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Introduction: Obstructive sleep apnea (OSA) is a chronic, heterogeneous and multicomponent disorder with
associated cardiovascular and metabolic alterations. Despite being the most common sleep-disordered breathing,
it remains a significantly undiagnosed condition.
Objective: We examined the plasma metabolome and lipidome of patients with suspected OSA, aiming to identify
potential diagnosis biomarkers and to provide insights into the pathophysiological mechanisms underlying the
disease. Additionally, we evaluated the impact of continuous positive airway pressure (CPAP) treatment on the
circulating metabolomic and lipidomic profile.
Material and methods: Observational-prospective-longitudinal study including 206 consecutive subjects referred
to the sleep unit. OSA was defined as an apnea-hypopnoea index ≥ 15 events/h after polysomnography (PSG).
Patients treated with CPAP were followed-up for 6 months. Untargeted plasma metabolomic and lipidomic
profiling was performed using liquid chromatography coulpled to massspectrometry.
Results: A plasma profile composed of 33 metabolites (mainly glycerophospholipids and bile acids) was identified
in OSA vs. non-OSA patients. This profile correlated with specific PSG measures of OSA severity related to sleep
fragmentation and hypoxemia. Machine learning analyses disclosed a 4-metabolites-signature that provided an
accuracy (95% CI) of 0.98 (0.95–0.99) for OSA detection. CPAP treatment was associated with changes in 5
plasma metabolites previously altered by OSA.
Conclusions: This analysis of the circulating metabolome and lipidome reveals a molecular fingerprint of OSA,
which was modulated after effective CPAP treatment. Our results suggest blood-based biomarker candidates with
potential application in the personalized management of OSA and suggest the activation of adaptive mechanisms
in response to OSA-derived hypoxia.

List of abbreviations: AHI, apnea-hypopnea index; BMI, body mass index; CI, confidence interval; CL, cardiolipin; CPAP, continuous positive airway pressure; ESIQ-TOF, electrospray-ionization quadrupole time of flight; ESS, Epworth sleepiness scale; FC, fold change; HIF-1-alpha, hypoxia inducible factor-1-alpha; HMDB,
human metabolome database; LC-MS/MS, liquid chromatography/tandem mass spectrometry; MS/MS, tandem mass spectrometry; OSA, obstructive sleep apnea; PC,
phosphatidylcholine; PCA, principal component analysis; PE, phosphatidylethanolamine; PSG, polysomnography; SaO2, oxygen saturation; TSat90, time with SaO2
< 90%; UHPLC, ultra-high-performance liquid chromatography.
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1. Introduction

18 and 60 years, contributing to the homogenization of the age of the
subjects included. Patients were excluded based on the following
criteria: presence of a previously diagnosed sleep disorder, history of
CPAP treatment, pregnancy, and/or any medical, social or geographic
factor that could jeopardize patient compliance.

Obstructive sleep apnea (OSA) is characterized by complete cessa
tion or a partial reduction in the airflow during sleep caused by
obstruction of the upper airway. The immediate effects caused by
apnoeic and hypopnoeic episodes include shifts in the intrathoracic
pressure, intermittent hypoxia, recurrent arousals and sleep fragmen
tation [1]. As the most common sleep-disordered breathing, it is esti
mated to affect more than 20% of the adult population [2], exceeding
50% in some countries [3]. Despite its high incidence, it remains a
significantly undiagnosed and untreated condition in the majority of
individuals [4,5].
There is extensive evidence linking this sleep disorder to a broad
spectrum of complications, from behavioral and cognitive deficits [6] to
major cardiovascular sequelae [7]. Given its increasing prevalence [8],
its high burden of associated morbidity [9], and its subsequent economic
impact on healthcare systems [10], OSA has been recognized as a major
public health concern worldwide. However, its diagnosis is complex,
laborious, slow and expensive. Overnight polysomnography (PSG) is the
gold-standard procedure for this purpose [11]. However, this sleep study
entails several relevant limitations that constrain its widespread use, as
it requires to be conducted by trained personnel in specialized facilities.
Although domiciliary respiratory polygraphy has contributed to OSA
diagnosis as a simplified method, it remains a time and resources
consuming procedure. Currently, questionnaires are one of the best
validated strategies available for screening at-risk populations, where
the STOP-Bang questionnaire [12] stands out as the most accurate [13].
In the last decade, there have been ongoing efforts to discover and
implement alternative approaches to enable early and effective OSA
detection. The identification of biological markers in easily accessible
biospecimens would be extensively useful for clinicians in this clinical
arena [14]. Nevertheless, to date, there is a shortage of simple, reliable
and inexpensive indicators with sufficient precision to accurately detect
patients with the disease.
Metabolomics and lipidomics, aiming to comprehensively study the
entire metabolome and lipidome expressed in a given biological sample,
are newly emerged analytic disciplines with promising potential in the
area of personalized medicine [15,16]. Metabolites reflect the under
lying biochemical activity and state of cells and tissues and are therefore
directly connected to pathological conditions [17]. As molecular fin
gerprints of disease progression, alterations in these features can aid not
only in the identification of novel biomarkers [18] but can also offer a
plethora of information contributing to the understanding of disease
pathogenesis [19]. In the context of such a heterogeneous disorder as
OSA [20], the combination of metabolomic and lipidomic
high-throughput technologies can enable the obtainment of a more
complete view of its physiopathology.
Through an untargeted profiling strategy, in the present study, we
analyzed the complete plasma metabolome and lipidome of patients
with suspected OSA, aiming to explore diagnosis biomarker candidates
and to elucidate potential pathophysiological mechanisms underlying
the disease. Additionally, we evaluated the changes in the circulating
metabolomic/lipidomic profile after continuous positive airway pres
sure (CPAP), the gold-standard treatment for OSA.

