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Alzheimer’s disease (AD) is a progressive neurodegenerative disorder for which 
acetylcholinesterase inhibitors (AChIs) are commonly prescribed to mitigate cognitive decline. In 
this study, untargeted metabolomics and lipidomics based on liquid chromatography coupled to 
high-resolution mass spectrometry (LC-HRMS) were applied to investigate metabolic alterations 
in plasma samples from AD patients before and during AChI treatment. Differential feature 
selection and pathway enrichment analyses revealed significant modulation of lipidic and energetic 
metabolism. Alterations in glycerophospholipid and glycosphingolipid metabolism, accompanied 
by a progressive reduction in phospholipids, suggest an increased demand for substrates associated 
with acetylcholine synthesis. Enrichment of carnitine transport and fat-soluble vitamin (E and D) 
metabolism after AChI treatment points to bioenergetic dysfunction and enhanced oxidative and 
inflammatory stress in AD. Changes in arginine and proline metabolism, carbohydrate metabolism, 
and butyrate metabolism further reflect key biochemical disturbances in AD, including glucose 
hypometabolism and nitrosative stress. These findings provide insights into the systemic metabolic 
effects of AChI therapy and highlight the potential of LC-HRMS-based metabolomics and 
lipidomics for biomarker discovery and therapeutic monitoring in AD.
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Introduction

Alzheimer’s disease (AD) is a terminal neurodegenerative 
disorder characterized by progressive memory loss, loss of 
cognitive ability, mood alterations, communication and 
reasoning problems, as well as an eventual inability to 
live independently.1 The causes are still not completely 
elucidated, although some studies point to genetic 
predetermination.2 There is no known cure for this disease, 
but some medications can delay symptom progression and 
improve the quality of life of the patients, acting mostly to 
reduce the effects of the symptoms.

The pathophysiological process of AD, or the 
preclinical phase, is hypothesized to begin before the 

onset of symptoms that could distinguish a phase of 
cognition considered normal from the senile state.2 
The main histopathological signature of AD is the 
presence of extracellular senile plaques derived from 
cleavage of the amyloid precursor protein (APP) and 
intercellular neurofibrillary entanglements formed by 
the hyperphosphorylation of the tau-protein.3 Currently, 
in addition to the differential diagnosis performed, the 
criteria are fulfilled through anamnesis, classifying the 
disease as probable, possible, or definitive. For a definitive 
classification, a biopsy of cerebrospinal fluid or necropsy 
is required.2

To mitigate symptoms associated with AD, physicians 
frequently prescribe cholinesterase inhibitors as primary 
care.4 These drugs mainly act by reducing the hydrolysis 
of the neurotransmitter acetylcholine (ACh) in the synaptic 
cleft. By preventing the enzyme acetylcholinesterase from 
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breaking down ACh, the drug increases the availability 
and duration of action of this neurotransmitter, thereby 
enhancing cholinergic transmission, which is critical for 
attention and memory.4

Metabolomics and lipidomics are bioanalytical 
approaches that enable the identification and/or 
quantification of various types of metabolites and lipids 
in biological systems, which can be used to develop new 
diagnostic and prognostic methods for diseases, as well 
as to discover novel biomarkers.5 From studies in these 
omic levels, it has been possible to identify signatures of 
biological variations or disturbances in diseases such as 
cancer6 and psychiatric disorders,7 in addition to aiding 
advancements related to coronavirus disease (COVID-19) 
and the subsequent disorders caused by the disease.8

In omic studies investigating metabolic alterations 
associated with the pathophysiology of AD, glutamate 
dysregulation, as highlighted by Ashraf et al.,9 is directly 
linked to disease progression and neuronal loss, which in turn 
may impair memory, cognition, and behavior.9,10 Alterations 
in taurine and hypotaurine metabolism, as reported by 
Baloni et al.,11 may also be related with AD pathology, but 
appear to primarily affect cognitive abilities.11,12

Regarding less polar metabolites, sphingolipids 
(lipids with bioactive roles, such as molecular signaling) 
were significantly reduced in AD patients, according to 
Huynh  et  al.13 These molecules are not only essential 
components of cell membranes, but also participate in 
cellular processes such as growth, adhesion, differentiation, 
migration, and apoptosis.14,15 Conversely, ceramides, found 
dysregulated in a murine model, act as precursors of 
sphingolipids and fatty acids in the lysosomal environment, 
yet exert neurotoxic effects when in excess.16,17 This 
metabolic imbalance, although not completely elucidated, 
may provide important insights into the mechanisms of 
neurodegeneration in AD.18 

