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Abstract 

Background Obstructive sleep apnoea (OSA) has a high prevalence in patients with Alzheimer’s disease (AD). Both 
conditions have been shown to be associated with lipid dysregulation. However, the relationship between OSA sever‑
ity and alterations in lipid metabolism in the brains of patients with AD has yet to be fully elucidated. In this context, 
we examined the cerebrospinal fluid (CSF) lipidome of patients with suspected OSA to identify potential diagnostic 
biomarkers and to provide insights into the pathophysiological mechanisms underlying the effect of OSA on AD.

Methods The study included 91 consecutive AD patients who underwent overnight polysomnography (PSG) 
to diagnose severe OSA (apnoea‑hypopnea index ≥ 30/h). The next morning, CSF samples were collected and ana‑
lysed by liquid chromatography coupled to mass spectrometry in an LC‑ESI‑QTOF‑MS/MS platform.

Results The CSF levels of 11 lipid species were significantly different between AD patients with (N = 38) and with‑
out (N = 58) severe OSA. Five lipids (including oxidized triglyceride OxTG(57:2) and four unknown lipids) were signifi‑
cantly correlated with specific PSG measures of OSA severity related to sleep fragmentation and hypoxemia. Our anal‑
yses revealed a 4‑lipid signature (including oxidized ceramide OxCer(40:6) and three unknown lipids) that provided 
an accuracy of 0.80 (95% CI: 0.71–0.89) in the detection of severe OSA. These lipids increased the discriminative power 
of the STOP‑Bang questionnaire in terms of the area under the curve (AUC) from 0.61 (0.50–0.74) to 0.85 (0.71–0.93).

Conclusions Our results reveal a CSF lipidomic fingerprint that allows the identification of AD patients with severe 
OSA. Our findings suggest that an increase in central nervous system lipoxidation may be the principal mechanism 
underlying the association between OSA and AD.
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Introduction
Alzheimer’s disease (AD) is the most common cause of 
dementia and is typically characterized by initial mem-
ory impairment, gradual affectation of other cognitive 
abilities, and ultimately disability and death [1]. The 
global burden of dementia was estimated at 57.4 mil-
lion cases in 2019 and is expected to increase to 152.8 
million cases in 2050 [2]. Currently, there is no cure 
available for AD. Therefore, identifying modifiable risk 
factors would help to reduce the incidence and slow the 
progression of this disease.

AD is characterized by the accumulation of extracellu-
lar abnormally folded amyloid-beta (Aβ) protein known 
as amyloid plaques, intracellular aggregations of hyper-
phosphorylated tau (Ptau) protein known as neurofi-
brillary tangles (NFTs), and neuronal loss in the brain 
[3]. The aetiology of AD is unknown, and it is believed 
that both genetic and environmental factors play a role 
in AD development [4]. Additionally, AD is normally 
accompanied by other comorbidities, such as diabetes, 
hypertension, depression, and sleep disorders [5].

Obstructive sleep apnoea (OSA) is the most common 
sleep-related breathing disorder and is characterized by 
recurrent episodes of complete or partial collapse of the 
upper airway during sleep. OSA has a high prevalence in 
patients with AD, and approximately 40% of AD patients 
have been reported to suffer from severe OSA [6]. The 
levels of Aβ42 and Ptau proteins were reported to be 
higher in the CSF of cognitively healthy elderly subjects 
with OSA [7] and subjects in the continuum of AD suf-
fering from OSA [8]. In addition, longitudinal studies 
have suggested an increase in the speed of cerebral amy-
loid accumulation promoted by OSA [9]. However, the 
results regarding the effect of OSA on the cognition of 
patients with mild cognitive impairment (MCI) and AD 
are not consistent [10–12]. Importantly, OSA and AD 
share many risk factors, including cardiovascular risk 
factors [5, 13]. Therefore, given the strong link between 
AD and OSA and the high prevalence of OSA in patients 
with AD, the diagnosis of this comorbidity is essential in 
the AD population.

Polysomnography (PSG) is the technique of choice for 
the detection and characterization of OSA. However, 
applying this method to AD patients is difficult because 
it requires sleeping for one or two nights in the hospi-
tal and as well as patient collaboration [14]. In addition, 
screening questionnaires, including the STOP-Bang 
questionnaire (SBQ) [15] and the Berlin questionnaire 
(BQ) [16], have been shown to be insufficient for identi-
fying AD patients at risk of OSA [17]. Thus, searching for 
new screening tools to detect OSA among AD patients is 
of great importance.

