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Abstract

Background: Respiratory infections such as influenza account for significant global mortality each year. Generating
lipid profiles is a novel and emerging research approach that may provide new insights regarding the development
and progression of priority respiratory infections. We hypothesized that select clusters of lipids in human sputum
would be associated with specific viral infections (Influenza (H1N1, H3N2) or Rhinovirus).

Methods: Lipid identification and semi-quantitation was determined with liquid chromatography and high-resolu-
tion mass spectrometry in induced sputum from individuals with confirmed respiratory infections (influenza (H1N1,
H3N2) or rhinovirus). Clusters of lipid species and associations between lipid profiles and the type of respiratory viral
agent was determined using Bayesian profile regression and multinomial logistic regression.

Results: More than 600 lipid compounds were identified across the sputum samples with the most abundant lipid
classes identified as triglycerides (TG), phosphatidylethanolamines (PE), phosphatidylcholines (PC), Sphingomyelins
(SM), ether-PC, and ether-PE. A total of 12 lipid species were significantly different when stratified by infection type
and included acylcarnitine (AcCar) (10:1, 16:1, 18:2), diacylglycerols (DG) (16:0_18:0, 18:0_18:0), Lysophosphatidylcho-
line (LPC) (12:0, 20:5), PE (18:0_18:0), and TG (14:1_16:0_18:2, 15:0_17:0_19:0, 16:0_17:0_18:0, 19:0_19:0_19:0). Cluster
analysis yielded three clusters of lipid profiles that were driven by just 10 lipid species (TGs and DGs). Cluster 1 had
the highest levels of each lipid species and the highest prevalence of influenza A H3 infection (56%, n = 5) whereas
cluster 3 had lower levels of each lipid species and the highest prevalence of rhinovirus (60%; n=6). Using cluster 3 as
the reference group, the crude odds of influenza A H3 infection compared to rhinovirus in cluster 1 was significantly
(p=0.047) higher (OR=15.00 [95% Cl: 1.03, 218.29]). After adjustment for confounders (smoking status and pulmo-
nary comorbidities), the odds ratio (OR) became only marginally significant (p =0.099), but the magnitude of the
effect estimate was similar (OR=16.00 [0.59, 433.03)).

Conclusions: In this study, human sputum lipid profiles were shown to be associated with distinct types of viral
infection. Better understanding the relationship between respiratory infections of global importance and lipids
contributes to advancing knowledge of pathogenesis of infections including identifying populations with increased
susceptibility and developing effective therapeutics and biomarkers of health status.
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Background

Respiratory infections are a major public health issue
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[2]. The Centers for Disease Control and Prevention
(CDC) estimates that each year influenza virus infec-
tions account for up to 35.6 million cases of illness,
710,000 hospitalizations, and 56,000 deaths [3]. In
response to the tremendous economic and health bur-
den, the World Health Organization (WHO) has set
a research agenda for influenza, which addresses the
need to reduce the risk of pandemic emergence, limit
spread, minimize disease burden, optimize treatment,
and promote development of new public health tools
[4]. To address these areas, it is imperative that we bet-
ter understand individual factors that impact suscepti-
bility to infection or severity of infection, and with that
knowledge, develop ways to improve prognosis and
therapeutic interventions.

A growing area of research is centered on the role of
lipids in modulating host—pathogen interactions and the
host immune response. The discovery that lipids play
important roles in the context of lung infections is not
new, although the vast number of lipids, particularly at
the species level, have challenged our ability to define
their specific roles. More recent technological advance-
ments, such as mass spectrometry, have improved our
ability to search for and identify lipid profiles and spe-
cific lipid classes or species that vary with disease condi-
tions. For example, data from recent ‘omic’ studies have
emphasized possible links between lipids and the innate
immune response to viral respiratory infections that spe-
cifically include viral sensing and modulation of immune
signaling pathways [5-9] which both enhances the viral
lifecycle and assists the host immune response [10].

Studies have provided evidence that lipids and their
metabolites can be used to differentiate between disease
states such as community acquired and non-community
acquired pneumonia cases [13] and between healthy con-
trols and asthmatic patients [14]. Few studies, however,
have investigated a role for lipids in respiratory infections
using sputum samples, and no studies have investigated
associations between sputum lipid profiles and respira-
tory infections.