Recent studies have also examined the role of the gut 
microbiome in cognitive decline, particularly alterations 
in fatty acids and in primary and secondary bile acids.19 
Gut health itself has been suggested as a potential factor in 
mitigating early neurodegenerative processes and cognitive 
decline in dementia.20

In this context, the present study aims to characterize 
the metabolomic and lipidomic profiles of plasma 
samples from AD patients before and after treatment 
with an acetylcholinesterase inhibitor (AChI), with 
the aim of identifying dysregulated pathways that may 
guide therapeutic strategies for symptom management. 
To achieve this, liquid chromatography coupled to high-
resolution mass spectrometry (LC-HRMS) was employed 
as a state‑of‑the‑art analytical platform for comprehensive 

metabolomic and lipidomic profiling. Chemometric and 
biostatistical approaches were subsequently applied to 
identify the biological pathways most strongly associated 
with both long-term AChI therapy and the natural course 
of AD progression.

Experimental

Exclusion criteria, demographic and clinical information

The exclusion criteria adopted prior to sample collection 
were: presence of sensorial or intellectual impairments that 
would prevent the adequate execution of the clinical tests; 
pre-existing clinical dementia; neurological diseases that 
may harm cognitive capacities; neurodegenerative diseases 
diagnosis, such as Parkinson’s disease; clinical evidence 
of previous transient ischemic attack or stroke; unstable 
clinical condition or deteriorating health during initial 
evaluation; presence of major psychiatric disorders, such 
as schizophrenia or bipolar disorder; history or evidence 
of alcoholism or abuse of substances that are depressors 
of the central nervous system; recent or current use of 
anticholinergic drugs; refusal to sign the informed consent 
form.

The demographic and clinical data from the patients 
approved for research and subsequent follow-up are 
summarized in Table 1. The Cambridge Cognitive 
Examination (CAMCOG) was used to evaluate de evolution 
of the dementia state of the patients during research and 
it presented no significant alteration during the 6 months 
of data collection.

Sample collection

This study protocol was reviewed by the Ethics 
Committee of the University of São Paulo (USP), 
number  66092117.0.1001.0068. All study participants 
were previously informed of its purpose, and written 
consent was obtained. The participants of this study 
were recruited at the Geriatric Research Clinic of the 
Neuroscience Laboratory (LIM27) at the USP School of 

Table 1. Sample description and distribution of research participants 
(n = 23)

Variable Mean (SDa)

Gender
male: 8 

female: 15

Age / years 75 (7)

CAMCOGb (t = 0 months) 57 (18)

CAMCOGb (t = 6 months) 59 (18)
aSD: standard deviation; bCAMCOG: Cambridge Cognitive Examination.
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Medical Sciences. Fifty-seven patients with a diagnosis of 
AD, according to the National Institute of Neurological and 
Communicative Disorders and Stroke - Alzheimer’s Disease 
and Related Disorders Association (NINCDS‑ADRDA) 
criteria, were recruited in the mild to moderate stage. In 
order to standardize the age range of the patients, those with 
ages outside the value of the standard deviation (SD) added 
to the mean were removed from the study, resulting in 23 
patients who were followed up for each collection phase 
(before donepezil treatment, after 3 months of donepezil 
treatment, and after 6 months of donepezil treatment), 
totaling 69 samples.

40 mL of blood were collected in four 10 mL tubes 
containing sodium citrate anticoagulant at a concentration 
of 0.106 mol L-1. To each tube, 1 mL of ACD-NH 
(a coagulant solution composed of glucose, citric acid, and 
sodium citrate) was added. The tubes were homogenized 
and centrifuged for 15 min at 1600 rpm and 20 ºC. 
Subsequently, the supernatants were transferred to a 50 mL 
Falcon tube, and the pH was adjusted to 6.5 using ACD‑NH. 
The plasma was transferred to four polystyrene tubes 
and centrifuged for 10 min at 2400 rpm and 20 ºC. The 
supernatant was removed by inversion. Plasma aliquots 
were stored at −80 ºC in a freezer until analysis. Sample 
preparation and analysis were performed after thawing the 
plasma samples in an ice bath, following biosafety protocols 
for handling biological samples.