OSA is strongly associated with lipid dyshomeostasis 
[18]. In addition, OSA can increase lipoxidation, a harm-
ful condition that has been evidenced at both central and 
systemic levels in AD patients [19, 20]. As a result, the 
identification of alterations in lipid species could con-
tribute to discovering OSA-related lipid profiles in AD 
and improve our knowledge of the relationship between 
these two complex pathological conditions. Lipidomics 
is the study of the large-scale detection, identification, 
and quantification of individual lipid species in biologi-
cal samples and has been demonstrated to be a powerful 
tool for biomarker discovery. In this regard, cerebrospinal 
fluid (CSF) would be an interesting and reliable source 
for examination because it is in contact with the extracel-
lular space of brain cells. In addition, AD biomarkers are 
measured in CSF, and therefore, this biological fluid can 
be used for both purposes.

Therefore, the aim of our study was (i) to investigate the 
differences in the levels of CSF lipids between AD patients 
with and without severe OSA, which would be of great rel-
evance for reliable screening of OSA among AD patients; 
(ii) to evaluate whether the severity of OSA is correlated 
with alterations in CSF lipid levels; and (iii) to assess the 
diagnostic performance of CSF lipidomic findings in com-
bination with classic screening tests such as the SBQ.

Materials and methods
Study population
This is an ancillary study from trial NCT02814045 that 
was conducted in the Cognitive Disorders Unit of the 
Hospital Universitari Santa Maria (Lleida, Spain) from 
November 2014 to November 2017 to assess the cogni-
tive evolution of AD patients with and without OSA after 
1 year of follow-up. The patients were recruited prospec-
tively and consecutively according to the following inclu-
sion criteria: (1) males and females above 60 years with 
a new diagnosis of mild or moderate AD (Mini-Mental 
State Examination (MMSE) score ≥ 20) according to the 
National Institute on Ageing – Alzheimer’s Association 
(NIA-AA) criteria [21] and without specific treatment for 
dementia at the moment of inclusion; (2) lack of hearing 
or visual problems that, in the investigator’s judgement, 
would interfere with the compliance of the neuropsy-
chological examination; (3) signed informed consent 
from the patient and the responsible caregiver (and/or if 
applicable, the legal representative if different from the 
responsible caregiver); and (4) existence of a reliable and 
knowledgeable caregiver accompanying the patient to all 
clinic visits during the study.

The exclusion criteria were as follows: (1) a previ-
ous diagnosis of OSA treated with continuous positive 
airway pressure; (2) patients with mild-moderate AD 
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with current acetylcholinesterase inhibitor treatment or 
memantine, diagnosis of severe AD, or other types of 
dementia; (3) any previously diagnosed sleep disorder 
including narcolepsy, severe insomnia, or chronic lack of 
sleep; (4) comorbidities such as cancer, severe depression, 
severe renal or hepatic insufficiency, and severe cardiac 
or respiratory failure; and (5) excessive somnolence for 
unknown reasons. All exclusion criteria are available in 
the paperwork for NCT02814045.

Study design
Patients included in the study underwent a detailed 
interview regarding anthropometric data, personal psy-
chiatric history, and a general clinical examination for 
associated conditions and comorbidities. At baseline, 
participants were evaluated by a polysomnographic 
study, and blood and CSF samples were collected after 
PSG to determine the APOE genotype and the levels of 
Aβ42, total tau (Ttau), and Ptau. Based on the PSG find-
ings, the study population was classified as severe OSA 
(apnoea-hypopnea index [AHI] ≥ 30/h) and nonsevere 
OSA (AHI < 30/h) patients.

Clinical variables
The cognitive state of all participants was assessed 
using the MMSE [22]. A semistructured sleep question-
naire for detecting OSA, which included the SBQ, was 
administered to sixty-two patients. The SBQ is an 8-item 
questionnaire that assesses the presence or absence of 
snoring, tiredness, observed sleep apnoea, high blood 
pressure, body mass index (BMI), age, neck circumfer-
ence, and sex. The score ranges from 0 to 8, and a score 
of ≥ 3 is considered to indicate a high risk of moderate/
severe OSA [15]. Excessive daytime sleepiness was indi-
cated by an Epworth Sleepiness Scale (ESS) score > 10 
[23]. BMI was calculated as body weight (in kg)/height 
(in  m2). The other collected variables included age, sex, 
years of education, alcohol consumption, smoking, vas-
cular risk factors (hypertension, dyslipidaemia, stroke, 
diabetes mellitus, and heart diseases), and personal psy-
chiatric history.

Polysomnography (PSG)
To classify the patients as nonsevere OSA (AHI < 30/h) or 
severe OSA (AHI ≥ 30/h) patients, PSG was performed 
according to the international guidelines. The following 
devices were used: a Sibelmed Exea Series 5 (Sibel SAU, 
Spain), a Philips Respironics Alice 6 LDx (Philips, USA), 
an Embletta® sleep monitor (Embla, Canada), and an 
ApneaLink Resmed (Resmed, Canada).

