included restricted diet, use of probiotics, prebiotics or 
antibiotics (within 6 weeks), psychiatric issues, or alcohol consumption 
exceeding three portions per day.  

Participants were randomized 1:1 to receive either inulin or maltodextrin 
(placebo) and their baseline characteristics have been previously published275. 
The intervention lasted three months, with inulin dosage increasing from 8 g/day 
(after the first week) to 16 g/day. The placebo group received an identical dose 
of maltodextrin. Additionally, the inulin group was advised to consume at least 
one meal per day containing fructan-rich vegetables, while the placebo group 
was advised to consume fructan-poor vegetables. Fasting blood and fecal 
samples were collected at the baseline (T1) and at the end of the trial (T2) and 
stored in -80°C. A subset of participants with complete nontargeted fecal and 
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plasma metabolomics data at both timepoints was included in study III: n = 14 
for the placebo group and n = 12 for the inulin group. 

The third intervention named BestTreat, was a 3-month randomized 
controlled exercise trial conducted in Kuopio, Finland between 2019 and 2020276. 
The trial was approved by the local ethics committee, registered at 
ClinicalTrials.gov (NCT03995056), and conducted in accordance with the 
declaration of Helsinki and. Eligible participants had imaging-confirmed 
MASLD, a BMI under 35 kg/m2, and were aged 18–70. Exclusion criteria 
included inflammatory or infectious diseases, diabetes, conditions posing a risk 
during exercise, recent participation in diet or exercise programs (within 3 
months), smoking, excessive alcohol use, or psychological illness. Participants 
were randomized and matched by BMI, age and biological sex into either 
exercise or control group. The exercise group underwent supervised high-
intensity interval training on a cycle ergometer twice weekly, with intensity 
tailored to baseline ergospirometry results. They were also instructed to follow a 
home-based aerobic exercise program. The control group was asked to maintain 
their usual physical activity. A total of 43 participants completed trial (n = 21 in 
the exercise group, n = 22 in the control group) with all characteristics available 
in the original publication276. Fasting blood and fecal samples were collected at 
baseline (T1) and at week 12 (T2). Study III included a subset of participants 
with complete nontargeted fecal and plasma metabolomics at both timepoints: n 
= 20 in both the exercise and control groups.  

4.2 Nontargeted metabolomics analysis 

4.2.1 Plasma and CSF metabolite extraction 

All plasma and CSF samples were prepared following the general guidelines 
with minor study-specific deviations, based on a previously published protocol277.  
Typically, randomized samples were kept on wet ice, and metabolite extraction 
was performed by adding 400 µL of cold acetonitrile to 100 µL of plasma or 
CSF. Mixing was done either by pipetting273, 276 or vortexing278.  For the 
Food4Gut plasma samples, an additional 5-minute sonication was included, 
which was not applied in the other studies278. Centrifugation and filtration were 
carried out using one of the two approaches:  when using 96-well plates topped 
with 0.2 µm  filter plates (Captiva ND, Agilent Technologies), centrifugation 
was performed at 700g for 5 minutes at 4 °C273, 276 or when using sample tubes, 
centrifugation was done at 16,200g for 5 minutes at 4°C, followed by filtration 
of the supernatant through 0.45 µm PTFE syringe filters (Acrodisc, Pall Life 
Science) into HPLC vials using plastic syringes153, 278. Study-specific pooled 
quality control (QC) samples were created by combining aliquots from each 
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extract to form a representative sample. Extraction blanks, containing only 
acetonitrile, were processed identically to experimental samples. Solvent blanks, 
consisting solely of acetonitrile, were not subjected to any treatment.  

4.2.2 Fecal and frontal cortex metabolite extraction 

Fecal and frontal cortex metabolite extraction followed a previously published 
tissue metabolite extraction workflow, with minor deviations in the 
homogenization steps between studies277. In general, samples were weighed 
prior to treatment, and extraction was performed using ice-cold H2O:MeOH 
solvent mixture. For the frontal cortex samples, 80 % MeOH was added at a ratio 
of 1,000 µL solvent per 100 mg of tissue. For fecal samples, the solvent ratio 
ranged from 500 to 900 µL per 100 mg of sample. In study I, frontal cortex tissue 
was homogenized using a Teflon-coated plastic stick, followed by 10 minutes of 
water sonication. Samples were then centrifuged at 16,200g for 5 minutes at 4°C 
and filtered through 0.45 µm PTFE syringe filters into HPLC vials153. In Studies 
II and III, Gut2Brain fecal samples were first diluted in 3:1 ratio (v/w) with 
ultra-pure H2O to create a fecal-water slurry. MeOH was then added in 3:1 (v/v) 
ratio to H2O, followed by vortexing, centrifugation at 17,000g for 20 min at 4 °C, 
and filtration through 0.2 µm PTFE filter membranes into HPLC vials using 
plastic syringes279. In study III, BestTreat fecal samples were extracted using 
500 µL of 80 % MeOH. Homogenization was performed with Bead Ruptor 24 
Elite homogenizer at 6 m/s for 30 s at 0 °C. Samples were then centrifuged and 
filtrated at 700g for 5 minutes at 4 °C using 96-well plates topped with 0.2 µm 
filter plates (Captiva ND, Agilent Technologies)276. Food4Gut fecal samples 
were extracted with 500 µL of 80 % MeOH, vortexed for 5 minutes, centrifuged 
at 17,000g for 20 minutes at 4 °C, and filtered through 0.2 µm PTFE filter 
membrane into HPLC vials using plastic syringes279.  

4.2.3 LC-MS data acquisition 

All nontargeted metabolomics data presented in this thesis were generated using 
an LC-HRMS platform comprising Q-TOFs (Agilent Technologies and Bruker 
Daltonik) or a Q Exactive Focus Orbitrap (Thermo Fischer Scientific). Key 
instrument specifications are summarized in Table 1, and the corresponding 
datasets are illustrated in Figure 5. All samples were analyzed using both RP 
and HILIC chromatographic separations, coupled with ESI ionization in both 
negative and positive ion modes. RP separation was performed using a Zorbax 
Eclipse RRHD XDB-C18 column (2.1 × 100 mm, 1.8 μm, Agilent Technologies). 
The mobile phases consisted of ultra-pure H2O (A) and MeOH (B) both 
containing 0.1 % (v/v) of formic acid. The gradient profile was as follows: 0–
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10.0 min, 2 % B → 100 % B; 10.0–14.5, 100 % B; 14.51–16.5, 2 % B at the flow 
rate of 0.4 mL/min. HILIC separation used an Acquity UPLC BEH Amide 
column (2.1 × 100 mm, 1.7 μm, Waters Corporation). The mobile phases were 
20 mM ammonium formate in the final volume of 50 % aqueous acetonitrile (A) 
and 20 mM ammonium formate in the final volume of 90 % aqueous acetonitrile 
(B). The gradient profile was as follows: 0–2.50 min, 100 % B; 2.50–10.0, 100 % 
B → 0 % B; 10.01–12.5, 100 % B at the flow rate of 0.6 mL/min. 

Prior to analysis, all instruments were calibrated, and mass-axis recalibration 
was performed throughout the sequences to maintain high mass accuracy (< 2 
ppm). Experimental samples were analyzed in randomized order. Each sequence 
began with blank injections followed by 10–20 QC injections to condition the 
analytical platform. QC samples were also injected after every 12 experimental 
samples to monitor instrument performance and support downstream data 
processing. MS/MS data were acquired from QC samples in a data-dependent 
manner, both before and after the experimental sample injections. 
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4.2.4 Data preprocessing 

Peak-picking and alignment were performed using MS-DIAL software, utilizing 
either raw instrumental files or the .abf files converted via the Reifycs Abf 
Converter (https://www.reifycs.com/abfconverter/)280. Detailed parameters for 
peak detection and alignment, including peak height, peak width scan, MS1 and 
MS2 tolerances, selected adducts and retention time windows, are provided in 
the original publications153, 273, 276, 278, 279. Each dataset, corresponding to a 
specific chromatographic and ionization mode, was processed independently. 
The resulting spectral peak areas (in arbitrary units) were exported in tabular 
format. Subsequent data processing was conducted in R software using the 
“notame” R package, following a published workflow277. Briefly, the molecular 
features were flagged for low detection based on their presence in both QC and 
experimental samples. All features were log-transformed, and a regularized 
cubic spline regression line was fitted to each feature against the QC samples to 
correct for signal drift. An interval between 0.5 and 1.5 using leave-one-out cross 
validation was applied for the smoothing parameter to prevent overfitting. After 
drift correction, log-transformation was reversed and features with RSD > 0.2 
and D-ratio > 0.4 were flagged as low-quality. QC samples were removed, and 
missing values were imputed using random forest imputation first on the non-
flagged features and then on all features. Finally, datasets from different 
analytical modes were merged into a single data matrix and exported in table 
format. 