The samples in this study were divided into three 
groups:
(i)	 Twenty-three AD patients before donepezil treatment 

(AD);
(ii)	The same twenty-three AD patients after 3 months of 

treatment with 5 mg of donepezil hydrochloride (AC1);
(iii)	The same twenty-three AD patients after 3 months of 

treatment with 10 mg of donepezil hydrochloride (AC2).

Sample preparation

For the extractions using methyl tert-butyl ether (MTBE), 
following prior optimization, 40 µL of plasma were mixed 
with 300 µL of methanol and MTBE, thoroughly shaken 
and followed by the addition of a 0.1% (m/v) ammonium 
acetate solution before centrifugation for 15 min at 10 °C 
and rotation setting of 10000 g.21 This leads to a triphasic 
separation of an organic phase on top, an aqueous phase in 
the middle, and a protein pellet in the bottom of the plastic 
tube. The extractions were carried out at room temperature. 
The aqueous and organic phases were dried using a 
centrifugal vacuum concentrator (SpeedVac, Eppendorf, 
Hamburg, Germany). In order to assess equipment stability, 
quality control (QC) samples, composed of a mixture of 

15 µL of plasma from each sample and prepared in the 
same manner, were injected throughout the analysis batch.

LC-HRMS analyses

The organic and aqueous phases were reconstituted 
in 200 µL of the mobile phase referent to the start of the 
chromatographic run and analyzed in random order using 
an Ultimate 3000 LC (Thermo Fisher Scientific, Waltham, 
USA) system coupled to an Orbitrap QExactive (Thermo 
Fisher Scientific, Waltham, USA) mass spectrometer with 
a heated electrospray ionization (HESI) source in positive 
and negative modes. Full MS analysis (resolution: 70,000, 
m/z range 100-1500) was followed by sequential tandem 
mass spectrometry (MS/MS) analysis using data dependent 
acquisition (DDA) for the five most abundant peaks. Key 
parameters included a capillary voltage of 3.5 kV, drying 
gas flow of 10 L min-1 at 300 ºC, collision energy of 40 eV, 
autosampler at 10 ºC, and column oven at 45 ºC.

For lipidomics, the chromatographic gradient followed 
previous optimization21 with a chromatographic flow rate of 
150 µL min-1 and injection volume of 5 µL: mobile phase A 
consisted of acetonitrile:water (60:40 v/v) with 10 mmol L-1 
ammonium acetate, while mobile phase B consisted of 
acetonitrile:isopropanol (10:90 v/v) with 10  mmol L-1 
ammonium acetate. The employed gradient was: 0-2 min 
at 40% B, 3-6 min at 50% B, 6.1-8 min at 70% B, 9-11 min 
at 100% B, and 12-14 min for column stabilization with a 
40% B gradient. The missing mentioned minutes represent 
linear ramps of gradient change.

For metabolomics, mobile phase A consisted of 
0.1%  (v/v) formic acid in water, while mobile phase B 
consisted of 0.1% (v/v) formic acid in acetonitrile. The 
gradient was: 0-1 min at 5% B, 1-3 min from 5 to 40% B,  
3-13 min from 40 to 95% B, 13-18 min at 95%  B, 
18‑1 min from 95 to 5% B, and 19-21 min at 5% B for 
column stabilization, with a chromatographic flow rate 
of 150 µL min-1 and injection volume of 5 µL. A Sigma-
Aldrich Titan™ C18 column (1.9 µm particle size, 
2.1 × 100 mm) was used for both analyses.

Data analysis

After the analysis of plasma samples from AD 
patients before and after treatment by LC-HRMS, the 
data were converted from .raw format to .mzML using 
the Proteowizard MSConverter software (version 3.0, 
Chambers, M.; MacLean, B.; MacCoss Lab, Tabb Lab, and 
Mallick Lab, 2008-2025). MS-DIAL22 (version 4.9) was 
used for signal detection and spectrum alignment. Feature 
annotation was performed using the LipidBlast (version 2.4; 
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Kind, T.; Fiehn, O.; Fiehn Lab, University of California, 
2013-2025) and MassBank of North America (MoNA) 
databases for lipidomics and metabolomics, respectively. In 
Tables S1 and S2, Supplementary Information (SI) section, 
the annotated lipids were manually named according to 
the LIPID MAPS classification.23 Table S3 (SI section) 
describes the annotated metabolites and key parameters 
of data processing can be accessed in Tables S4 and S5 
(SI section).