2.2. Ethics statement
Enrolled patients provided informed written consent to participate in
the study, and the ethics committee of the center approved the study
(Clinical Research Ethics Committee of the University Hospital Arnau de
Vilanova-Santa María of Lleida no. 1153/1411).
2.3. Clinical procedures and measurements
All patients who satisfied the selection criteria underwent a full
polysomnographic sleep study (Philips Sleepware G3, Amsterdam,
Netherlands). The results from all sleep studies were analyzed by trained
personnel using standard criteria [22]. Apnea was defined as an inter
ruption or reduction in oronasal airflow by ≥90% for at least 10 s.
Hypopnea was defined as a 30–90% reduction in oronasal airflow for at
least 10 s associated with oxygen desaturation by at least 3% or an
arousal on the electroencephalogram. The apnea-hypopnea index (AHI)
that estimates the severity of OSA, was calculated based on the average
number of apnea plus hypopnea events per hour of sleep. Following the
PSG study, the subjects were divided according to the current Interna
tional Consensus Document on Obstructive Sleep Apnea [23] into the

2. Materials and methods
Fig. 1. Flow chart of the study. Consecutive subjects with suspected OSA who
fulfilled the inclusion and exclusion criteria and completed a polysomnographic
sleep study were assessed for eligibility. Patients were removed from the analysis
when plasma samples were not available or there were insufficient clinical data to
perform the analysis. The final study population included in the metabolomic and
lipidomic analyses comprised 206 individuals: 64 without OSA and 142 with OSA,
from which 100 were treated with CPAP. Definition of abbreviations: AHI = apneahypopnea index; CPAP = continuous positive airway pressure; OSA = obstru
ctive sleep apnea.

2.1. Study design and population
This is an observational prospective and longitudinal study that
included consecutive subjects who were referred to the sleep unit for
suspected OSA (ClinicalTrials.gov identifier: NCT03513926). Recruit
ment took place at the University Hospital Arnau de Vilanova-Santa
María of Lleida in Spain. Current evidence indicates that physiopatho
logical consequences and clinical manifestations of OSA vary with age
[21]. For the current study we enrolled patients that were aged between
2
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Table 1
Clinical and polysomnographic characteristics of the study population at baseline.
Demographic variables
Age, years
Sex, male
Anthropometric measurements
BMI, kg/m2
Smoking status
Never
Former
Current
Polysomnography parameters
AHI, events/h
TSat90, %
Mean SaO2, %
Minimum SaO2, %
Arousal index, events/h
Epworth Sleepiness Scale
Medical history
Hypertension
Diabetes
Medications
ACE inhibitors
Beta-blockers
Diuretic agents
Calcium-channel blockers
Angiotensin II receptor blockers
Lipid-lowering agents
Anticoagulants
Insulin

All (n ¼ 206)

Non-OSA (n ¼ 64) AHI< 15 events/h

OSA (n ¼ 142) AHI≥ 15 events/h

50.0 [44.0;55.0]
139 (67.5%)

47.0 [40.0;54.0]
39 (60.9%)

51.0 [45.0;56.0]
100 (70.4%)

0.016
0.236

29.3 [26.5;33.3]

28.0 [25.5;32.2]

29.8 [27.2;33.7]

80 (38.8%)
61 (29.6%)
65 (31.6%)

20 (31.2%)
21 (32.8%)
23 (35.9%)

60 (42.3%)
40 (28.2%)
42 (29.6%)

0.017
0.323

27.6 [12.8;50.2]
1.76 [0.18;8.86]
94.0 [92.0;95.0]
83.5 [76.0;88.0]
33.7 [21.2;53.6]
11.0 [7.00;14.2]

9.26
0.08
94.0
88.5
20.7
10.0

41.0
3.65
93.0
81.5
43.3
11.0

72 (35.1%)
21 (10.2%)

15 (23.8%)
3 (4.69%)

57 (40.1%)
18 (12.7%)

0.036
0.132

50 (24.3%)
36 (17.5%)
28 (13.7%)
17 (8.29%)
15 (7.35%)
43 (21.0%)
5 (2.43%)
10 (4.85%)

8
7
7
3
4
8
0
1

42 (29.6%)
29 (20.4%)
21 (14.9%)
14 (9.93%)
11 (7.86%)
35 (24.8%)
5 (3.52%)
9 (6.34%)

0.014
0.144
0.613
0.323
0.780
0.068
0.327
0.178

[5.18;11.9]
[0.00;0.67]
[93.0;95.0]
[85.0;90.2]
[14.1;25.2]
[6.50;13.5]

(12.5%)
(10.9%)
(11.1%)
(4.69%)
(6.25%)
(12.5%)
(0.00%)
(1.56%)