4.2.5 Metabolite identification 

Molecular features were prioritized for manual inspection based on parameters 
such as peak area, signal-to-noise ratio, availability of MS/MS spectra, statistical 
significance, and their ability to differentiate between study groups. For 
compound identification, exact masses, retention times, MS/MS fragment ions, 
and their intensities were compared against entries in an in-house database of 
chemical standards. Features with confirmed matches were assigned 
identification level 1, in accordance with established reporting standards for 
chemical analysis281. Putative annotations (identification level 2) were made by 
matching feature characteristics to publicly available spectral databases, 
including Human Metabolome DataBase94, METLIN282, LipidMaps283, and 
MassBank of North America (https://massbank.us/). For unknown compounds, 
cheminformatic tools MS-FINDER284 and SIRIUS285 were used to predict the 
molecular formulas and chemical classes. These tools compared experimental 
MS/MS spectra to in silico-generated spectra, and resulting annotations were 
assigned identification level 3. Spectral data, both raw and processed, were 

https://www.reifycs.com/abfconverter/
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explored using MS-DIAL and vendor software Data Analysis (Bruker Daltonik), 
MassHunter Qualitative Analysis (Agilent Technologies) and FreeStyle (Thermo 
Fischer Scientific). 

4.3 Targeted fecal SCFA analysis 

4.3.1 Sample treatment 

In study II, fecal samples were thawed on wet ice and suspended in ultra-pure 
H2O at 1:3 ratio (w/v) by vortexing in batches of twenty. For each sample, 0.5 g 
of NaH2PO4 was mixed in ultra-pure H2O in a 10 mL vial. The prepared fecal-
water mixture was then added to the vial to reach a total liquid volume of 1.5 mL. 
Vials were sealed and kept at + 4°C until analysis. Analytical blanks consisted 
of 0.5 g of NaH2PO4 mixed in 1.5 mL of H2O, without fecal material. Standard 
samples were prepared using analytical-grade standards of acetic acid, propionic 
acid and butyric acid (Sigma Aldrich). Each standard sample was made by 
adding 25 µL from stock solutions of acetic acid (2,500 ppm), propionic acid 
(2,500 ppm), and butyric acid (500 ppm) to a vial containing 0.5 g of NaH2PO4 
and 1.5 mL of H2O. 

4.3.2 Data acquisition 

The analysis sequence began with injections of a blank, a standard mix and a 
second blank. This combination was injected after every 26 samples to monitor 
analyte retention time reproducibility and potential carryover. SCFAs were 
analyzed using an established solid-phase microextraction coupled to GC-MS 
analysis method286. The analytical platform consisted of an Thermo Trace 1310 
– TSQ 7000 Evo system equipped with a Triplus RSH autosampler (Thermo 
Fischer Scientific) with samples maintained at + 4°C. SCFA extraction was 
performed using a 75 µm CAR/PDMS, Fused Silica solid-phase microextraction 
fiber (Supelco), conditioned according to the manufacturer’s instructions. Prior 
to extraction, samples were incubated at + 40 °C for 10 minutes, followed by a 
40-minute extraction at the same temperature. Volatile compounds were 
separated using a Supelco-fused silica capillary column SPB-624 (60 m × 0.25 
mm × 1.4 µm) with helium as carrier gas at flow rate of 1.40 mL/min. The GC 
oven program lasted 48 minutes where the temperature profile was as follows: + 
40 °C hold for 10 minutes, ramp 5 °C/min to + 200 °C and hold for 10 minutes. 
The MS was set at 240 °C, with an electron impact voltage of 70 eV and a scan 
range to 30–300 amu. The instrument was operated through the Chromeleon 
7.2.10 software (Thermo Fischer Scientific). 
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4.3.3 Data processing 

Semi-quantitative data were processed using Chromeleon 7.2.10 software (Thermo 
Fischer Scientific). Identification of acetic acid, propanoic acid and butyric acid 
was based on the comparisons of retention times and peak intensities with those 
of external standards. Other compounds were identified by matching spectral 
peaks and their intensities against entries in the NIST20 v. 2.3 library (National 
Institute of Standards and Technology). Spectral peak areas were manually 
integrated and exported in .csv format for subsequent statistical analysis.  

4.4 Statistical analysis 

In study I, both univariate and multivariate analysis were performed using R 
software used to identify differential metabolites between study groups. 
Principal component analysis and sparse Partial Least-Squares Discriminant 
Analysis (sPLS-DA) were conducted using the ‘mixOmics’ R package to explore 
differences in the plasma metabolome between AUD and Control groups. The 
classification performance of the sPLS-DA model was evaluated using 10-fold 
cross-validation repeated 50 times and features were ranked by their Variable 
Importance in Projection (VIP) scores. For plasma, CSF and frontal cortex 
features, a feature-wise Welch’s t-test was used to compare AUD/Alcohol and 
Control groups, with Cohen’s D calculated to assess effect sizes. To evaluate the 
impact of alcohol withdrawal, feature-wise paired t-test were conducted within 
the AUD group between timepoints T1 and T2. Associations between the 
annotated significantly different plasma metabolites and psychological test 
scores were assessed using Spearman’s rank correlation. All p-values were 
adjusted for multiple testing using the Benjamini-Hochberg false discovery rate, 
and results were reported as q-value. Statistical significance was defined as p- 
and q-values below 0.05. 

In study II, discriminant plasma and fecal metabolomic features between 
inulin and placebo groups at T2 were identified by PLS-DA, model performance 
was assessed by 10-fold cross-validation and features ranked by VIP scores. 
Features with VIP >1.5 were further analyzed using the nonparametric Mann-
Whitney U test. Feature meeting both criteria (VIP > 1.5, p < 0.05) were 
subjected to Spearman rank correlation to evaluate associations with inulin-
modulated markers of gut microbiota, sociability, inflammation and hepatic 
function as previously described274, 287. Differences in fecal levels of identified 
SCFAs at T2 between groups were also assessed using the nonparametric Mann-
Whitney U test, with p < 0.05 considered statistically significant. Analyses were 
conducted using R software, GraphPad Prism and MetaboAnalyst 4.0288. 
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In study III, the associations between annotated fecal and plasma metabolites 
were assessed using the cor.test function in R software to calculate Spearman’s 
correlation coefficients (rs) and corresponding p-values. Multiple testing 
correction was applied using false discovery rate (q). Metabolite set enrichment 
analysis was performed using Metaboanalyst 6.0 platform to identify enriched 
chemical classes among annotated metabolites in the Gut2Brain and Food4Gut 
inulin trials288. Statistical significance for both the correlation and enrichment 
analyses was defined as p-value and q-value < 0.05.
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5 RESULTS AND DISCUSSION 

5.1 Effect of excessive alcohol use on the plasma metabolic 
profile 

In study I, the impact of chronic, excessive alcohol use on plasma metabolome 
was assessed by combining baseline (T1) plasma samples from individuals with 
AUD and Controls across AlcoholBis and Gut2Brain cohorts to maximize 
sample size. Baseline characteristics of the AUD participants are summarized in 
Table 2. No significant differences were observed between the cohorts for the 
AUD groups in terms of mean age, biological sex distribution, smoking status, 
daily alcohol consumption, years of active drinking or psychological symptom 
scores for obsession, depression and anxiety. Although the Gut2Brain cohort 
showed higher scores of alcohol craving and the compulsion subscore, 
participants in the AlcoholBis cohort also exhibited elevated scores in these 
domains, indicating comparable symptom profiles. These baseline similarities 
justified pooling the AUD samples from both cohorts into a single group. 
 
Table 2. Baseline characteristics of the AlcoholBis and Gut2Brain AUD groups. 
Data shown as mean ± standard deviation. Table modified from Leclercq, 
Ahmed, et al. (2024)273. 
 AlcoholBis Gut2Brain Total pa 

n 48 48 96  
Age 46 ± 10 48 ± 9 47 ± 10 0.24 
Biological sex    0.39 
 Men (%) 34 (71) 34 (62.5) 64 (67)  
 Women (%) 14 (29) 18 (37.5) 32 (33)  
Active smokers (%) 37 (77) 38 (79) 37.5 (78) 0.83 
Alcohol consumption g/day 151 ± 112 139 ± 73 145 ± 94 0.54 
Years of drinking habit 17 ± 10 16 ± 11 16 ± 11 0.76 
Alcohol craving scoreb 20 ± 7 25 ± 6 22 ± 7 < 0.01 
Obsession scoreb 9 ± 5 11 ± 4 10 ± 4 0.26 
Compulsion scoreb 11 ± 3 14 ± 3 13 ± 3 0.00 
Depression scorec 23 ± 11 26 ± 12 25 ± 12 0.26 
Anxiety scored 44 ± 11 46 ± 15 45 ± 13 0.27 

aStatistical difference between AlcoholBis and Gut2Brain AUD groups. Numerical variables compared 
using independent sample t-test and categorical variables using chi-square test. 
bScoring based on self-reported questionnaire using the Obsessive-Compulsive Drinking Scale (OCDS). 
Alcohol craving score calculated as the sum of Obsession and Compulsion sub-scores. 
cScoring based on self-reported questionnaire using the validated French translation of the 2nd version of 
the Beck Depression Inventory (BDI-II). 
dScoring based on self-reported questionnaire using the State-Trait Anxiety Inventory (STAI). 
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Principal component analysis of the plasma metabolic profiles revealed no 
clear separation between the AUD T1 group and Control when considering all 
detected molecular features (Figure 6). Component 1 and Component 2 
accounted for 6 % and 5 % of the total variance, respectively. While the Control 
group tended to cluster more on toward the positive ends of both components, 
suggesting some group-specific patterns, distinct group separation was not 
observed. This outcome is not unexpected, given that the dataset included 11,651 
molecular features, many of which likely represent background noise, redundant 
signal, and artifacts sample preparation, solvents, or in-source fragmentation, in 
addition to true biological features. As anticipated, the pooled QC samples 
clustered tightly at the center of plot, reflecting their role as representative ‘mean’ 
samples and indicating high data quality289. 