The adducts selected for lipidomics (negative mode) 
were: [M − H]–, [M + Na − 2H]–, [M + Cl]–, [M − 2H]2–, 
[M + HAc − H]–, [M − H2O − H]–, [M + CH3COO]–, and 
[M + HCOO]–. The adducts selected for lipidomics (positive 
mode) were: [M + H]+, [M + NH4]+, [M + CH3OH + H]+, 
[M + 2H]2+, [M + ACN + H]+, [M + Na]+, [M + NH4]2+, 
[M  +  H −  H2O]+, [M  +  ACN  +  H]2+, [M  +  Na]2+, and 
[M + H]2+. The adducts selected for metabolomics (positive 
mode) were: [M + H]+, [M + H − H2O]+, [M + CH3OH + H]+, 
[M + NH4]+, [M]+, [M + Na]+, [M + H − 2H2O]+, [M + 2H]2+, 
[M + H − 2H2O]2+, [M + ACN + H]+, [M + H − H2O]2+, 
[M + H]2+, [M + 2ACN + H]+, [M + ACN + Na]+, [M + Na]2+, 
[M + CH3OH + H]2+, [M − H2O + H]+, and [M + NH4]2+. The 
adducts selected for metabolomics (negative mode) were: 
[M − H]–, [M − 2H]2–, [M + HAc − H]–, [M − H2O − H]–, 
[M + Na − 2H]–, and [M + Cl]–.

One-way analysis of variance (ANOVA) was performed 
using the statistical analysis (one factor) functionality in the 
online software MetaboAnalyst24 (version 6.0). The script 
for multivariate analysis was developed in Python 3.13.5 
using the scikit-learn library25 (version 1.7.2, developed by 
Pedregosa et al.25). Principal component analysis (PCA) and 
partial least squares discriminant analysis (PLS-DA) were 
applied using linear regression methods. The results were 
visualized using the Matplotlib library26 (version  3.8.2, 
Matplotlib development team, 2012-2025), which was 
responsible for generating the plots.

Data pretreatment

After LC-HRMS data acquisition and previous to the 
feature selection and annotation, the peak area information 
was further used to process and normalize the dataset. Each 
metabolomics or lipidomics dataset requires a specific 
type of normalization; therefore, the obtained data were 
optimized individually.27 The results of this optimization 
are presented in Table 2. The purpose of normalizing, 
transforming, and scaling the data is to ensure they are 
comparable and normally distributed.

Moreover, data filtering was performed by excluding 
features with a relative standard deviation (RSD) above 
25% in the QC samples, calculated as the ratio between 

the standard deviation and the mean intensity of each 
feature. In the case of metabolomics data obtained in 
negative ionization mode, a better Gaussian distribution 
was achieved by normalizing the data before applying 
the filter, whereas for other data, normalization was 
performed first, followed by filtering. Although this second 
approach does not strictly follow the workflow presented 
by MetaboAnalyst, it allowed for better comparability 
of the data, as they were already on the same scale and 
normalized.

Quality control analysis

For this study, QC samples were used to assess the 
stability of the chromatographic runs throughout the batch 
analysis. Periodic QC injections were performed, which are 
expected to be clustered and preferably centered in the PCA 
scores plot. Observing Figure 1, it is possible to confirm 
that for both ionization modes, in lipidomics experiments, 
the QCs are satisfactorily overlapped and centered in 
relation to the other data, indicating acceptable instrumental 
stability. Regarding the metabolomics experiments 
(Figure 2), samples are centered in the second principal 
component (PC2), but present variations on the PC1, 
which could indicate both instrumental instability and a 
high heterogeneity in sample metabolomics characteristics, 
especially for the positive mode of ionization. 

Results and Discussion

The aim of this study was to investigate metabolic 
alterations in plasma from AD patients before and during 
treatment with an acetylcholinesterase inhibitor using 
an untargeted LC-HRMS metabolomics and lipidomics 
approach. After data acquisition and preprocessing, a total 
of 595 features were detected in the negative metabolomics 
dataset, 3079 features were detected in the positive 
metabolomics dataset, 2668 features were detected in 
the negative lipidomics dataset and 7465 features in the 
lipidomics dataset.