Parameters related to OSA severity were defined as fol-
lows: Apnoea was defined as the absence of airflow for 
more than 10 s. Hypopnea was defined as a reduction in 

airflow that lasted more than 10  s leading to arousal or 
oxygen desaturation (represented by a decrease in oxygen 
saturation greater than 3%). The AHI was defined as the 
number of apnoea and hypopnoea events per hour dur-
ing the time spent sleeping. CT90 was defined as the per-
centage of cumulative sleep time with oxygen saturation 
 (SaO2) < 90%. The arousal index was defined as the num-
ber of awakening events per hour after sleep onset.

Sample collection
Fasting blood and CSF samples were collected between 
8:00 and 10:00 a.m. after PSG to avoid variations related 
to circadian rhythm. CSF samples were collected in poly-
propylene tubes by a lumbar puncture at levels L4/L5. 
The samples were centrifuged at 2000 × g for 10  min at 
4  °C to exclude insoluble material. Blood samples were 
collected in EDTA-containing tubes. The buffy coat was 
separated by centrifugation of blood samples at 1500 rpm 
for 20 min. All samples were aliquoted and immediately 
stored at − 80 °C until use.

APOE genotyping
DNA was extracted from buffy coat cells using a Max-
well® RCS Buffy Coat DNA kit (Promega, USA). APOE 
genotyping was performed using two TaqMan® SNP 
genotyping assays (C_3038793_20 and C_904973_10) 
and real-time polymerase chain reaction (PCR) accord-
ing to the manufacturer’s user guide (Publication No. 
MAN0009593, revision B.0).

Measurement of AD biomarkers
The levels of CSF Aβ42 (Innotest® β-amyloid (1–42)), 
Ttau (Innotest® hTAU Ag), and Ptau (Innotest® phospho-
tau (181P)) were determined by the enzyme immunoas-
say method according to the manufacturer’s instructions 
(Fujirebio Europe, Ghent, Belgium). All samples were 
measured in duplicate and expressed in pg/mL. We con-
sidered Aβ42 values < 600 pg/mL, Ttau > 425 pg/mL, and 
Ptau > 65 pg/mL as positive/abnormal [24].

Lipidomic profiling
An untargeted lipidomic platform was used to determine 
the CSF lipidome of patients. The lipids were extracted 
from 90 µL CSF samples using a methyl tert butyl ether-
based validated method [25, 26]. Class representative 
internal standards (Additional file  1: Table  S1) were 
added to the extraction solvent to check lipid species 
retention time, to evaluate lipid extraction for each sam-
ple, and to use as an internal standard for the semiquan-
titative approach used. Lipid extracts were analysed via 
ultrahigh-performance liquid chromatography (UHPLC) 
coupled with electrospray ionization quadrupole time 
of flight (ESI-Q-TOF) tandem mass spectrometry (MS/
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MS) according to a previously published method [27, 
28]. The equipment was an Agilent 1290 liquid chro-
matography system (Agilent Technologies, Santa Clara, 
CA, USA) coupled with a 6520 ESI-Q-TOF mass spec-
trometer (Agilent Technologies, Santa Clara, CA, USA). 
The order for the injection of samples was randomized, 
and quality control (QC) samples were used to control 
instrumental drift. QC samples were pools of all the 
samples distributed in different aliquots and inserted in 
every five real samples. Data were acquired in both posi-
tive and negative ionization modes. For MS/MS confir-
mation, the same parameters used for MS analyses were 
applied, adding collision voltages of 0 V, 10 V, 20 V, and 
40  V. Data were acquired using the MassHunter Data 
Acquisition software (Agilent Technologies, Barcelona, 
Spain) and preprocessed using the MassHunter Mass 
Profiler Professional software (Agilent Technologies, Bar-
celona, Spain), as previously described [29]. Only those 
features with a minimum of 2 ions were selected. Com-
pounds from different samples were aligned using reten-
tion time windows of 0.1% ± 0.25 min and 30.0 ppm ± 2.0 
mDa. Only stable features (found in at least 70% of the 
QC samples) were considered for the analysis and to cor-
rect individual bias [30]. The signal was corrected using a 
LOESS approach [31].

Lipid identification
The potential identities of the differentially expressed fea-
tures were searched in the Human Metabolome Database 
(HMDB) [32] according to the exact mass and retention 
time, while the molecular weight tolerance was adjusted 
to 30 ppm. Potential identities were confirmed by com-
parison of the exact mass, retention time, and MS/MS 
spectral fragmentation pattern of the class representa-
tive internal standards, when available, with the public  
database [29].

