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Abstract
Non-invasive sampling approaches are desirable in healthcare settings due to the lower burden on
patients and clinical staff. In the �eld of metabolomics, however, most studies have utilised blood serum
or plasma. In this work 83 COVID-19 positive and negative hospitalised participants provided serum,
saliva and sebum samples for analysis by mass spectrometry. Here we present the �rst comprehensive
analysis of correlations between serum metabolites, salivary metabolites and sebum lipids, and consider
their relative accuracy in differentiating COVID-19 positive participants from controls. Sebum lipids
showed clear correlations to serum metabolites, with widespread changes to the serum-sebum lipid axis
in COVID-19 positive participants, evidence of multi-organ dyslipidemia. In the COVID-19 positive cohort,
correlations were notably marked between sebum lipids and the immunostimulatory hormone
dehydroepiandrosterone sulphate. In terms of diagnostic accuracy, serum performed best by multivariate
analysis (sensitivity and speci�city of 0.97), with the dominant changes in triglyceride and bile acid
levels, concordant with other studies identifying dyslipidemia as a hallmark of COVID-19 infection.
Sebum diagnostic accuracy performed well (sensitivity 0.92; speci�city 0.84), with saliva offering weaker
diagnostic accuracy (sensitivity 0.78; speci�city 0.83). These �ndings highlight the potential for
integrated bio�uid analyses to provide insight into the whole-body atlas of pathophysiological conditions.

1. Introduction
Since 2020, the COVID-19 pandemic has been at the forefront of global health. Whilst great strides have
been made in �elds as diverse as diagnosis, drug therapy and vaccination1,2, SARS-CoV-2 still poses a
major health risk to the world. This re�ects both the di�culty of eradicating all disease reservoirs, and
also the potential for the virus to evolve new variants of concern3, potentially leading to endemic waves
of infection or vaccine escape4. Whilst the symptoms of COVID-19 are now well-described, the metabolic
processes underlying these changes are incompletely understood. Additionally, as supply chains for
testing and related consumables have collapsed at the height of recent waves, alternative approaches to
diagnostics, and indeed prognostics, will be critical for future epidemics. Metabolomics offers one such
alternative, but re�ecting the urgency of conducting research in a pandemic, most metabolomics research
to date has focused on biomarker discovery rather than on validation5. The vast majority of biomarker
discovery research for COVID-19 and other diseases has been carried out using blood as a sampling
matrix. As a bio�uid rich in metabolites not prone to external contamination, blood sampling offers
considerable advantages in terms of biological interpretation, offering diagnostic power via clinical
indicators such as lymphocytes as well as metabolites6,7. However, collection of blood is onerous and
invasive, both for clinics and patients. In contrast, saliva and sebum (a swab from the back of the neck)
can be collected quickly and painlessly. This puts a lower burden on both clinicians and patients,
especially for young children and older people.

Metabolomic biomarkers identi�ed in different COVID-19 studies have naturally varied according to
extraction and analytical techniques. 8 Several blood metabolomics studies have identi�ed dysregulation
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of amino acid levels or ratios thereof, for example the kynurenine / arginine ratio has been suggested as
a biomarker of COVID-199,10, as has the kynurenine / tryptophan ratio11 12. Glutamine has also been
proposed as a biomarker, both in its own right13,14, and as a ratio with glutamate11. Dyslipidemia has
been identi�ed as a hallmark of COVID-19 infection, with increased triglyceride levels a common
observation15,16,11; phosphatidylcholines have also been identi�ed as potential biomarkers12,17. In
contrast to analyses of blood, however, investigation of COVID-19 induced changes in the skin lipidome
and the salivary metabolome have to date been few in number and restricted to untargeted mass
spectrometry methods or infra-red spectroscopy studies that do not provide full identi�cation of
biomarkers18,19,20.

In this study, correlation analysis was performed between serum, sebum and saliva features to provide a
more holistic view of COVID-19 related dysregulation. Integrated analyses incorporating different ‘omics
work�ows have greater ability to capture biological complexity and have helped the understanding of
COVID and other illnesses21,22. In addition, dermatological symptoms of COVID-19 have been reported23,
including vesicular, urticarial and vascular rashes24. To our knowledge, no integrated analysis of sebum,
saliva and serum for COVID-19 or other illnesses has yet been performed, and this study aims to �ll this
gap.

