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Introduction
Obstructive sleep apnea (OSA) is characterized by episodes of 

partial or complete pharyngeal collapse associated with reduction 
(hypopnea) or total (apnea) absence of airflow during sleep that result 
in intermittent hypoxia, hypercapnia and sleep disruption.

Obesity could increase the likelihood of airway collapse by directly 
affecting the anatomy of upper airway as fat is deposited on surrounding 

structures. OSA symptoms include habitual snoring, witnessed apneas, 
and reporting of disturbed unrefreshing sleep, frequently accompanied 
by excessive daytime sleepiness, and daytime neurobehavioral problems.

OSA is defined as the occurrence of more than five obstructive 
events per hour–apnea–hypopnea–index (AHI) >5/h–associated with 
typical symptoms. The estimated prevalence of moderate to severe OSA 
(AHI ≥15/h) is 10–17% in adult men and 3–9% in adult women with a 
higher prevalence in adults > 50 years of age [1]. The percentage within 
each gender interval seems to be influenced by the ethnia [2]. 

OSA has adverse metabolic consequences in the pediatric 
population and several pathways have been suggested for the interaction 
between obesity, metabolic dysfunction and OSA [3,4]. The risk of OSA 
is higher in obese children, and OSA may in turn worsen obesity [5–7].

The gold–standard diagnostic test for OSA is labor– and time–
intensive in laboratory polysomnography (PSG) [8,9]. Nocturnal 
continuous positive airway pressure (CPAP) therapy seems to be the 
most effective treatment for OSA. A CPAP device consists of a unit 
that generates airflow, which is directed to the airway via a mask and 
prevents upper airway collapse; thus, it is presumed to reverse the 
pathophysiological consequences of OSA. Nevertheless, the association 
of OSA to many chronic diseases such as hypertension [10], myocardial 

Abstract
A critical opinion about how clinical researchers face to the metabolomics–obstructive sleep apnea (OSA) binomial is here presented from the point of view of 
analytical chemists. Thus, positive and negative (lights and shadows) aspects related to the types of samples used for the target studies, the pros and cons of the 
devices used for sampling and present storage conditions, and actions for their improvement are expressed. Sample preparation and its multiple facets that required 
to be clarified are discussed, as well as those related to analysis. A key aspect as data treatment has been discussed in the light of the cohorts handled to obtain the 
information to be subjected to appropriate/inappropriate treatment, and support on suitable examples has been provided. The search for OSA biomarkers, one of the 
areas to which key investigations are devoted at present, is critically discussed by showing the weak points and proposing new ways for improvement. A final section 
is devoted to aspects that may help to improve metabolomics–OSA research, a field asking for more attention.   



Castillo-Peinado LS (2020) Analytical lights and shadows in metabolomics research on obstructive sleep apnea

J Stem Cell Res Med, 2020         doi: 10.15761/JSCRM.1000142  Volume 5: 2-10

infarction [11,12], stroke [13,14], insulin resistance [15–18], diabetes 
[19], nonalcoholic fatty liver disease [20], postmenopausal status in 
women and craniofacial structure [21] and, most recently, mild cognitive 
impairment (MCI)/dementia [22] and cancer [23] makes adherence to 
CPAP each time  more limited despite the efforts to improve comfort 
[24–26]. For this reason, OSA lends itself to a personalized approach 
to diagnosis and therapy after checking that different clinical OSA 
subtypes likely benefit from different therapies. Hypoglossal nerve 
stimulation, radiofrequency ablation of the soft palate, oral appliances 
or surgical procedures are useful second–line therapy in patients who 
cannot tolerate CPAP devices. Of great interest are the technological 
advances that allow patients to participate in their own care, thus 
improving CPAP compliance. Interestingly, the foreseeable future 
involves focusing the efforts on prediction and prevention of OSA at 
an individual level, in which P4 medicine is being to play a key role 
[27]. The four Ps offer a means to: Predict who will develop disease 
and co–morbidities; Prevent rather than react to disease; Personalize 
diagnosis and treatment; have patients Participate in their own care. 
The fact that each OSA patient has a different pathway to disease, and 
its consequences makes P4 medicine a conceptual framework that 
provides the basis for a new approach to OSA that may predict and 
prevent those at high risk for OSA and consequences, personalize the 
diagnosis and treatment of OSA and build in patient participation to 
manage OSA.

The differences in OSA subtypes have been related to genetic, 
epigenetic and environmental differences among individuals [27]. 
On the other hand, genetic studies suggest that OSA cannot represent 
a simple condition associated to a few genes or proteins, but a 
manifestation of multiple interconnected pathways and numerous 
molecular abnormalities [28] that justifies its close relationship with 
a number of diseases. This behavior leads to consider that the genetic 
and epigenetic changes (even environmental changes) must be down–
stream reflected in proteins and finally in metabolites changes. The gut 
microbiota seems also to be related with OSA, providing key information 
on both the disease itself and its evolution during treatment [29].

The role of metabolomics–the younger of the great omics–in 
the research on OSA has been scant and it has not been always well 
understood by the authors working in this field, who have considered 
this discipline as “a method to explore novel biomarkers and identify 
physiological and pathological mechanistic processes” [30], as “the field 
of micromolecules” [31], or even they have ignored metabolomics as 
such discipline considering it only as a method to obtain metabolic 
profiles [28]. Most of this research has been focused on the search for 
metabolites that can act as new biomarkers for OSA with sensitivity 
and selectivity as high as possible; that is, compounds that experience 
high changes in concentration in individuals affected by OSA, but no in 
those affected by other diseases. 

