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ABSTRACT

Alzheimer’s Disease (AD) is a complex and multifactorial neurodegenerative disease. The
current diagnosis relies on non-specific biomarkers (APi-42, t-Tau, and p-Tau) measured in
cerebrospinal fluid (CSF), which do not provide sufficient insights into disease progression.
Studying the exposome could reveal new disease-specific biomarkers for more accurate diagnosis.
In this pilot study, exposomics was performed on the CSF of three groups; AD, Mild Cognitive
Impairment (MCI) due to AD, and a non-demented control group (ND), using non-target high
resolution mass spectrometry (NT-HRMS) coupled with liquid chromatography (LC). An open-
source cheminformatics pipeline was developed using MS-DIAL and patRoon with PubChemLite
for Exposomics, plus CSF- and AD-specific suspect lists. Fifteen statistically significant chemicals
(nine Level I, six Level 2a) from diverse classes (amino acids, gut metabolites, sugars,
environmental chemicals) were identified. Most of the relevant chemicals (thirteen out of fifteen)
were detected using the Hydrophilic Interaction LC (HILIC) method. Environmental and lifestyle
factors may explain some chemical differences found across groups, such as the higher levels of
indole-3-acetic acid found in the AD and MCI compared to the ND group. This work provides a
strong methodological basis and several promising hypotheses to upscale these efforts on larger

AD cohort numbers in future studies.
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INTRODUCTION

Alzheimer’s Disease (AD) is a complex and multifactorial neurodegenerative disease where
genetics, lifestyle and environmental factors may influence the pathogenesis. AD is the most
common form of dementia, and its prevalence is expected to increase from 50 million people
(2010) to 113 million by 2050 worldwide!. AD is often divided into three stages: (1) preclinical
stage characterized by normal cognitive ability, (2) prodromal stage characterized by mild
cognitive impairment (MCI) and (3) dementia stage'. There is a growing evidence that
neuroinflammation may play a fundamental role in the pathology of the disease*’. Alterations in
the gut microbiota composition (gut dysbiosis) could change the gut barrier permeability and
induce immune activation leading to systemic inflammation, which could alter the blood brain
barrier (BBB) permeability, promoting neuroinflammation, and finally neurodegeneration
associated to the formation of f-amyloid (AB) aggregates and tau neurofibrillary tangles. This can
be explained by the bidirectional communication between the brain and the gut’s microbiota,
known as microbiota-gut-brain-axis (MGBA)®’.

The current diagnosis for AD is based on clinical symptoms and pathological alterations such as
reduced Ai-42 or increased p-Tau and t-Tau concentrations in cerebrospinal fluid (CSF). However,
AD pathology starts decades before the clinical symptoms appear. Moreover, A and tau protein
are quite stable in clinical AD, and may not always differentiate AD from other forms of dementia,
leading to a high rate of misdiagnosis in the early stages’®. While elevated levels of neurofilament
light (NfL) are also found in CSF of AD patients, this is also a nonspecific biomarker of
degeneration since its levels are elevated in multiple neurodegenerative diseases’. Hence, research
is urgently needed to find additional and specific biomarkers that could help in an early diagnosis

and better understanding of the disease progression.
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CSF is the closest biological fluid to the brain and abnormalities in this matrix are directly related
to pathological changes in the brain. Since it is already collected for AD diagnosis, further
investigation of its chemical composition (e.g., via metabolomics and exposomics) could provide
new insights to better understand disease progression. To date the number of exposomics studies
in CSF samples is still very low. However, several open resources exist to support exposomics of
CSF, including the CSF Metabolome database!®!!, containing about 468 metabolites found in
human CSF, and PubChemLite for Exposomics (PCL)!%, a subset of PubChem'*!* designed to
support efficient annotation in exposomics and metabolomics studies. Non-target high-resolution
mass spectrometry (NT-HRMS) coupled to liquid chromatography (LC) is well suited to perform
exposomics studies on CSF. Previous work focusing on Parkinson’s disease (PD) using plasma
and feces described an open source workflow including MS-DIAL, patRoon and PCL,
complemented with disease-specific databases and suspect lists!®. The current work extends this
approach to develop suspect lists and databases relevant for AD and apply this to CSF analysis.