Table 2. Optimization of normalization, transformation, and scaling 
parameters for metabolomics and lipidomics results

Analysis
Ionization 

mode
Normalization Transformation Scaling

Metabolomics + group PQN cubic root interval

Metabolomics − quantile cubic root none

Lipidomics + quantile none none

Lipidomics − quantile none none

PQN: probability quotient normalization.
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Selection of differential features

For the selection of differential features among the 
studied groups ANOVA was performed. From the resulting 
p-values, the selected features were those that presented 
a p-value lower than 0.05. The annotated differential 
metabolites are described in Tables S1 - S3 (SI section). 
The annotation of metabolites is essential for untargeted 
metabolomics and must follow a certain rigor. According to 
Schymanski et al.,28 annotated metabolites are segregated in 
four types. For this study, most of the annotated metabolites 
fit in the criteria for level 2 identification, since they were 
annotated by comparison with database compounds.28 
Figure 3 presents a heatmap of the significantly altered 
metabolites and lipids and their relative concentration levels 
for AD, AC1, and AC2 groups.

A progressive reduction in phospholipids, such 
as PC 15:0_18:2, PG 9:0_16:0, and PI 9:0_20:5 was 
observed during AChI treatment (Figure 3c). Prolonged 

acetylcholinesterase activity due to enzymatic inhibition 
may intensify the need for synthesis, increasing precursor 
consumption and thereby reducing these phospholipid 
levels.18 However, the biological significance of these 
changes in the present dataset remains unclear and may 
reflect broader metabolic adjustments.

Ceramides (Cer) are sphingolipids that, in AD, work 
not only as damage markers, but also as direct modulators 
of the amyloidogenic pathway that processes APP.29 
Studies in brain tissue and cerebrospinal fluid of patients 
presenting mild cognitive impairment, consistently 
show an increase in ceramides.18 In Figures 3a and 3b, 
there is not a clear distinction between the intensities 
represented by the metabolites HexCer 16:2;O2/18:5;O, 
Cer 12:1;O3/12:0(2OH), Cer 20:0;O2/38:1(3OH)
(FA 28:0), Cer 13:0;O2/32:5, HexCer 16:2;O3/16:4(2OH), 
Cer 13:0;O2/22:3;O, and Hex3Cer 16:1;O2/26:3 between 
AD and AC1 groups, but it is possible to observe a general 
decrease in these values when comparing the groups 

Figure 1. PCA scores plot from lipidomics data in ESI mode (a) positive and (b) negative. AD: AD patients before donepezil treatment;  
AC1: AD patients after 3 months of treatment with 5 mg of donepezil; AC2: AC1 patients after 3 additional months of treatment with 10 mg of donepezil; 
QC: quality control.

Figure 2. PCA scores plot from metabolomics data in ESI mode (a) positive and (b) negative. AD: AD patients before donepezil treatment;  
AC1: AD patients after 3 months of treatment with 5 mg of donepezil; AC2: AC1 patients after 3 additional months of treatment with 10 mg of donepezil; 
QC: quality control.
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AC1 and AC2. These variations may reflect metabolic 
adjustments during treatment; however, additional studies 
are necessary to determine whether these changes are 
directly associated with disease progression or therapeutic 
intervention.

N-Acylethanolamine (NAE) levels in Figure 3a 
presented a pattern with an initial rise under low 
drug dosage followed by a decrease after treatment 
intensification. NAEs have previously been associated 
with neuromodulatory processes and neuroinflammation: 
under low enzymatic inhibition, elevated NAE 18:0 may 
represent a compensatory mechanism to sustain cholinergic 
signaling, whereas higher acetylcholine availability at 
increased dosage reduces the need for such support.30

3-Indoxyl sulfate had its concentration level reduced 
after treatment with AChI (Figure 3c). This is a systemic 
toxic metabolite that promotes oxidative stress and 
apoptosis in neurons (differentiating SH-SY5Y cells), 
and its elevation is strongly correlated with cognitive 

impairment in patients with end-stage renal disease (ESRD) 
through mechanisms that induce cholinergic deficits and 
white matter damage.31 However, the relevance of its 
variation in the context of Alzheimer’s disease treatment 
remains unclear.