For metabolomic diagnosis of COVID-19, blood-based analyses have outperformed less-invasive analysis
such as breath, sebum or saliva, with one meta-analysis �nding that blood-based analyses delivered
average sensitivity of 0.89 and speci�city of 0.96, compared with 0.76 and 0.81 across the less invasive
bio�uids5. Meta-analysis of independent studies does not, however, take account of between-study
confounders. In addition to analyses of bio�uid feature correlations, therefore, diagnostic accuracy was
measured for serum, sebum and saliva, allowing for direct comparisons of diagnostic power.

2. Materials And Methods

2.1 Participant recruitment and ethics
Ethical approval

for this project (IRAS project ID 155921) was obtained via the NHS Health Research Authority (REC
reference: 14/LO/1221). The participants included in this study were recruited consecutively (i.e. without
selective sampling criteria other than suspicion of COVID-19 infection) at Frimley Park NHS Trust,
totalling 83 participants, between May 2020 and July 2020. Participants were identi�ed by clinical staff
to ensure that they had the capacity to consent to the study and were asked to sign an Informed Consent
Form; those that did not have this capacity were not sampled. At the time of recruitment, participants
were categorised by the hospital as either “query COVID” (meaning there was clinical suspicion of COVID-
19 infection, but a negative positive RT-PCR SARS-CoV-2 test result had been recorded during their
admission) or “COVID positive” (meaning that a positive test result had been recorded). All participants
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were provided with a Patient Information Sheet explaining the goals of the study. All methods performed
as part of this study were performed in accordance with the relevant guidelines and regulations.

2.2 Sample collection, extraction and processing
Collection of the samples was performed by researchers from the University of Surrey at Frimley Park
NHS Foundation Trust hospitals; participants were requested to provide all three bio�uids, but due to
declined consent for blood sampling, or inability to express saliva or easily provide blood, not all
participants provided all three samples (Table S1). Serum collection and extraction followed the protocols
set out by the COVID-19 Coalition. 36 In brief, venous blood was collected in 3 mL serum tubes,
transported to University of Surrey by courier whilst stored on ice, and centrifuged on arrival at 1,600 g for
10 mins at 4°C. All samples with a sampling time interval greater than four hours were rejected. Serum
was then decanted into 100 µl aliquots and stored at -80°C until processing. Prior to analysis, the serum
was sterilised using 200 ul of ethanol into 100 µl of serum (2:1 v/v solvent/sample ratio). Saliva
extraction was performed as described in Frampas et al, 18 again following the protocols established by
the COVID-19 MS Coalition. 36 All samples (sebum, saliva and serum) were taken from each patient
within 20 minutes of one another.

Sebum collection, extraction and processing was performed as described in Spick et al, 19 using an
untargeted liquid-chromatography mass spectrometry (LC-MS) methodology. Features with a coe�cient
of variation (CV%) across all pooled QCs above 20% were removed, as were those that were not present in
at least 90% of pooled QC injections. These features were then �eld blank adjusted: all features with a
signal to noise ratio below 3x were also rejected. The remaining set of 998 features were deemed to be
robust and reproducible.

Serum samples were analysed using the Biocrates MxP Quant 500 system using a Xevo TQ-S Triple
Quadrupole Mass Spectrometer coupled to an Acquity UPLC system (Waters Corporation, Milford, MA,
USA). The MxP Quant 500 system provides targeted quanti�cation of metabolites including amino acids
and derivatives, bile acids, biogenic amines, acylcarnitines, carbohydrates and other small molecule
metabolites, plus a wide array of lipids. Analysis takes place via a single assay, and two analytical
procedures. The �rst of these procedures operates by liquid chromatography (operated in both positive
and negative ion mode) and the second by �ow injection analysis (positive ion mode), both coupled to
tandem mass spectrometry with isotopically labelled internal standards for quanti�cation. Sample order
was randomised across 96-well plates, and 3 levels of quality controls (QC) were run on each plate. Blank
PBS (phosphate-buffered saline) samples (three technical replicates) were used for the calculation of the
limits of detection (LOD). Biogenic amines and amino acids were quanti�ed for each plate using a seven-
point calibration curve, with other analytes semi-quantitated with a single point standard (i.e. assuming
concentration linearity in the range measured). The levels of metabolites present in each QC were
compared to the expected values and the CV% calculated. Data were normalised between the three
batches using the results of quality control level 2 (QC2) repeats across the plate (n = 5) and between
plates (n = 3) using Biocrates METIDQ software (QC2 correction). Metabolites where > 25%
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concentrations were at or below the limit of detection (≪LOD), above the limit of quanti�cation (> LOQ),
or where the blank was out of range were excluded (total n excluded in serum = 150). The remaining 474
quanti�ed metabolites comprised of 8 acylcarnitines, 20 amino acids, 26 biogenic amines, 11 bile acids,
53 ceramides, 15 cholesteryl esters, 1 cresol, 9 diglycerides, 4 carboxylic and fatty acids, 85 phosphatidyl
cholines, 14 sphingolipids, 222 triglycerides, 2 hormones, 2 indoles, 1 nucleobase and 1 vitamin.