 

 
Figure 6. Principal component analysis score plot of the plasma molecular features 
between controls (grey) and individuals with AUD at T1 (blue). Ellipses indicate the 
95 % confidence lever around sample groups. AUD, alcohol use disorder; QC, quality 
control. Figure reprinted from Leclercq, Ahmed, et al. (2024)273. 

 
Univariate analysis comparing the AUD group at T1 to Control identified 

1,798 significantly altered plasma molecular features (q < 0.05). These features, 
shown in Figure 7a, were visualized after annotation and the removal of 
redundant signals and features lacking MS/MS spectra. Complementing these 
findings, sPLS-DA analysis confirmed the discriminatory power (overall 
classification accuracy of 0.91, balanced error rate of  0.09 and area under ROC 
curve of 1.0 for the two component sPLS-DA model based on 10-fold cross-
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validation) of the annotated features, with the majority receiving VIP scores 
greater than 2.0 (Figure 7b). 

 Overall, the AUD metabolome differed markedly from that of Control, 
particularly in lipid-related metabolites. Notable alterations were observed in 
fatty acyls, phosphocholines, steroid hormones, bile acids, pharmaceuticals and 
xanthine derivatives. Specifically, circulating levels of monounsaturated fatty 
acids with 16- or 18-carbon chains and polyunsaturated with 20- or 22-carbon 
chains were elevated in the AUD group. These fatty acids were commonly 
incorporated into PCs, LPCs, and lysophosphatidylethanolamines (LPE). The 
pronounced impact of AUD on lipid species is consistent with previous studies, 
which have repeatedly reported changes in lipid metabolites, particularly those 
containing monounsaturated and polysaturated fatty acids, in alcohol-related 
metabolic profiling studies255. Alcohol consumption rapidly disrupts hepatic 
lipid metabolism, leading to significant shifts in circulating PCs, LPCs, 
sphingomyelins and phospatidylethanolamines290.  

Palmitic acid (16:0) which constitutes roughly one-quarter of the saturated 
fatty acids in the phospholipids and triglycerides, is tightly regulated through 
homeostatic control and de novo lipogenesis291. Its overrepresentation, along 
with palmitoleic acid (16:1), in the AUD metabolome is expected as excessive 
alcohol intake stimulated de novo lipogenesis. This results in increased palmitic 
acid production, which is subsequently desaturated to palmitoleic acid or 
elongated into longer-chain fatty acid. These synthesized fatty acids are 
incorporated into various lipid classes, including LPCs, PCs and sphingolipids, 
many of which have been suggested as biomarkers of chronic alcohol intake292-

294. Such metabolic alterations reflect a range of biological pathways disrupted 
by alcohol, including dysregulation of lipid synthesis and oxidation, fatty acid 
deposition, and immune regulation. 

The AUD group also exhibited elevated levels of both primary and secondary 
bile acids, particularly glycine-conjugated forms, as well as increased levels of 
the steroid hormone cortisol and various sulfated steroid metabolites. These 
findings are consistent with the interconnected nature of bile acid and steroid 
biosynthesis, both of which derive from cholesterol. Alcohol consumption is 
known to stimulate cholesterol production and upregulate enzymes involved in 
the downstream metabolic pathways295, 296. Moreover, alcohol disrupts 
enterohepatic circulation by modulating nuclear receptors such as the farnesoid 
X receptor and peroxisome proliferator-activated receptor alpha, while also 
altering gut microbiota composition. These combined effects accelerate bile acid 
synthesis297. The increased presence of benzodiazepines and antidepressants in 
the AUD group reflects the high prevalence of psychiatric comorbidities and 
their pharmacological treatment as well as medications used during withdrawal 
treatment. Similarly, elevated levels of cotinine, a nicotine metabolite, indicate 
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the high rate of active smoking within this population. The detection of 4-
pyridoxic acid, a metabolite of vitamin B6, corresponds to B-vitamin 
supplementation administered upon withdrawal. 

 
Figure 7. Plasma metabolic features altered by chronic alcohol intake. A) Volcano plot 
of the effect sizes (Cohen’s d) of the differential plasma metabolic features derived from 
Welch’s t-test analysis between AUD group at baseline and control group. Colored dots 
represent features with q < 0.05. B) Variable importance in projections (VIP) scores of 
the top 50 annotated metabolites discriminating AUD T1 from control group in an 
sPLS-DA model. 3-CMPFP, 3-carboxy-4-methyl-5-pentyl-2-furanpropionic acid; AC, 
acylcarnitine; FA, fatty acid; LPC, lysophosphatidylcholine; PC, phosphatidylcholine; 
PE, phosphatidylethanolamine; SM, sphingomyelin. Figure modified from Leclercq, 
Ahmed, et al. (2024)273. 
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Although many fatty acids and their lipid intermediates were elevated in the 
AUD group, certain lipid subclasses showed the opposite trend. Notably, (L)PCs 
containing polyunsaturated 18-carbon chains or ether-bonds, as well as odd-chain 
LPCs (15:0 and 17:0) were consistently decreased. These patterns suggest alcohol-
induced upregulation of 16- and 18-carbon fatty acid biosynthesis, alongside a 
downregulation of ether lipid production. This lipid profile shift was accompanied 
by reduced levels of several microbiota-associated metabolites, includings IPA, 
hippuric acid and p-cresol sulfate. Given the proposed link between gut microbiota 
and the synthesis of odd-chain LPCs, alcohol-induced dysbiosis could explain these 
reductions259. Fatty acids 15:0 and 17:0 have also been associated with dairy 
product intake, suggesting that dietary factors may contribute to the observed 
changes292. Several of the decreased metabolites, such as 3-carboxy-4-methyl-5-
propyl-2-furanpropionic acid (CMPF), LPC 15:0, paraxanthine and trigonelline, 
have been linked to the consumption of fish, milk, or coffee298, 299. However, CMPF 
has also been correlated with total alcohol intake299. Importantly, individuals with 
AUD often have poor dietary habits, with alcohol contributing a substantial 
proportion of daily caloric intake, potentially leading to nutritional deficiencies. 

To assess the impact of abstinence, a subset of AUD participants underwent a 
3-week withdrawal period. This intervention confirmed that most of the observed 
metabolic alterations were attributable to chronic alcohol use in study I. 
Metabolites significantly altered in the AUD group (q < 0.05, VIP > 2.0) showed 
marked shifts, often in the opposite direction of those observed at baseline 
(Figure 8). For example, circulating levels of LPCs and PCs with odd-chain fatty 
acid (15:0 and 17:0), ether-linked LPCs, xanthine metabolites and indole 
derivatives such as IPA increased, as shown in Figure 8a. Conversely, 
abstinence led to decreased levels of heme metabolites bilirubin and biliverdin, 
saturated or monounsaturated LPCs and PCs (16- or 18-carbon chains), sulfated 
steroids, 3-hydroxyvaleric acid and retinol. In line with the findings, these 
metabolites have been associated with alcohol consumption292, 299, 300. These 
findings suggest that alcohol’s disruptive effects on lipid metabolism are, at least 
in part, reversible. The reduction in heme metabolites, retinol and steroid-related 
compounds further indicates that metabolic pathways entwined with alcohol 
metabolism are downregulated in the absence of alcohol296, 297.  

Additionally, increased consumption of coffee, tea and chocolate during 
withdrawal, was reflected in elevated levels of caffeine metabolites such as 
theophylline, theobromine and paraxanthine. The rise in microbiota-associated 
tryptophan metabolites, especially IPA and 3-indolelactic acid, suggests 
enhanced microbial activity and improved nutritional status145, 301. Overall, 
Figure 8b illustrates a rebound-like effect, with many of the metabolic 
alterations distinguishing AUD T1 from Control shifting in the opposite 
direction following abstinence. 
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Figure 8. Effect of a 3-week alcohol withdrawal on the plasma metabolome. A) Volcano 
plot of the effect sizes (Cohen’s d) of the differential plasma metabolic features derived 
from paired t-test analysis between AUD group at baseline and after alcohol withdrawal. 
Colored dots represent features with q < 0.05 and their size the variable importance in 
projections scores. B) Lollipop plot of the effect sizes (Cohen’s D) of selected 
significantly (q < 0.05) altered annotated metabolites influenced by alcohol intake and 
alcohol withdrawal. Circle size reflects the -Log10 transformed q values derived from 
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Welch’s t-test comparing AUD T1 and control group or paired t-test comparing AUD 
T1 and AUD T2 groups. Grey dots indicate the results of comparison between AUD T1 
and control while orange color shows the relative increase and violet color the relative 
decrease after withdrawal (T2). 3-CMPFP, 3-carboxy-4-methyl-5-pentyl-2-
furanpropionic acid; AC, acylcarnitine; FA, fatty acid; LPC, lysophosphatidylcholine; 
PC, phosphatidylcholine; PE, phosphatidylethanolamine; SM, sphingomyelin. Figure 
reprinted from Leclercq, Ahmed, et al. (2024)273. 