This study investigates the exposome and metabolome in the CSF of AD, MCI, and a non-
demented control group (ND), meaning neurological patients without dementia and without central
nervous system (CNS) neurodegeneration. The additional MCI group offers the opportunity to
study disease progression. CSF was analyzed by NT-HRMS coupled to two different LC methods
to explore potential associations between clinical AD biomarkers (ABi-42, t-Tau, p-Tau and NfL)
and chemicals identified in the samples. This pilot study was designed to establish methods and

develop hypotheses to investigate in a larger cohort of patients in future studies.
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MATERIALS AND METHODS
Human CSF sample collection

A total of 30 CSF human samples (n = 10/group) were extracted by lumbar puncture and stored
at—80 °C until analysis. Informed consent was obtained (see Ethics Declaration). CSF biomarkers-
APi-40, APi-42, t-Tau, p-Tau, and NfL- were measured with a Lumipulse G600II analyzer
(Fujirebio). See Supporting Information (SI), Section S1.1.
Sample preparation

The sample preparation was adapted from Song et al.'®. Briefly, CSF samples were mixed with
ethanol, vortexed, incubated (-20°C) and centrifuged. The supernatant was evaporated to dryness
and reconstituted using Milli-Q water:MeOH:MeCN (2:1:1, v/v/v). Four different pooled Quality
Control (QC) samples were prepared following published recommendations'”!® (see S1.2). The
sample preparation method was first tested in artificial CSF (aCSF) samples (HelloBio Ltd, UK)
using the same protocol as above, but also adding 10 pL of a polar chemical standard mixture to
serve as reference standards later (see S1.3).
Instrumental analysis

Non-target analysis was performed as described previously'® on a Thermo Scientific Accela LC
system coupled to a Q Exactive™ HF (Thermo Scientific) mass spectrometer (MS) using
Electrospray Ionization (ESI) in both positive (+) and negative (-) modes. BEH Cisreversed phase
(RP) and SeQuant® ZIC-pHILIC 5 um polymer (HILIC) columns were used (in separate runs) to

detect a broader range of chemicals.
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128  Data processing

129 The raw files (“.raw”) were converted to “.mzML” using ProteoWizard MSConverter (Version
130 3.0.20331.3768aa6e9 64-bit)!° and analyzed with MS-DIAL (version 4.90)°, MS-FINDER
131 (version 3.52)?!22 and patRoon (version 2.1.0)?*?*. MS-DIAL (using public libraries, see Table
132 S4) combined with MS-FINDER was employed for non-target screening, while patRoon was used
133 for both suspect and non-target screening (see S1.4). Figure 1 shows the databases and suspect
134  lists employed for each of the patRoon approaches; those marked with an asterisk were created in
135  house to explore chemicals focused on AD and other related CNS diseases (see S1.5, GitLab* and

136 Zenodo?® repositories).

NON-TARGET SCREENING
I | Nerwedicine” I I I I

i I *
Pub@pxengolalltces AD- database TOP1*  SC20* AD-CTD* HMDB-CSF
Version 1.12.0 41,917 CIDs 1,268 CIDs 247 CIDs 86 CIDs 445 CIDs
MeSH

SUSPECT SCREENING

405,308 CIDs Filtering only the DO00544 list ‘,' Ctd jgaf}\
@ hmp
l )
I
. Pub(ClhemlLite
Frag ‘ ©EXPOSOMICS
Version 1.12.0
Compound 405,308 CIDs
137 identification
138 Figure 1. Databases and suspect lists employed for the non-target screening (left) and the suspect

139  screening (right) analysis with patRoon. *Indicates databases/suspect lists created for the purpose
140 of this study®>?’. See S1.5 and Table S5 for more details.
141
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Features were annotated based on the individualMoNAscore (0-1) for patRoon, Dot product (0-
100) and fragment presence (0-100) for MS-DIAL, and MS-FINDER score (0-10), as previously
described'>?®, with slight modifications for MS-DIAL and MS-FINDER (see Table S6).
OrgMassSpecR*3! was used to calculate spectral similarity. Identifications were considered
Level 1 when the match between the standard and tentative candidate (in the CSF) yielded a
SpectrumSimilarity score > 0.7 and the retention time (RT) shift was <Imin. Xcalibur Qual
Browser (version 4.1.31.9) was used to check the RT and to extract the MS/MS information. All
codes are available online®.