Sputum is routinely collected in a relatively noninva-
sive manner and has been shown to reflect the contents
of BALF and epithelial lining fluid [12, 16]. Several stud-
ies have also demonstrated that sputum is as good or
better than nasal swabs/aspirates for detection of influ-
enza viruses, bacterial pneumonia, and other respiratory
infections [17-19] that may colonize the lower airways.

Therefore, the objective of this study was to examine
the associations between lipid profiles of sputum and the
type of respiratory viral agent. We hypothesized that lipid
profiles would cluster together based on specific causa-
tive viral agents of infection.
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Methods

Sample collection and processing

The sputum samples for this study were collected from
University of Florida (UF) Health Shands Hospital
over a six-month period (January-June 2019), which
included the typical peak of flu season defined by the
CDC  (https://www.cdc.gov/flu/about/season/flu-sea-
son.htm). Sputum samples were collected as part of
routine care for diagnostic testing by the UF Health
Shands Clinical Microbiology Laboratory. After col-
lection, the samples were processed for requested tests
and any leftover sample was eligible for inclusion in the
study and stored at 4 °C.

Sputum samples were excluded if they contained > 10
squamous epithelial cells after gram stain and under
bright-field microscopy (10X), defined as few or none
(on a scale of none, few, moderate, many) as they had
a high likelihood of saliva contamination. Because the
sputum came from patients with moderate to severe
respiratory infections the samples likely contained
moderate to many (>25) leukocytes. The study popula-
tion was limited to patients for which a nasopharyngeal
(NP) swab was also tested for pathogen identification
using the BioFire FilmArray® system, a multiplex PCR
capable of identifying 20 respiratory pathogens. Sam-
ples for this study were collected from children and
adults irrespective of mechanical ventilation status,
however those with suspected tuberculosis infection
(acid-fast bacilli testing by Clinical Laboratory) and
those who were pregnant or otherwise immunocom-
promised (if known at time of sample collection) were
excluded.

Once an eligible sample was identified via surveil-
lance of Clinical Laboratory records, it was obtained
and given a unique identifier. The results from the Bio-
Fire FilmArray® tests of NP swabs in the Clinical Lab-
oratory were used to determine the causative agent of
infection for each patient. If there was sufficient sam-
ple volume (at least four mL), the sputum was tested
using the BioFire FilmArray® 1.5 Classic Respiratory
Panel to examine concordance with the same test but
different sample type (sputum vs. NP swab, Additional
file 1: Table S2). Since the BioFire FilmArray® 1.5 Clas-
sic Respiratory Panel is optimized for use with NP swab
samples, we had to optimize preparation of sputum
samples, which requires incubation with a mucolytic
agent, in this case Dithiothreitol (DTT). Details of this
experiment are described in the supplemental section
(Additional file 1: Table S1) confirming that the DTT
did not interfere with the BioFire assay. The remaining
sputum was aliquoted and stored at -80 °C pending lipi-
domic analyses.
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Lipidomics

Once all the samples were collected, one aliquot of
each sample was thawed and inactivated with metha-
nol before being transferred to the Mass Spectrometry
Core of the Southeast Center for Integrated Metabo-
lomics (SECIM) for further extraction and analysis.

Samples were normalized to a sample protein con-
centration of 500 pg/mL, as measured by the Qubit
Protein Assay Kit (ThermoFisher Scientific). Red Cross
Plasma (RCP) was extracted with the samples as a
control. Both the samples and RCP were spiked wtih
10 x dilution of lipid internal standard solution. An
extraction blank (saline without internal standards)
was also included. The lipids were extracted using a
methanol-chloroform extraction, following the Folch
method [20]. Pooled samples from each group (by
infection type) were prepared by combining a small
volume of each sample within a group. Mobile phase
blank (2-propanol) and Neat QC (2:2:196 (v/v/v) lipid
internal standards solution/ lipid injection standards
solution/2-propanol) were also included.