5.2 Identification of potentially neuroactive plasma 
metabolites 

Patients with AUD frequently exhibit one or more psychological symptoms such 
as anxiety or obsessive behavior256. To identify metabolites with potential 
neuroactive properties in AUD, study I assessed correlations between 
significantly altered metabolites at T1 and psychological symptom scores, as 
well as alcohol (Figure 9). Consistent with alcohol-induced metabolic changes, 
alcohol intake showed nominally significant, moderate positive correlations with 
several compound classes including pharmaceuticals, steroid-like metabolites, 
phosphocholines containing 16:1 or 18:1 fatty acid chains, 3-hydroxyvaleric acid, 
4-hydroxyisoleucine, threonine, glycine betaine and an unknown phenylsulfate. 
These findings align with previous reports of elevated steroids, lipids, and amino 
acids in association with excessive alcohol consumption255, 292, 293,294. Conversely, 
metabolites negatively correlated with alcohol intake included xanthine 
derivatives, microbiota-associated metabolites, LPCs with odd-chain (15:0 or 
17:0) or ether-linked fatty acids, PCs with polyunsaturated fatty acids, 
sphingomyelins and 3-carboxy-4-methyl-5-propyl-2-furanpropionic acid. 

Correlation analysis also revealed that alcohol craving and its subscores, 
obsession and compulsion, were positively correlated with 
lysophosphatidylethanolamines (LPE), LPCs, benzodiazepines, 16- and 18-
carbon fatty acids, steroids and glycine-conjugated bile acids (Figure 9). 
Additionally, individual metabolites such as 3-indoleacetic acid, epsilon-
caprolactam, and 3-hydroxyvaleric acid were directly linked to alcohol craving 
and at least one of its subscores. In contrast, several metabolites were inversely 
correlated with craving and its components. These included xanthine metabolites, 
a pentose sugar (mannose/fructose), hippuric acid, pyrocatechol, 4-
ethylphenylsulfate, and 1-methyl-pyridone-carboxamide. 

There is a notable lack of research exploring the relationship between 
peripheral metabolic products and the pathophysiology of obsessive or 
compulsive traits, particularly in the context of alcohol craving. To date, only 
limited preliminary evidence from human studies has linked plasma amino 
acids302, albeit weakly, as well as eicosanoids and palmitoylethanolamide303, 
with alcohol craving in individuals with AUD. Other studies have focused on 
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neurotransmitter-related amino acids, such as glutamate and glutamine, due to 
their involvement in reward process and dopaminergic signaling, which are 
central to addictive behavior304. More recently, few metabolomics studies have 
investigated circulating metabolites in individuals with obsessive-compulsive 
disorder, identifying alterations in (L)PCs, LPEs, saturated and unsaturated fatty 
acids, and acylcarnitines as characteristic of the disorder305, 306. In the current 
study, circulating amino acids did not emerge as significantly altered; however, 
several lipid species were correlated with the craving component of 
psychological symptoms. These findings, along with prior research suggest that 
lipid metabolism may play a role in the neurobiology of craving, potentially 
through mechanism involving altered neurotransmitter signaling307, 308, and the 
activation of inflammatory pathways309, 310. 

Many of the metabolites significantly correlated with alcohol intake and 
craving also showed similar patterns in relation to anxiety or depression scores 
(Figure 9). For example, acylcarnitine 09:0, 1-methyl-pyridone-carboxamide, 
hippuric acid, pyrocatechol sulfate, and xanthine metabolites were negatively 
correlated with both anxiety and depression. Additional metabolites inversely 
associated with anxiety included urea, LPC O-18:0, an unknown LPC, an 
unknown fatty acid and kynurenine. In contrast, creatinine, acylcarnitines 05:0 
and 10:3, 4-ethylphenylsulfate, and a pentose sugar were inversely correlated 
with depression score. On the other hand, glycin-conjugated bile acids, 
antidepressants, fatty acids 16:0 and 16:1 and (L)PCs containing these fatty acid 
chains were consistently positively correlated with anxiety and/or depression 
scores. 

Microbiota-associated metabolites such as hippuric acid, pyrocatechol sulfate 
and kynurenine were all decreased in the AUD group and showed negative 
correlations with anxiety score. Additionally, hippuric acid and 4-
ethylphenylsulfate were inversely associated with depression score. Kynurenine 
is the first downstream product of microbiota-influenced tryptophan metabolism 
via the indoleamine-2,3-dioxygenase and tryptophan-2,3-dioxygenase pathways, 
which generate both neuroprotective and neurotoxic metabolites181. Kynurenine 
has been implicated in the pathophysiology of cognitive function in clinically 
diagnosed depression83, 149 while favoring serotonin production over kynurenine 
pathway activation has been shown to alleviate anxiety27. Thus, the current 
finding appears to contradict previous reports. However, it may reflect 
alternative mechanisms, such as anti-inflammatory effects mediated by the aryl 
hydrocarbon receptor184, 311, downregulation of neuroprotective kynurenic 
acid312, or reduced tryptophan intake leading to suppressed tryptophan 
metabolism144. Pyrocatechol sulfate, a phenolic compound, has been linked to 
synapse formation and fear extinction learning in mice108, and is also found at 
reduced levels in individuals with Parkinson’s disease313. Interestingly, 4-
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ethylphenylsulfate, a microbial metabolite, has been shown to induce anxiety-
like behavior and neurodevelopmental alterations in animal models19, 86. 
Hippuric acid is a liver-conjugated product of benzoate, which is generated by 
gut microbial metabolism of dietary polyphenols in the colon314. Recent studies 
suggest that low levels of hippuric acid may contribute causally to depression315, 
consistent with reduced intake of polyphenol-rich food among individuals with 
depression. Moreover, while decreased hippuric levels have been associated with 
alcohol use, they are also observed in individuals with depression independently 
of alcohol consumption316. 

The consistent inverse correlation between xanthine metabolites and 
psychological symptom scores warrant attention. These metabolites, biomarkers 
of caffeine intake298, 300, are produced via the cytochrome-P450-dependent 
metabolism in the liver. Theobromine has been shown to improve mood317, while 
paraxanthine can stimulate dopamine release and act as a psychostimulant318. 
Moreover, dietary sources of caffeine such as coffee, tea and cocoa have been 
associated with mood-enhancing and depression-alleviating effects319. Although 
still debated, these benefits are often attributed to the rich polyphenol content of 
these beverages and the neuromodulatory properties caffeine. 

In contrast, metabolites positively associated with anxiety and/or depression 
scores were characterized by bile acids or saturated or monounsaturated fatty 
acids with 16-carbon chain, including LPC 16:0 which induces a pro-
inflammatory signaling by increasing reactive oxygen species and chemokine 
secretion320 Bile acids have been reported to exert both beneficial162 and 
detrimental161 effects on the BBB. In the context of neurodevelopmental 
disorders, several studies have found elevated brain bile acid levels associated 
with impaired cognition81, 154, 155. 

In pathological conditions such as obesity or AUD, the dysregulated de novo 
lipogenesis leads to excess palmitic acid production, which promotes the release 
of pro-inflammatory mediators and cellular stress291. Accumulation of fatty acids, 
particularly palmitic acid, has been shown to negatively affect brain cells and 
may increase susceptibility to neurological disorders321. In contrast, palmitoleic 
acid has demonstrated protective effects against palmitic acid-induced 
lipotoxicity322. Thus, the observed positive correlations may reflect the 
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detrimental impact of the dysregulated lipid metabolism on systemic 
inflammation, a process increasingly linked to psychological symptoms323. 

 
Figure 9. Heatmap of plasma metabolites correlated with alcohol intake and 
psychological symptom scores. Associations analyzed by Spearman rank correlation 
between plasma metabolites and alcohol intake or 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. Figure modified from Leclercq, Ahmed, et al. (2024)273. 

 
Another key factor that may facilitate the neuroactivity of peripheral 

metabolites is their ability to cross BBB and reach the CNS. To explore this, 
existing nontargeted metabolomics datasets from the frontal cortex and CSF of 
deceased individuals with a medical history of heavy alcohol use were utilized153. 
A targeted search based on the previously annotated plasma metabolites 
identified 79 and 74 matches from the CSF and frontal cortex, respectively. 
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Focusing on metabolites that correlated with at least one or more psychological 
symptom score, a total of 8 metabolites in the frontal cortex and 15 in the CSF 
were found to differ significantly (q or p < 0.05) between individuals with and 
without a history of alcohol misuse (Figure 10).  