Statistical analyses
Descriptive statistics were used to determine the char-
acteristics of the study population. The normality of 
the distributions was assessed by the Shapiro–Wilk 
test. Normally distributed continuous data were sum-
marized using the mean (standard deviation), and non-
normally distributed continuous data were summarized 
using the median (25th percentile; 75th percentile). 
Categorical data were summarized using frequency 
(percentage). Clinical and sociodemographic charac-
teristics of the patients were compared between the 
severe OSA (AHI ≥ 30) and nonsevere OSA (AHI < 30) 
groups using Student’s t test (or an equivalent nonpara-
metric test) or the chi-squared test for quantitative and 
categorical variables, respectively. Lipid levels were 
log-transformed for statistical purposes. Missing data 

were not imputed because there was not enrolled any 
missing variable in the differential expression analysis 
between the study groups. Linear models with empiri-
cal Bayes statistics were used to evaluate the differences 
in lipid levels between the groups [33] while control-
ling for age, sex, and BMI. Differential expression of 
lipid species was defined as a significant difference (p 
value) < 0.05 and a fold change (FC) > 1.25 (or < 0.8 for 
downregulated lipids) between the groups. Due to 
the exploratory nature of the study, p values were not 
adjusted for multiple comparisons.

A partial least squares-discriminant analysis (PLS-
DA) was performed with differentially expressed lipids 
including the first two components. In addition, the vari-
able’s importance in projection scores (VIP) of lipids on 
the first two components of the PLS-DA analysis was 
quantified. To evaluate nonlinear and complex interac-
tions between differentially expressed lipids, the vari-
able’s importance scores (VI), calculated as the average 
of 50 runs of random forests, were determined for each 
differentially expressed lipid. Dose–response relation-
ship between the levels of differentially expressed lipids 
and PSG parameters was assessed using a linear model 
adjusted for age, sex, and BMI. To compare the magni-
tude of association, the lipids levels were standardized in 
this analysis.

To construct a lipidomic signature that predicted 
severe OSA, a selection model process was performed. 
First, a feature selection process based on random for-
est [34] was performed to construct a lipidomic signature 
that predicted severe OSA. This process is suitable for 
high-dimensional data. The feature selection process was 
applied on differentially expressed lipids and repeated 
10 times to account for variability in the selection pro-
cess. The lipids selected in some execution of the process 
were included in candidates set for the final predicted 
model. The candidates were included as predictors in a 
logistic model with OSA status as a response (severe or 
nonsevere OSA). The best model, based on the Akaike 
Information Criterion (AIC), included the lipids that 
composed the final lipidomic signature. Receiver operat-
ing characteristic (ROC) curves were constructed for the 
selected model. Additionally, we assessed the predictive 
ability of the selected model lipidomic fingerprint, the 
reference questionnaire (SBQ), and its combination using 
the area under the ROC curve (AUC) as the global dis-
crimination value measure.

Furthermore, to determine the association of each lipid 
with the differential diagnosis, we performed a multivari-
ate regression analysis using a backward selection proce-
dure. The statistical significance was set at p values < 0.05. 
All statistical analyses were performed using the R soft-
ware, version 4.0.2.
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Results
Characteristics of the cohort
A total of 91 consecutive mild-moderate AD patients 
were included in the study. The median  (p25;  p75) age of 
the population was 76.0 (72.0; 80.0) years; 54 (59.3%) 
participants were women, and the median MMSE score 
was 23.0 (22.0; 25.0) points. Arterial hypertension was 
the most frequent vascular risk factor, as it was present 
in 52 (57.1%) patients, followed by dyslipidaemia in 43 
(47.3%) participants and diabetes in 18 (19.8%) par-
ticipants. Regarding the sleep parameters, the median 
ESS was 5.00 (3.00; 8.00), and the median AHI was 23.9 
(13.7; 50.3). Fifty-three patients were considered to 
have nonsevere OSA (AHI < 30), and 38 patients were 
considered to have severe OSA (AHI ≥ 30). The baseline 
characteristics of the patients were similar between the 
severe OSA and nonsevere OSA groups. The baseline 
characteristics for the severe OSA and nonsevere OSA 
groups are summarized in Table 1.

Quality control
After applying quality control on untargeted lipidomic 
determination, 201 lipids were detected and included in 
the analyses. A PCA analysis with a whole lipid profile 
did not show patients with significant distances to their 
corresponding centroid (Fig. S1).

Differentially expressed lipids between AD patients 
with and without severe OSA
We evaluated the differences in the levels of lipids 
between patients with and without severe OSA. Follow-
ing adjustment for confounding factors (age, sex, and 
BMI), 11 differentially expressed (DE) lipid species were 
identified, five with reduced (FC from 0.52 to 0.79) and 
six with increased CSF levels in patients with severe 
OSA (FC from 1.27 to 2.34) (Fig.  1 and Fig. S2). The 
PLS-DA analysis with DE lipids showed a lipid profile 
specific to each group (Fig. 2A). In this analysis, six DE 
lipids showed an VIP score higher than 1 (Fig. 2B). To 
evaluate nonlinear and complex interactions between 
differentially expressed lipids, we ranked the VI by 
conducting a random forest process (Fig. S3). On the 
other hand, five DE lipid species demonstrated a dose–
response relationship, after adjustment for age, sex, and 
BMI, with some parameters of the PSG related to sleep 
fragmentation (arousal index, AHI, several respiratory 
events during sleep, and different measures of hypox-
emia (average and minimum arterial oxygen saturation 
 (SaO2), and the percentage of time with  SaO2 < 90% 
(CT90)) (Additional file 1: Fig. S4 and Table S2).