Untargeted LC-MS lipidomics profiling was per-
formed on a Thermo Q-Exactive Orbitrap mass spec-
trometer with Dionex UHPLC and autosampler
(Thermo Scientific, San Jose, CA). All samples, blanks,
and controls were analyzed in positive and negative
heated electrospray ionization with a mass resolu-
tion of 35,000 at m/z 200 as separate injections. Sepa-
ration was achieved on an Acquity BEH C18 1.7 um,
50 x 2.1 mm, 1.7 pm column with mobile phase A as
60:40 Acetonitrile:Water containing 10 mM Ammo-
nium formate with 0.1% formic acid and mobile phase
B as 90:8:2 2-propanol: acetonitrile:water containing
10 mM ammonium formate with 0.1% formic acid. The
flow rate was 500 puL/min with a column temperature
of 50 °C. 5 pL was injected for negative ions and 3 pL
for positive ions. The samples were randomized and
analyzed following an injection sequence consisting of
3 mobile phase, Neat QC, RCP, extraction blank and 10
samples. Every 10 samples were bracketed by a mobile
phase blank, Neat QC, RCP and extraction blank injec-
tions. Full Scan MS was acquired from individual and
pooled samples in order to compare lipid intensities
across groups. MS/MS spectra from data-dependent
(ddMS2-top10) and all-ion fragmentation (AIF) were
acquired on RCP, pooled samples, and/or representa-
tive samples from each group for lipid identification
purposes. Only lipids that were identified by MS/MS
were included in the statistical analyses due to the pres-
ence of polyethylene glycol (PEG) at the early elution
times.
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Retrospective chart review

After all sputum samples were obtained and coded,
retrospective chart review was conducted to abstract
key patient characteristics. Electronic medical records
were searched for the following information: (1) Demo-
graphics (gender, age range, body mass index (BMI),
occupation); (2) Smoking status, current medications
(specifically antibiotics, statins, steroids), travel history,
flu vaccine status; (3) Comorbidities (cardiovascular dis-
ease, malignancy, immunodeficiency, pulmonary diseases
such as asthma, COPD, recent upper respiratory infec-
tion, fibrosis); (4) Date of sample collection, microbiology
lab results, chest x-ray results; (5) Any physician diagno-
sis coinciding with sputum collection; (6) Any pulmonary
interventions performed prior to sputum collection (such
as mechanical ventilation, nebulizer treatment, support-
ive oxygen).

Statistical analyses

Data from positive and negative ion modes were analyzed
separately using in-house LipidMatch Flow software.
LipidMatch Flow was used for file conversion (MSCon-
vert, Proteowizard), peak picking (MzMine 2.26), blank
feature filtering, and identification [21]. Data analysis
was performed on the three sample groups (stratified
by infection type—Influenza A H1-2009, Influenza A
H3, and Rhinovirus) using MetaboAnalyst 3.0. We uti-
lized LION, a lipid ontology enrichment web-based tool
(http://www.lipidontology.com/) to generate informa-
tion on pathways that our lists of lipids enriched for using
both target list modes for all lipids and ranking mode for
comparisons between infection types.

Further analysis using Bayesian Profile Regression
method [22, 23] was utilized to first identify clusters of
individuals with similar patterns of lipid expression (i.e.
similar lipid phenotypes). In our implementation of
Bayesian profile regression, we leveraged a novel variable
selection method in order to identify which lipid species
were driving the observed clustering pattern. Prior to
Bayesian profile regression, we first screened for candi-
date lipid species using the Kruskal-Wallis statistical test
to determine if lipid species levels varied significantly by
the type of respiratory viral infection. Given the limita-
tions of the small sample size in our study, adjustment
of p-values is overly conservative. We therefore applied
a variable selection cut-off whereby those lipid species
with a p-value <0.2 from the Kruskal-Wallis test were
included for further clustering analyses. We emphasize
that this step is for screening candidate lipid species for
cluster analysis and that statistical inference in our study
is based strictly on regression analysis (described below).
For the cluster analysis with Bayesian profile regression,


http://www.lipidontology.com/

Humes et al. Respiratory Research (2022) 23:177

the peak height of each selected lipid species was first
categorized into tertiles because of the highly skewed dis-
tributions of lipid quantities. We note that while Bayesian
profile regression can be a type of supervised algorithm
when including the outcome, in our study the clustering
algorithm was unsupervised in that the outcome was not
included in the model to inform the clustering alloca-
tion. After individual sputum samples were allocated to
a cluster, we computed Z-scores of median peak height
of the different lipid species in order to visualize with a
heat map how the individuals’ levels of lipid species were
jointly distributed within each cluster.