This article constitutes an attempt of discussing the present state of 
metabolomics in OSA research from an analytical point of view, and 
clarifying analytical concepts not always well understood by medical 
researchers.

Types of samples, collection devices and storage conditions

As commented before, most of the studies on the binomial 
metabolomics–OSA have been focused on the search for biomarkers of 
this disease, and most of the common clinical samples have been used 
with this purpose. 

Blood (as either serum or plasma) is the most common sample used 
in metabolomics studies in general and in the look for biomarkers in 

particular, despite some authors complain about the high concentration 
of proteins in this biofluid [32]. The authors do not justify, most times, 
the use of serum or plasma for their studies, and they rarely make a 
comparison of the results provided by both types of blood samples 
[33]. This comparison would assure the suitability of the sample for 
OSA studies. In addition, once the type of blood–derived sample has 
been selected, the influence of the collection tube should be studied 
taken into account that a number of metabolomics changes are clearly 
influenced by this device [34] and also the stability of the sample (e.g., 
storage temperature, number of freeze/thaw cycles) should be a matter 
of research [35].

Urine is considered for some authors as almost the sample panacea 
for clinical studies in general and for metabolomics studies in particular. 
As main advantages they include, (i) ease of sample collection–there 
is no requirement of trained staff for collection; (ii) noninvasiveness 
of the collection procedure; (iii) availability in large amounts; (iv) 
relative chemical and physical stability; and (v) less complex nature as 
compared to blood [36]. Disadvantages no considered by enthusiastic 
of urine as clinical sample are the necessity for volume normalization 
for which a definitive protocol has not been established yet, and the 
discussed stability of this sample [37]; the added complexity owing to 
the existence of phase on of proteins by normal healthy subjects–within 
the range of 0–0.8 g/L [39], although this content is estimated to be 
1000 times lower than in blood [40].

Faecal samples have been scantly used in this field; nevertheless, 
they can provide a key information on the role of microbiota in OSA, 
and even on earlier biomarkers of the disease [41]. Studies on the 
stability of this sample are a pending goal.

Saliva samples (up to 10 mL) have been collected by passive 
drooling of clear saliva and used to look for fatigue biomarkers, mainly 
peptides, which can be closely related with those for OSA. Taking into 
account the high enzyme content of this sample, an in depth study on 
its stability is mandatory to provide appropriate interpretation of the 
results [42]. 

Breath is the key sample for the study of lung diseases. For this 
reason, breath analysis is not a recent matter of research because as far 
as 1971 the breath profile of 250 volatile organic compounds (VOCs) was 
obtained after trapping the sample in a cooled stainless–steel tube [43].

Exhaled breath constitutes an accessible sample, obtained in a 
non–invasive manner, easily repeatable, released spontaneously, and in 
relatively large amounts. This biofluid is characterized by the presence 
of exogenous and endogenous compounds, as well as microbiome–
associated metabolites. In addition to VOCs, this sample contains 
detectable levels of semi–volatile organic compounds (SVOCs), water–
soluble metabolites, lipids, other macromolecules such as proteins and 
DNA, and microbiota components such as bacteria and viruses. 

The obvious importance of this sample on the search for lung 
cancer biomarkers [44–46], and in general for lung diseases, is also 
applicable to OSA biomarkers. Different types of breath samples can 
be collected depending on the sampling device (exhaled breath and 
exhaled breath condensate–EB and EBC, respectively), and on its 
off– or on–connection with equipment for subsequent steps of the 
analytical process. All the sampling procedures are relatively rapid, 
safe and comfortable from a patient perspective; however, their 
standardization is not yet well established [47], despite methodological 
recommendations for analysis of EBC and FENO (fraction of nitric 
oxide in expired gas) were published in 2005 [48,49], also recently 
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published for VOCs and particles [50]. The published report clearly 
established the no intention for providing clinical guidance on disease 
diagnosis and management. Despite these contributions, studies 
on optimization and standardization of sampling, storage and pre–
treatments are still required in this field.

Off–line sampling of EB uses special disposable bags or traps where 
the sample is stored until analysis. In fact, after sample collection, storage 
and preconcentration steps precede analysis. Sampling and storage of 
EB, however, is associated with several problems including degradation 
of breath compounds and introduction of artifacts or impurities [51–
53]; therefore, selection of the sampler and storage conditions is crucial 
in the quality of the subsequent analysis [47]; conditions very different 
depending on the required analysis: targeted or untargeted.

Only EB allows real–time analysis of breath components, for which 
a number of samplers have been designed. The samplers allow on–line 
connection to electronic noses [54–56] or to mass detectors (either, 
directly or through a chromatograph, mainly a GC), each with its 
characteristic advantages and disadvantages [57–59].