Identification of differentially expressed lipids
From 11 dysregulated lipid species between the diagnos-
tic groups, two lipid species were identified. One was an 
oxidized ceramide (OxCer(40:6)), and the other was an 
oxidized triglyceride (OxTG(57:2)). The identity of the 
other nine differentially expressed lipid species remained 
unknown (Table 2).

Lipidomic prediction model for severe OSA
One of the objectives of this study was to identify a 
CSF lipidomic signature that would allow the identi-
fication of AD patients with severe OSA. In the first 
step, the selection process of important DE lipids 
in the discrimination of severe OSA selected six 
lipids (OxCer(40:6), 619.5427@8.21, 1168.376@9.83, 
1201.37@9.96, 545.4296@5.1, 1134.433@7.44). In the 
second step, the multivariate logistic models with com-
binations of the selected lipids are compared. Finally, 
the model selected, based on AIC, included a specific 
signature of severe OSA composed of four lipid spe-
cies: OxCer(40:6) and three lipids with unknown iden-
tity (Fig.  3). The predictive performance of this lipid 
signature yielded an AUC of 0.80 (95% CI 0.71–0.89) 
in the detection of severe OSA in AD patients. Next, 
in a subpopulation with available SBQ (N = 62), we 
combined the SBQ and the lipid signature data. This 
combination increased the prediction power for severe 
OSA provided by the SBQ from AUC = 0.61 (95% CI 
0.50–0.74) to AUC = 0.85 (95% CI 0.71–0.93) (Fig.  4). 
On the other hand, the multivariate regression analy-
sis, using a backward selection procedure, included 7 
lipids (Fig. S5).

Discussion
To the best of our knowledge, this is the first study to 
investigate the OSA severity-associated lipid profile in 
the CSF of patients with AD. We detected 11 CSF lipids 
that were differentially expressed between AD patients 
with and without severe OSA, regardless of the incorpo-
ration of confounding factors. This lipidomic signature 
was significantly correlated with different polysomno-
graphic measures related to OSA. In addition, the dis-
criminating power of this lipid signature in separating 
AD patients with severe OSA from AD patients with 
nonsevere OSA was much greater than the use of the 
STOP-Bang screening questionnaire alone. Importantly, 
the identified lipids possibly indicate the harmful effects 
produced by severe OSA at the brain level.

AD is a neurodegenerative disease usually accompanied 
by several comorbidities, including hypertension, diabe-
tes, dyslipidaemia, depression, and sleep disorders. These 
comorbid conditions have been shown to be related to an 
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Table 1 Characteristics of the study population according to the severity of obstructive sleep apnoea (OSA)

BMI body mass index, AD Alzheimer’s disease, AHI apnoea-hypopnea index per hour, CSF cerebrospinal fluid, APOE Ɛ4 apolipoprotein E epsilon 4 allele, MMSE Mini-
Mental State Examination, ACE angiotensin-converting enzyme, OSA obstructive sleep apnoea, SaO2 = oxygen saturation, CT90 = time with  SaO2 < 90%

ALL (N = 91) Nonsevere OSA (N = 53) Severe OSA (N = 38) p value

Demographic data
 Age (years), median [IQR] 76.0 [72.0; 80.0] 75.0 [72.0; 80.0] 78.5 [73.0; 80.0] 0.178

 Gender (female), n (%) 54 (59.3%) 36 (67.9%) 18 (47.4%) 0.08

 BMI (kg/m2), median [IQR] 27.7 [24.9; 30.9] 27.4 [24.6; 30.2] 28.1 [26.6; 32.7] 0.022

 APOE4 (yes), n (%) 47 (51.6%) 26 (49.1%) 21 (55.3%) 0.71

 Family history of AD (yes), n (%) 35 (38.5%) 17 (32.1%) 18 (47.4%) 0.208

Comorbidities
 Hypertension (yes), n (%) 52 (57.1%) 30 (56.6%) 22 (57.9%) 1

 Diabetes mellitus (yes), n (%) 18 (19.8%) 12 (22.6%) 6 (15.8%) 0.588

 Dyslipidemia (yes), n (%) 43 (47.3%) 25 (47.2%) 18 (47.4%) 1

 Stroke (yes), n (%) 5 (5.49%) 2 (3.77%) 3 (7.89%) 0.646

 Depression (yes), n (%) 28 (30.8%) 17 (32.1%) 11 (28.9%) 0.929

 Smoker 0.763

  Nonsmoker, n (%) 73 (80.2%) 41 (77.4%) 32 (84.2%)

  Current smoker, n (%) 1 (1.10%) 1 (1.89%) 0 (0.00%)

  Former smoker, n (%) 17 (18.7%) 11 (20.8%) 6 (15.8%)