The relative differences in metabolite levels largely mirrored those observed 
in plasma. For example, 3-hydroxyvaleric acid and cotinine were elevated, while 
paraxanthine and theobromine were decreased in both frontal cortex and CSF of 
the Alcohol group (Figure 10). Similarly, hippuric acid and pyrocatechol sulfate 
were reduced in the CSF (Figure 10b). However, some discrepancies between 
plasma and CNS trends were noted. For instance, LPE 20:3 and PC 16:0_18:1 
were decreased in the frontal cortex of the Alcohol group, despite being elevated 
in plasma. Interestingly, all LPEs altered in the CSF followed the same direction 
as in plasma, as did LPCs, which were significantly increased in the Alcohol 
group. 

It is important to note that the presence of a metabolite in the CNS does not 
necessarily imply neuroactivity or causality in relation to brain-related symptoms. 
Many of the overlapping metabolites belonged to lipid classes, which is expected 
given the brain’s lipid-rich composition and tightly regulated lipid 
homeostasis321. Nonetheless, dysregulated lipid metabolism or chronic 
overconsumption of dietary fat is reflected in the brain lipid profile. This aligns 
with the current findings of increased phospholipids and fatty acids containing 
16- and 18-carbon chains in the brains of individuals with history of heavy 
alcohol use. 

The detection of hippuric acid and pyrocatechol sulfate in the brain further 
highlights the potential of microbiota-derived metabolites to cross the BBB and 
exert local neuromodulatory effects. Notably, 3-hydroxyvaleric acid, a five-
carbon ketone body, was positively correlated with multiple psychological 
symptom scores, elevated in plasma, and responsive to alcohol withdrawal. 
While hydroxyvalerates have previously been linked to alcohol consumption, 
their origin and physiological roles remain unclear253. Some isolated reports 
suggest that this anaplerotic carbon source can be rapidly utilized in the citric 
acid cycle to support brain energetics and neurotransmission, particularly in 
inherited metabolic conditions324. 
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Figure 10. CNS metabolites linked with history of heavy alcohol use selected based on 
a corresponding plasma metabolite displaying association with psychological 
symptoms in persons with AUD. A) frontal cortex metabolites significantly altered (p 
< 0.05) between alcohol and control group B) cerebrospinal fluid metabolite 
significantly altered (p < 0.05) between alcohol and control group. Data expressed as 
Log2-transformed mean peak area ± SD with individual values shown. The approximate 
threshold for an observed peak is a Log2-transformed value > 12. Differences between 
groups analyzed by Welch’s t-test comparing metabolite levels between control and 
alcohol groups. Figure reprinted from Leclercq, Ahmed, et al. (2024)273. 
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5.3 Modulatory effect of inulin supplementation on 
neuroactive plasma and fecal metabolites 

The preceding chapters demonstrated that both AUD and alcohol withdrawal 
significantly impact the circulating metabolome. This metabolite pool includes 
microbiota-associated compounds and lipid intermediates with potential 
neuroactive properties. Given the concurrent findings of dietary deficiencies and 
disrupted gut microbiota composition and function in individuals with AUD259, 

274, targeting the gut microbiota through nutritional interventions during alcohol 
withdrawal may offer adjunctive benefits by modulating neuroactive circulating 
metabolites. In study II, the effects of inulin fiber supplementation over a 3-week 
alcohol withdrawal period in individuals with AUD were investigated by 
analyzing changes in the plasma and fecal metabolomes, and their associations 
with gut microbiota composition, biological markers, and psychological 
symptoms273, 279. Clinical characteristics of the study participants are presented 
in Table 3. 
 

Table 3. Baseline characteristics of individuals with AUD randomized to receive either 
inulin or placebo supplementation during a 3-week alcohol withdrawal program. Values 
shown as mean ± standard deviation. Table modified from Amadieu, Ahmed, Leclercq, 
et al. (2025)279. 

 Inulin Placebo pa 
n 22 21 0.88 
Age 48.3 ± 9.8 48.8 ± 8.8  
Biological sex   0.08 
 Male (%) 11 (50.0) 16 (76.2)  
 Female (%) 11 (50.0) 5 (23.8)  
Weight 73.4 ± 14.6 70.8 ± 10.2 0.51 
BMI 24.4 ± 3.1 23.2 ± 3.5 0.23 
MMSE  27.7 ± 2.8 28.7 ± 1.2 0.14 
Active smokers (%) 16 (72.7) 17 (80.9) 0.52 
Alcohol consumption g/day 152.7 ± 90.7 134.1 ± 54.7 0.42 
Years of drinking habit 16.5 ± 11.9 16.9 ± 10.3 0.90 
DSM-5 AUD score 9.3 ± 1.3 8.0 ± 1.9 0.01 

aStatistical difference between inulin and placebo groups. Numerical variables compared using 
independent sample t-test or Mann Whitney U test and categorical variables using chi-square test or 
Fisher’s test for categorical values. 
Abbreviations: AUD, Alcohol Use Disorder; BMI, Body Mass Index; DSM-5, Diagnostic and Statistical 
Manual of Mental Disorders fifth edition; MMSE, Mini Mental State Examination. 
 

The effect of inulin supplementation on plasma and fecal metabolomes was 
evaluated using both univariate and multivariate analyses. The performance of 
the two component PLS-DA models showed that the model with fecal 
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metabolome had an accurary of 0.66, R2 of 0.68 and Q2 of 0.10 while the model 
with plasma metabolome had the accuracy of 0.58, R2 of 0.86 and Q2 of -0.14 
indicating lack of classification ability of the models. Nevertheless, metabolic 
features meeting the criteria of p < 0.05 in the Mann–Whitney U test and a VIP 
score > 1.5 in the PLS-DA models were selected for further inspection. 
Following annotation, 13 plasma and 14 fecal metabolites were identified as 
significantly differing between the inulin and placebo groups at the end of the 
withdrawal (Figure 11). As shown in Figure 11a, most of the altered plasma 
metabolites were elevated in the Inulin group and primarily belonged to various 
lipid classes. Although the fold changes were modest (approximately 0.5), 
increases were observed in long-chain fatty acids, specifically 16:0, 18:2, 18:3, 
20:3;O, 22:5, and 22:6, as well as in PCs containing these fatty acid chains. 
Additional increases were noted in sphingomyelin 36:2, acylcarnitine 10:2, 
cortisol, and an unidentified metabolite with the molecular formula C₈H₁₅NO₂. 
Only one annotated metabolite, 3-methylhistidine, was found to be decreased 
compared to Placebo. 

These findings suggest that inulin’s influence during withdrawal on plasma 
metabolome is relatively minor and primarily affects polyunsaturated lipid 
species. Importantly, these changes could not be attributed to differences in 
dietary intake274. Except for palmitic acid (16:0), none of the altered metabolites 
had previously shown neuroactive potential in correlation analyses (Figure 9). 
Moreover, inulin supplementation appeared to induce a modest increase in 
symptom-associated metabolites. While dietary fibers are generally known for 
their hypolipidemic effects, which influence various circulating lipid classes, 
long-chain inulin supplementation has also been reported to increase circulating 
lipids325 and fecal fatty acids266. Notably, inulin also exhibits cholesterol-
lowering properties241. Preclinical studies have shown that gut microbial 
metabolism of polyunsaturated acids can influence colonic lipid content, and that 
inulin may modulate hepatic expression of desaturases and elongase326, 327. 
However, the relevance of these mechanisms in humans remains to be fully 
established. 

In contrast to plasma metabolome, the annotated fecal metabolites exhibited 
an opposite trend, with the majority showing decreased levels in the inulin group 
compared to placebo (Figure 11b). Moreover, the altered fecal metabolites 
belonged to distinctly different chemical classes than the lipid-rich profile 
observed in plasma. The decreases, though modest (fold change ~ -0.5), were 
primarily seen in secondary bile acids, including ketodeoxycholic, nutriacholic, 
lithocholic, and deoxycholic acids, as well as in amines such as aniline, 4-
aminophenol, and dimethylphenylamine. Additional decreased metabolites 
included hydroxy fatty acid 18:1, indole-3-butyric acid, 5-AVAB, 
methylimidazoleacetic acid, and zeatin. Only two annotated metabolites were 
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elevated: N8-acetylspermidine and an unidentified compound with the molecular 
formula C₆H₁₁NO. 