EBC sampling is always off–line developed as it involves the use 
of refrigerated bags (usually polyethylene bags at –20 ºC) that allow 
collection of both VOCs and compounds dissolved in the aqueous vapor 
phase. Commercial portable EBC samplers are the TurboDECCS (that 
contains a disposable collection cell inserted in a Peltier refrigeration 
unit and electronic adjustment of the condensation temperature), and 
the RTube EBC sampler (that consists of a large T–section furnished 
with a disposable valve and a saliva separator, a collection tube made 
of polypropylene, and a cooling sleeve that can be refrigerated prior to 
analysis). The ECOScreen2 sampler is a no–portable sampler commonly 
used at present in hospitals and clinical research centers, which allows 
controlled collection of EBC into two separated bags for physical 
separation between the air exhaled from the upper–central and distal 
airways with minimal contamination from saliva [60]. The opinion that 
“Analyzing non–volatile compounds in the liquid phase of the exhaled 
breath has the obvious limitation that many VOCs are not captured [47]” 
is no applicable when the ECOScreen2 sampler is used, as most VOCs 
are at the liquid state at –20 ºC, the common temperature for sampling 
EBC. In addition to the wide metabolome profile EBC provides, other 
key components of EBC such as proteins and DNA allow to expand 
the use of this sample to other omics, and thus to integrate omics. 
The potential of this integration constitutes a key challenge for omics 
researchers. Nevertheless, it must be emphasized that optimization and 
standardization of sampling, storage and pretreatment steps are still 
required to achieve the clinical application of off–line breath analysis.

Breath biopsy is the name given to either BC or EBC, similarly to 
the name of liquid biopsy for blood analysis [61], and clearly try to 
establishing the wide profile of the breath metabolome provided by 
using the appropriate sampler to obtain the target sample.

The in depth study on EBC developed by the authors, which 
encompasses sample preparation for subsequent GC–TOF/MS [62] or 
LC–TOF/MS [63], and application of the developed methods to studies 
of lung cancer [45,46,64], could be a strong starting point–at present in 
development –for an in depth application of EBC in OSA studies. 

Sweat has so far deserved scant interest in the clinical field in 
relation to lung diseases. After a review published by the authors’ group 
as a call for attention on this sample [65], some guidelines on what is 
done and what should be done in the use of sweat as clinical sample 
[66], and an in depth study on sample preparation prior to LC–MS/

MS [67], then applied to changes in metabolites after moderate exercise 
[68] and to dry sweat [69], and finally to lung cancer screening, the 
authors group is ready for the use of sweat to study other lung diseases 
as OSA. The research the group is developing will also be an invitation 
to other groups to go inside this subject.

It is remarkable that never a stability study of the target biofluid 
under the storage conditions has been developed in the research on 
OSA–metabolomics, despite two stability studies should be mandatory: 
one of them preceding the research to detect both degradation and 
potential reactions of the components of the original sample with the 
degradation products; and the other prior to the proposal of the found 
biomarkers and devoted specifically to their stability. 

Sample preparation

The crucial influence of sample preparation on the analytical results 
is well known by analysts [70]. The aim of this key step of the analytical 
process is to obtain an analytical sample [71] as appropriate as possible 
for identification, quantitation or semiquantitation of the target 
analytes. There are many variables involved in sample preparation, 
the influence of which on this step is a function of the type of sample, 
the target analyte(s) and the analytical platform in which the prepared 
sample will be inserted (either the detector or the high resolution 
equipment for individual separation, if required, prior to detection).

Despite a number of authors working in the OSA–metabolomics 
field apply correctly the terms involved in this step, also their incorrect 
use introduces some shadows in the literature on this subject.  It 
is a common mistake to give the name of “sample” to each solution 
resulting from the sometimes–multiple sub–steps involved in sample 
preparation. As examples, (i) the solution that results after solid–liquid 
extraction or leaching is not the original sample, as a part remains as solid 
(therefore, it is the extract); (ii) the liquid phase resulting from elution after 
liquid–solid–phase extraction is the eluate; (iii) the fraction of the original 
sample ready for being analyzed is the analytical sample [71].

The variety of terms involved in this step and their correct use 
deserve clarification in the light of the most common errors found in 
the literature on the OSA–metabolomics binomial, which, of course, 
is applicable to other fields. In the sentence “thawed urine (1 mL) 
was mixed with 0.5 mL of 0.2 M sodium phosphate buffer to control 
pH” [71] the correct verb is to adjust as the buffer does not control. 
On the other hand, the following steps cannot be repeated by a reader 
interested in reproducing the experiment: “The mixture was placed on 
ice for 10 minutes and then centrifuged at 7000 g for 10 minutes. 500 μL 
of the supernatant was extracted and combined with …” [72]. What was 
the extraction technique and how the authors applied it? 

A common omission also found in the literature on OSA–
metabolomics, as in other fields, is about the time the different sub–
steps of sample preparation require, which hinders the readers to 
decide if either the proposed procedure is adequate for their purposes 
or it is too much time–consuming. For example, in the procedure “The 
combined extracts were evaporated to dryness under a gentle stream of 
nitrogen at 40 °C. After addition of toluene (20 μL) and N–methyl–N–
(tert–butyldimethylsilyl) trifluoroacetamide (20 μL) to the residue, the 
mixture was heated at 60 °C for 30 min, allowed to cool and analyzed by 
GC–MS.” [73], the time required for evaporation to dryness should be 
approximately established, as well as the allowed time to cool. Besides, 
addition of toluene and a reagent to a solid residue does not become a 
mixture until dissolution of the residue. 
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In dealing with blood, most of the authors never explain how they 
obtain the plasma or serum sample from the whole blood. As example 
“Blood samples were collected and the collection tubes were centrifuged 
and plasma/serum samples were aliquoted and stored at −70 °C” 
[74]. The type of collection tubes used can be a key datum for readers 
interested in reproducing the results as starting point for a subsequent 
research. Removal of proteins by precipitation is a mandatory step for 
subsequent MS or NMR analysis in working with serum; therefore, the 
conditions for centrifugation (expressed as g value) must be established 
clearly, as incomplete separation of the precipitate can be the cause of 
interferences that seriously could modify the results.

