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Abstract
Rationale Obstructive lung disease is increasingly common among persons living with HIV (PLWH).
There are currently no validated biomarkers that identify individuals at risk of developing obstructive lung
disease (OLD), and specific mechanisms contributing to HIV-associated OLD remain elusive, independent
of smoking. We sought to identify biomarkers and biological pathways associated with OLD using a broad
proteomic approach.
Methods We performed tandem mass tagging and mass spectrometry (MS) analysis on bronchoalveolar
lavage fluid samples from persons living with HIV with OLD (n=26) and without OLD (n=26). We
combined untargeted MS with a targeted SomaScan aptamer-based approach. We used Pearson correlation
tests to identify associations between each protein and lung function (forced expiratory volume in 1 s
(FEV1) % pred). We adjusted for multiple comparisons using a false discovery rate adjustment. Significant
proteins were entered into a pathway over-representation analysis. Protein-driven endotypes were
constructed using K-means clustering.
Measurements and main results We identified over 3800 proteins by MS and identified 254 proteins that
correlated with FEV1 % pred when we combined the MS and SomaScan proteomes when adjusting for
smoking status. Pathway analysis revealed cell adhesion molecules as significant.
Conclusions Protein expression differs in the lung of PLWH and decreased lung function (FEV1 % pred).
Pathway analysis reveals cell adhesion molecules having potentially important roles in this process.

Introduction
The use of highly active antiretroviral therapy (HAART) has led to significant declines in morbidity and
mortality amongst persons living with HIV (PLWH). However, with the prolongation of life has emerged
an increased prevalence of comorbidities, including obstructive lung disease (OLD) [1–8]. Prior to the
common use of antiretroviral therapy, OLD was associated with advanced disease (AIDS), previous
intravenous drug use and/or pulmonary infections [9]. Subsequently, as pulmonary infections became less
dominant, HIV has emerged as an independent contributor to the development of OLD, even independent
of smoking. Although proposed mechanisms include immune dysregulation, oxidant stress and dysbiosis
[10–13], there are currently no validated biomarkers that identify individuals at risk of developing OLD,
and specific mechanisms contributing to HIV-associated OLD remain elusive.

We sought to understand the differences in the proteome between those with and without OLD to identify
biomarkers and biological pathways associated with OLD development and worsening lung function. We
previously identified proteins and biological pathways expressed in the lung in individuals with HIV-associated
OLD using a targeted aptamer-based SomaScan proteomic approach [14]. The goal of this study was to
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combine an untargeted mass spectrometry (MS)-based approach with the targeted proteome to provide broader
coverage of the lung proteome to identify additional biomarkers and biological pathways of disease.

Methods
Study population
PLWH who had undergone bronchoscopy were selected from the Pittsburgh and Vancouver Lung HIV
Cohorts [15, 16]. This consisted of individuals (n=26) with OLD as defined as the ratio of forced expiratory
volume in 1 s/forced vital capacity (FEV1/FVC) <lower limit of normal. Individuals without OLD (n=26)
consisted of PLWH with normal lung function (defined as FEV1/FVC >lower limit of normal and FEV1

>80% of predicted normal) matched on age (+/− 5 years), antiretroviral treatment use and smoking status
(current versus nonsmoker). Participants who were in their usual state of health fasted prior to research
bronchoalveolar lavage fluid (BALF) sample collection, and pulmonary function tests were performed within
3 months of collecting the samples. Participants in the parent cohort studies provided informed consent for
BALF collection and storage with approval by their respective Institutional Review Board at Pittsburgh and
Vancouver. The current study was approved by the University of Minnesota Institutional Review Board.