Statistical analysis

First, data was pre-processed with MetaboAnalyst 5.0°33 by filtering (interquartile range
option), normalization by sum, log transformation (base 10), and pareto scaling. Then, R was used
to compute one-way analysis of variance (ANOVA) with post-hoc Tukey’s Honestly Significant
Difference (HSD) test for multiple comparisons. Features with post-hoc test p-values < 0.05 were
considered as statistically significant. Additionally, area under the receiver operating characteristic
(ROC) curves (AUC) were computed (MetaboAnalyst 5.0). The chemical was considered an
excellent classifier when AUC = 1.0-0.9, and good when AUC = 0.9-0.8, following published
guidelines®. Finally, linear multiple regression analysis was used (via the /m function in R) to
analyze the relationship between the biomarker concentrations (ABi-40, AP1-42, p-Tau, t-Tau and

NfL) and the chemical features found in CSF (see S1.6).
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RESULTS

Table 1 summarizes the statistically significant Level 1-2a features (p-value < 0.05) identified
using at least one of the different approaches (software, database, or LC mode). The values from
the method with the best peak intensities and/or p-values are presented in Table 1 for simplicity.
Full results are available in Table S7-S14. Considerable efforts were made to confirm the identities
of the relevant chemicals, with finally nine out of the fifteen features confirmed via reference

standard, i.e., Level 1. S2.1 summarizes the identification workflow using the example cytosine

(Level 2a).
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Table 1. Statistically relevant features found by MS-DIAL and patRoon. Only Level 1 and Level 2a features are included. * Indicates
p-value <0.05 as well as good or excellent biomarkers. (a) Mannose is grouped with its isomers glucose, galactose, and fructose as they
are indistinguishable with the methods used (b) Neotame is a derivative of the IS Neotame-Ds. IL = Identification Level. “LC Mode”
indicates the method that provided the best peak intensities and/ or p-value (see Table S7-14 for detailed information).
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ANOVA Post-hoc test p-values AUC curves (ROC analysis)
Chemical name mz rt (min) | LC mode IL p-value MCI-AD ND-AD ND-MCI MCI-AD ND-AD ND-MCI
Adenine 136.0617 3.42 HILIC (+) |1 0.0091* 0.9958 0.0213* 0.0174* 0.50 0.87* 0.80*
Creatinine 112.051 3.58 HILIC (-) 1 0.0146 0.9096 0.0482* 0.0189* 0.55 0.86* 0.81*
Diazepam 285.0787 17.11 RP (+) 2a 0.0447* 0.0373* 0.6052 0.2429 0.64 0.83* 0.5
Cytosine 112.0505 5.9 HILIC (+) | 2a 0.0253* 0.0216* 0.6122 0.1575 0.78 0.69 0.71
Mannose (a) 179.0549 9.18 HILIC (-) 2a 0.0292* 0.7888 0.0292* 0.1164 0.52 0.91* 0.69
Threonic acid 135.0291 10.48 HILIC (-) 1 0.0457* 0.4707 0.3345 0.0361%* 0.62 0.77 0.85%
Galacturonic acid 193.0342 12.24 HILIC (-) 1 0.0305* 0.9534 0.0753 0.0403* 0.54 0.79 0.83*
3-hydroxybutanoic acid
(BHBA) 103.0396 5.92 HILIC (-) 1 0.0030* 0.0042* 0.0150%* 0.8637 0.89%* 0.86* 0.59
Neotame (b) 377.2062 15.89 RP (-) 2a 0.0070* 0.0229* 0.9456 0.0108* 0.77 0.61 0.86%*
Cotinine 177.1021 1.76 HILIC(+) |1 0.0284* 0.0916 0.8744 0.0320* 0.70 0.63 0.81*
N-Acetylhistidine 196.0717 8.15 HILIC (-) 2a 0.0102* 0.0348* 0.9193 0.0141* 0.81%* 0.5 0.81*
4-Hydroxyphenyllactic
acid (4-HPLA) 181.0495 6.46 HILIC (-) 2a 0.0285* 0.9935 0.0574 0.0455* 0.53 0.80* 0.83*
Indole-3-Acetic Acid
(TAA) 176.0706 13.66 RP (+) 1 0.0234* 0.7237 0.1144 0.0221* 0.57 0.82%* 0.81%*
L-Valine 118.0862 6.99 HILIC(+) |1 0.0105* 0.9996 0.0224* 0.0211* 0.50 0.86* 0.84*
L-Proline 116.07 6.92 HILIC (+) |1 0.0280* 0.0569 0.9927 0.0444%* 0.83* 0.55 0.82%
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MS-DIAL identifications