AD CSF biomarkers
 Aβ42 (pg/mL), median [IQR] 493 [399; 580] 489 [393; 584] 505 [406; 564] 0.679

 Total tau (pg/mL), median [IQR] 494 [350; 696] 494 [369; 707] 469 [346; 684] 0.676

 Phosphorylated tau (pg/mL), median [IQR] 81.0 [55.4; 97.5] 80.0 [58.0; 95.0] 81.0 [55.1; 98.0] 0.929

Blood lipid levels
 Total cholesterol (mg/dL), mean (SD) 206 (37.4) 208 (38.5) 204 (36.2) 0.613

 LDL cholesterol (mg/dL), mean (SD) 123 (37.5) 121 (40.5) 126 (33.1) 0.559

 HDL cholesterol (mg/dL), median [IQR] 57.5 [49.0; 65.0] 58.0 [48.2; 64.2] 56.0 [50.5; 65.0] 0.584

 Triglyceride (mg/dL), median [IQR] 113 [88.0; 143] 118 [91.5; 142] 113 [82.0; 143] 0.557

Polysomnography data
 AHI 23.9 [13.7; 50.3] 15.1 [8.05; 19.5] 53.3 [42.8; 62.2]  < 0.001

 Obstructive apnoea index 5.23 [0.61; 14.1] 1.22 [0.19; 5.17] 14.6 [7.68; 23.5]  < 0.001

 Hypopnea index, median [IQR] 14.0 [7.86; 26.2] 10.1 [6.10; 13.9] 30.6 [22.2; 37.5]  < 0.001

 Central apnoea index, median [IQR] 0.19 [0.00; 0.96] 0.00 [0.00; 0.45] 0.60 [0.00; 4.06] 0.007

 Mixed apnoea index, median [IQR] 0.00 [0.00; 0.53] 0.00 [0.00; 0.19] 0.48 [0.00; 2.44]  < 0.001

 Arousal index (event/h), mean (SD) 38.8 (17.4) 32.9 (16.2) 47.4 (15.5)  < 0.001

 CT90, % 2.67 [0.40; 9.41] 1.18 [0.20; 3.79] 6.27 [1.48; 15.1] 0.002

 Mean  SaO2, % 93.0 [92.0; 94.0] 93.0 [92.0; 94.0] 92.8 [92.0; 93.0] 0.189

 Minimum  SaO2, % 84.0 [79.0; 87.0] 86.0 [82.0; 88.0] 81.0 [78.0; 85.0] 0.001

Epworth Sleepiness Scale (0–24), median [IQR] 5.00 [3.00; 8.00] 5.00 [2.00; 8.00] 5.50 [3.00; 8.00] 0.5

MMSE 23.0 [22.0; 25.0] 23.0 [22.0; 25.0] 24.0 [22.0; 25.0] 0.475

Medications
 Acetylcholinesterase inhibitors or memantine, n (%) 86 (94.5%) 50 (94.3%) 36 (94.7%) 0.999

 ACE inhibitors, n (%) 25 (27.5%) 14 (26.4%) 11 (28.9%) 1

 Beta‑blockers, n (%) 14 (15.4%) 6 (11.3%) 8 (21.1%) 0.33

 Diuretic agents, n (%) 24 (26.4%) 16 (30.2%) 8 (21.1%) 0.463

 Calcium channel blockers, n (%) 12 (13.2%) 8 (15.1%) 4 (10.5%) 0.748

 Lipid‑lowering agents, n (%) 41 (45.0%) 22 (41.5%) 19 (50.0%) 0.522

 Insulin, n (%) 2 (2.20%) 1 (1.89%) 1 (2.63%) 1
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increased risk of AD and its progression [5]. OSA, which 
is the most common sleep disorder, has a high prevalence 
(45–90%) in patients with AD [6] and has been shown to be 
associated with increased AD pathology [8, 9] and disease 
incidence [35]. In addition, OSA is a risk factor for several 
AD-related comorbidities, and its underdiagnosis may be 
associated with greater difficulties in the control of blood 
pressure, increased insulin resistance, metabolic syndrome, 
or obesity, all factors that worsen the cognitive evolution of 
patients [36, 37]. The difficulties in performing PSG among 
patients with cognitive impairment, the high costs of the 
procedure, and the limited usefulness of the existing screen-
ing tests [17] in this population make it urgent to identify 
new biomarkers for the detection of severe forms of OSA.

The brain is one of the organs with a higher rate of oxy-
gen consumption and is highly vulnerable to hypoxia. 
Acute hypoxia increases the formation of reactive oxygen 
species (ROS) in the brain [38]. This organ is mainly com-
posed of lipids, and hypoxia-induced ROS may increase 

lipoxidation and interfere with the proper functioning of 
these biomolecules [39]. Lipoxidation is well documented 
in both the brain and blood of AD patients [19, 20]. In 
addition, the existence of a link between OSA and lipid 
dyshomeostasis has been supported by several observa-
tional and meta-analyses studies [18, 40].