Sample processing
At study enrolment, BALF was collected as previously described [15, 16]. BALF underwent centrifugation
at the local collection sites to remove cells, and cell-free BALF samples were stored at −80°C prior to
processing for this study. BALF samples from 21 out of 26 with OLD and 24 out of 26 without OLD had
adequate protein amounts for tandem mass tagging (TMT, Thermo Fisher Scientific) and MS analysis. The
BALF was processed for MS as previously described [17]. Briefly, the cell-free BALF samples were
vortexed and centrifuged at 500×G for 10 min at 4°C to separate the soluble BALF components from the
insoluble BALF components prior to further analysis. An additional spin of the BALF at 100 000×g was
performed to collect a second (hard spin) BALF insoluble component pellet, which was combined with the
first BALF pellet. The supernatant, or soluble component of the BALF, was sent for SomaScan analysis as
previously reported [14]. The samples, both the soluble component and the insoluble component, were
separately processed for TMT labelling and liquid chromatography–mass spectrometry (LC-MS) analysis
as previously described [17]. Protein identification of mucin-5AC was performed using parallel reaction
monitoring (PRM) (see supplementary methods).

Statistical analysis
The data cleaning process is described in the supplemental methods. We used Global Lung Initiative
(GLI)-based race-adjusted calculations of % predicted FEV1as a measure of lung function capacity. We
used Pearson correlation tests and linear regression to identify significant associations between each protein
and FEV1 % pred. Using linear regression, we adjusted for smoking status as a confounder. We refer to
these two approaches as the unadjusted and adjusted approaches, respectively. We corrected for multiple
comparisons using a false discovery rate (FDR) adjustment [18]. Within the unadjusted and adjusted
analyses, we tested for an association between each protein and FEV1 % pred and applied the FDR
adjustment for the soluble component and insoluble component separately. For each dataset, we deemed
proteins as significant if the corresponding FDR fell below the 0.1 level. We considered the significant
proteins from each dataset separately in a pathway analysis using IMPaLa software with the full set of
identified proteins from each dataset as the reference list [19].

We pooled results for the association between proteins and FEV1 % pred across TMT of the soluble and
insoluble components and SomaScan of the soluble component. We did this for the unadjusted and
adjusted analyses separately. Taking the unadjusted analysis as an example, we combined p-values
resulting from Pearson correlation testing between FEV1 % pred and proteins recorded across all datasets
(soluble component TMT, insoluble component TMT, and SomaScan) using Fisher’s method [20]. We
then employed a permutation testing framework to evaluate the significance of the association between
each protein and FEV1 % pred. We used a permutation testing framework for two reasons: 1) to ensure
robustness against deviations from normality; and 2) to preserve the same dependency structure between
the proteins in each dataset and permuted FEV1 % pred, as these p-values were obtained from overlapping
(non-independent) samples. We considered this framework both unadjusted and adjusted for smoking
status. To assess the robustness of the detected associations, we also considered diffusing capacity of the
lung for carbon monoxide % predicted (DLCO % pred) as an outcome using the same framework. Our
permutation testing framework is described in more detail in the supplementary methods.

Lastly, we used two clustering approaches to identify and validate protein-driven endotypes in BALF. We
first applied k-means 100 times and used 10 random start points to obtain a robust solution [14]. We
applied this approach to the soluble component TMT and insoluble component TMT datasets separately

https://doi.org/10.1183/23120541.00204-2024 2

ERJ OPEN RESEARCH ORIGINAL RESEARCH ARTICLE | S. SAMORODNITSKY ET AL.

https://publications.ersnet.org/lookup/doi/10.1183/23120541.00204-2024#supplementary
https://publications.ersnet.org/lookup/doi/10.1183/23120541.00204-2024#supplementary


using all identified proteins in each (see the supplementary methods for details). We also applied Bayesian
consensus clustering (BCC), an integrative approach to clustering on multiple datasets [21]. We used BCC
to assess the similarities and differences between the clustering schemes on each dataset and the consensus
clustering scheme integrated across datasets. We applied BCC to the 44 samples which overlapped in the
soluble component TMT, insoluble component TMT and soluble component SomaScan datasets. The
datasets included both overlapping and non-overlapping proteins. We allowed each dataset to adhere
differently to the overall clustering scheme. We applied BCC using the R package provided in the
BayesCC R package (https://github.com/ttriche/bayesCC).