A total number of 149 unique features were annotated as Level 1 and Level 2a with the RP (45
unique) and HILIC (61 unique) separation modes, with 43 features overlapping (InChIKeys were
employed to deduplicate, see S2.2). Figure 2 shows the m/z and intensity of all the tentative
candidates identified with MS-DIAL and MS-FINDER. The high confidence features (Level 1-
2a), consisting primarily of small molecules, generally exhibit higher peak intensities, while Level

5 features are more diverse, from low to high masses, and the peak intensities are mainly low

(Table S7).

HILIC ESI (-)

HILIC ESI (+)

e

RP ESI (-)

RP ESI (+)

14 «

250 500
mass-to-charge ratio (m/z)

750

250 500

750

Peak intensity
1.0e+08

7.5e+07
5.0e+07
2.5e+07
— 0.0e+00

Figure 2. Dot plot showing the m/z distribution of the tentative annotated features, shaded

according to peak intensity. Each dot represents the maximum peak intensity found in the samples.
Level 1 features are confirmed by reference standard while Level 2a are based on scores. See

Table S6 for detailed information about the ILs.
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After performing the ANOVA post-hoc tests, 95, 111, and 571 features were identified as
statistically relevant (p- value < 0.05) in the MCI-AD, AD-ND, and ND-MCI groups, respectively
(Table S8). Nevertheless, only twenty features were within the high confidence range (Levels 1-
2a) and only twelve features were unique (first twelve rows of Table 1), as some chemicals were
identified as statistically relevant by more than one LC and ionization method (e.g., adenine and
cotinine were identified as relevant by both RP and HILIC). All the statistically relevant chemicals,
except for cytosine, were classified as good or excellent classifiers.
patRoon identifications
Non-target screening

There were 17 and 23 unique features annotated by RP and HILIC, respectively using patRoon
non-target screening approach with the PCL database. The same features were identified with the
AD-database except for metoprolol acid (Level 2a), L-beta-homolysine (Level 3a) and neotame
(Level 2a). The presence of neotame was later confirmed to be as a derivative of the IS, neotame-
D3, employed to check the instrument performance (see S2.3 and Table S9-S10). Although only
18,677 chemicals overlap between the PCL and AD-database, most of the features found in the
CSF samples were within this overlap, even though PCL has many more chemicals. This implies
that the AD-database provides adequate coverage, as similar results were obtained with fewer
entries in the database, which ultimately led to a faster (more efficient) data analysis.

After computing the post-hoc ANOVA tests, four features were found to be statistically
significant using PCL. The same features were found as relevant with the AD-database except for
L-proline (Table S11-S12). Three of them were confirmed with the reference standard, (Indole-
3-Acetic Acid (IAA), L-valine and L-proline), last three rows of Table 1, whilst the other was

annotated as Level 3a (quinoline).
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Suspect screening

Figure 3 illustrates the number of annotated features and overlapping in each of the different
suspect lists (A) as well as the identification levels of each of the features (B), separated by HILIC
(+ and -); RP results are in S2.4. Of the four suspect lists used, most of the unique features were
found in the largest lists: TOP1 and HMDB-CSF. Overall, the overlap between the suspect lists
was low. Interestingly, the HILIC LC method showed a considerably higher number of unique
features in the HMDB-CSF suspect list, suggesting that this might be a better chromatographic
approach for the CSF analysis, due to the polarity of the matrix. Additionally, more Level 1

features were found using HILIC rather than RP (Table S13).
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Figure 3. (A) UpSet plot representing the number of annotated features in each suspect list plus
the overlap across lists. (B) Bar plots showing the identification levels of the annotated features in
each suspect list. Features identified by positive and negative ionization modes were combined in
these plots for simplicity, only HILIC results are shown - see S2.4, Figure S11, for RP. See S1.5
for detailed information about the suspect lists.
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Fifteen statistically relevant features were found by the different suspect screening approaches
(Table S14). Most of the statistically relevant chemicals (thirteen) were found with the TOP1
suspect list, all classified as Level 5. One Level 1 chemical was identified with HMDB-CSF and
SC20, L-proline, displayed in Table 1, while one Level 3¢ feature (N-acetylaspartylglutamic acid)

was annotated using the HMDB-CSF list (see S2.4, Figure S12).