Finally, crude and adjusted multinomial logistic regres-
sion were performed to test the relationship between
cluster and prevalence of type of infection. In these final
models, the clusters were fit as three-level factor vari-
ables and the type of respiratory viral agent was set as
the outcome (influenza A H1-2009, influenza A H3, rhi-
novirus [reference]). A causal diagram or directed acy-
clic graph (DAG; DAGitty version 2.3) was constructed
to visualize and identify the confounding variables that
may be influencing the relationship between lung lipids
(exposure) and viral respiratory infection (outcome)
(Additional file 1: Figure S1). Our review of the literature,
in addition to our construction of a DAG, indicated that
age, BMI, smoking status, and presence of pulmonary
comorbidities such as asthma or COPD could act as pos-
sible confounders in our study. We then included only
those covariates for adjustment in multinomial regres-
sion if they showed a significant association (p<0.05)
with infection type in bivariate analyses. We emphasize
that one important benefit of basing inference in our
study using a dimension reduction technique is that we
avoid multiple tests of association, which would other-
wise require adjustment of p-values that would be overly
conservative in our study with such a small sample size.

Results

Subject characteristics

Thirty-five sputum samples were collected between
January and June of 2019 for the study. Of those thirty-
five samples, five were excluded from analysis in order
to conduct more meaningful comparisons due to age
(three total samples from children), pregnancy (one
sample; patient’s pregnancy status identified after sam-
ple collection), and viral agent type (one patient posi-
tive for parainfluenza). The remaining thirty samples
were used for lipidomic analyses and retrospective chart
review. The study population consisted of 16 males and
14 females with 9 positives for influenza A H1-2009, 11
positives for influenza A H3, and 10 positives for rhinovi-
rus. Other study population characteristics, such as age,
body mass index (BMI), smoking status, and pulmonary
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Table 1 Description of patient characteristics
Population characteristics Number

(%)

Total 30
Sex
Male 16 (53.33)
Female 14 (46.67)
Age
18-29 0 (0.00)
30-39 2(6.67)
40-49 3(10.00)
50-59 5(16.67)
60-69 10 (33.33)
70-79 2(6.67)
80-89 7(2333)
>90 1(3.33)
BMI
Underweight (<18.5) 2 (6.67)
Normal (18.5 to <25) 9(30.00)
Overweight (25 to <30) 1(36.67)
Obese (>30) 8 (26.67)
Smoking Status
Never 11 (36.67)
Former 10(33.33)
Current 9 (30.00)
Pulmonary Comorbidities
None 7 (56.67)
Asthma or COPD 13 (43.33)
Mechanical Ventilation
None 21 (70.00)
Required 9 (30.00)
Infection Present
Influenza A H1-2009 9 (30.00)
Influenza A H3 1(36.67)
Rhinovirus 10 (33.33)

comorbidities, are summarized in Table 1. Concordance
of viral status between NP swab and sputum samples was
performed on seven samples using the BioFire FilmAr-
ray® 1.5 Classic Respiratory Panel and results showed
100% agreement between sample types (Additional file 1:
Table S2).

Identification and classification of sputum lipids by class
and species

Across all samples, 27 and 23 lipid classes were identified
in the positive (Fig. 1A), and negative modes (Fig. 1B),
respectively. The most abundant lipid classes identified
were TG, PE, PC, SM, ether-PC, and ether-PE. Evaluat-
ing the level of lipids at the class level across respiratory
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infection type yielded profiles that were similar (Fig. 2).
Only two lipid classes showed significant differences
by infection type, DG and FAHFA (Fig. 3), that were
lower in sputum samples from patients that tested posi-
tive for Rhinovirus compared to Influenza H3N2. Other
lipid classes for which no significant differences were
noted are presented in Additional file 1: Figure S2. At
the species level, 392 lipid species in the positive mode
and 237 lipid species in the negative mode were iden-
tified. Kruskal-Wallis tests showed that the levels of
12 lipid species, mostly saturated lipids, were signifi-
cantly different when stratified by infection type and
included AcCar (10:1), AcCar (16:1), AcCar (18:2), DG
(16:0_18:0), DG (18:0_18:0), LPC (12:0), LPC (20:5), PE
(18:0_18:0), TG (14:1_16:0_18:2), TG (15:0_17:0_19:0),
TG (16:0_17:0_18:0), TG (19:0_19:0_19:0) (Fig. 4).