Results
Study participant demographics
Table 1 summarises the demographics of participants in our study. The soluble component TMT and
insoluble component TMT datasets differed by one sample with OLD, but overall showed similar
demographic distributions across those with and without OLD. Most samples in this cohort were men

TABLE 1 Characteristics of participants included in our study by dataset (TMT BALF soluble component or TMT BALF insoluble component)

Soluble component TMT samples Insoluble component TMT samples Total

With OLD Without OLD With OLD Without OLD

Participants n 21 24 21 24
Sex
Male 15 (71.4) 17 (70.8) 15 (71.4) 17 (70.8) 33 (71.7)
Female 6 (28.6) 7 (29.2) 7 (28.6) 7 (29.2) 13 (28.3)

Age years#

Mean±SD 58.6±7.72 53.8±7.62 58.9±7.97 53.8±7.62 56.3±8.10
Median (min, max) 58.0 (44.0, 76.0) 54.0 (42.0, 76.0) 58.0 (44.0, 76.0) 54.0 (42.0, 76.0) 56.0 (42.0, 76.0)

Ethnicity
Black, non-Hispanic 12 (57.1) 12 (50.0) 12 (57.1) 12 (50.0) 25 (54.3)
White, Hispanic/Latino 9 (42.9) 11 (45.8) 9 (42.9) 11 (45.8) 20 (43.5)
Asian/Pacific Islander 0 (0) 1 (4.2) 0 (0) 1 (4.2) 1 (2.2)

Smoking status
Former 7 (33.3) 7 (29.2) 8 (38.1) 7 (29.2) 15 (32.6)
Never 3 (14.3) 5 (20.8) 2 (9.5) 5 (20.8) 8 (17.4)
Current 11 (52.4) 12 (50.0) 11 (52.4) 12 (50.0) 23 (50.0)

Receiving ART
Yes 20 (95.2) 22 (91.7) 20 (95.2) 22 (91.7) 43 (93.5)
No 1 (4.8) 2 (8.3) 1 (4.8) 2 (8.3) 3 (6.5)

Pack-years
Mean±SD 22.0±17.3 14.3±13.6 25.8±20.7 14.3±13.6 19.2±18.1
Median (min, max) 20.0 (0, 56.0) 12.1 (0, 38.0) 20.5 (0, 80.0) 12.1 (0, 38.0) 15.0 (0, 80.0)

FEV1 % pred#

Mean±SD 68.3±16.8 104±11.2 67.7±17.1 104±11.2 86.9±23.2
Median (min, max) 68.3 (21.0, 90.4) 105 (81.3, 128) 68.3 (21.0, 90.4) 105 (81.3, 128) 88.2 (21.0, 128)

FEV1
#

Mean±SD 2.07±0.603 3.32±0.737 2.04±0.608 3.32±0.737 2.71±0.925
Median (min, max) 2.18 (0.650, 3.29) 3.21 (1.95, 4.77) 2.00 (0.650, 3.29) 3.21 (1.95, 4.77) 2.61 (0.650, 4.77)

FEV1/FVC
#

Mean±SD 0.560±0.118 0.794±0.0590 0.556±0.119 0.794±0.0590 0.681±0.149
Median (min, max) 0.592 (0.293, 0.679) 0.783 (0.689, 0.905) 0.588 (0.293, 0.679) 0.783 (0.689, 0.905) 0.692 (0.293, 0.905)

DLCO % pred
Mean±SD 73.1±26.7 74.6±22.3 71.9±27.1 74.6±22.3 73.9±24.1
Median (min, max) 78.0 (36.3, 139) 72.1 (14.4, 116) 67.3 (36.3, 139) 72.1 (14.4, 116) 73.3 (14.4, 139)
Missing 4 (19.0) 5 (20.8) 5 (23.8) 5 (20.8) 10 (21.7)

Viral load
<50 copies 11 (52.4) 16 (66.7) 10 (47.6) 16 (66.7) 27 (58.7)
>50 copies 1 (4.8) 3 (12.5) 1 (4.8) 3 (12.5) 4 (8.7)
Missing 9 (42.9) 5 (20.8) 10 (47.6) 5 (20.8) 15 (32.6)