[26.8;62.4]
[0.74;14.6]
[91.0;94.0]
[72.8;86.0]
[32.1;62.3]
[7.00;15.0]

p-value

<0.001
<0.001
<0.001
<0.001
<0.001
0.442

Data are presented as the median [p25;p75] for quantitative variables and n (%) for qualitative variables. Definition of abbreviations: ACE = angiotensin-converting
enzyme; AHI = apnea-hypopnea index; BMI = body mass index; IQR = interquartile range; OSA = obstructive sleep apnea; SaO2 = oxygen saturation; TSat90 = time
with SaO2 < 90%.
Fig. 2. Untargeted metabolomic and lipidomic
profiling in patients with suspected OSA. (A &
B) Volcano plots of the FC (x-axis) and p value
(y-axis) for each detected metabolite (A) and
lipid (B) in the comparison of OSA vs. non-OSA
subjects. Red dots represent significantly
downregulated (FC < 0.8) molecules, and blue
dots represent significantly upregulated
(FC > 1.25) molecules in OSA patients. The
results are adjusted by confounding factors
(age, sex and BMI). The p value threshold
defining statistical significance was <0.05. (C)
Correlations between PSG parameters of OSA
severity and the differentially expressed me
tabolites and lipids. Unknown features are
presented as exact mass@retention time. The
color scale illustrates the degree of correlation
and ranges from red to blue, indicating negative
and positive correlations, respectively. Signifi
cance is illustrated by *: p < 0.05, **: p < 0.01,
***: p < 0.001. Definition of abbreviations: AHI
= apnea-hypopnea index; BMI = body mass
index; CL = cardiolipin; FC = fold change;
OSA
= obstructive
sleep
apnea;
PC
= phosphatidylcholine; PE = phosphatidyle
thanolamine;
SaO2 = oxygen
saturation;
TG
= triglyceride;
TSat90 = time
with
SaO2 < 90%. For interpretation of the refer
ences to color in this figure legend, the reader is
referred to the web version of this article.
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Table 2
Potential identities of the significantly differentially expressed metabolites and lipids between OSA and non-OSA patients.
Mass

RT (min)

m/z

Methodology

Regulation (OSA vs. nonOSA)

Putative identification

Family

Ion species

Reliability
level

472.2503
602.4646
312.2267
628.3827
602.4654
566.3101
536.2064
244.2047
930.5211
465.3101
1270.899
1064.646
180.0643
499.2975
547.0484
586.4845
665.3892
584.26285
585.3646
833.5856
812.3854
508.2314
956.5291
1036.506
2349.565
565.6875
1019.862
835.7769
1473.345
765.567
1468.354
895.6334
715.5194

10.17247
11.71269
10.35376
9.728171
11.61746
9.029786
11.3893
9.438738
12.7908
8.988933
10.93675
10.94879
2.659617
10.32784
0.4439751
11.61156
11.39443
7.601593
10.58821
12.39143
7.521849
9.312367
11.57792
11.37844
10.08554
7.440328
9.852908
10.12173
9.519504
7.535114
9.521306
7.75234
7.073215

471.2503
601.4646
311.2267
627.3827
603.4654
565.3101
535.2064
243.2047
929.5211
464.3101
1269.899
1063.646
181.0643
498.2975
548.0484
587.4845
664.3892
585.26285
584.3646
832.5856
811.3854
507.2314
955.5291
103.5506
2348.565
564.6875
1020.862
836.7769
1472.345
766.567
1467.354
894.6334
716.5194

M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
L
L
L
L
L
L
L
L
L

Up
Up
Up
Up
Up
Up
Up
Up
Down
Up
Down
Down
Down
Up
Up
Up
Up
Up
Up
Down
Up
Up
Up
Up
Up
Up
Up
Down
Down
Up
Down
Up
Up

Chenodeoxycholic acid sulfate
Unknown
15,16-DiHODE
33-Hydroperoxyfurohyperforin
Mosinone A
25-Cinnamoyl-vulgaroside
23-Hydroxyphysalolactone
Ethyl 3-Hydroxydodecanoate
Hoduloside VII
Glycocholic acid
Unknown
CL(45:0)
Unknown
Taurochenodesoxycholic acid
Unknown
Unknown
Unknown
Bilirubin
Unknown
PC(40:6)
Dioctyltin isooctylthioglycolate
Unknown
CL(37:0)
Chinenoside I
Unknown
Unknown
Unknown
TG(49:1)
Unknown
PC-P(36:4)
Unknown
PC(40:5)
PE(34:2)