Notably, there was no overlap between the altered fecal metabolites and those 
observed in plasma, neither in study I nor study II, including gut microbiota-
associated compounds. This suggests that the plasma and fecal metabolic pools 
are spatially distinct, or that inulin modulates metabolic pathways in a location-
specific manner. The fecal metabolome primarily reflects the functional capacity 
of the gut microbiota and is largely shaped by microbial composition14. The 
consistent reduction in multiple secondary bile acids suggests that inulin may 
influence microbial pathways involved in bile acid deconjugation or 
dehydroxylation or promote the growth of microbial taxa not engaged in bile acid 
transformation328. The observed decrease in amines and aniline derivatives may 
reflect reduced exposure to dietary or environmental xenobiotics, or enhanced 
biotransformation of these compounds329. The decline in indole-3-butyric acid 
and zeatin, both plant-derived metabolites, coincided with a reported reduction 
in root vegetable intake in the Inulin group274. Meanwhile, the increase in N8-
acetylspermidine may indicate shifts in polyamine metabolism, potentially 
reflecting improved gut health330 and stress-ameliorating effects that could 
extend to the brain331. 
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Figure 11. Volcano plot illustrating the differential plasma and fecal metabolic features 
between inulin and placebo groups after a 3-week alcohol withdrawal period. X-axis 
depicts the features’ Log2-transformed fold changes and y-axis their statistical 
significance in Mann-Whitney U test. Colored dots represent features with p < 0.05 and 
their size the variable importance in projections scores. A) Plasma metabolic features. 
B) Fecal metabolic features. 5-AVAB, 5-aminovaleric acid betaine; AC, acylcarnitine; 
DHA, docosahexaenoic acid; DPA, docosapentaenoic acid; FA, fatty acid; PC, 
phosphatidylcholine; SM, sphingomyelin. Figure reprinted from Amadieu, Ahmed & 
Leclercq, et al. (2025)279. 

 
Correlation analysis between inulin-altered plasma metabolites and AUD-

associated gut microbiota composition revealed several nominally significant 
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associations (Figure 12a). Fatty acids were consistently positively correlated 
with the Flavonifractor genus and the Ruminococcus torques group, while 
Butyricicoccus showed inverse correlations with fatty acids 20:3;O and 22:5. 
Additionally, sphingomyelin 36:2 was positively associated with Ruminococcus 
torques and Bacteroides, and negatively correlated with liver function markers, 
including aspartate aminotransferase, alanine aminotransferase, and cell death 
biomarker M65. Plasma cortisol levels were positively correlated with 
Lachnoclostridium and Flavonifractor genera. 

Among the inulin-associated fecal metabolites, several nominally significant 
correlations with gut microbiota composition were also observed (Figure 12b). 
Lithocholic acid was negatively correlated with Butyricoccus, Bacteroides and 
Flavonifractor genuses while ketodeoxycholic acid was negatively associated 
with Lachnoclostridium and positively with Dorea. Both lithocolic and 
ketodeoxycholic acids showed positive correlations with Desulfovibrio. 
Similarly, nutriacholic and deoxycholic acids were positively correlated with 
Dorea. Amine metabolites and indole-3-butyric acid were negatively correlated 
with Bacteroides. Bifidobacterium and Lachnoclostridium were positively 
associated with N8-acetylspermidine and an unknown metabolite (C6H11NO). 
Conversely, 5-AVAB was inversely correlated with Lachnoclostridium but 
positively associated with Desulfovibrio and social activity score. Finally, liver 
function markers alanine aminotransferase and cell death biomarker M65 were 
positively correlated with 4-aminophenol, nutriacholic acid and indole-3-butyric 
acid. 

Correlation analysis between AUD-related gut microbiota composition and 
metabolites revealed moderate associations with limited statistical significance; 
however, several notable patterns emerged. For instance, plasma fatty acids were 
positively correlated with the R. torques group and the Flavonifractor genus. 
Although preliminary, a member of the Flavonifractor genus, F. plautii, has been 
suggested to influence liver metabolism through its metabolic products, which 
may modulate gene expression pathways involved in glucose and lipid 
metabolism332. Interestingly, while inulin is known for its bifidogenic effect, no 
significant correlations were observed between Bifidobacterium plasma 
metabolites. However, fecal N8-acetylspermidine was positively associated with 
Bifdobacterium, suggesting a localized metabolic interaction. Fecal secondary 
bile acids showed correlations with several gut microbial taxa, including 
Lachnoclostridium and Dorea, both members of the Lachnospiraceae family, 
which is known for its capacity to biotransform bile acids328. Among these, only 
Dorea has been previously implicated in the bile acid modulation333. Similarly, 
Desulfovibrio has also been linked to bile acid cycling within the colon, 
reinforcing its potential role in shaping the fecal bile acid profile. 
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Figure 12. Correlations between inulin-associated metabolites and microbial, biological 
and psychological parameters after a three-week alcohol withdrawal period. Heatmaps 
of the Spearman rank correlations between metabolites and variables where blue color 
indicates negative and red positive correlation coefficient while the size of the dot is 
proportional to the level of significance. A) plasma metabolites and their correlations 
with biological and psychological parameters. B) Fecal metabolites and their 
correlations with biological and psychological parameters. 5-AVAB, 5-aminovaleric 
acid betaine; AC, acylcarnitine; BDNF, brain-derived neurotrophic; DHA, 
docosahexaenoic acid; DPA, docosapentaenoic acid; FA, fatty acid; PC, 
phosphatidylcholine; SM, sphingomyelin. Figure modified from Amadieu, Ahmed, 
Leclercq, et al. (2025)279. 
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Inulin’s prebiotic effect is known to stimulate the growth of Bifidobacterium 
and Lactobacillus, genera recognized for their fermentation capacity to produce 
SCFAs334. To assess this, fecal samples were analyzed for SCFAs content using 
a semi-targeted approach. Figure 13 presents the relative differences between 
the inulin and placebo groups for the three most abundant SCFAs, acetic, 
propionic, and butyric acids, as well as for butyric acid isomers (isobutyric and 
2-methylbutyric acid), valeric acid, isovaleric acid, and hexanoic acid. None of 
the measured SCFAs reached statistical significance between the groups. These 
findings are consistent with previous studies, which have reported mixed results 
regarding fecal SCFA levels following inulin supplementation. For example, 2- 
or 4-week inulin interventions in healthy adults, and a 6-week intervention in 
individuals with overweight or obesity, showed no significant changes in 
individual fecal SCFAs264, 265. In contrast, a 12-week supplementation with an 
inulin/oligofructose mixture in women with obesity led to decreased levels of 
acetic, propionic, and total SCFAs267. Conversely, other studies have reported 
increases in total fecal SCFAs after 2 weeks in healthy adults and increases in 
acetic and propionic acids after 4 weeks in patients with type 2 diabetes. This 
variability may reflect differences in the type of inulin used (e.g., short- vs. long-
chain), dosage, dietary background, and study population. Moreover, while 
SCFAs are abundant in the colon, over 90% are absorbed in the intestine, 
meaning that fecal SCFA levels may not accurately reflect total SCFA 
production335. As a result, measuring circulating SCFAs may prove to be a more 
representative indicator of SCFA production and systemic availability. 
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Figure 13. The effect of a 3-week inulin or placebo supplementation on the levels of 
identified fecal short-chain fatty acids (SCFAs). SCFAs were measured at the end of 
the alcohol withdrawal. Plots display individual values of Log2-transformed arbitrary 
peak areas and group means ± standard deviation. Groups were compared using the 
Mann-Whitney U test on raw arbitrary peak areas.  Figure modified from Amadieu, 
Ahmed, Leclercq, et al. (2025)279. 

5.4 Relationship between plasma and fecal metabolites 

As observed in study II and illustrated in Figure 11, relatively few metabolites 
were altered in plasma and fecal metabolome following inulin supplementation 
in the individuals with AUD. More importantly, these changes and their 
associations with gut microbiota composition did not exhibit consistent or 
overlapping patterns (Figure 12). Therefore, the objective of study III was to 
investigate the associations between fecal and plasma metabolomes, identify 
shared patterns, and assess their reproducibility across two lifestyle intervention 
cohorts utilizing inulin supplementation and due to data availability, explore 
whether findings extend to another lifestyle factor, exercise training. To achieve 
this, available untargeted metabolomics data from three distinct lifestyle 
interventions were utilized. To maximize overlap, all annotated features were 
manually cross-checked across studies. The interventions included: (1) the 3-
week inulin supplementation during alcohol withdrawal in individuals with AUD 
(Gut2Brain), (2) a 3-month inulin-enriched dietary intervention in individuals 
with obesity (Food4Gut), and (3) a 3-month high-intensity interval training 
program in individuals with MASLD (BestTreat). Following manual cross-
checking, the number of annotated plasma metabolites was 286 in Gut2Brain, 
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239 in Food4Gut and 234 in BestTreat (Figure 14). For fecal metabolites, the 
corresponding numbers were 90, 173 and 195, respectively. All annotated 
metabolites were in the range of 60 to 900 m/z and listed in the Supplementary 
table S1. Across all three studies, 111 plasma metabolites and 46 fecal 
metabolites were shared. The differences in total annotations reflect study-
specific metabolite coverage; however, approximately 50 % of plasma and 45 % 
of fecal metabolites were commonly observed across cohorts. The plasma 
metabolome reflects a combination of dietary and environmental exposures, 
microbial activity, host genetics, and clinical status, whereas the fecal 
metabolome is primarily shaped by gut microbiota composition14, 336, 337. 
Previous comparisons across five population-based studies have shown that 
approximately 66 % of plasma metabolome can be considered common 338. 
Although the fecal metabolome tends to be more variable, many annotated 
metabolites—such as bile acids, heme derivatives, and fatty acids—are 
consistently enriched in industrialized populations, regardless of individual 
microbiome composition339. 
 