The problems involved in providing correct information to the 
readers are even more relevant when commercial kits are used for 
sample preparation. The incomplete knowledge about how the target 
kit works leads to big mistakes in the procedures. This is the case for 
quantitation of 86 metabolites in urine with no distinction between 
eluent (the liquid used to elute the analytes retained in a sorbent) and 
eluate (the eluent containing the eluted analytes). Determination of the 
analytes in the eluent is an impossible task as it does not contain them 
[75]. On the other hand, small changes the authors introduce in the 
procedure with respect to the manufacturer’s instructions should be 
always detailed.

Analysis in OSA–metabolomics
There are three general aspects that require to be taken into account 

prior to entering in the analyses involved in OSA–metabolomics: (1) 
in dealing with calibration, most authors give the name of “calibration 
curve” to the portion for which they have checked linearity within 
a given concentration range and calculate a regression coefficient 
close to 1. (2) Quality controls (QCs) are used hardly to measure the 
performance and stability of the system under study; only some authors 
use these controls at the beginning of a run and along the sequence 
of samples [76]. (3) Despite the use of stable isotopic labeled internal 
standards (SIL–ISs) is very common in metabolomics [37], this is 
not the case in OSA–metabolomics, where few studies have involved 
this tool of paramount importance to assess the correct assignation of 
signals in MS analysis. 

Clinical studies in general and those devoted to OSA–metabolomics 
in particular are dominated by the use of dedicated analyzers, and the 
information they provide is sent to the medical researchers by the 
personnel who attend this type of analytical equipment. An example of 
this situation is the study of the potential changes in branched–chain 
amino acid metabolism induced by sleep fragmentation that may 
suggest a new mechanism linking OSA and glucose homeostasis [77]. 
With the aim of elucidating if these changes exist, serum glucose was 
measured using the Architect c16000 platform (Abbott Diagnostics, 
Abbott Park, IL); serum insulin levels were measured using the Cobas 
e411 platform (Roche Diagnostics, Germany); HbA1C was quantified by 
HPLC (no detector was specified, but only the separation equipment) in 
K2EDTA–whole blood using the Adams A1C HA–8180 system (Arkray, 
Japanlucose), and insulin levels were used to estimate insulin resistance 
using the homeostasis model assessment (HOMA–IR index). Amino 
acid levels were analyzed using a Biochrom 30+ chromatographic 
analyzer (Biochrom, UK), of which the authors specify connection to a 
spectrophotometric detector. 

The use of commercial kits is a common place in clinical analysis 
that involves two main shortcomings: cross–reactions (of which clear 
examples are the kits for vitamin D metabolites [78]), and high analysis 
costs. The latter seems to be a no crucial problem as, for example, in the 

analysis of breath condensate, enzyme immunoassays are presently the 
most used [47]. When commercial kits are used for quantitation of a 
high number of metabolites, the quantitative or semiquantitative nature 
of the results is not clear, and the procedures are difficult to understand 
even for analytical chemists. Such is the case with the quantitation of 86 
metabolites in urine, for which the sample preparation step is discussed 
in the previous section [75]. 

The difficulty for reproducing the results found by the authors or 
for using something similar by other groups is sometimes an impossible 
task. Such is the case with the publication from Cho et al., [75] in which 
the results obtained using the proposed kits were validated using a 
Flow Injection (FI) system online connected to an MS spectrometer. 
The authors injected an eluent in the FI manifold and used isocratic 
elution. There is no reference to the use of any separation column that 
justifies the use of an eluent and the elution in any possible regime. A 
number of other examples found in the literature show that the high 
analytical costs of the immunoassays kits are not compensated by good 
intra–assay and inter–assay variability that is of the order of 8 and 21%, 
respectively [74]. 

Electronic noses (e–noses) are specific devices for real–time 
monitoring of volatiles in very different fields, including military, 
environmental, food industry, and, obviously, the clinical field (VOCs 
analysis). Differently from gas GC–MS, e–noses distinguish VOCs 
spectra by pattern recognition, as they consist of a pre–specified 
panel of electronic sensors (VOCs of interest, no untargeted). They 
recognize the combinations of VOCs (specific breath pattern) and thus 
theoretically a specific disease profile, but do not allow the structural 
identification of single breath compounds and thus do not provide 
novel insights into disease mechanisms [79]. The major advantage of e–
noses is their portability, and their main disadvantage their incapacity 
for metabolomics studies. Thus, while changes of the e–nose breath 
pattern after one night of CPAP therapy or those related to comorbid 
diseases have been shown [80] (and even distinction between OSA 
patients and those with overlap syndrome COPD/OSA or COPD), 
breath profiles of patients with an overlapped syndrome could not be 
clearly separated from those of COPD patients [81]. In short, despite 
e–noses allow discrimination based on pattern differences, metabolites 
and mechanisms involved in them constitute information prohibited 
for being provided by these devices. In short, an e–nose is only able 
to recognize a simplified EB pattern and cannot detect specific VOCs: 
never a given metabolite is detected.