Lipid ontology enrichment analysis was performed to
associate lipids by infection type to chemical and bio-
logical features. Using the ranking mode, input lipids are
ranked by numeric values and compared between two
groups. Figure 5 shows the enriched pathways/functions
for (H1 vs H3, H1 vs Rhino, and Rhino vs H3). In general,
the H3 samples were enriched for lipids associated with
neutral intrinsic curvature and diacylglycerols (compared
to H1); Rhinovirus samples were enriched for processes
associated with temperature transitions, triacylglycer-
ols, lipid storage, and lipid droplet formation (compared
to H1); H3 showed the most significant association with
fatty acids (compared to Rhinovirus).

Lipid profile cluster and regression analyses

Lipids with a p-value of<0.2 in a Kruskal-Wallis analy-
sis comparing the lipid expression level for each infection
type were selected for Bayesian profile regression cluster-
ing (35 lipids in the positive mode, 9 lipids in the nega-
tive mode). To get a sense for the functional role of these
lipids, lipid ontology enrichment analysis was performed
using the target-list mode where this subset of 35 lipids
was compared to the total set of lipids. Results show
the most significantly enriched pathways are related to
glycerolipids, lipids that have headgroups with neutral
charges, and triacylglycerols which collectively represent
DGs and TGs (Fig. 5D).

Cluster analysis (omitting infection type) with Bayes-
ian profile regression was used as a variable selection
step prior to multinomial logistic regression, so only
those lipid species driving the clustering (median>0.5)
were included in the final regression model. Clustering
with variable selection yielded three clusters of lipid pro-
files in the positive mode and two clusters in the nega-
tive mode. In the positive mode, those three clusters were
driven by just 10 of the 35 selected lipid species. In the
negative mode, only 9 lipids were selected for clustering,
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and the two yielded clusters were not driven by any spe-
cific species, suggesting that the lipids identified in the
negative mode are more similar across the patient sam-
ples. Because of this, no further analyses were conducted
with the negative mode lipids. Heat maps (using Z-scores
to put median peak lipid values on the same numeric
scale) are presented for each lipid species in each cluster
(Fig. 6). In the positive mode, cluster 1 has higher levels
of each lipid species and the highest prevalence of influ-
enza A H3 infection (56%, n=>5) (Fig. 6). Cluster 3, over-
all, has lower levels of each lipid species and the highest
prevalence of rhinovirus (60%; n=6). Cluster 2 has
roughly median levels of each lipid species with 36% of
the individuals positive for Influenza A H1-2009 (n=4),
36% positive for Influenza A H3 (n=4), and 27% positive
for Rhinovirus (n=3). Cluster 3 was set as the reference
group for the crude and adjusted multinomial regres-
sion models. The crude odds of influenza A H3 infec-
tion compared to rhinovirus in cluster 1 (with cluster 3
as reference group) was significantly (p=0.047) higher
(OR=15.00 [95% CI: 1.03, 218.29]) (Table 2). After
adjustment for confounders (smoking status [never, ever,
or current], and pulmonary comorbidities), the odds
ratio (OR) became only marginally significant (p=0.099),
but the magnitude of the effect estimate was similar
(OR=16.00 [0.59, 433.03]) (Table 2).

Discussion

In order to investigate associations between sputum lipid
profiles and viral respiratory infections, thirty sputum
samples from patients with active viral respiratory infec-
tions (influenza A H1-2009, influenza A H3, rhinovirus)
underwent lipidomics analyses. Statistical analysis was
performed to identify differences in the abundance of
lipid species between viral infection status, and Bayes-
ian Profile Regression coupled with multinomial logistic
regression was then utilized to group similar lipid profiles
and examine the association of these profiles with infec-
tion type. This is the first study, to our knowledge, that
examines potential links between a variety of viral res-
piratory pathogens and several different classes of lipids,
at the species level, in sputum. Another unique strength
of this work is the use of both conventional multivariate
analyses and a dimension reduction clustering technique
(Bayesian Profile Regression) to analyze the lipidomic
data.