Saliva samples were quanti�ed in a similar way to the serum samples but employing the Biocrates
AbsoluteIDQ p180 system, which can detect up to 188 metabolites, fewer than the MxP Quant 500. The
method used was as described for the MxP Quant 500 system, i.e. the sample order was randomised, the
same 3 levels of QCs were run on each 96-well plate, and the same protocols were followed to establish
CVs, LODs and LOQs. As for serum, metabolites where > 25% concentrations were at or below LLOQ,
where measurements were above LOQ, or where the blank was out of range were excluded (total n
excluded in saliva = 103). The remaining 83 quanti�ed metabolites comprised 7 acylcarnitines, 18 amino
acids, 5 biogenic amines, 42 glycerophospholipids and 11 sphingolipids.

In this study identi�cations were made in accordance with the Metabolomics Standards Initiative for
metabolite identi�cation37. Serum and saliva metabolites were identi�ed and quanti�ed using
isotopically labelled internal standards, retention times and multiple reaction monitoring using optimised
mass spectrometry conditions as provided by Biocrates. Sebum features in this work were either
identi�ed as putatively annotated compounds based on accurate m/z matching, or were unknown
compounds with differentiable and quanti�able MS signals but no library identi�cation.

For all three bio�uids, the output was a data block in the form of a peak:area matrix of n participants by p
features.

2.3 Statistical analysis
Initial pre-processing of the three data blocks was conducted in Progenesis QI (for sebum samples) and
using manufacturer software (for the Biocrates kits) as described in the preceding section. Following this,
missing value replacement was carried out using K-nearest neighbours; all data were then log
transformed, mean centred and pareto scaled using the web-based platform MetaboAnalyst38. Analysis
of the processed peak:area matrices was then conducted in MetaboAnalyst together with user-written
scripts in the programming language Python and the package scikit-learn39,40. Participant characteristics
(positive and negative cohorts) were assessed by two-tailed t-tests, or by two-tailed Mann Whitney U tests
where parameters were not normally distributed.

To explore relationships between the different sampling matrices, correlation analysis by Pearson
correlation coe�cient was conducted across the data blocks, for matched metabolites between saliva
and serum, and for the overall matrices for sebum and serum / sebum and saliva (as matched analysis
was not possible due to no overlap between these bio�uids).
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To compare the ability of the different sampling matrices to differentiate between positive and negative
COVID-19 participants, logistic regression using recursive feature elimination with cross validation was
performed in Python using the scikit-learn package for each block, inclusive of metabolic ratios
previously identi�ed as diagnostic (serum and saliva ratios of kynurenine / arginine, kynurenine /
tryptophan and glutamine / glutamate). Recursive feature elimination was performed to limit the feature
set employed and reduce over�tting41, leading to a set of smaller data blocks to be analysed. Partial least
squares-discriminant analysis (PLS-DA) was then conducted for each of the three data blocks (serum,
sebum and saliva) using the reduced feature set.

Leave-one-out cross-validation (LOOCV) was used for model validation to test accuracy, sensitivity and
speci�city using COVID-19 RT-PCR results as the ground truth. Sensitivity was de�ned as the true positive
rate, i.e. the probability that a positive test result will be obtained when the disease is present, and
calculated from a confusion matrix as true positives / (true positives plus false negatives). Speci�city
was de�ned as the true negative rate, i.e. the probability that a negative test result will be obtained when
the disease is not present, and calculated as true negatives / (true negatives plus false positives).
Variable importance in projection (VIP) scores were used to assess feature / metabolite signi�cance.