MS and nuclear magnetic resonance (NMR) approaches–contrarily 
to e–noses–enable not only to measure concentrations, but also to 
identify exhaled compounds. In addition to the gold standard methods 
for a wide number of metabolites in general, and for those involved in 
lung diseases in particular, developed using MS detectors in its multiple 
variants, NMR has provided, and is providing, key contributions in 
the OSA–metabolomics field. Such is the case with metabolomics 
discrimination of acute respiratory failure due to COPD exacerbation 
from respiratory failure due to heart failure and pneumonia using 
urine and serum as target biofluids [72]. No unique biomarkers were 
proposed by any of the two types of samples for diagnosis of COPD. 

One of the MS approaches for real–time analysis of EB that should 
be highlighted is SESI–MS, recently applied to patients with OSA 
[82]. The components of EB are ionized using an electrospray of pure 
solvent with high ionization efficiencies that allow detection of a broad 
metabolites profile that encompasses both volatile and nonvolatile 
components with high molecular weights, which are not covered 
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by real–time or off–line breath detectors based on other analytical 
techniques [82–84]. In addition, it seems that the high resolution of 
SESI–MS allows precise discrimination of compounds with the same 
nominal mass but different elemental composition. More research is 
this field is mandatory to validate the performance of SESI–MS.

Traditional coupling of high–resolution separation equipment with 
different types of MS detectors has provided information on increased 
or decreased levels of target metabolites in OSA patients with respect to 
healthy individuals. Caution with these results must be taken as despite 
OSA patients–healthy individuals discrimination works correctly; 
discrimination fails when patients with other diseases instead of healthy 
individuals are involved in the cohort under study. Thus, studies such 
as those reporting: (i) increased levels of exhaled pentane–a marker 
for lipid peroxidation–in OSA patients after sleep, but not in healthy 
subjects, were found using GC–MS [85]; (ii) exhaled butanol was found 
to be enhanced in OSA patients compared with healthy subjects using 
thermal desorption GC–MS [86]; (iii) several VOCs (e.g., isoprene) 
were found to be increased in the EB of OSA patients using GC–MS 
[86] (some of these VOCs were shown to correlate with the severity 
of OSA). The importance of these studies is diluted after knowing that 
CPAP treatment decreased the levels of exhaled isoprene and acetone; 
butanol is involved in various biological processes including anti–
inflammatory regulation, and so on [87]. 

Comparison of OSA patients before and after CPAP therapy resulted 
in a distinct breath profile allowing differentiation between treated and 
untreated OSA with a high diagnostic accuracy in a blind prediction 
(sensitivity of 92.9% and specificity of 84.6%) based on the change in 
62 exhaled features, among which 16 metabolites were identified [88]. 
Most of the identified molecules stemmed from specific chemical 
families and they were known human metabolites (e.g., aldehydes, 
furans). Some of these molecules had previously been reported to be 
found under conditions of increased physical stress such as exercise 
or in patients with myocardial infarction. Other molecules have been 
found in association with oxidative stress and lipid–peroxidation as 
well as with cytotoxicity. Isoprene, one of the identified discriminating 
molecules, plays a role in sleep regulation (elevated during sleep, lowest 
level in the morning after wake–up). In addition to human metabolites, 
secondary metabolites from the gut microbiome were found increased 
in untreated OSA, suggesting an altered metabolic interplay with the 
gut flora in OSA patients. All these data support the association of 
known pathophysiological consequences in OSA and complicate the 
diagnostic of this disease.

Collaborations among different medical areas make possible 
the use of uncommon equipment. Such is the case with the use of a 
detector based on external cavity laser (ECL)–based off–axis cavity 
enhanced absorption spectroscopy (OA–CEAS), utilized to measure 
the concentrations of exhaled carbon dioxide in EB, whereas the levels 
of exhaled acetone and butanol were determined by thermal desorption 
GC  mass spectrometry (TD–GC–MS) [86]. The very low, ppbv range at 
which CO2 could be detected did not contribute to the results the study 
provided. The present frenetic search for diagnosis of COVIC–19 that 
has promoted the analysis of breath by GC–ion mobility spectrometry 
[89] is also an example of both the use of uncommon equipment and 
the omnipresence of breath as sample in lung–disease studies.

Data treatment and results

It is well documented that clinical researchers are, in general, 
endowed with a large experience in data treatment; nevertheless, they 
fail sometimes in application to data treatment in dealing with OSA–

metabolomics. Some examples of the lights and shadows concerning 
treatment of the data provided in this area by the given analytical 
equipment are as follows.