Arachidonic acid (AA), an omega-6 polyunsaturated 
fatty-acid (PUFA), is the central precursor for the synthesis 
of pro-inflammatory eicosanoids, including prostaglandins 
and leukotrienes and it is evident from the literature that 
the pathway of prostaglandin formation via archontate 
is activated in AD, an indicative of neuroinflammation.32 
PUFAs are vulnerable to lipoperoxidation, a process 
exacerbated by oxidative stress, an early characteristic 
of AD progression.16 There is evidence that increased 
PUFA levels are associated with elevated iron-responsive 
element binding protein 2 (IREB2) in AD patients, but 
not in healthy controls, and that oxidized PUFAs drive 
cells toward ferroptosis.9 This metabolite (Figure 3c) had 
its concentration level reduced after treatment with AChI.

Figure 3. Heatmap of metabolites and lipids significantly altered among groups. Rows correspond to compounds and columns to individual samples. 
Red indicates relative increase and blue relative decrease in concentration levels (z-score normalized values). (a) Differential compounds obtained from 
lipidomics (negative mode) data, (b) differential compounds obtained from lipidomics (positive mode) data, (c) differential compounds obtained from 
metabolomics (negative mode) data. AD: AD patients before donepezil treatment; AC1: AD patients after 3 months of treatment with 5 mg of donepezil; 
AC2: AC1 patients after 3 additional months of treatment with 10 mg of donepezil.



7 of 11

Metabolomic Signatures of Alzheimer’s Disease Patients Treated with a Cholinesterase Inhibitor Marques et al.

J. Braz. Chem. Soc. 2026, 37-Spe1, e-20260070

The oxylipin 5-hydroxyeicosatetraenoic acid (5‑HETE) 
presented reduced relative abundance after treatment 
(Figure  3c). 5-HETE is an eicosanoid derived from 
AA through enzymatic oxidation catalyzed by 
lipoxygenase  (LOX). Donepezil has been reported to 
increase calcium-independent phospholipase A2 (iPLA2) 
activity, the enzyme responsible for cleaving phospholipids 
at the sn-2 position and releasing free fatty acids (including 
AA) that can subsequently enter LOX and cyclooxygenase 
(COX) oxidative pathways.33 

7-Hydroxydocosahexaenoic acid (7-HdoHE) is an 
oxylipin derived from the oxidation of docosahexaenoic 
acid  (DHA), an omega-3 PUFA, through the LOX 
pathway. The elevation of 7-HDoHE in states of frailty 
suggests an attempt from the organism to activate 
compensatory anti-inflammatory cascades or a failure to 
metabolize this compound using the 15-prostaglandin 
dehydrogenase  (15‑PGDH) enzyme.34 Considering that 
elevated levels of 7-HDoHE correlate with the worsening of 
motor capabilities and frailty in a study conducted with elderly 
women, the reduction in the concentration of this metabolite 
(Figure 3c) may be a biochemical reflection of donepezil 
clinical efficacy in the stabilization of neurodegeneration.35

A relative decrease in linoleic acid (LA), another 
omega-6 PUFA, during AChI treatment was observed 
(Figure 3c). The observed reduction in its concentration 
level after treatment could indicate increased metabolic 
use of these lipids as part of neurochemical compensation, 
but more research is needed to further clarify the biological 
implications of such changes.

9-Hydroxyoctadecadienoic acid (9-HODE) is an 
oxylipin derived from oxidation of LA and serves mostly 

as a marker associated with vascular damage. There 
is also a negative association with the volume of grey 
matter, suggesting that the accumulation of this oxidized 
metabolite contributes to neurodegeneration and cerebral 
atrophy.36 Since most of 9-HODE is partly originated 
from the non-enzymatic oxidation of LA via reactive 
oxygen species (ROS), donepezil property of reducing the 
production of free radicals directly reduces the conversion 
rates of LA into 9-HODE, which is consistent with the 
findings presented in Figure 3c.