ST

[M + H]-

a

-

FA
PR
FA
PR
ST
FA
PR
ST

[M-H]
[M+Hac-H][M+H-H2O]+
[M-H][M-H2O-H][M-H][M-H]-

a
b
b
a
b
a
a
a

GP

[M-H2O-H]-

b

ST

[M-H]-

a

TP

[M+H]+

a

GP
CA

[M-H][M+Hac-H]-

a
b

GP
ST

[M-H2O-H][M-H]-

b
a

GL

[M+NH4]+

a

GP

[M+Na]

a

GP
GP

[M+Hac-H][M+NH4]+

+

a
a

The methodological approach used for the detection of the molecules is represented as M for metabolomics and L for lipidomics. All compounds are putatively an
notated based on physicochemical properties and/or spectral similarity with public/commercial spectral libraries: (a) ID based on exact mass, RT, and MS/MS
spectrum; (b) ID based on exact mass and RT. Definition of abbreviations: CA = carboxylic acid; CL = cardiolipin; FA = fatty acyl; GL = glycerolipid; GP
= glycerophospholipid; OSA = obstructive sleep apnea; PC = phosphatidylcholine; PE = phosphatidylethanolamine; PR = prenol; RT = retention time; ST = steroid;
TP = tetrapyrrol; TG = triglyceride.

following (Fig. 1): the non-OSA group, including patients with an AHI
less than 15 events/h; and the OSA group, including patients with an
AHI equal to or more than 15 events/h [24]. Treatment recommenda
tions in those patients diagnosed with OSA were based on the National
Clinical Guidelines [25], in accordance with usual clinical practice.
Patients treated with CPAP were evaluated after 6 months of follow-up.
The level of adherence to the treatment with CPAP was recorded in each
patient by means of the machines’ internal clocks. Good compliance was
defined as the use of a CPAP device for an average of at least 4 h per
night [24].
At the initial visit, detailed information pertaining to the socio
demographic characteristics, medical history, medication use, and toxic
habits was collected from all patients by trained clinicians. General
physical and anthropometric parameters were recorded. Self-reported
sleepiness status was measured by the Epworth Sleepiness Scale (ESS)
[26]. The STOP-Bang questionnaire [12] was assessed at baseline and
included 4 questions (STOP) related to symptomatology and comor
bidities and 4 questions (BANG) related to anthropometric and de
mographic variables.
Overnight fasting venous blood samples were obtained at the same
time of day (between 08:00 and 09:00 a.m.) at baseline (in the morning
immediately after the sleep study) and after 6 months of follow-up.
Whole blood samples collected in EDTA (ethylene diamine tetra acetic
acid) anticoagulant tubes (Vacuette, Greiner Bio-One, Kremsmünster,
Austria) were centrifuged at 1500 g for 10 min at 4 ◦ C to separate the
plasma fraction. All specimens were immediately aliquoted, frozen, and
stored in a dedicated − 80 ◦ C freezer. No freeze-thaw cycles were per
formed during the experiments.

2.4. Metabolomic and lipidomic profiling
Metabolomic and lipidomic profiling analyses were performed from
the same patient-derived plasma sample. For untargeted metabolomic
analysis, metabolites were isolated from plasma samples using liquidliquid extraction with methanol, as previously described [27]. Meta
bolic extracts were analyzed via ultra-high-performance liquid chro
matography (UHPLC) coupled to electrospray ionization quadrupole
time of flight (ESI-Q-TOF) tandem mass spectrometry (MS/MS)
following a previously published method [28]. An Agilent 1290 liquid
chromatography system (Agilent Technologies, Santa Clara, CA, USA)
coupled to an ESI-Q-TOF mass spectrometer 6520 instrument (Agilent
Technologies, Santa Clara, CA, USA) was used. Data were acquired in
both positive (+) and negative (-) polarity. Detailed information
regarding metabolite extraction and analysis can be found in the Sup
plementary Material.
Lipid extraction from plasma samples was based on a previously
validated method [29]. For untargeted lipidomics analysis, lipid extracts
were subjected to mass spectrometry using an UHPLC 1290 series
coupled to an ESI-Q-TOF MS/MS 6520 unit, operating in both the pos
itive and negative ion modes, as previously described [30,31]. Further
information about lipid extraction and profiling appears in the online
Supplementary Material.
Data collected from the untargeted metabolomic and lipidomic
profiling were acquired and analyzed using different software programs,
as detailed in the Supplementary Material.
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Fig. 3. Unsupervised clustering and PCA of
plasma metabolites and lipids that are significantly
relevant in OSA. (A) Heat map representing the
hierarchical clustering of dysregulated features in
OSA. Each column represents a patient. Non-OSA
patients appear in green, and OSA patients
appear in pink. Each row represents a metabolite or
lipid. Unknown features are presented as exact
mass@retention time. The color scale illustrates
the relative expression level of each molecule in
each patient and ranges from red to blue, indicating
relatively low to high expression, respectively. (B)
PCA using the dysregulated features in OSA. Each
dot represents a patient. Green dots represent the
non-OSA subjects, and pink dots represent the OSA
patients. Definition of abbreviations: CL
= cardiolipin; OSA = obstructive sleep apnea; PC
= phosphatidylcholine; PCA = principal compo
nent analysis; PE = phosphatidylethanolamine;
TG = triglyceride. For interpretation of the refer
ences to color in this figure legend, the reader is
referred to the web version of this article.

molecules) were considered differentially expressed. Differential
expression between study groups is displayed in volcano plots. Corre
lations between differentially expressed metabolites/lipids and PSG
parameters were evaluated using Spearman’s rank correlation
coefficient.

2.5. Metabolite identification
According to previously published work, differentially expressed
features, defined by exact mass and retention time, were searched
against the Human Metabolome Database (HMDB) [32] (accuracy
<30 ppm). Potential identities were confirmed by comparison of the
exact mass, retention time and MS/MS spectra fragmentation pattern of
the class representative internal standards, when available, with public
databases [33].