The first step to obtain representative data for their subsequent 
treatment is an appropriate selection and classification of the 
individuals who participate in a given study. Very restrictive criteria 
for cohort selection should be avoided; except when the interest is 
focused on a given subgroup, individuals from all the disease stages 
should be included. An example of a restrictive criterion is that used 
by Barcelo et al., [77], who studied the effect of OSA on the metabolic 
system of children aged between 3 and 14 years, particularly focused 
on branched–chain amino acids (BCAAs) in serum associated to 
insulin resistance, looking for a mechanism to link OSA and glucose 
homeostasis [77]. They analyzed continuous variables by the Student’s 
t–test, and categorical variables by the Chi–square test, while bivariate 
associations between BCAA levels polysomnographic and metabolic 
variables were analyzed by correlation Peasons’s coefficients, and 
multivariate regression analyses were used to assess the relationships 
between polysomnographic or anthropometric parameters and levels 
of BCAA. Statistical significance was considered for p values lower 
than 0.05. The information the authors achieved suggests the searched 
mechanism linking OSA and glucose homeostasis through leucine, 
isoleucine and valine [77]. Despite that metabolism, catabolism, the 
nature of the compounds (metabolites) found as link in the target 
mechanism, and the type of developed research, metabolomics as such 
does not appear in the article. Similarly happens in the article from 
Scarlata et al. [54] but justified in this case, as they support their study 
on the analytical information provided by an e–nose. 

The results provided by healthy individuals hardly can be 
extrapolated to patients. This is the case with the study looking for 
salivary biomarkers of the effect of sleep deprivation with the final aim 
of facilitating the diagnostic or treatment of sleep disorders [42]. Thirty 
young healthy adults were selected, 14 of them constitute the control 
fraction, and the other 16 were sleep deprived. In fact, the authors 
preselected two metabolites (two peptides) to study the relationship 
between changes in their ratio with mood changes as a function of sleep 
deprivation. The difficulty to relate the obtained results with chronic 
sleep deprivation is clear, to which also contribute inadequate sampling, 
scant information on the statistical analysis of the data, particularly on 
the receiver–operator characteristic (ROC) curves. 

The involvement of an OSA–patients cohort and comparison with 
healthy individuals is not a good alternative either, as was the case in 
the study by Wang et al. [90]. Better was the study by Fortis et al. [72] 
concerning discrimination of acute respiratory failure due to acute 
exacerbation of chronic obstructive pulmonary disease (AECOPD) 
from respiratory failure owing to heart failure and pneumonia as 
samples from the four types of patients were obtained. Nevertheless, 
the number of each group was small (between 8 and 15) [72]. The data 
obtained by NMR from serum and urine were compared by t–test, 
Mann–Whitney, ANOVA, or Kruskal–Wallis with post–hoc Bonferroni 
and Dunn’s test when appropriate for continuous variables and Fischer’s 
exact test for categorical variables. The differences in metabolic profiles 
were attributed to whether the patient was in respiratory failure or not, 
but further studies with larger number of samples are mandatory for 
conclusive results that lead to potential metabolic biomarkers for early 
diagnosis of AECOPD. 

A more complete study also involved NMR to provide data from 
serum, EBC and urine (85, 82 and 91 samples, respectively) taken with 
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a good criterion as over half of the individuals had been diagnosed 
with cardiovascular disease, including ischemic heart disease and/
or arterial hypertension and/or had suffered a brain stroke [91]. Data 
treatment involved PLS–DA methodology combined with VIP–scores 
and SRs for different sets of metabolites aimed at knowing if: (i) a set of 
metabolites would diagnose a patient with either COPD disease or OSA 
syndrome, and determine the probability of false positive diagnostic; 
(ii) the metabolites in a given biofluid suffice for the diagnosis; (iii) 
the necessity or not of a combination of the metabolites present in 
two or the three biofluids for correct diagnose of a patient. After AUC 
estimation of the developed models, the authors concluded that 10 
urine metabolites, among the others, presented the highest probability 
for correctly identifying patients with COPD and the lowest probability 
for an incorrect identification of the OSA syndrome as developed 
COPD. The urine metabolites selected by the SR approach provided a 
model with a specificity of 100% and a sensitivity of 86.67%, and with 
a good prediction performance (AUC test = 0.95) in comparison to 
all of the other models that were constructed. Thus, the no necessity 
for a combination of two biofluid metabolites or metabolites of all 
three types of biofluids to obtain a diagnostic model with improved 
predictive abilities was supported [91]. It must be noted that no control 
individuals were involved in the cohort. 

It should be emphasized that most of the studies on OSA–
metabolomics are pilot studies; therefore, as they lack enough number 
of samples, their results can be only promising. Assessment by a 
numerous cohort with different levels of OSA penetration, wide age 
distribution and gender parity would be of great interest. The errors in 
previous studies should be an always present aspect in new research.

As far as the authors know, there are not studies on OSAs–integrated 
omics as is the case with asthma, in which levels of metabolites 
(medium– and long–chain fatty acids) were related with the expression 
of the enzyme that catalyzes their metabolism [92] by involving a 
cohort composed by 161 individuals divided in four groups: obese 
asthma (n=40), obese non–asthma (n=40), non–obese asthma (n=41) 
and non–obese non–asthma healthy controls (n=40). An integrate 
treatment of the data from the two omics is missing.

Search for OSA biomarkers

The definition of a biomarker has gone through multiple 
evolutionary perspectives. Nowadays, a biomarker would be viewed 
as a “biological molecule found in blood, other body fluids or tissues 
that is a sign of normal or abnormal processes or of a condition or 
disease” [93]. In the context of OSA, 3 major areas of investigation 
focused on biomarkers have emerged as essential for the field (which 
will undoubtedly require substantial discovery and validation efforts), 
namely: (i) diagnostic biomarkers: a panel of biological candidates 
that reliably discriminates between individuals with and without OSA; 
(ii) morbidity biomarkers: a panel of readily measurable biological 
products that reliably discerns among patients with OSA by detecting 
those at risk for developing or already present end–organ morbidities; 
(iii) treatment adherence/outcomes: biological approaches that identify 
those patients under higher risk of residual OSA or individuals with a 
differential response to treatment that places them at risk for morbidity. 