Lipidomics has been used to study blood [41] and CSF 
[42] lipid alterations as biomarkers for AD diagnosis 
and differential diagnosis from other types of dementia. 
Metabolomics, another discipline that detects all types of 
metabolites, including lipids, has revealed that lipids are 
the most dysregulated class of metabolites in OSA [40]. 
Previous studies have detected phospholipids [43, 44], 
sphingolipids [45], and endocannabinoids [46] as bio-
markers of OSA in cognitively unimpaired populations. 
These previous works have mainly used blood and urine 
samples for the detection of OSA biomarkers with the 
aim of detecting systemic lipid abnormalities caused by 
OSA. The search for OSA-related lipid alterations at the 

Fig. 1 Lipidomic analysis in AD patients with severe OSA. Volcano plots of the FC (x‑axis) and p value (y‑axis) for each detected lipid species 
in the comparison of AD patients with and without severe OSA. Blue dots represent significantly downregulated (FC < 0.80) and green dots 
represent significantly upregulated (FC > 1.25) lipids in patients with severe OSA. The results were adjusted for age, sex, and BMI. The p value 
threshold defining statistical significance was < 0.05
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systemic level in patients with AD is scarce, and the only 
study conducted in this population showed lipid altera-
tions in phospholipids and triglycerides with higher lev-
els of oxidized lipid species in AD patients with severe 
OSA [47]. However, AD principally affects brain physi-
ology and function. Therefore, when searching for OSA-
associated lipid alterations in AD patients, CSF would be 
a valuable sample because of its proximity to the brain 
tissue, and probably any OSA-provoked lipid alteration 
specific to AD would be captured in CSF better than any 
other biological fluid. In addition, CSF is collected in clin-
ical settings for the measurement of AD core biomarkers 

needed for the diagnosis of AD, and the same sample 
can be used for lipidomics without increasing the addi-
tional risk for the patients. As a result, we searched for 
a specific fingerprint of OSA in the CSF of AD patients. 
From 11 differentially expressed lipids between AD 
patients with and without severe OSA, we identified two: 
OxCer(40:6) and OxTG(57:2). These two lipid species 
were not related to either OSA or AD in previous studies. 
In addition, we did not find any information regarding 
the possible biological pathways that these two lipid spe-
cies may be involved. The fact that both identified lipids 
were oxidized suggests that the increase in lipoxidation 

Fig. 2 Partial least squares‑discriminant analysis for differentially expressed lipids between patients with and without severe OSA. A Individual 
loading for the two first components. B The rank of variable importance of differentially expressed lipids on the two first components. Lipid features 
included in the final model. Feature selection was based on a combination of random forest and automated model selection using the Akaike 
Information Criterion. B Receiver operating characteristic curves for predicting severe OSA using the lipid signature. The AUC (95% CI) for the model 
is shown. OxCer, oxidized ceramide; OxTG, oxidized triglyceride; mass at RT, mass at retention time; OR, odds ratio

Table 2 Differentially expressed lipids between AD patients with and without severe OSA

RT retention time, OxCer oxidized ceramide, OxTG oxidized triglyceride

Mass RT (min) Mass/z Putative identity Class Fold change p

609.5135 8.21 608.5135 OxCer(40:6) Sphingolipid 1.896 0.038

633.5593 8.21 632.5593 Unknown 2.343 0.016

619.5427 8.21 618.5427 Unknown 1.925 0.016

1168.376 9.83 1169.376 Unknown 0.799 0.027

1201.37 9.96 1202.37 Unknown 0.679 0.006

977.8707 10.24 978.8707 OxTG(57:2) Glycerolipid 0.744 0.012

1994.984 10.74 1995.984 Unknown 1.281 0.009

1134.433 7.44 1135.433 Unknown 0.519 0.028

724.2482 8.42 725.2482 Unknown 0.708 0.041

545.4296 5.1 546.4296 Unknown 1.277 0.042

1571.475 10.43 1572.475 Unknown 1.384 0.049
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may be an important causative effect by which OSA 
exacerbates AD pathology or increases AD incidence, as 
reported previously [8, 48–50]. In addition, having high 
discriminating power in separating AD patients with dif-
ferent OSA severities highlights the promising future of 
these biomolecules as biomarkers of OSA.