Data are presented as n (%) unless indicated otherwise. Those with and without OLD were matched based on age, smoking status and antiretroviral
treatment (ART) status. TMT: tandem mass tagging; BALF: bronchoalveolar lavage fluid; OLD: obstructive lung disease; FEV1: forced expiratory
volume in 1 s; FVC: forced vital capacity; DLCO: diffusing capacity of the lung for carbon monoxide. #: significant difference between those with and
without OLD (using all available samples) at the 0.05 level.
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(71.7%) with a mean age of 56.3 years, and 54.3% identified as black, non-Hispanic, 43.5% as white or
Hispanic/Latino, and 2.2% identified as Asian or Pacific Islander. Most participants were receiving
antiretroviral treatment (93.5%) at the time of study. Smoking status was similar between those with and
without OLD, with 50% actively smoking at the time of enrolment; however, pack-years were greater in
those with OLD (22.0–25.8) versus those without OLD (14.3). Lung function (FEV1) ranged from 21 to
128% of predicted normal. Among those with OLD, the mean FEV1 % pred was 67.7%, whereas in those
without OLD the mean was 104%.

Proteome associations with lung function
We measured 1219 unique proteins in the soluble component and 2628 proteins in the insoluble
component of BALF using a non-targeted TMT labelling and LC-MS analysis approach, with 645 proteins
common to both sample types (figure 1a). We performed both unadjusted and adjusted for smoking status
analysis. In our unadjusted analysis we identified 81 proteins in the soluble component and 61 proteins in
the insoluble BALF component that correlated with FEV1 % pred (FDR <0.1). The top 10 proteins that
most significantly associated with FEV1 % pred are depicted in supplementary table 1S. However, when
we adjusted for smoking, we identified only a single protein, mucin-5AC, in the soluble component and no
proteins in the insoluble components correlated with FEV1 % pred at an FDR <0.05 (supplementary table
2S). Validation of mucin-5AC was performed using PRM analysis on the original cohort. Four peptides
specific for mucin-5AC were identified and quantified in 10 samples, five from individuals with low FEV1

% pred and five from those with high FEV1 % pred. PRM confirmed the presence of mucin-5AC and
quantitation was consistent with the MS data (supplementary table 3S).

Combined proteomic analysis
To enhance our proteomic coverage we included in our analysis the previously reported SomaScan targeted
proteomic data from the BALF soluble component using a permutation testing framework [14]. The
SomaScan proteome provided an additional 3872 proteins, of which 1122 overlapped with proteins
measured by TMT. We first describe results without an adjustment for smoking status. There were 401
proteins showing significant associations with FEV1 % pred (including the soluble component and
insoluble component TMT proteins and SomaScan) after permutation testing and multiple comparisons
adjustment at an FDR level of 0.05. Out of these 401 proteins, 98 were detected in the soluble component
using TMT, 123 in the insoluble component using TMT, and 342 in the soluble component using
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FIGURE 1 a) Venn diagram of the overlap in proteins measured in each BALF component using either TMT (soluble component or insoluble
component) or SomaScan (soluble component). b) Venn diagram of the overlap in proteins measured in each BALF component using either TMT
(soluble component or insoluble component) or SomaScan (soluble component) that were also significantly correlated with FEV1 % pred prior to
smoking adjustment and after multiple comparisons at an FDR 0.05 level. Correlation with FEV1 % pred was assessed using a permutation testing
framework to use information across all three datasets. c) Venn diagram of the overlap in proteins measured in each BALF component using either
TMT (soluble component or insoluble component) or SomaScan (soluble component) that were also significantly correlated with FEV1 % pred after
smoking adjustment and after multiple comparisons at an FDR 0.05 level. Correlation with FEV1 % pred was assessed using a permutation testing
framework to use information across all three datasets. TMT: tandem mass tagging; BALF: bronchoalveolar lavage fluid; FEV1: forced expiratory
volume in 1 s; FDR: false discovery rate.
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SomaScan. There were 39 common proteins with significant associations with FEV1 % pred in the soluble
component using TMT and SomaScan as well as the insoluble component using TMT (figure 1b). None of
the 401 proteins were significantly correlated with DLCO % pred. We used these 401 proteins in a pathway
analysis which revealed a single pathway that was significant after multiple comparisons adjustment at the
FDR 0.05 level (p=0.01) and a second pathway significant after adjustment at the FDR 0.1 level (p=0.06)
The most-significant pathway was cell surface interactions at the vascular wall followed by cell adhesion
molecules (table 2).