 
Figure 14. Number of cross-checked annotated metabolites from the Gut2Brain, 
Food4Gut and BestTreat metabolomes. A) Annotated plasma metabolites. B) 
Annotated fecal metabolites. 

 
Fecal–plasma metabolite correlations were first assessed within each study, 

and the results are presented in Figure 15. Notably, no correlations remained 
statistically significant after false discovery rate correction (q < 0.05). Therefore, 
Figure 15 displays all nominally significant correlations (p < 0.05), categorized 
by the direction of the correlation coefficient (positive or negative Spearman rs). 
The highest number of nominally significant correlations was observed in the 
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BestTreat study, with 2,089, 2,172, and 2,720 correlations identified in the 
baseline, exercise, and control groups, respectively. However, only three 
correlations were shared across all three groups, and these involved metabolites 
from the lipid class—specifically phosphocholines and fatty acids. In contrast, 
the inulin-based trials (Gut2Brain and Food4Gut) showed no overlapping 
significant fecal–plasma metabolite pairs between their respective groups. 
Moreover, the study-specific heterogeneity of plasma and fecal metabolomes 
was also supported by the enrichment analysis. The Gut2Brain study exhibited 
the lowest number of correlations, with 1,177, 1,376, and 1,697 pairs in the 
baseline, inulin, and placebo groups, respectively. In the Food4Gut study, the 
number of significant pairs was 2,112 at baseline, 1,604 in the inulin group, and 
2,185 in the placebo group. Importantly, the proportion of shared metabolite 
pairs between any two groups within each study remained below 2%, indicating 
that the observed fecal–plasma correlations were largely group- and time-
specific, with limited reproducibility across conditions. 

 

 
Figure 15. Statistically significant (p < 0.05) fecal-plasma metabolite correlations 
within the Gut2Brain, Food4Gut or BestTreat studies. The common correlations were 
compared between baseline, treatment and control groups within studies. Red color 
indicates correlations with Spearman rank correlation coefficient values > 0 and blue 
color coefficient values < 0. 

 
Despite inconsistencies in fecal–plasma metabolite correlations within 

individual studies, comparing these correlations across different baseline and 
treatment groups may offer deeper insights into microbiota–host interactions. To 
explore this, overlapping fecal–plasma metabolite pairs were assessed across 
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studies by comparing baseline, treatment, and control groups. However, the 
relatively small sample sizes posed a limitation: Gut2Brain had the largest cohort 
with 44 participants, followed by BestTreat with 40, and Food4Gut with only 27. 
These were further divided into treatment and control arms, reducing statistical 
power, despite some metabolite pairs showing strong correlation coefficients (rₛ) 
even in the smallest groups. To address this, metabolite pairs were also selected 
for comparison based on a correlation coefficient threshold of rₛ > 0.3 or < -0.3, 
provided they reached nominal significance (p < 0.05) in the group with the 
largest sample size. Results from both the statistical and rₛ-based thresholds are 
presented in Figure 16. As expected, applying the rₛ threshold increased the 
number of metabolite pairs available for comparison to several thousand per 
group. However, this did not reveal substantial overlap: only one metabolite pair 
was shared at baseline, 16 in the treatment groups, and 23 in the control groups. 
When using the stricter statistical threshold, only a single correlation—between 
plasma acylcarnitine 16:1 and fecal trigonelline at baseline—was common 
across studies. Furthermore, the relative proportion of correlations meeting the 
rₛ threshold between any two studies remained below 4%. When applying the 
nominal significance threshold, this proportion dropped to below 1%, 
highlighting the limited reproducibility of fecal–plasma metabolite correlations 
across different interventions and populations. 

 

 
Figure 16. Fecal-plasma metabolite correlations displaying Spearman rank correlation 
coefficient (rs) of > 0.3 or < -0.3 between the baseline, treatment or control groups 
across the Gut2Brain, Food4Gut or BestTreat studies. Superscript expresses the number 
of statistically significant (p < 0.05) correlations among the ones passing the rs threshold. 
Red color indicates correlations with Spearman rank correlation coefficient values > 0 
and blue color coefficient values < 0. 
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These results suggest that while fecal–plasma metabolite correlations do exist, 
their consistency is limited. Previous studies across various populations have 
similarly reported correlations between fecal and plasma metabolites, but both 
their statistical significance and correlation strength (rₛ) vary widely. For instance, 
in a cohort of 1,370 individuals with metabolic syndrome, only two metabolite 
pairs showed significant correlations (q < 0.05), and both had rₛ values below 
0.3340. In another study involving over 1,000 middle-aged and elderly individuals, 
a set of 132 paired metabolites, detected in both feces and plasma, yielded an 
average rₛ of 0.05 ± 0.12, with only eight pairs exceeding rₛ > 0.3341. In a pediatric 
population, fecal–plasma metabolite correlations have ranged from rs = -0.4 to 
0.4342 while in endurance athletes, 12 fecal metabolites correlated with 70 plasma 
metabolites, producing nominally significant rs values between -0.7 and 0.7 
similar to the exercise group in the present study343. What stands out across all 
these studies, including the current one, is the remarkably low number of 
consistently observed correlations. Although speculative, this variability may 
stem from both biological and methodological factors. Feces, as a waste product, 
have a distinct metabolic composition compared to the luminal environment, let 
alone the upper gastrointestinal tract344. Within the lumen, nutrient absorption 
and microbial metabolism continuously reshape the chemical landscape. 
Microbial communities form complex metabolic networks, including cross-
feeding interactions345. Furthermore, biologically active metabolites produced in 
the gut are often utilized locally by host cells or processed by the liver before 
entering systemic circulation, limiting their detectability in plasma346. Lastly, 
results likely reflect the unique outcomes of metabolic alterations in AUD, 
obesity and MASLD challenged with fiber supplementation or intensive exercise.  

5.5 Limitations and strengths 

The overarching methodological approach used in this work, nontargeted LC-
MS-based metabolomics, offers both strengths and limitations. Given that 
studies I and II were hypothesis-free explorations aimed at identifying 
biomarkers and assessing the metabolic effects of specific interventions, and 
study III focused on uncovering associations between fecal and plasma 
metabolites, LC-MS-based metabolomics was well suited to these objectives due 
to its high sensitivity and broad analytical coverage. Importantly, methodological 
consistency across studies, including similar metabolite extraction protocols, 
chromatographic separation techniques (RP and HILIC), analytical platforms, 
data preprocessing, and annotation workflows, supports the comparability of 
results. Nevertheless, each analytical technique introduces its own biases, and no 
single method can comprehensively capture the entire metabolome. For example, 
the fecal metabolome is rich in volatile compounds such as esters and alcohols, 
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which are not well detected by the LC-MS approaches used here, with the 
exception of the SCFA analysis in study II. Additionally, nontargeted 
metabolomics remains constrained by its reliance on existing spectral databases 
and chemical standards for metabolite identification, meaning that typically part 
of the observed metabolites remain unidentified, as was the case in these studies. 
The vast volume of data generated also requires compromises in the data analysis 
depth and necessitates rigorous curation to distinguish true biological signals 
from noise. In this context, the use of in silico and bioinformatics tools, many of 
which were applied during the annotation steps in this work, is essential for 
managing omics-scale data and ensuring the reliability of reported findings. 

Although beyond the control of this work, it is worth acknowledging the 
limitations inherent to clinical research, particularly regarding group selection 
and the challenge of minimizing unwanted variation. In studies I and II, the 
individuals with AUD were enrolled in standardized manner and their alcohol 
consumption and abstinence were carefully verified in a clinical, longitudinal 
setting, all factors that should be considered as strengths. The inclusion of a 
matched control group enabled the investigation of alcohol-related metabolic 
profiles. However, dietary intake could not be matched, and since AUD is often 
accompanied by malnutrition, the influence of alcohol abstinence per se from 
those of improved nutritional status. Dietary factors are known to significantly 
influence both plasma and fecal metabolomes, likely confounding the results5, 14. 
Moreover, the subtle metabolic effects of inulin treatment observed in study II 
reflect the interplay between AUD, withdrawal and inulin. However, the absence 
of an inulin-treated control group limits the ability to reveal such effects. Across 
studies I, II and III, sample sizes ranged from 27 to 96 participant, representing 
small to moderate cohorts. This limits statistical power, particularly given that 
subtle metabolic changes often require large-scale metabolomics studies to 
detect. Additionally, clinical samples were collected at different times and 
locations using varying protocols, introducing potential sources of technical and 
biological variation that may be reflected in the metabolite profiles. Notably, 
prolonged storage may be reflected as potential shifts in the fecal polar 
metabolome, plasma lipids and hormones halting the comparability between 
studies as clinical samples for this work were collected across 2015 and 2020347, 

348.  In study III, the lifestyle interventions and health statuses of participating 
populations were heterogeneous. While this diversity may be viewed as a 
limitation, it also offers a strength by enabling the identification of underlying 
metabolic commonalities across different health contexts. 