3. Results

3.1 Population metadata overview
The study population analysed in this work included 83 participants, comprising 40 participants
presenting with a positive COVID-19 RT-PCR test and 43 participants with a negative RT-PCR test but
presenting with similar clinical symptoms to COVID-19. A summary of the metadata is shown in Table 1.
The populations providing sebum, saliva and serum samples each represented a subset of this group, as
not all participants consented to provide all bio�uids. Complete data by subgroup is shown in
Supplementary Material, Table S1. The variation in bio�uids sampled was mainly due to either
participants not consenting to give blood on the grounds of invasiveness of the sampling, or participants
being unable to generate su�cient saliva or blood.
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Table 1
Characteristics of study population

Parameters Negative for
COVID-19

Positive for
COVID-19

p-
value

N 43 40  

Age (mean, standard deviation; years) 62.9 ± 19.2 61.4 ± 19.8 0.74

Male / Female (n) 20 / 23 20 / 20 0.54

Treated for Hypertension (n) 18 13 0.39

Treated for High Cholesterol (n) 10 6 0.36

Treated for Type 2 Diabetes Mellitus (n) 12 11 0.97

Treated for Ischaemic Heart Disease (n) 7 5 0.64

Current Smoker (n) 2 2 0.94

Ex-Smoker (n) 13 6 0.11

Medical Acute Dependency admission (n) 7 13 0.09

Intensive Care Unit admission (n) 1 5 0.10

Survived Admission (n) 41 37 0.62

Duration of pre-admission symptoms (mean, standard
deviation; days)

11.9 ± 20.2 6.7 ± 6.8 0.12

Time between positive RT-PCR test and sampling (mean,
standard deviation; days)

NA 5 ± 7  

Lymphocytes (mean, standard deviation; cells / µL) 1.0 ± 0.5 0.7 ± 0.3 0.002

C-Reactive Protein (mean, standard deviation; mg / L) 138.4 ± 96.4 170.8 ± 121.2 0.20

Eosinophils (mean, standard deviation; 100 / µL) 0.3 ± 0.4 0.2 ± 0.3 0.007

Bilateral Chest X-Ray changes (n) 6 22 0.001

Continuous Positive Airway Pressure (n) 4 10 0.07

O2 required (n) 14 21 0.07

Age and sex distributions for COVID-19 positive and negative cohorts were similar (mean age of 61.4
years and 62.9 years, and M:F ratios of 1.00x and 0.87x respectively). On average, participants had seen
8 days of pre-admission symptoms. Comorbidities are associated with both hospitalisation and more
severe outcomes for COVID-19 infection, but will also alter the metabolome of participants, representing
both a causative and confounding factor. Due to hospital recruitment, however, comorbidities including
T2DM, hypertension, high cholesterol and ischaemic heart disease were represented in both the positive
and negative groups. Ex-smokers and current smokers were more highly represented in the COVID-19
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negative group (35% of the negative participants, versus 20% of the positive participants). All participants
had at least a clinical suspicion of COVID-19 infection, thus respiratory distress due to past or present
smoking may have caused ‘over-recruitment’ of smokers in the cohort that subsequently tested negative.

Levels of C-Reactive Protein (CRP) were higher for COVID-19 positive participants, whilst lymphocyte and
eosinophils levels were lower. A two-tailed Mann Whitney U test on CRP levels, lymphocytes and
eosinophils provided p-values of 0.20, 0.002 and 0.007, respectively. Effect sizes (calculated by Cohen’s
D) were 0.28, 0.39 and 0.34, respectively. COVID19 positive participants were also more likely to present
with bilateral chest X-ray changes, more likely to require oxygen / CPAP, and were also escalated to ICU
and MADU more frequently. These observations were in agreement with literature descriptions of COVID-
19 symptoms, clinical indicators and progression25.

3.2 Feature identi�cation
For serum and saliva, metabolite identi�cation was performed under manufacturer protocol using internal
standards together with accurate mass matching, also allowing for quanti�cation of concentrations. For
saliva the AbsoluteIDQ p180 system generated 83 identi�ed metabolites that were reliably quanti�ed (out
of a theoretical maximum of 188). For serum the MxP Quant 500 system generated 472 identi�ed
metabolites that were reliably quanti�ed in samples (out of a theoretical maximum of 630). For sebum,
an untargeted lipidomics approach was used, with accurate mass matching using the Progenesis QI
software, with tandem MS where possible. A total of 998 sebum features (both putatively identi�ed lipids
and unidenti�ed compounds) were considered to be reliable and robust, as set out in Spick et al. 19 A
limited metabolite set was also investigated for serum to provide an equivalent comparison of diagnostic
accuracy for serum versus saliva (i.e. to remove the advantage of the serum peak:area matrix being more
feature-rich than saliva).