We applied the same permutation testing framework with an adjustment for smoking status. We found 254
proteins significant at the FDR level of 0.05. Of these, there were 53 proteins from the soluble component
detected by TMT, 66 from the insoluble component detected by TMT and 225 from the soluble
component detected by SomaScan (figure 1c). None of these proteins were significantly associated with
DLCO % pred. There were 240 proteins that were significantly correlated with FEV1 % pred both with and
without adjusting for smoking status. There were 21 proteins with significant associations with FEV1 %
pred detected in all three datasets. Using these 254 proteins we identified three significant pathways at the
FDR level of 0.05. They included axon guidance, nervous system development and cell adhesion
molecules (table 3).

To identify the types of proteins residing in each BALF compartment, we compared the three ontology
processes cellular component, biological process and molecular function of the soluble component TMT,
insoluble component TMT and soluble component SomaScan proteins (supplementary figure 1S). The
soluble component TMT and SomaScan showed significant overlap, while the insoluble component TMT
proteins differed significantly. The proteins identified within the insoluble component represented the
membrane, vesicle and vacuole cellular components with biological and molecular functions representing
protein targeting, GTP metabolism and protein translation, respectively. For proteins that associated with
FEV1 % pred, the insoluble component proteins were associated with vesicles, and functions related to
cellular adhesion.

Endotypes identified by cluster analysis
We visualised the protein abundances in the BALF soluble component TMT and insoluble component
TMT using heatmaps, which revealed a distinct subgroup of patients with lower lung function (FEV1 %
pred) within the soluble component proteome (figure 2a), but not with the insoluble component proteome
(figure 2b). We constructed protein-driven endotypes using K-means clustering for both the proteome in

TABLE 2 Top pathways based on the proteins significant prior to smoking adjustment at an FDR level of 0.05
after permutation testing using BALF soluble component TMT, BALF insoluble component TMT and soluble
component SomaScan datasets

Pathway Source No. of overlapping
genes

No. of all
pathway genes

p-value q-value

Cell surface interactions at the
vascular wall

Reactome 22 100 (215) 2.20e-06 0.0102

Cell adhesion molecules: Homo
sapiens (human)

KEGG 17 76 (149) 2.54e-05 0.0595

FDR: false discovery rate; TMT: tandem mass tagging; BALF: bronchoalveolar lavage fluid.

TABLE 3 Top pathways based on the proteins significant after smoking adjustment at an FDR level of 0.05 after
permutation testing using BALF soluble component TMT, BALF insoluble component TMT and soluble
component SomaScan datasets

Pathway Source No. of overlapping
genes

No. of all
pathway genes

p-value q-value

Axon guidance Reactome 22 182 (356) 1.82e-05 0.0439
Nervous system development Reactome 22 187 (379) 2.80e-05 0.0439
Cell adhesion molecules: Homo
sapiens (human)