Finally, all three studies report semi-quantitative metabolomics data, which 
are valuable for identifying metabolic phenotypes and associations but do not 
establish causality. For example, while study I demonstrated that alcohol use 
alters specific circulating and brain metabolites associated with psychological 
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symptoms, the observed associations require follow-up in vitro or in vivo studies 
to provide mechanistic insights. Similarly, in study II, associations between 
microbial genera and metabolites may oversimplify the complexity of 
microbiota–host interactions. As discussed in study III, feces represent only a 
fraction of the intestinal chemical landscape, and the circulating metabolome is 
tightly regulated by homeostatic mechanisms. Therefore, the observed 
associations likely represent only a narrow snapshot of the broader, dynamic 
microbiota–host crosstalk. 

5.6 Relevance and significance of the research 

The findings presented in this thesis both reinforce existing knowledge and offer 
novel insights into alcohol-induced metabolic alterations, their associations with 
psychological symptoms, and the potential role of gut microbiota metabolism. 
While alcohol’s impact on lipid metabolism is well established, this work 
demonstrated that specific lipid classes and fatty acids are distinctly modulated, 
alongside consistent changes in gut microbiota- and diet-associated metabolites 
during periods of alcohol intake and abstinence. The originality of these findings 
is underscored by the inverse associations between psychological symptoms and 
gut- or diet-derived metabolites, many of which were downregulated in 
individuals with AUD. Notably, several of these metabolites were also detected 
in the CNS and have previously been linked to beneficial neuroactive 
properties144, 313, 315, 319. This opens avenues for future proof-of-concept studies 
exploring their mechanistic roles. 

 Although inulin has been studied in various contexts, its application during 
alcohol withdrawal in individuals with AUD had not been previously explored. 
This thesis presents the first plasma and fecal metabolic profiling of such an 
intervention, offering a detailed view of its metabolic impact. While the overall 
effects were modest, consistent with earlier reports, an increase in plasma 
polyunsaturated fatty acids and their correlation with gut microbiota composition 
is noteworthy, particularly given inulin’s proposed links to lipid metabolism266, 

325, 327. 
The fecal metabolome provides a valuable window into microbial metabolism, 

while the plasma metabolome reflects both host and microbial influences. 
Although previous studies have reported correlations between fecal and plasma 
metabolites, this thesis systematically mapped such relationships across three 
distinct lifestyle interventions. The lack of consistent correlation patterns across 
studies raises questions about the generalizability of these findings. Moreover, 
the distinct chemical landscapes of fecal and plasma metabolomes highlight the 
complexity of microbial cross-feeding, intestinal metabolism, and hepatic 
processing before metabolites reach systemic circulation. These results 
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underscore the need for caution when linking fecal metabolite profiles to health 
outcomes beyond the gastrointestinal tract. 

5.7 Future prospects 

The findings from this work raise several questions that set the stage for 
subsequent works in the context of AUD. Considering the range of diet-linked 
metabolites altered in the AUD before and after withdrawal, and their 
associations with psychological symptoms, the independent effects of intensive 
nutritional therapy during alcohol withdrawal should be investigated. Such 
approaches could focus on supporting the intake of polyunsaturated fats, 
complex carbohydrates, fruits, vegetables and caffeine beverages. In the light of 
accumulating evidence on the detrimental effects of certain saturated and 
monounsaturated fatty acids and their associations with negative psychological 
symptoms, lipidomics could offer deeper insight into these observed alterations 
and support the design of mechanistic experiments. It is also important to 
determine whether these associations between lipid species and psychological 
symptoms are specific to chronic alcohol abuse or extend to other populations 
with lipid dysregulation. Similarly, the modest effect of inulin treatment, 
primarily observed in plasma lipids, raise the question of whether these changes 
result from interactions with AUD-altered physiology or reflect a general feature 
of inulin’s influence on the gut–brain axis. Finally, although no consistent 
associations were found between fecal–plasma metabolites, future studies 
utilizing intestinal content may better capture the metabolic interaction between 
gut microbiota and host, offering more accurate insights into their health 
implications. 
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6 SUMMARY AND CONCLUSION 

This doctoral thesis employed a nontargeted LC-MS-based metabolomics 
approach to characterize plasma and fecal metabolic profiles in humans. The aim 
was to identify microbiota-derived metabolites with neuroactive potential, 
examine the effects of gut microbiota-targeted fiber supplementation, and 
explore relationship between distinct metabolite pools. The studies included in 
this thesis analyzed biological samples from several clinical interventions 
conducted in Belgium and Finland, involving individuals with AUD, obesity or 
MASLD. Study I investigated the impact of excessive alcohol consumption and 
a three-week withdrawal period on plasma metabolome. Metabolite correlations 
with psychological symptoms and their presence in the CNS were used to assess 
neuroactive potential. Study II introduced inulin supplementation targeting gut 
microbiota during alcohol withdrawal. Changes in fecal and plasma metabolites 
were mapped and correlated with gut microbiota composition, as well as 
biological and psychological markers. Study III compared fecal and plasma 
metabolites identified across three separate lifestyle interventions to uncover 
common patterns of fecal–plasma metabolic crosstalk.  

Study I revealed that individuals with AUD exhibited elevated plasma levels 
of PCs, saturated or monounsaturated fatty acids with 16- or 18-carbon chains, 
bile acids and steroids. These metabolites significantly decreased following 
alcohol abstinence. Notably, they showed consistent positive correlations with 
psychological symptoms, and several phosphocholines were also detected in the 
CNS of deceased individuals with history of heavy alcohol use. Conversely, 
LPCs containing ether bonds or saturated 15- or 17-carbon fatty acid chains, 
along with gut microbiota-derived or caffeine-related metabolites, were reduced 
in AUD but increased after withdrawal. These metabolites were negatively 
associated with psychological symptoms, and many were also present in CNS of 
the deceased individuals. Collectively, these findings highlight that chronic 
alcohol consumption disrupts liver lipid and steroid metabolism, leading to class-
specific metabolic alterations. Additionally, the results underscore alcohol’s 
impact on gut microbiota metabolism, either directly or via dietary deficiencies, 
which may contribute to broader physiological and psychological harm. These 
insights support the exploration of nutritional interventions, such as fiber or 
polyphenol supplementation, as adjunct therapies alongside standard treatment 
for substance use disorders.  

Building on the findings from study I, study II examined the effects of restoring 
dietary fiber intake through inulin supplementation during alcohol withdrawal. 
The intervention had a relatively modest impact on both plasma and fecal 
metabolite profiles. In fecal samples, inulin primarily reduced levels of secondary 
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bile acids, amines, amino acid-derived metabolites and the fatty acid 18:1, while 
increased a single polyamine metabolite. In plasma, the supplementation led to 
increases in saturated and polyunsaturated fatty acids, phosphocholines, and select 
metabolites from other classes. However, correlation analysis yielded mostly 
sporadic associations, with the exception of multiple links between secondary bile 
acids, amines or fatty acids and gut microbiota taxa. Notably, none of the 
metabolites previously identified as potentially neuroactive, including those 
derived from microbiota, were significantly altered by inulin supplementation. 
While the correlations suggest that gut microbiota may influence plasma fatty acid 
levels to some extent, the underlying mechanism remains unclear and warrant 
further investigation. It is important to recognize that dietary fibers exert both 
general and fiber-specific effects, which are further modulated by individual 
metabolic differences. Given this complexity, the modest impact observed is not 
unexpected, especially considering the mixed evidence surrounding inulin’s 
influence on various metabolic profiles. 

The main finding of study III was that the fecal–plasma metabolite 
correlations are abundant but highly specific to group and time, lacking 
reproducibility within or across studies. This was demonstrated by analyzing 
correlations in at baseline and during treatment and control phases across three 
distinct intervention studies. Despite longitudinal monitoring of the participants, 
there was virtually no overlap in statistically significant metabolite pairs across 
conditions. This lack of consistency persisted even when comparing baseline, 
treatment, or control group between different studies. Adjusting for unequal 
group sizes by applying a correlation coefficient threshold yielded only minor 
changes, reinforcing the conclusion that consistent directly observable 
relationships between fecal and plasma metabolites are rare. Given the 
fundamentally different nature and function of fecal material and plasma, 
reflected in their distinct metabolic composition, it is unsurprising that direct 
links are limited. While fecal samples are valuable for assessing microbial 
activity, they should not be considered comprehensive indicators of the colonic 
environment or the health relevance of the metabolites they contain. 

This thesis identified a group of circulating metabolites that may play a role 
in gut–brain axis communication, emphasizing the importance of dietary 
components and highlighting the distinct relevance of fecal versus circulating 
metabolites. The findings contribute to the growing body of knowledge on how 
the gut microbiota and lifestyle factors, particularly nutrition, affect 
psychological symptoms linked to mental health vulnerability. At the same time, 
the results underscore the necessity of carefully controlling lifestyle variables 
such as diet and physical activity in studies focused on the gut–brain axis. Such 
considerations enhance the ability of metabolomics to uncover novel insights 
into the complex microbiota–host relationship. 
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