3.3 Correlation analysis: serum and sebum lipids
Whilst sebum was analysed via an untargeted LC/MS method, and so the putative features identi�ed
cannot be matched against direct serum metabolites, correlations between the sebum and serum
peak:area matrices were investigated. Figure 1 shows a heatmap of Pearson correlation coe�cients for a
subset of metabolites and lipids showing the strongest relationships between the sebum and serum data
blocks, separated between COVID-19 negative (Fig. 1A) and positive (Fig. 1B) participants.

Correlation coe�cients in Fig. 1 show clustering and some of the observed correlations are relatively high,
reaching 0.6. As can be seen in the lower part of Fig. 1A for COVID-19 negative participants, several
serum carnitines (especially hexadecenoylcarnitine) and L-Proline Betaine correlate negatively with
sebum lipids. There is also a set of general and relatively strong positive correlation coe�cients (0.5 to
0.6) between serum triglycerides and several sebum glycerides, visible on the left side of Fig. 1A. In the
cohort of COVID-19 positive participants, however, this general pattern breaks down (Fig. 1B), and
different serum metabolites show increased / decreased correlation with sebum glycerides. Figure 2
illustrates the positive correlation between serum DHEAS (dehydroepiandrosterone sulphate) and three
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speci�c diglycerides in sebum for COVID-19 positive participants; these correlations were markedly
weaker in COVID-19 negative participants.

3.4 Correlation analysis: serum and saliva
Both serum and saliva samples were processed using a standardised Biocrates platform employing
internal standards for accurate quanti�cation of concentrations. This allowed investigation of the extent
of correlation of salivary and serum concentrations for 79 identi�ed metabolites for the same patients,
both directly (correlation of speci�c metabolites in serum versus saliva) and generally (overall correlation
between the two data blocks). Figure 3 illustrates the correlations across all 79 metabolites. The average
Pearson correlation coe�cient for paired metabolites (e.g. taurine in serum versus taurine in saliva) was
negligible for both COVID-19 positive and negative participants; only one paired correlation coe�cient
was outside the range of 0.2 to -0.2, this exception being trans-4-hydroxyproline (t4-OH-Pro). Some serum
metabolites showed a general pattern of positive correlation in the COVID-19 controls such as serum
leucine and isoleucine being generally associated with higher concentrations of salivary metabolites
(Fig. 3A). These positive correlations were reduced in COVID-19 positive participants (Fig. 3B).

3.5 Correlation analysis: serum and sebum
Finally, for completeness, correlations between salivary metabolites and sebum lipids were also
investigated. Similar results are observed for correlations between sebum and saliva, as was the case for
serum and saliva. In the controls (COVID-19 negative participants) correlations are relatively low between
salivary metabolites and serum lipids, with some positive relationships between salivary amino acids and
some glycerides (Fig. 4A). In COVID-19 positive participants, a series of negative correlations become
evident between salivary phosphatidylcholines and a series of sebum lipids (Fig. 4B).

3.6 Diagnostic performance
To further investigate dysregulation due to COVID-19 between bio�uids, the ability of each of the bio�uids
to differentiate between positive and negative cases was analysed by PLS-DA analysis of their respective
reduced feature data blocks, and sensitivity / speci�city / accuracy for each data set was calculated
together with con�dence intervals. Two models were constructed for serum – one with the full Biocrates
MxP Quant 500 metabolite set, and one using a metabolite set equivalent to the p180 Biocrates system to
allow for a more comparable assessment versus the saliva PLS-DA model.



Page 11/23

Table 2
Comparison of PLS-DA model performance using LOOCV

Bio�uid n
patients

(pos /
neg)

p features / after
RFECVb

Sensitivity Speci�city Accuracy
a

R2Y Q2Y

Saliva 47 (23 /
24)

83 / 5 0.78 0.83 0.80 0.42 0.26

Sebum 80 (37 /
43)

998 / 26 0.92 0.84 0.88 0.63 0.51

Serum 63 (30 /
33)

472 / 41 0.97 0.97 0.97 0.90 0.72

Serum
(p180 only)

63 (30 /
33)

86 / 23 0.83 0.94 0.89 0.78 0.47

a All PLS-DA models used 5 components except saliva which found maximum accuracy with 3
components

b Number of features in model is the smaller number after Recursive Feature Elimination with Cross-
Validation