Ceramides are structural constituents of the biological 
membranes and are also involved, as bioactive molecules, 
in a variety of biological events, including cell differentia-
tion and proliferation, redox metabolism, inflammation, 
and apoptosis [51]. Ceramide regulates the BACE1-
mediated processing of amyloid precursor protein (APP), 
probably by the formation of ceramide-enriched plat-
forms and the enhancement of BACE1 stability in cells. 
Inhibition of sphingomyelinase (SMase), the enzyme that 
mediates the conversion of sphingomyelin (SM) to cera-
mide, inhibits γ-secretase activity and leads to a reduc-
tion in Aβ secretion [52, 53]. We found that higher levels 
of OxCer(40:6) in CSF were associated with the presence 
of severe OSA in AD patients. It has been suggested that 
the lipoxidation state is important for APP processing. 
When there is a high concentration of oxidized lipids, 
APP processing may shift from a nonamyloidogenic to an 
amyloidogenic pathway [52]. Therefore, severe forms of 
OSA, by inducing lipoxidation of membrane-associated 

lipids, such as Cer(40:6), may increase AD pathology. 
In addition, oxidation may alter other functions of cera-
mides related to inflammation, redox homeostasis, and 
cell death that may play a role in AD pathogenesis.

Our results also revealed lower levels of TGs in CSF, 
specifically OxTG(57:2), in AD patients with OSA sever-
ity. Importantly, there was not any significant difference 
in medication between the groups. Therefore, this obser-
vation may not be related to the medication use. Previ-
ous studies have reported significantly decreased serum 
TG levels in AD patients compared to a control group 
[54–56], which are, in addition, associated with early-AD 
biomarkers, including entorhinal cortical thickness and 
hippocampal volume measured by MRI scans, regions 
especially affected by AD. Our finding extends these pre-
vious observations from serum to CSF and suggests that 
impairments in TG metabolism among AD patients dif-
fer based on OSA severity. It remains unclear whether 
OSA severity also impairs the deterioration of the corti-
cal parameters associated with AD. Inside cells, TGs are 
found in organelles called lipid droplets (LDs). In the 
brain, LDs have been found both in the neurons and in 
glial cells [57]. In the AD brain, it seems that the accu-
mulation of LDs is more pronounced in the glia. Oxi-
dative stress increases the number of LDs in glial cells, 

Fig. 3 Potential CSF lipid signature for the diagnosis of severe OSA in AD patients. Lipid features included in the final model. Feature selection 
was based on a combination of random forest and automated model selection using the Akaike Information Criterion. OxCer, oxidized ceramide; 
mass at RT, mass at retention time; OR, odds ratio
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especially in astrocytes. Oxidized lipids produced in neu-
rons are transported to surrounding astrocytes for detox-
ification and storage in LDs [58]. TGs stored in LDs can 
serve as a source of energy and cell signalling molecules 
[59]. In this context, it is proposed that the low TG lev-
els in the CSF of AD patients with severe OSA express 
bioenergetic exhaustion of neural cells, with effects in 
oxidative stress conditions, which can favour cell death 
and the subsequent deterioration of brain functions and 
progression of AD. However, the specific mechanisms 
underlying the association of decreased TGs and AD and 
its impairment by OSA remain to be determined.

This untargeted approach is the initial step in this field 
of research and presents new knowledge from which new 
hypotheses can be generated. We believe that the valid-
ity of our findings should be determined by a targeted 
approach in an independent sample of AD subjects. 
We did not correct our data for multiple comparison, 
and from 11 differentially expressed lipids between the 
groups, we identified two lipid species. Future advances 
and accessibility to finer equipment will surely help to 
identify more lipid species related to OSA severity in 

AD. We included patients with MMSE scores > 20, so the 
results should be interpreted with caution when extrapo-
lating to patients at more advanced stages of the disease. 
The main strength of this study was the use of PSG for 
the diagnosis of OSA in our population. This allowed us 
to perform correlation analysis to examine the associa-
tion between different PSG variables and the severity of 
OSA. In addition, our study population was well-defined, 
and there was no significant difference regarding many 
sociodemographic characteristics and comorbidities that 
potentially would affect the results between the groups. 
Moreover, we included a relatively large sample of con-
secutive AD subjects, which increased the generalizabil-
ity of the data.

Conclusions
In this study, using undirected lipidomics, we identified 
a lipid profile in the CSF of severe OSA patients with 
mild-moderate AD that was correlated with different 
polysomnographic measures of OSA severity. From 11 
differentially expressed lipids between the groups, we 
identified two oxidized lipid species. Therefore, our 

Fig. 4 Receiver operating characteristic curves for predicting severe OSA in AD patients using the STOP‑Bang questionnaire (red), lipid signature 
(green), and the combination of both methods (blue). Analysis was performed in those patients with STOP‑Bang data. The AUC for each model 
is shown
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results suggest that an increase in lipoxidation may be 
one of the mechanisms by which OSA negatively affects 
AD physiopathology. Furthermore, we identified a lipi-
domic signature that allows the identification of AD 
patients with severe OSA in a population of AD with 
higher accuracy than the STOP-Bang screening scale. 
These data suggest that dysregulated lipid species in 
CSF could be potential biomarkers of OSA and could 
be used for screening those patients who could subse-
quently benefit from undergoing a PSG where there is a 
high suspicion of severe OSA.
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