KEGG 13 76 (149) 2.82e-05 0.0439

FDR: false discovery rate; TMT: tandem mass tagging; BALF: bronchoalveolar lavage fluid.
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the soluble component and insoluble component (figure 2c,d) using all identified proteins. Fixing K=2, we
identified two clusters on the soluble component TMT and insoluble component TMT datasets. The
soluble component Cluster 1 was similar to that previously reported in the BALF soluble component
SomaScan proteome and metabolome [14]. Cluster 1 largely comprised individuals who identified as black
(81.8%) compared to Cluster 2 where 44.1% of individuals identified as black. Cluster 1 also comprised
individuals with lower mean FEV1 % pred (67.7 versus 94.0), lower mean FEV1/FVC (0.523 versus
0.737) and 81.8% of individuals had OLD compared to 35.3% in Cluster 2 (supplementary table 4S). The
insoluble component clusters differed significantly from the soluble component clusters. For the insoluble
component the two clusters, Clusters 1 and 2 respectively, were similar in the percentage of patients with
OLD (41.7% versus 48.5%), mean age (56.8 versus 55.9), current smokers (50.0% versus 51.5%), mean
FEV1 % pred (86.8% versus 87.5%) and mean FEV1/FVC (0.751 versus 0.658). The insoluble component
proteome clusters were most distinct in terms of ethnicity: 33.3% of patients in Cluster 1 identified as
black, non-Hispanic compared to 60.6% in Cluster 2 and 66.7% identified as white, non-Hispanic
compared to 36.4% in Cluster 2 (supplementary table 5S).
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FIGURE 2 Heatmaps of protein abundances in BALF soluble component and insoluble component TMT datasets. Proteins are ordered using
hierarchical clustering with average linkage. a) Protein abundances in the BALF soluble component TMT dataset with samples ordered from lowest
to highest FEV1 % pred. b) Protein abundances in the BALF insoluble component TMT dataset with samples ordered from lowest to highest FEV1 %
pred. c) Protein abundances in the BALF soluble component TMT dataset with samples grouped using K-means clustering. d) Protein abundances
in the BALF insoluble component TMT dataset with samples grouped by K-means clustering. TMT: tandem mass tagging; BALF: bronchoalveolar
lavage fluid; FEV1: forced expiratory volume in 1 s.
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We then considered BCC to identify an overall clustering scheme on the BALF soluble component TMT,
insoluble component TMT and SomaScan proteome datasets based on individual-level clustering. The
individual-level soluble component TMT and SomaScan clusters were demographically similar: Cluster 1
(the smaller cluster) based on either dataset is similar in the percentage of male participants (BALF soluble
component TMT: 100%, SomaScan: 77.8%), mean age (BALF soluble component TMT: 63.0, SomaScan:
61.8), and mean FEV1 % pred (BALF soluble component TMT: 67.7%, SomaScan: 64.8%). The insoluble
component TMT clusters, however, have demographic features that differ. For the insoluble component,
Cluster 1 (the smaller cluster) is 60% male with an average age of 54.3years and with mean FEV1 % pred
as 89.7%. The overall clustering scheme is more like the soluble component TMT and SomaScan clusters
with Cluster 1 being 100% male, slightly older (mean age=63.0), with lower FEV1 % pred (mean=67.7%)
compared to Cluster 2 (supplementary table 6S). The similarity between the clusters determined using the
BALF soluble component TMT and SomaScan datasets with the overall clustering scheme aligns with the
high degree of correlation between proteins measured using TMT in the soluble component and the same
proteins measured using SomaScan in the soluble component (figure 3a). In contrast, the correlations
between proteins measured in the BALF insoluble component using TMT and proteins measured in the
soluble component using SomaScan were generally lower (figure 3b).

Discussion
We performed a broad proteomic analysis on BALF from PLWH to identify proteins and biological
pathways that associate with OLD. For this study we primarily considered FEV1 % pred as an outcome as
our previous work indicated that there was considerable heterogeneity in lung function, as measured by
FEV1 % pred, within those with and without OLD. Approximately a third of our participants smoked
tobacco at the time of BALF sampling. To compare the effects of smoking with that of HIV, we included
results both adjusted and unadjusted for smoking status.

BALF is a complex mixture of proteins, metabolites and lipids. BALF preparation techniques typically
involve centrifugation to remove cells, often followed by additional filtering or centrifugation to separate out
other debris that is discarded, which tends to be lipid-rich components. All the samples had cells removed
prior to freezing and storage. We then performed a two-step centrifugation process to collect debris
separately from the soluble component and performed untargeted MS-based proteomics on both the soluble
component and the cell-free insoluble component to expand our proteome coverage. This broadened our
proteomic findings as the insoluble component and soluble component represented different cellular
components that differed in both biological and molecular processes. We found that both the soluble
component and the insoluble component proteomes were associated with FEV1 % pred among PLWH.