2.7. Machine learning and unsupervised analysis
Principal component analysis (PCA) and hierarchical clustering were
performed on the differentially expressed metabolites and lipids.
Metabolite/lipids levels were scaled to unit variance. In PCA, the first
two components were selected and represented graphically. The co
ordinates of the top 5 metabolites with the highest contribution to the
first component were represented (Fig. S1). In hierarchical clustering,
distance matrix was calculated with Manhattan distance and Ward’s
minimum variance algorithm was used to clustering.
A stepwise feature selection process based on random forest [35]
(RF) was performed to construct a metabolic signature that predicted the
OSA status. The process was based on three steps [36]: First, the vari
ables with low importance were eliminated by ranking the average of
the variable importance measure on 50 runs of RF; Second, the
Out-of-bag (OOB) error rates of 50 RF runs were calculated for each
nested model (from the most important variable to the model with all
previously selected variables). The variables included in the model with
the lowest OOB error were selected; Third, the final model was selected
by performing an ascending sequence of RF that tests the inclusion of
each variable selected in the second step. The accuracy (95% confidence

2.6. Statistical analyses
Descriptive statistics were used to summarize the characteristics of
the study population. Continuous variables were summarized using
mean (standard deviation) for normally distributed data and median
(25th percentile; 75th percentile) for nonnormally distributed data.
Normal distributions were assessed by the Shapiro–Wilk test. Categori
cal data were summarized using frequency (percentage). Clinical and
sociodemographic characteristics were compared between the study
groups (OSA vs. non-OSA) using a t-test (or an equivalent nonparametric
test) or chi-squared test depending on whether the variables were
quantitative or categorical, respectively. Metabolite/lipid levels were
log-transformed for statistical purposes. Differences in metabolite or
lipid levels between groups were evaluated using linear models for ar
rays [34], adjusted for age, sex and body mass index (BMI). Molecules
with a significant difference (p value < 0.05) between groups and a fold
change (FC) higher than 1.25 (or lower than 0.8 for downregulated
5
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Fig. 4. Construction of the metabolic prediction model for OSA detection based on random forest. (A) Importance of each metabolite and lipid in the classification of
the study groups (OSA vs. non-OSA). Unknown features are presented as exact mass@retention time. (B) Selection of the best combination of molecules that provides
the lowest error rate for the construction of the metabolic signature. Definition of abbreviations: CL = cardiolipin; OOB = out-of-bag; OSA = obstructive sleep apnea;
PC = phosphatidylcholine; PE = phosphatidylethanolamine; TG = triglyceride.

interval (CI)) of the model was estimated and compared to a reference
questionnaire (STOP-Bang).
2.8. Pathway enrichment analysis
The differential metabolites and lipids that were annotated were
searched against the KEGG library of H. sapiens. Pathway enrichment
analysis was conducted through the MetaboAnalyst web service
(https://www.metaboanalyst.ca/) [37]. A hypergeometric test was
performed for overrepresentation analysis. Paired t-tests were used to
evaluate the metabolite/lipid pre-post change after CPAP treatment. The
p value threshold defining statistical significance in all analyses was set
at < 0.05. All statistical analyses were performed using R software,
version 4.0.2.
2.9. Role of Funders
The funding sources had no role in the writing, data collection,
analysis or interpretation of the study.
3. Results
3.1. Description of the study population

Fig. 5. Cross-omic pathway enrichment analysis of annotated features relevant
in OSA. Scatter plot presenting the enriched metabolic pathways in which the
20 identified metabolites and lipids are involved. Each circle represents a
pathway. The color gradient indicates the significance of the pathway ranked
by p value, with yellow indicating higher p values and red indicating lower p
values (y-axis). The size of the circles represents the impact score of the
pathway based on the number of molecules contained in the pathway (x-axis).
Significantly affected pathways with a p value < 0.05 appear with their name.,
Definition of abbreviations: OSA = obstructive sleep apnea. For interpretation
of the references to color in this figure legend, the reader is referred to the web
version of this article.

A total of 206 patients with available clinical data and plasma sample
were included in the metabolomic and lipidomic profiling analyses, of
which 142 were OSA and 64 were non-OSA subjects (Fig. 1). The study
population was mainly middle-aged, male and overweight-obese. Pa
tients with OSA were older and presented a higher BMI and a higher
prevalence of hypertension than patients without OSA (Table 1).
3.2. Untargeted metabolomic and lipidomic analyses reveal a plasma
profile of OSA
The first aim of this study was to analyze global metabolomic and
lipidomic differences between patients with and without OSA.
6
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statistics were applied to the differentially expressed molecules. Hier
archical clustering, represented by a heat map, generated two main
clusters of patients, separating the population according to the presence
of OSA (Fig. 3A). The first cluster was mostly represented by OSA pa
tients, exhibiting, in general terms, higher expression levels of the me
tabolites that compose the differential metabolic profile. The second
cluster, which was represented by a high presence of non-OSA patients,
denoted a general downregulation of the metabolic expression. The PCA
showed that the differentially detected metabolites were able to separate
patients with OSA from those without OSA, depicting a differential
metabolic plasma pattern of the OSA patient (Fig. 3B). The first and
second component represented the 10.8% and 6.7% of the total vari
ance, respectively. Given that the first component was the highest
contributor to the separation of the study groups, we performed deeper a
study of the top 5 metabolites with the greater contribution to this
component. This plot is presented in Fig. S1. Together, these analyses
suggested the existence of a specific metabolic signature for the OSA
condition.