 As can be seen from Table 2, the best diagnostic performance was delivered by serum using a reduced
panel of 41 metabolites, with sensitivity of 0.97 (95% con�dence interval of 0.83–1.00) and speci�city of
0.97 (0.84–1.00). Restricting the serum feature set to metabolites detected by the p180 Biocrates kit
lowered sensitivity to 0.83 (0.65–0.94) and speci�city to 0.94 (0.80–0.99). Sebum saw a major reduction
in features using RFECV, from 998 to 26, and the resulting PLS-DA model achieved sensitivity of 0.92
(95% con�dence interval of 0.78–0.98) and speci�city of 0.84 (0.69–0.93). Saliva delivered a PLS-DA
model with sensitivity of 0.78 (95% con�dence interval of 0.56–0.93) and speci�city of 0.83 (0.63–0.95),
performing less well than the other bio�uids. The reduced data sets were also investigated for
confounders by principal component analyses; neither age nor sex showed clustering for serum, saliva or
sebum (Figures S2 to S4, Supplementary Material).

The datasets were additionally processed by support vector machine (SVM), logistic regression and
random forest models, and in all cases, comparable sensitivity and speci�city was achieved (Table S2,
Supplementary Material), con�rming that separation is not sensitive to the model used. Figure 5 shows
separation of COVID-19 positive and negatives for serum by PLS-DA as well as the highest VIP score
metabolites.

Separation for serum can be seen visually in Fig. 5A with two components, rising to 0.97 accuracy with 5
components. The high VIP score metabolites are dominated by lipids, especially triglycerides, but the
highest VIP metabolite was glycolithocholic acid 3-sulfate (GLCAS), a conjugated bile acid. Of the amino
acids, L-proline betaine had the highest VIP score. Separation by PLS-DA is also shown below for both
sebum (Fig. 6) and saliva (Fig. 7). Separation becomes visually worse in the order serum / sebum /
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saliva, with saliva also featuring a notably small number of high VIP metabolites, re�ecting the di�culty
of RFECV �nding a local maximum for accuracy with a noisy dataset.

Finally, whilst for correlation analysis and for assessing important metabolites / classi�cation, the largest
possible populations have been used, it is also important to compare diagnostic accuracy for the exactly
matched 37 participants for which all three samples were taken (Figure S1, Supplementary Material). For
this subset of 37 participants, diagnostic accuracy for serum, sebum and saliva (measured by LOOCV)
was 0.95, 0.87 and 0.70, the same ranking as shown in Table 2 and almost identical classi�cation
accuracy.

4. Discussion
In this study sebum showed strong correlation with serum metabolites, revealing dysregulation across
bio�uids. Notably, in the control group of COVID-19 negative participants, a set of positive correlations
between serum triglycerides and ceramides and skin lipids was visible. This positive correlation in the
controls was dysregulated in the cohort of COVID-19 positive participants, evidence of multi-organ
dyslipidemia due to COVID-19. The integrated analysis presented here also showed correlation between
sebum lipids and DHEAS in the cohort of COVID-19 positive participants. DHEAS is an immune-system
positive adrenal hormone and also an antiglucocorticoid, and so alterations in any DHEAS / sebum axis
could be indicative of immune response, and may underpin diagnostic differences seen in the sebum of
COVID-19 positive and negative participants26,27. Sebum lipids have been identi�ed as biomarkers in
other pathologies, such as Parkinson’s Disease where sebum dysregulation has been linked to carnitines,
a relationship that is also visible in this pathology28,29. Although as yet not as well investigated as blood-
based metabolomics, we believe that sebomics holds promise for investigating other conditions.