Identified biochemical pathways

Metabolic pathways related to AD were identified 
through metabolomic and lipidomic analyses using 
Mummichog tools and a summarization of their impacts on 
the disease can be found in Figures 4 and 5 for lipidomics 
and metabolomics, respectively.37 

The enrichment analysis of lipidomics data reveal 
alterations in the metabolism of sphingolipids, especially 
in the glycosphingolipid pathways of biosynthesis and 
metabolism, which are consistently enriched in the 
AD  vs.  AC1 and AC1 vs. AC2 comparisons (Figure 4). 
This finding is aligned to the literature, which describes 
AD as a condition marked by the accumulation of 
neurotoxic ceramides and the reduction of sphingomyelin 
and gangliosides, essential to synaptic integrity.17 The 
increase of ceramides favors the stabilization of β-site 
amyloid precursor protein-cleaving enzyme 1 (BACE1) 
and increases the production of amyloid β (Aβ), while 
the decreased level of gangliosides compromises the 
organization of membrane lipid rafts and impairs APP 

Figure 4. Pathway enrichment analysis of untargeted lipidomics data using Mummichog v1.0 with the lipid-focused pathway library. The heatmap 
summarizes enriched metabolic pathways across the three paired clinical conditions. Color intensity reflects the enrichment ratio, with darker red indicating 
stronger pathway enrichment. AD: AD patients before donepezil treatment; AC1: AD patients after 3 months of treatment with 5 mg of donepezil;  
AC2: AC1 patients after 3 additional months of treatment with 10 mg of donepezil.
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traffic.18 Therefore, the enriched pathways suggest that 
imbalance between ceramides and glycosphingolipids 
constitutes a central biochemical axis in the disease 
progression, being partially modulated by donepezil use.

The enrichment of the glycosphingolipid biosynthesis, 
ganglioseries pathway in Figure 4, point to a direct remodulation 
of gangliosides: molecules particularly abundant in neurons 
and that are crucial for differentiation, neuroplasticity 
and synaptogenesis.17,18 The literature reports consistent 
reduction of monosialotetrahexosylganglioside  (GM1); 
monosialotrihexosylganglioside (GM2); monosialodihexo
sylganglioside (GM3) in brain areas affected by AD, 
reflecting a decrease in the synthesis of those types of 
lipids and neuronal loss.13 Since gangliosides modulate 
the activity of secretases and APP, their decrease favors 
the amyloidogenic pathway.38

The carnitine shuttle pathway, highlighted in Figure 4, 
suggests alterations in the transportation of long-chained 
fatty acids to the mitochondrial environment, essential step 
for the β-oxidation and synthesis of acetyl-CoA.39 This 
compound is fundamental to the synthesis of acetylcholine 
and its deficiency may contribute to the cholinergic deficit, 
characteristic of AD.40 The literature reports that the 
impairment of β-oxidation and mitochondrial function 
precede clinical symptoms, indicating that the neuronal 
energetic system is compromised since the early stages of 
the disease.41 This pathway alteration in the present study 
is coherent with the higher demand of energy induced by 
AChI, which increases synaptic activity.32

Pathways related to the metabolism of vitamin  E 
(tocopherols and tocotrienols) and vitamin D (Figure 4) also 

emerged as modulated in the lipidomic profiles.42 Vitamin E, 
one of the main lipophilic antioxidants in the central 
nervous system, protects PUFA-rich membranes from 
lipid peroxidation, a process exacerbated by the presence 
of ceramides and alterations in glycerophospholipids. 
Vitamin  D, in turn, exerts important anti-inflammatory, 
neuroprotective, and microglial-modulating effects, and 
influences calcium metabolism, which is often dysregulated 
in AD.43 

The heatmap of altered pathways concerning 
metabolomics data in Figure 5, points to dynamic alterations 
in the glycerophospholipids metabolism, including 
phosphatidylcholines (PCs) and lysophosphatidylcholines 
and derivatives (LPCs). The progressive decrease of PCs 
and LPCs throughout pharmacological intervention may be 
attributed to an increased demand of cholinergic substrate, 
since PCs are precursors for the synthesis of acetylcholine.44 
The changed ratio of LPC to PC, described in other studies 
on the metabolism of AD, associated with the decreased 
activity of phospholipase A2 (PLA2) reinforces that 
scenario.16

Amongst the pathways concerning metabolomics 
results (Figure 5), the arginine and proline metabolism 
presented statistically significant enrichment, especially 
when comparing AC1 and AC2 patients, indicating 
an altered axis of the nitrogen metabolism. Arginine 
is substrate for the production of nitric oxide, whose 
dysregulation promotes nitrosative stress, excitotoxicity 
and neuronal damage: major elements of AD pathology. 
Excessive ammonia, one of the consequences of 
the dysfunction in the urea cycle, may activate the  