Table 3
Changes in the circulating metabolomic/lipidomic profile after CPAP treatment.
Metabolite/Lipid

Mean change after CPAP treatment

Chenodeoxycholic acid sulfate
602.4646@11.712
15,16-DiHODE
33-Hydroperoxyfurohyperforin
Mosinone A
25-Cinnamoyl-vulgaroside
23-Hydroxyphysalolactone
Ethyl 3-Hydroxydodecanoate
Hoduloside VII
Glycocholic acid
1270.899@10.936
CL(45:0)
180.0643@2.659
Taurochenodesoxycholic acid
547.0484@0.443
586.4845@11.611
665.3892@11.394
Bilirubin
585.3646@10.588
PC(40:6)
Dioctyltin isooctylthioglycolate
585.3646@10.588
CL(37:0)
Chinenoside I
2349.565@10.085
565.6875@7.440
1019.862@9.852
TG(49:1)
1473.345@9.519
PC-P(36:4)
1468.354@9.521
PC(40:5)
PE(34:2)

-0.04 [− 0.26;0.17]
-0.13 [− 0.47;0.22]
0.00 [− 0.16;0.17]
-0.06 [− 0.21;0.10]
-0.03 [− 0.23;0.17]
0.18 [0.01;0.34]
-0.08 [− 0.25;0.09]
-0.04 [− 0.19;0.11]
0.01 [− 0.17;0.20]
0.38 [0.11;0.65]
0.05 [− 0.15;0.26]
-0.03 [− 0.27;0.21]
0.23 [− 0.05;0.51]
0.17 [− 0.07;0.41]
-0.23 [¡0.42; ¡0.05]
-0.05 [− 0.26;0.16]
-0.08 [− 0.22;0.07]
-0.24 [¡0.45; ¡0.02]
-0.06 [− 0.30;0.17]
-0.14 [− 0.30;0.01]
0.00 [− 0.18;0.19]
0.02 [− 0.29;0.34]
-0.14 [− 0.40;0.12]
0.02 [− 0.34;0.38]
0.05 [− 0.15;0.25]
-0.11 [− 0.32;0.10]
-0.35 [¡0.60; ¡0.11]
-0.08 [− 0.35;0.19]
0.13 [− 0.19;0.44]
-0.18 [− 0.45;0.09]
-0.01 [− 0.29;0.27]
0.01 [− 0.23;0.26]
0.11 [− 0.09;0.31]

3.3. Metabolomic prediction model for OSA detection
The next objective of this study was to identify a molecular signature
based on the plasma metabolic content, which could identify OSA
among individuals with suspicion of this disease. The 33 differentially
abundant plasma metabolites identified earlier were included in the
construction of the prediction models by using machine learning ap
proaches. Multivariate analysis of variable selection based on random
forest revealed a specific fingerprint of OSA composed of 4 metabolites
(Fig. 4): 25-cinnamoyl-vulgaroside; 33-hydroxyfurohyperforin; 15,16DiHODE and 602.4646@11.712 (exact mass@retention time). The
predictive performance of this fingerprint showed an accuracy (95% CI)
of 0.98 (0.95–0.99) for OSA detection. The predictive potential of the
derived signature was compared to the commonly used STOP-Bang
questionnaire (accuracy (95% CI) = 0.65 (0.59–0.72)), and it was
found that it was significantly higher than that observed for the ques
tionnaire (p < 0.01).

Post-CPAP treatment indicates changes in the differentially expressed metabo
lites and lipids. Unknown features are represented as exact mass@retention
time. Significant differences (p value < 0.05) are presented in bold. Definition of
abbreviations: CL = cardiolipin; CPAP = continuous positive airway pressure;
OSA
= obstructive
sleep
apnea;
PC
= phosphatidylcholine;
PE
= phosphatidylethanolamine; RT = retention time; TG = triglyceride.