DISCUSSION

This discussion focusses on the statistically significant Level 1 and 2a chemicals (Table 1) since
most of the low confidence features exhibited low peak intensities (Figure 2). The discussion is
divided by chemical classes, with major examples shown in Figure 4, before exploring the
relationship between the CSF biomarkers (APi-42, p-Tau, t-Tau and NfL) and the statistically

relevant chemicals found across the groups.
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Figure 4. Bar plots showing the normalized peak intensities across groups of proline (A), valine
(B), creatinine (C), N-Acetylhistidine (D), IAA (E), 4-HPLA (F), BHBA (G), adenine (H),
threonic acid (I), galacturonic acid (J), cotinine (K) and diazepam (L). *: p-value <0.05, NS: Not

Significant differences.
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Amino acids and derivatives

Disrupted amino acids pathways were previously described® >’ in AD and may be related to the
alteration of different neurotransmitters. Here, higher levels of proline were found in the MCI
group compared to the AD and ND groups (Figure 4A). Proline is a nonessential amino acid that
was already identified as possible a biomarker of AD in CSF samples®. In addition, evidence has
shown that proline metabolism is related to the ageing process and plays a key role in the
progression from healthy to MCI and eventually to AD%. The results here are in line with these
previous studies, since the higher levels found in the MCI group might suggest that this amino acid
could be a biomarker of disease progression. Since proline is classified as a “good” biomarker
(AUC > 0.8), it could help to discriminate between ND-MCI groups (see S3.1, Figure S13).

Valine showed statistically significant lower levels in the AD and MCI groups compared to the
ND group, suggesting a progressive decrease in the disease (Figure 4B). Since AUC > 0.8 in the
ND-MCI and ND-AD comparison, it may be a potential biomarker for disease progression.
Decreased valine levels were already reported in AD, correlated to impaired neurotransmission
and cognitive function®®. This may be explained by the brain glucose hypometabolism in AD,
which could lead to compensatory sources of energy, such as amino acids to form tricarboxylic
acid cycle (TCA) intermediates®’.

Creatinine, an amino acid derivative, was found with statistically higher peak intensities in the
AD and MCI groups compared to the ND group (Figure 4C), discriminating well between ND-
AD and ND-MCI (AUC > 0.8). Higher levels of creatinine were noted previously in the CSF of
AD, possibly due to multiple factors, including the excessive use of phosphocreatine as an energy

source (followed by degradation to creatinine), disruptions in the creatinine-phosphocreatine
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shuttle’” and/or a compromised BBB integrity, allowing creatinine and other molecules to leak
into CSF from blood *°.

Statistically higher levels of N-Acetylhistidine (Level 2a), a histidine derivative, were found in
the MCI group compared to the AD and ND groups (Figure 4D). Changes in this metabolite have
been described in both AD* and PD*!, suggesting that the N-acetylation of amino acids may be
affected in these neurological diseases.

Glutamate, lysine, histidine, arginine, glutamine, serine, and phenylalanine were found with
lower levels in the AD group compared to the ND, without statistical relevance. This is consistent
with previous works indicating metabolic alterations in AD?”-*8, Interestingly, some amino acids
(lysine, arginine, tyrosine, and tryptophan) showed the highest levels in the MCI group (without
statistical relevance), which may reflect the compensatory mechanisms in response to early
neurodegenerative changes (see S3.1, Figure S14).