There are 2 general approaches that have been used to investigate the 
aforementioned issues in OSA: candidate–based approaches (biased) 
and “omics” screens (unbiased). Candidate–based genetic studies, for 
example, compare the frequency of gene variants thought to relate 
disease susceptibility in groups with and without OSA. On the other 
hand, high–throughput platforms enabling the investigation of specific 

domains of the cell/tissue machinery,–+ such as MS, microarrays, 
and next generation sequencing, are aimed at the universal detection 
of genes (genomics), messenger RNA (mRNA) (transcriptomics), 
proteins (proteomics), metabolites (metabolomics), and epigenetic 
modifications in a specific biological sample.

The gold standard tool to diagnose OSA–overnight 
polysomnography (PSG) [94] can lead to sleep, it is expensive and 
uncomfortable for patients with suspected OSA, and labor intensive 
for the polysomnographic technologist. Thus, development of more 
comfortable and easier tools as surrogates for PSG monitoring, or 
alternative tests is an urgent task, as the research developed so far has 
not led to the desirable results [31]. Metabolomics could be the key 
discipline for providing the suitable biomarker(s) for early detection of 
OSA, but scant research in this field has been developed so far. The study 
of both the most suitable sample and analytical technique should be the 
starting point in this search. The proposal of some authors about the 
analytical technique to be used shows the lack of analytical knowledge: 
MS or chromatography alone [31], as if they are alternatives (the former 
is a detection technique, and the latter a separation technique). 

The early authors working in OSA–metabolomics were reluctant to 
use the name of the last of the great omics; therefore, they discussed 
the role of VOCs–most of them metabolites–but did not use the word 
metabolomics or metabonomics [95], despite the first definition 
of metabolomics dates from 2002 [96] and metabolites as such are 
discussed in some of the early articles; nevertheless, the name used in 
these studies was metabolic profiling. 

Example of a search for metabolomics biomarkers of OSA is 
the pilot study developed by Ferrarini et al., who used plasma from 
patients with no severe and severe OSA, looked for characteristics 
metabolic profiles using LC–QTOF/MS, and found 14 statistically 
significant features belonging to a variety of categories such as lipids, 
amino acids, and peptides, among others [76]. A study was aimed at 
analyzing the correlation between sleepiness and urine metabolites 
of neurotransmitters involved in the arousal system. Six metabolites 
of dopamine, norepinephrine and serotonin were analyzed, with 
the conclusion that the first could identify sleepy patients with 
OSA. In particular, the overnight change of urine DOPAC (3,4–
dihydroxyphenylacetic acid) could indicate OSA patients with 
excessive daytime sleepiness [73]. The main limitation of this study 
was the absence of a normal control group, necessary to exclude 
possible confounding effects. A conclusion from the authors that is not 
understandable for analytical chemists is the concept of “technique”: 
“the metabolomics used in the present study may be a technique 
that holds promise for future investigation of biomarkers of daytime 
sleepiness” [73]. The assumption of metabolomics as a technique has 
been widely and erroneously used by a number of authors.

Based on metabolomics, a number of studies has been devoted to 
search for and compare biomarkers in a variety of biological samples 
to differentiate patients with COPD syndrome from those with OSA 
syndrome (taking into account that the latter occurs together with the 
former in 10–20% of the patients) [54,97,98].

A study, developed in 2015 and discussed in the previous section, 
investigated the possibility of diagnosing a patient with either COPD or 
the OSA syndrome using a set of selected metabolites and to determine 
whether the metabolites that are present in one type of biofluid (serum, 
EBC or urine) or whether a combination of metabolites that are present 
in two biofluids or whether a set of metabolites that are present in all 
three biofluids are necessary to correctly diagnose a patient [91]. 
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Concerning specific metabolic pathways, tryptophan (TRP) 
metabolism has been studied as it results in nicotinamid and serotonin 
production, but also in the production of numerous intermediates such 
as kynurenine, anthranilic and kynurenic acids, 3–hydroxykynurenine, 
3–hydroxyanthranilic and quinolinic acids, potentially linked to 
cardiovascular disease and cancer. Alterations of TRP are presumable 
related to OSA–related cardiovascular co–morbidities and might be 
one of the players in the relationship between cancer and intermittent 
hypoxia/OSA. More research in this direction is required to either 
confirm or reject change of TRP metabolites levels as potential 
biomarkers in OSA–related diseases [99]. General is the need to go 
ahead with the investigation on biologically meaningful biomarkers that 
are cost–effective, valid, and precise to accurately predict cardiovascular 
risk in OSA to inform personalized medicine strategies and potentially 
identify those most likely to benefit from therapy, thereby informing 
future clinical trials [100].

Recent studies involved serum samples on the co–existence of OSA 
and enhanced vascular inflammation in patients with coronary artery 
disease also lack of the presence of a control group, mandatory to ensure 
that whether or not a decrease in inflammatory markers occurs in all 
patients after a cardiovascular event, irrespective of CPAP treatment 
[74].