Figure 5. Pathway enrichment analysis of untargeted metabolomics data using Mummichog v2.0 with the Kyoto Encyclopedia of Genes and 
Genomes  (KEGG) pathway library. The heatmap summarizes enriched metabolic pathways across the three paired clinical conditions. Color intensity 
reflects the enrichment ratio, with darker red indicating stronger pathway enrichment. Black asterisks highlight pathways that reached statistical significance 
after Mummichog permutation testing (p < 0.05). AD: AD patients before donepezil treatment; AC1: AD patients after 3 months of treatment with 5 mg 
of donepezil; AC2: AC1 patients after 3 additional months of treatment with 10 mg of donepezil.
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nitric oxide/cyclic guanosine monophosphate signaling 
pathway (NO/cGMP) pathway and increase the formation 
of peroxinitrite, a highly cytotoxic chemical. The increase 
of the glutamate/γ-aminobutyric acid  (GABA) ratio, 
frequently observed in AD patients, also relates to that 
pathway and contributes to excitotoxicity.9,41 

The contribution of nitrogenated species to oxidative 
stress and inflammation is relevant in the structure of altered 
biochemical pathways: metabolomic studies have reported 
reduction of inosine and hypoxanthine in brain tissue of 
AD patients.9 

Short-chain fatty acids such as butyrate have been 
implicated in gut-brain interactions and neuroinflammatory 
processes.45 Alterations detected in the metabolomic profile 
may reflect either intestinal dysbiosis associated with 
the disease, as well as the interaction amongst systemic 
inflammation and brain dysfunction, which complements 
the landscape of oxidative stress and inflammation of 
AD.46,47

The carbohydrate metabolism pathway, including 
sugar and starch metabolism, presented statistically 
relevant alterations (Figure 5). Since glucose is the 
main energetic source of the central nervous system, its 
reduction compromises synaptic activity and favors the 
dependency of alternative routes such as β-oxidation 
and ketogenesis.48,49 The perturbation of carbohydrates 
also affects the metabolism of amino acids such as 
glycine, serine, alanine and threonine, which influence 
neurotransmission, glutathione synthesis and upkeep of 
the cellular integrity.6,20

Conclusions

The present study employed untargeted metabolomics 
and lipidomics strategies using LC-HRMS to characterize 
metabolic signatures in plasma of AD patients before and 
during AChI treatment. Based on the annotated metabolites 
and lipids, especially phospholipids and sphingolipids, it 
was possible to better understand the potential metabolic 
pathways affected by AD and the use of acetylcholinesterase 
inhibitors. These results revealed dynamic modulation that 
suggests an interconnection between cholinergic treatment 
and lipidic/energetic metabolism.

Enrichment analyses highlighted the modulation 
of several metabolic pathways that are crucial in the 
pathophysiology of AD. In the lipidomics domain, 
alterations in glycosphingolipid metabolism and 
glycerophospholipid metabolism were observed, with 
a progressive reduction of phospholipids, indicating 
an intensified demand for substrates required for 
acetylcholine synthesis. Moreover, the enrichment of 

carnitine transport pathways and fat-soluble vitamin 
metabolism (E and D) suggests bioenergetic impairment 
and increased oxidative and inflammatory stress induced 
by the disease, which is partially modulated by enhanced 
synaptic activity under AChI treatment. With regard to 
the more polar metabolites, the arginine and proline 
metabolism pathways  (nitrogen axis), carbohydrate 
metabolism (starch and sucrose), and butyrate metabolism 
presented statistically significant enrichment or contextual 
relevance. These alterations provide biochemical 
evidence for well‑recognized dysfunctions in AD, 
such as cerebral glucose hypometabolism, nitrosative 
stress, and excitotoxicity. The identification of butyrate 
metabolism also reinforces the growing importance of 
the microbiota-gut-brain axis and its neuroprotective and 
anti-inflammatory effects in neurodegeneration.

In summary, the results obtained provide insights into 
the mechanism of action and systemic metabolic effects of 
donepezil in the plasma of AD patients. The identification 
of multiple altered metabolic and lipid pathways 
offers a promising perspective for the development of 
a biomarker panel after targeted studies for validation 
to support early detection and monitoring of disease 
progression, as well as to inform more effective therapeutic 
strategies aimed at directly modulating these biochemical  
alterations. 
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