Gut microbiota related metabolites

Statistically higher levels of indole-3-Acetic Acid (IAA) were found in the MCI group compared
to ND, as well as in the AD group compared to ND (p-value = 0.1144, Figure 4E). IAA is an
important microbial tryptophan metabolite which can modulate intestinal homeostasis and
suppress inflammatory responses*>*. Here, IAA appears to be associated to cognitive impairment
as described previously in serum samples from hemodialysis patients**. Statistically lower levels
of the tyrosine metabolite, 4-hydroxyphenyllactic acid (4-HPLA), Level 2a, were found in the ND
group compared to MCI (Figure 4F). This metabolite can be produced by Lactobacillus sp., as
previously reported®’. Changes in 4-HPLA were previously described in AD*. Both IAA and 4-
HPLA effectively discriminated MCI and AD, with AUC > 0.8. Changes in the gut microbiota

composition and the onset of gastrointestinal symptoms are frequently observed in AD. A decrease
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in the gut microbiota diversity has been reported in diagnosed patients”*” and this might be behind
the alterations in the CSF metabolites identified here.

The chemical 3-hydroxybutanoic acid, also known as B-hydroxybutyrate (BHBA), was detected
with statistically higher levels in the AD group compared to the MCI and ND groups (Figure 4G).
With an AUC > 0.8 it can be considered a “good” classifier. BHBA is the most abundant ketone
in the human circulation, can be an effective alternative energy substrate for the neurons, and may
be involved in many brain functions (neurotransmission, neuroinflammation and myelination). It
is possible that the higher levels found in the AD group were due to increased fat degradation and
thus ketone formation, including BHBA, as physiological response to the energy shortage in the
brain*®. However, BHBA has been proposed as a promising therapeutic strategy for AD, as lower
levels were found previously*’. This is support by evidence indicating that BHBA might inhibit
the NLRP3 inflammasome activation in human monocyte, reducing the neuroinflammation, hence
decreasing the AD pathology**-°. Nevertheless, although the liver is the primary source of BHBA,
it has been proven that gut microbiota could induce changes in its metabolism>'. Moreover,
ketogenic diets, which elevate BHBA concentrations, may contribute to the higher levels observed
in the AD group. Multiple factors might explain the BHBA levels found here, such that further
research is needed to clarify the mechanisms in which BHBA participates in AD pathology (see
S3.2).

Nucleobases

Adenine (Figure 4H), a purine nucleobase, was found with statistically higher levels in the ND
group compared to the AD and MCI groups, as a “good” classifier. These results are consistent
with previous studies performed in mice®, indicating that the purine metabolism pathway may be

altered in AD and potentially play an important role in the pathogenesis. Additionally, cytosine
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(Level 2a) was found to be altered. This was also reported in urine samples™, suggesting that the
pyrimidine metabolism may be altered in AD>* (see S3.3).
Sugars and sugar acids

Lower levels of threonic acid (Figure 4I) were found in the MCI group compared to ND. The
same trend was observed between the AD and ND. Threonic acid reductions were observed in AD
mice models®, and oral administration of threonic acid prevented memory decline®®. In contrast,
lower levels of monosaccharides (e.g., mannose) were found in the AD group (see S3.4). Changes
in both monosaccharides and threonic acid, were previously reported in CSF samples of PD*’.
Additionally, galacturonic acid (Figure 4J), was found with statistically lower levels in the ND
group compared to MCI, as well as ND compared to AD. Galacturonic acid is the major component
of pectin, a polysaccharide found in fruits and vegetables, so this could also be an environmental
and lifestyle chemical where e.g. the higher levels found in both AD and MCI compared to the ND
group could be due to the major BBB permeability, associated to the dementia status. Hence, this
could be either a biomarker or BBB dysfunction. Pectins have been shown to impact the gut
microbiota, since different bacterial species can break down the pectins and provide them as
nutrients for other microbes>®.
Environmental and lifestyle chemicals

Significantly higher levels of cotinine (Figure 4K), the main metabolite of nicotine, were found
in the MCI group compared to ND. The same trend was observed between the MCI and AD group.
Interestingly, tobacco smoking has been correlated with a lower incidence of AD. Cotinine has
shown to prevent memory loss and inhibit AP aggregation without the toxicity and addictive
properties of its precursor (nicotine)**%°. Furthermore, diazepam (Level 2a), popularly known as

“valium”, was identified with statistically higher levels in the MCI group compared to the AD.
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The same trend was observed between the MCI-and ND groups (Figure 4L). Cotinine and
diazepam could be considered lifestyle indicators.
Clinical associations between the altered chemicals

Figure 5 illustrates the associations between the chemicals discussed previously and the
concentrations of CSF biomarkers in AD. While age, sex and APi-40 concentrations were
considered as covariates to compute the different linear models, they are excluded for simplicity.
Moreover, although female sex may be a risk factor for AD, sex differences are not discussed here
due to the limited sample size, as well as the unbalanced number of women and men in each group.
Although positive B-coefficient indicates a positive association between two variables (e.g., t-Tau
concentrations and valine levels), an association does not necessarily imply causation.