Saliva showed weaker correlation to serum, especially in the case of directly matched metabolites.
COVID-19 positivity did change the correlation maps between the two bio�uids, but from a less correlated
starting point than sebum / serum, and resulting in weaker diagnostic power overall. As a �ltrate, saliva
should be in�uenced by serum levels, but concentrations are lower than in blood30. Furthermore, the
salivary biome is independent and has its own discrete functions and is markedly more subject to direct
contamination from food or medication. Indeed, the correlation of metabolites between saliva and blood
has previously been found to be weak or in some cases non-existent31,32, and the results of this work are
concordant with previous studies that show that the most accurate metabolomic analyses are those that
target blood metabolites5. This is unsurprising, given that blood is homeostatically controlled in a way
that saliva and sebum are not. Saliva and sebum showed weak correlation in the control (COVID-19
negative) group, but perhaps surprisingly, in the COVID-19 positive group a series of negative correlations
between phosphatidylcholines and sebum lipids were visible. A direct causal relationship is challenging
to identify given that saliva is a �ltrate, but an indirect relationship is possible. One study found a
relationship between reduced levels of phosphatidylcholines and Alzheimer’s disease33, but in general
research on the metabolomics of saliva in areas other than oral health has been limited.
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The analysis of diagnostic capability of a reduced feature set for each bio�uid showed declining
accuracy for the bio�uids in the order serum (diagnostic accuracy 0.97), sebum (0.88), and saliva (0.80).
Serum therefore performed best in this comparison of matched bio�uids, but sebum also performed
relatively well, and in this reanalysis better than previously reported19. This was in large part due to the
use of feature reduction: the original sebum dataset’s 998 features are likely to have led to over�tting
(exceeding the number of samples by a multiple of 15), worse generalisation and worse performance on
cross-validation. It should be stressed, however, that n for all three bio�uids in this work was small, and
so these results are indicative of relative performance only. Without a validation cohort the accuracies
presented here should not be taken as indicative of absolute performance.

Diagnostic accuracy was also investigated for serum using a more limited set of metabolites, equivalent
to that provided by the p180 Biocrates kit, leading to reduced accuracy but still relatively better than the
other bio�uids. This �nding illustrates the trade-off between narrowly targeted analyses and widely
targeted (or untargeted) analyses – whilst it is easier to validate a more tightly controlled panel of
metabolites, a wider range can reveal additional biomarkers, especially during the initial discovery phase
of biomarker identi�cation. The biomarkers responsible for separation between positive and negative
measured by VIP score were: glycolithocholic acid 3-sulfate (GLCAS), a bile acid, two triglycerides
(TG(22:4_32:2) and TG(18:3_33:2)), as well as the amino acid L-proline betaine. This is consistent with
other studies �nding evidence of dyslipidemia, particularly increased triglyceride levels15,16,11. The
dysregulation of GLCAS is also concordant with liver damage caused by COVID-1934, and dysregulation
of bile acids (deoxycholic acid and ursodeoxycholic / hyodeoxycholic acid) has previously been reported
as a key feature speci�c to COVID-19, differentiating between COVID-19 and other respiratory and
in�ammatory diseases in hospital-recruited patients35.

Saliva performed less well in diagnostic terms, in spite of evidence of pathology-driven correlations with
other bio�uids, showing weaker ability to differentiate COVID-19 negative from positive in this analysis. It
should be noted, however, that due to the inability for ethical reasons to require abstinence from food or
drink in the hospital setting, saliva would have been the most subject to environmental confounders such
as the recent oral intake of food or medication. Whilst a clear limitation of the study, it does also re�ect
the practical limitations of sampling during a pandemic or indeed in any busy clinic.

Overall, whilst the integrated analysis herein of serum, sebum and saliva shows challenges in identifying
reproducible metabolic biomarkers of COVID-19, it also shows the potential for non-invasive sampling in
revealing relationships across bio�uids and pathways. For diagnostic purposes where sensitivity and
speci�city are paramount, however, we believe that blood-based metabolomics will remain the best-in-
class approach.
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Figure 1

Heatmaps showing Pearson correlation coe�cients between sebum lipids and serum metabolites:
COVID-19 negative participants (A) and COVID-19 positive participants (B)
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Figure 2

Pairwise correlations between serum DHEAS and sebum diglycerides (COVID-19 Positive)
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Figure 3

Heatmaps showing Pearson correlation coe�cients between serum and salivary metabolites: COVID-19
negative participants (A) and COVID-19 positive participants (B)
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Figure 4

Heatmaps showing Pearson correlation coe�cients between serum and salivary metabolites: COVID-19
negative participants (A) and COVID-19 positive participants (B)
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Figure 5

(A) PLS-DA plot and (B) high VIP score metabolites for serum, COVID-19 positive versus COVID-19
negative

Figure 6
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(A) PLS-DA plot and (B) high VIP score metabolites for sebum, COVID-19 positive versus COVID-19
negative

Figure 7

(A) PLS-DA plot and (B) high VIP score metabolites for saliva, COVID-19 positive versus COVID-19
negative
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