3.4. Integrated enrichment analysis of the metabolic pathways relevant in
OSA

Following the gold-standard procedure for untargeted metabolomic and
lipidomic profiling, an LC-MS-based strategy was applied. After quality
control (see the Supplementary Material for detailed information), 1506
metabolites and 748 lipids were detected and included in the subsequent
analyses. After adjustment for confounding factors (age, sex and BMI),
33 molecules were found to be differentially expressed between the
groups: 22 compounds from the metabolomics analysis (Fig. 2A) and 9
lipidic species from the lipidomic analysis (Fig. 2B). Specifically,
decreased levels of 5 metabolites and 3 lipids were observed in OSA
patients (FC < 0.8), whereas 19 metabolites and 6 lipids were upregu
lated (FC > 1.25). The complete list of the significantly dysregulated
metabolites and lipids between the study groups appears in Tables S1
and S2, respectively. Based on the exact experimental mass, retention
time, isotopic distribution and/or MS/MS spectrum of the dysregulated
molecules between the groups, identification was achieved for 20 en
tities, and the remaining 13 were unidentified. A full list of the candi
dates with putative identification is listed in Table 2. The identified
features included different classes of molecules: 6 glycerophospholipids,
5 steroids, 3 fatty acyls, 3 prenols, 1 tetrapyrrol, 1 carboxylic acid and 1
glycerolipid.
Correlation analysis between the deregulated molecules and specific
PSG parameters related to sleep fragmentation (arousal index) and
different hypoxemia measurements (AHI, mean oxygen saturation
(SaO2), minimum SaO2, and time with SaO2 < 90% (TSat90)) revealed
that the circulating levels of 18 molecules were significantly associated
with one or more parameters of OSA severity (Fig. 2C).
To obtain a global overview of the metabolomic and lipidomic dif
ferences between OSA and non-OSA subjects, unsupervised multivariate

We next performed a bioinformatic analysis integrating the metab
olomic with the lipidomic results, with the aim of uncovering molecular
clues that could be of relevance for disease pathogenesis. Pathway
enrichment analysis, using all the dysregulated molecules with a puta
tive identity as inputs, was carried out using the MetaboAnalyst platform
(see the Methods section). As shown in Fig. 5, this integrated analysis
approach yielded 5 significantly enriched pathways, including glycer
ophospholipid metabolism, primary bile acid biosynthesis, linoleic acid
α-linolenic
acid
metabolism
and
glyco
metabolism,
sylphosphatidylinositol acid metabolism.
3.5. Changes in the circulating metabolome and lipidome after CPAP
treatment
Once we observed that OSA was associated with a specific molecular
profile, we then explored the effect of CPAP treatment on this circulating
profile. OSA patients treated with CPAP showed a mean (95% CI) CPAP
use of 5.21 (2.84) h/night, i.e., 69% of treated patients were good
compliers (CPAP use ≥4 h/night). In general terms, the metabolic
plasma content of CPAP-treated patients changed after 6 months of
therapy (Table 3). Despite this observation, only changes in 5 of the 33
differentially abundant molecules at baseline reached statistical signif
icance in the pre-post comparison. Stratified analysis including adherent
patients showed similar results as to the set of molecules previously
observed, plus one additional molecule that was added (Table S3). It
should be noted that no significant changes were found after follow-up
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biological system [58]. Metabolites represent the ultimate downstream
product of the whole omics cascade, directly reflecting the molecular
phenotype of an organism at a specific moment [59]. Our omics ap
proaches revealed that despite the corrections introduced to eliminate
the effect of confounding variables, there were still significant changes
induced by OSA conditions, although it was only a minor fraction,
representing approximately 1.5% (33 out of 2254 molecular species) of
the detected metabolome and lipidome. The majority of these metabo
lites (lipids included) that were found to be differentially abundant in
the plasma of OSA vs. non-OSA patients, were also strongly correlated
with different polysomnographic measurements of OSA severity. Spe
cifically, remarkable correlations were found with diverse
well-established measurements of sleep fragmentation (arousal index)
and/or hypoxemia (AHI, mean SaO2, minimum SaO2, and TSat90).
Collectively, the vast majority of the molecules with putative iden
tification (20 out of 33) were lipids. The most affected lipid classes were
glycerophospholipids (cardiolipin (CL), phosphatidylcholine (PC), and
phosphatidylethanolamine (PE)), sterols (bile acids), and fatty acid de
rivatives (oxylipids). Notably, 4 functional categories associated with
the different lipid classes were identified: membrane structural com
ponents, cellular protective antioxidants, lipids involved in mitochon
drial bioenergetics, and bioactive lipids. Thus, PC and PE are essential
and represent the major components of both cellular and subcellular
membranes, and it is particularly remarkable that PE(34:2) is a primary
molecular species involved in the de novo synthesis of PC and PE [60],
from which other glycerophospholipid species can be generated by
remodeling. PC-P(36:4) is a plasmalogen, a major component of cell
membranes that plays a structural role in maintaining membrane sta
bility and has antioxidant properties by acting as a reactive oxygen
species (ROS) scavenger, thus helping to reduce hypoxia-derived
oxidative stress [61]. Cardiolipin is a glycerophospholipid specifically
located at the inner mitochondrial membrane, where it plays a key role
in the integrity and activity of the mitochondrial electron transport
chain complex I and, consequently, in cell bioenergetic processes [62].
Bile acids not only serve as detergents for lipid absorption but also
function as bioactive lipids that activate different nuclear receptors
[63]. Chenodeoxycholic acid, a major component of bile acids that we
found to be markedly associated with OSA, has been shown to act as a
signaling molecule, regulating hypoxia inducible factor-1-alpha
(HIF-1-alpha) under hypoxic conditions [64]. Taking into account the
strong correlation that we found between the plasma levels of these
molecules and the nocturnal hypoxemia parameters, such as TSat90 and
the minimum SaO2, our results would suggest the activation of adaptive
mechanisms directed to counter hypoxia-derived injury. Our findings
support prior observations, as hypoxia-induced changes had been pre
viously associated with a dysregulation of bile acid metabolism and
ultimately bile acid synthesis [65]. Furthermore, sleep disturbances
have been shown to significantly suppress genes involved in bile acid
synthesis, such as Cyp7a1 [66]. Together, these results are aligned with
ours and support that the observed changes could indicate an impair
ment in bile acid homeostasis.
Finally, regarding CPAP treatment, we found that after 6 months of
therapy, there was a significant modulation of 5 plasma metabolites
previously altered by OSA. This result suggests that CPAP seems to have
an effect on the metabolic plasma content but might not be enough to
reverse all the alterations induced by OSA, highlighting the importance
of furthering the research in this regard.
The present study has some limitations worth noting. Due to the
incipient state of this research field, an exploratory approach was
applied, aiming to gain new insights from which new hypotheses might
be developed. Therefore, further development of a confirmatory tar
geted methodology is needed to determine the validity of our findings in
another independent group of individuals, especially in those of older
ages. The strengths of this study include the evaluation of a relatively
large number of consecutively recruited patients, which would
contribute to the widespread use of the findings. Considering the study