The lipidomics analyses identified more than 600
unique lipid species in our sputum samples, with TG,
PC, and PE as some of the most abundant species. This
lipid coverage is similar to sputum profiling reported
by Brandsma and colleagues who identified about
100 known species of lipids in sputum, with PC and
PE presenting as the most abundant classes [24], and
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Dushianthan and colleagues who reported PC as the
most abundant lipid class in sputum [16]. Work by Tel-
enga, t'’Kindt, and colleagues profiled over 1,500 lipids
in sputum samples, which is substantially more than
our work. However they still identified PC as the most

abundant lipid, along with TG [12, 25], which is very sim-
ilar to the profiles identified here.

Much of the previously published work on lipids in
sputum focuses on either healthy populations, smokers,
or patients with cystic fibrosis, asthma, or COPD. In our
study, we did not have any healthy controls (because
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we were using sputum samples that are part of routine
diagnostic care for those with respiratory illnesses), and
we excluded patients with cystic fibrosis. However, we
did collect information from medical records regard-
ing smoking status, asthma, and COPD. We observed
that about 30% of our population were current smokers
(>national average of 15.5% in 2016 [26]) and 43% of
our population had asthma, COPD, or both. This rate
of pulmonary comorbidities is high compared to other
published data which suggests the prevalence of COPD
in working adults ages 40 to 70 years is 4.2% [27], and
the prevalence of asthma, COPD, or both in those
65 years and older is 9.9%, 9.7%, and 3.0%, respectively
[28]. These differences are important to note because
there is substantial evidence that smoking, asthma, and
COPD can increase a person’s risk of respiratory infec-
tions and subsequent complications [29-36]. Addi-
tionally, lipidomic studies of sputum or BALF have
revealed increased sphingolipid levels in smokers with
COPD compared to smokers without COPD and never-
smokers [12, 25]; increased levels of lyso-PC (LPC),
PC, phosphatidylglycerols (PG), phosphatidylserines
(PS), SM, and TG in asthmatics compared to healthy
controls [14]; and increased leukotriene and decreased

prostaglandin levels in smokers with asthma compared
to never smokers with asthma [37].

Using a multifaceted statistical approach, we identified
several lipid species that were differentially expressed
based on infection type. While we do not fully under-
stand the functional significance of these results, we
found that DGs and TGs were strongly upregulated in
patients with Influenza H3N2 and clustered together as
shown in the heat map in Fig. 7. Of note, multinomial
regression showed the odds of influenza A H3 infection
relative to odds of rhinovirus were 15 times higher when
comparing cluster 1 and cluster 3 (OR=15.00 [1.03,
218.29]). Interestingly, TG content has been shown to
be critical to lipid droplet formation, a process that may
be beneficial to viral replication, but may also serve to
enhance the host immune system [38]. These results sug-
gest that a profile of increased TG and DG lipids could be
associated with influenza A H3 infection and are excel-
lent candidates for future research.

Others have reported higher lipid levels concurrent
with infection that are similar to what is observed in this
population. For example, To and colleagues observed
higher SM, Hex-Cer, and LPC species and lower lyso-PE
(LPE) species in community-acquired compared to non-
community acquired pneumonia patients [13]. Although
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we did not observe increases in the exact same species, H3N2) whereas the greatest levels of LPC 20:5 occurred
we did detect changes in species from those classes (i.e. in individuals infected with RV. LPC has been shown
LPC), which were selected during our initial variable to enhance inflammatory pathways through production
selection step. It is interesting that LPC 12:0 is higher  of arachidonic acid and downstream eicosanoids or by
in sputum from patients with influenza (HIN1 and inhibition of viral fusion with host cell membranes [39].

LPC(20:0) has been positively associated with patrolling



Humes et al. Respiratory Research (2022) 23:177 Page 10 of 13
Cluster 1 Cluster 2 Cluster 3
Influenza A H1-2009 0.33 0.36 0.20
Influenza AH3 0.56 0.36 0.20
Rhinovirus 0.1 0.27 0.60
TG(21:0_21:0_21:0)- _ 0.0462 -1.09
IR - o '
2 :
2 T6O70_180_180)- 0.233 -0.482
ﬁ L i
@ ] Median
& TG(16:0_18:0_24:0)- 0.165 -1.14 10
8 |
= == 05
5 00
8 T6(16:0_18:0_22:0)- 0.0297 -1.09 05
I3 10
"
N
§_TG<1&0_18 0_20:0)- 0.0308 -1.09
8
I - i i
;