On the other hand, a large number of the research works devoted 
to comparison of the metabolites in the EBC of individuals with COPD 
involved healthy controls [101–104]. The research developed so far 
on breath samples (both EB and EBC) looking for biomarkers of lung 
cancer [44–46] have provided metabolomics profiles that can be the 
basis for OSA studies with the same aim. Also of interest is the research 
in this direction based on sweat samples, and the comparison of the 
results obtained with those from EBC [105]. The no–invasiveness of the 
sampling, the proved presence of key differently expressed metabolites, 
and each time more accepted role of metabolomics in the search for 
biomarkers paved the way for the present growing development of 
breath– and sweat–based investigation. 

Required improvements and guidelines for OSA care

Specialists and researchers on OSA coincide with the necessity for 
development of investigations addressed to a better knowledge of the 
disease, the ways for an early diagnosis, the genetic predisposition to 
suffer OSA, and so on. Lim and Pack proposed in 2016 [2] up to 8 issues 
to be dealt with in the future, namely:  
1. Develop a personalized approach to the diagnosis and management 

of obstructive sleep apnea (OSA).
2. Establish biomarkers to assess efficacy of therapy for OSA.
3. Elucidate gene variants that determine risk for OSA.
4. Determine if identified clinical subtypes of OSA are generalizable 

and alter outcomes of care.
5. Broaden the application of telemedicine for patient assessment and 

follow–up.
6. Implement care management that includes participation of patients 

to improve outcomes of therapy.
7. Determine whether identification and treatment of OSA affect the 

rate of progression of neurodegeneration.
8. Evaluate whether identification and treatment of OSA alter 

outcomes of cancer.

Despite the desirability of achievement of these issues, it is clear 
that they are far from being attainable in an immediate future owing to,

 - Personalized approaches to the diagnosis and management of 
diseases are at present more a dream than an achievable reality.

 - The existence of biomarkers to assess the efficacy of therapy for 
OSA requires the previous existence of unequivocal biomarkers 
for OSA detection (desirably preventive biomarkers or those at 
the early OSA development). Unequivocal OSA biomarkers make 
mandatory to know the influence on them of other diseases in close 
relationship with OSA that promote similar/opposite alterations of 
the biomarkers.

 - Elucidation of gene variants involved in risk for OSA requires in 
depth epigenetics studies, and even metabolomics studies that 
provide valuable up–stream information [37].

 - Identification of clinical subtypes of OSA would be closely related 
to the previous issue; thus involving epigenetics studies prior to 
determining whether or not the identified subtypes are generalizable. 

 - Broadening telemedicine is only applicable to very developed 
countries and, within them, to people with a given formation level. 
Alternatives for less fortunate countries should be designed.  

 - Patients participation in care management is always dependent on 
the formation level of them; therefore, only a fraction of the patients 
could be included in this issue. 

 - The effect of identification and/or treatment of OSA on progression 
of neurodegeneration should be addressed by integrative omics, as 
the metabolic evolution and kinetics of the drugs involved in the 
treatment could provide key information on their up–stream action.

 - Evaluation of the alterations of other diseases by the actions for OSA 
identification and/or treatment is a matter that clearly should be 
addressed by metabolomics with assistance from other omics, if required.

In the authors’ opinion, the excellent issues proposed by Lim and 
Pack should be preceded by the following others:

 - The in depth knowledge of OSA biomarkers and the influence of 
other diseases on their values [106]. 

 - The effect of treatment alternatives to CPAP in OSA and the effects 
of interventions on the cardiovascular and metabolic consequences 
of OSA should also be a matter of research.

 - The validation of the biomarkers, which is of paramount importance 
as solid support for the future of OSA management. 

 - The design of dedicate portable equipment for OSA diagnostic and 
adherence to treatment should follow validation. 

 - The best characterization of the influence of sex (biological 
differences) and gender (social and cultural differences) on OSA 
development [107]. Despite these differences have been recognized 
in terms of disease susceptibility, severity, or response to treatment, 
their association with differences in gene expression, transduction 
pathways, body habitus, behavior, and pharmacological responses 
is a pending goal to be addressed by integrative omics on which 
biomedical researchers, social scientists and analytical chemists 
should collaborate.

 - The more abundant research on EB and EBC as key samples in OSA 
and related diseases. Sweat can be a complementary sample in this 
field [65].

 - The sampling standardization in dealing with these scantly used 
biofluids is also a pending issue.
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 - The binomial provided information–costs of the research based 
on metabolomics and that based on up–stream omics should be 
revisited [92]. 

 - The incipient studies on the role of gut microbiota in OSA and its 
treatment should be the matter of in–depth research [29]. 

 - The role of metabolomics in P4 should also be established.

Conclusion
Many other investigations will result foreseeably from those here 

proposed and from those proposed by clinicians and researchers, who 
should be supported on methods designed by analytical chemists in the 
light of: (i) the sample (matrix–analyte interaction); (ii) the changes in 
the target analytes (particularly decreased in concentration that can 
difficult or hinder their detection and make mandatory preconcentration 
steps); (iii) the appropriate high–resolution equipment for analytes 
separation; (iv) the technique selected for detection and the concrete 
instrument based on it, which on–line connected with the separation 
unit should constitute the best analytical platform; (v) the most suitable 
treatment of the obtained data to provide the clinicians with the results 
in the proper form for clinical interpretation. 
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