in the variables that were considered potential confounders.
4. Discussion
In this study, we identified a circulating metabolic profile associated
with the presence of OSA, which strongly correlated with different
polysomnographic measures of OSA severity related to sleep fragmen
tation and hypoxemia. Indeed, we provide here the cross-sectional
identification of 33 plasma molecules that were differentially abun
dant in OSA vs. non-OSA patients, independently of several known
confounding factors. The annotated features were mainly glycer
ophospholipids and bile acids, suggesting that the metabolic impact of
OSA at the circulating level is mainly mediated by a dysregulation in
glycerophospholipid metabolism and the biosynthesis of primary bile
acids. Notably, multivariate machine learning analyses revealed that the
circulating levels of 4 of these molecules provided a strong discrimina
tive power for OSA detection, that was higher than that of the STOPBang questionnaire. Finally, the longitudinal evaluation of the plasma
metabolic content indicated that CPAP treatment was associated with a
significant modulation of 5 molecules that were previously altered by
OSA.
OSA is a common and heterogeneous chronic disorder with a
growing global prevalence that remains undiagnosed in a high propor
tion of patients [4] – up to 80% in the case of moderate-to-severe OSA
[38]. Underdiagnosis of chronic disorders represents an additional cost
for healthcare systems compared to the proper diagnosis and treatment
of these diseases [39]. The multiple pathophysiological risks and con
sequences of OSA, as well as the inconvenience, laboriousness and
economic impact derived from PSGs, justify the effort to explore new
biomarkers for its early detection. Over the last decade, improvements
in
liquid
chromatography-tandem
mass
spectrometry
(LC-MS/MS)-based technologies have powered the rapid screening of
thousands of molecules in complex biological samples with high
reproducibility, rendering this technology a promising tool for the dis
covery of sensitive and robust biomarkers [40,41]. Especially when
considering an untargeted approach, metabolomic/lipidomic profiling
constitutes an expanding research concept that is currently being
applied for biomarker discovery in a variety of diseases [42–45]. Here,
we found a signature composed of 4 metabolites, which provided
powerful biomarker performance that was significantly higher than that
of the STOP-Bang questionnaire, a currently available OSA screening
tool for clinicians. This result suggests the potential of these molecules
for the personalized management of OSA in the clinical setting of pa
tients with suspicion of the disease.
Although metabolomic and lipidomic procedures have been applied
to study a range of respiratory diseases [46–49], most of the research on
OSA had been focused on the search for biomarkers in exhaled breath
condensate or urine [50–54]. A limited number of studies have explored
blood-based biofluids to address this purpose. Ferrarini et al. [55]
identified 14 significant metabolites that distinguished severe from mild
OSA patients but did not evaluate biomarker performance for OSA
prediction. Lebkuchen et al. [56] showed that the combination of the
NoSAS (Neck circumference, Obesity, Snoring, Age, Sex) score with a
selection of metabolites or lipids raised the detection of OSA up to an
AUC = 0.911 and 0.951, respectively. However, as was pointed out by
Zhang et al. [57], the reliability of these studies is limited due to the
small sample sizes, cross-sectional designs and lack of adjustment for
confounding variables. Here, we sought to overcome these limitations,
providing a more realistic setting with a larger sample size, longitudinal
design and consideration of variables that could confound the associa
tions. This is, to the best of our knowledge, the most comprehensive
concurrent metabolomic and lipidomic study to date, aiming to identify
circulating profiles associated with OSA, its severity, and its treatment.
As complementary techniques to other omics, metabolomics and
lipidomics are influenced by both genetic and environmental factors,
providing a more accurate image of the real physiological status of a
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population, instead of using an artificial design including extreme cases
vs. healthy controls, which could have overestimated biomarker per
formance, we included a cohort of subjects referred to the sleep unit,
which provides a realistic level of heterogeneity in the population with
suspicion of OSA. In addition, all patients underwent a complete PSG
study, which is the gold-standard technique for the diagnosis of OSA,
and it also enabled the performance of correlation analyses with
different PSG variables related to OSA severity. Finally, the longitudinal
design of the study and the consequent evaluation of the effect of CPAP
treatment on the plasma metabolic content would help to reinforce the
etiological role of OSA in the observed associations.
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