Positive Lipid ;roﬂle Clusters
Fig. 6 Heat map showing the ten lipid species driving the clusters and their association with infection type determined by Bayesian profile
regression and multinomial logistic regression. Z-scores for each of the lipid species were calculated from the data (N =30) and then median values
of Z-scores within each cluster were calculated. Darker red colors indicate higher lipid levels and lighter colors represent lower lipid levels for each
species for each infection type influenza A H1 (N=09), Influenza A H3 (N=11) and Rhinovirus (N=10)

3

monocytes in patients with HIV [40] but the exact role of
these particular LPC species in the host response to res-
piratory viruses remains to be determined. Other studies
have reported significant increases in SM in the BALF
of influenza-infected mice [41] and fatty acid elongation
and desaturation during rhinovirus infection of human
bronchial epithelial cells [42]. They suggested that these
changes in FA metabolism play a role in supporting Rhi-
novirus replication since DG can activate protein kinase
D, the inhibition of which has been previously shown
to reduce rhinovirus replication [42]. In our study, we
observed lower levels for several TG species that drove
the clustering pattern, including those with up to 24
carbons in their acyl chains. Our results, coupled with

other reports from the literature, suggest that these links
between changes in lipid levels and respiratory infections
may have mechanistic validity and thus potentially diag-
nostic, prognostic, or therapeutic implications.

We acknowledge that this study is not without limita-
tions. First and foremost, it was a small study with fairly
low sample size and did not include a control group (i.e.
those known to be without a respiratory infection or high
sputum conditions without respiratory infection). How-
ever, despite the small sample size, we were able to logi-
cally compare our results to other studies where lipids
from control individuals were reported. Importantly, we
were also able to observe significant associations, which
emphasizes the need to continue this line of research
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Table 2 Odds ratios for lipid clusters expressed as crude and adjusted for confounders

OR Crude (95% ClI)

Clusters

1 2 3
Influenza A H1-2009 9.00 (0.56, 143.88) 4.00 (045, 35.79) Ref.
Influenza A H3 15.00 (1.03,218.29)* 4.00 (045, 35.79) Ref.
Rhinovirus Ref. Ref. -
OR Crude (95% Cl)

Clusters

1 2 3
Influenza A H1-2009 7.96 (0.36, 173.88) 2.36(0.16,35.43) Ref.
Influenza A H3 16.00 (0.59, 433.03)" 3.38(0.19,60.41) Ref.
Rhinovirus Ref. Ref. -

*p-value = 0.047
 p-value = 0.099

with a larger sample size and control group in order to
better characterize and substantiate these interesting and
novel findings. Because this is a cross-sectional study,
there was also no way to determine the temporality of
these lipid changes from onset to progression of infec-
tion. Therefore, we acknowledge it is equally possible that
the patients had perturbed lipid profiles prior to infection
and were therefore more susceptible to infection or that
the lipid profiles were perturbed as a result of the infec-
tion. Prospective cohort studies are needed to tease out
the temporal component of these lipid changes. Finally,
we are aware that the sputum likely contained leukocytes
which contributed to the overall lipid profiles generated.
The contribution of leukocytes is important as the spu-
tum of individuals with health conditions such as infec-
tions will commonly contain leukocytes. Despite these
limitations, this cross-sectional study was successful in
examining possible associations between lipid profiles
of sputum and viral respiratory infections that have both
mechanistic and clinical importance.

Conclusions

This study identified a significant association for a novel
cluster of lipid profiles from the positive ionization mode,
and the odds of influenza A H3 infection compared to
rhinovirus were 15 times higher when comparing cluster
1 and cluster 3 (OR=15.00 [1.03, 218.29]). Despite the
lack of statistical significance after adjustment, this large
effect size, the magnitude of which did not substantially
change after adjustment, supports our hypothesis that
different lipid profiles are associated with different types
of viral infection, and strongly endorses the continuation
of this work with larger sample sizes in order to better

characterize these novel findings. Work such as this can
contribute to the growing body of literature on the role
of lipids in respiratory infection pathogenesis, perhaps
as a molecular initiating event that results in increased
susceptibility or for potential use as therapeutics or
biomarkers.
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