Briefly, this analysis showed a significant positive association between valine and t-Tau
concentrations in the AD group (top right of Figure 5), while the other groups presented negative
association. In contrast, valine was negatively associated with CSF Afi-42 concentrations (but
without statistical significance). This is in line with a previous work showing that several amino
acids were negatively correlated with ABi42>. Indeed, proline was also negatively correlated with
AP1-42 although it was not a significant association. Positive and significant associations between
BHBA with NfL and p-Tau were found in the AD group, while a relevant negative association was
found for t-Tau. Notably, one AD patient exhibited high outlier levels for NfL, BHBA,
galacturonic acid and cotinine compared with the other patients in the group (see S3.5). Thus, it
would be interesting to investigate in a future study whether the associations found here are due to
the AD pathology or to environmental factors such as a ketogenic diet, as previously discussed.
Finally, in the ND group, significant positive associations were found between adenine and NfL,

and negative associations between adenine and t-Tau. This last association might suggest a
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= 10

365 potential role of adenine in decreasing tau accumulation. The same trends were observed in the
366 AD group, while opposite associations were noted in the MCI group. These contrasting
367  associations in the MCI could suggest potential alterations in disease progression or underlying
368  pathophysiological mechanisms specific to the MCI stage, which would have to be investigated
369 further in future studies.
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371 Figure 5. Associations between the statistically relevant chemicals (Table 1) and the CSF AP1-
372 4, NfL, t-Tau and p-Tau concentrations for the ND, MCI, and AD groups. Color represents the
373  log transformed B-coefficients. Positive and negative associations are indicated by the red and blue
374  colors, respectively. See Table S15-17 for further details.
375
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Future Perspectives

This study showed different chemical alterations in the CSF of AD, MCI, and ND groups. In
contrast to a previous metabolomics study on AD?’, here a third group (MCI) was included to
explore potential biomarkers of disease progression. Statistically higher levels of some chemicals
(proline, creatinine, N-acetylhistidine, [AA, 4-HPLA, cotinine and diazepam) were observed in
the MCI group compared to the others (see Figure 4). Most of the relevant chemicals were
identified using the HILIC LC method (Table 1), which appears to be the most suitable method
for future experiments. Overall, MS-DIAL provided a higher number of annotated chemicals;
nevertheless, the combination of different software (MS-DIAL and patRoon), databases and
suspect lists allowed the identification of different types of chemicals, increasing the overall
understanding of the CSF metabolome/exposome. The AD-database was an efficient approach to
screen for relevant chemicals in AD samples compared with PCL, as similar results were obtained
with a ~10x smaller database, requiring less time for data analysis. This is consistent with our
previous work!® where the PD-specific database and PCL showed very similar results.
Interestingly, the cooccurrence score of the annotated features varied widely (from low to high),
indicating that this may not be a suitable metric to pre-select relevant entries (see S3.6). However,
the exact mass of detected chemicals was within the range of 75 to 500 Da, such that exact mass
filtering could reduce the database size further (32,109 entries between 75 and 500, compared with
41,917 unfiltered), and consequently, the analysis time. Level 1-2a chemicals detected here (e.g.
galacturonic acid, threonic acid, N-acetylhistidine and diazepam) could help expand the current
human CSF database, as they are not yet included). Environmental and lifestyle factors may
explain some chemical differences found across the different groups as these factors may influence

the composition and metabolic activity of the human microbiota, resulting in altered levels of some
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metabolites (e.g., IAA). This highlights the possible role of the microbiota-gut-brain-axis (MGBA)
in AD (see S3.2). This pilot study aims to establish methodologies and hypotheses that can be
examined and validated in future studies involving a larger patient cohort and potentially other
type of matrices (such as plasma or feces), which will help improve understanding of the
underlying biological mechanisms and roles the chemicals and potential biomarkers identified here

may have on AD progression.
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