Using an untargeted, TMT labelling and LC-MS approach to identify and quantify proteins, we found a
number of proteins that correlated with FEV1 % pred in our unadjusted model, but only a single protein,
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FIGURE 3 a) Histogram of the distribution of correlations between proteins measured in the BALF soluble component using TMT and SomaScan.
b) Histogram of the distribution of correlations between proteins measured in the BALF insoluble component using TMT and in the soluble
component using SomaScan. TMT: tandem mass tagging; BALF: bronchoalveolar lavage fluid.
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mucin-5AC, reached the FDR threshold in the adjusted models. This suggests that proteins represented in
the TMT proteome were largely influenced by smoking status. Most of these proteins across the two TMT
datasets did not overlap, consistent with these separate BALF fractions representing different components
with differing biological and molecular functions. The notion that the soluble component and insoluble
component proteins capture different aspects of activity in BALF was emphasised by differing levels of
correlation between overlapping proteins measured by both SomaScan and TMT in the BALF and
insoluble component (supplementary figure S3).

One significant protein from the soluble component, irrespective of smoking status, included mucin-5AC, a
glycoprotein that protects the airway against infection. Elevated levels of mucin-5AC have been associated
with airway hypersecretion, particularly in COPD patients with predominantly airway disease [22, 23].
SP-A2 was increased in both the adjusted and unadjusted models; however, it only reached significance in
the unadjusted model. SP-A2, a collectin, is an abundant protein that makes up pulmonary surfactant, an
insoluble complex of proteins and phospholipids. Surfactant A is localised to several cells in the lung,
including type II pneumocytes, goblet cells and club cells, and elevated levels have been associated with
COPD [24]. We were able to link significant proteins to biological pathways, but only in the insoluble
component fraction. These included cell adhesion and haematopoietic cell lineage pathways, with the
former implicated in COPD and lung inflammation [25–27].

We examined associations between the lung proteome and lung function (FEV1 % pred) by uniquely
combining our untargeted proteomics data from BALF soluble component and BALF insoluble component
with a targeted proteomics assay from BALF soluble component using SomaScan technology. This
broadened our depth of coverage for the proteome as most proteins in each group were unique. Our
permutation-based approach to combine results across three datasets yielded 401 proteins significantly
correlated with FEV1 % pred when unadjusted for smoking, and after multiple comparisons adjustment we
identified a significant pathway. This pathway, cell surface interactions at the vascular wall, has been
previously reported as an enriched pathway among COPD-omics subtypes [28]. Vascular remodelling is
associated with lung decline in COPD and may contribute to gas exchange impairment and loss of the
alveolar structure [29]. This pathway may play a role in the reduction in pulmonary diffusing capacity and
increased presence of emphysema in PLWH infection who are actively smoking [30–32]. In our analysis
adjusted for smoking, we identified three pathways, one of which, cell adhesion molecules, was significant
in both unadjusted and adjusted models. Cell adhesion molecular families are involved in the inflammatory
response in the lung and are responsible for both epithelial and endothelial integrity [33]. These molecules
have recently been identified as therapeutic targets for COPD, particularly COPD exacerbations, and
appear to be prominent irrespective of smoking status [26].

Previously, we reported on an endotype driven by unique proteomic and metabolomic abundance patterns
[14]. This endotype was generally composed of older men with especially poor lung function who largely
identified as black, non-Hispanic. The proteins associated with this cluster mapped to pathways involved
with insulin, FOXO transcription factors, apoptosis, RNA metabolism and retinol metabolism. We
corroborated this endotype in the BALF soluble component proteome using an untargeted TMT labelled MS
approach. Consensus clustering revealed that analysis of the BALF soluble component by TMT and
SomaScan adhered more closely to a similar clustering pattern that was not apparent from the insoluble
component fraction. The correlation between the soluble component TMT and SomaScan likely relates to the
testing of the same BALF compartment, i.e. the BALF soluble component and its associated proteome. We
found that although the insoluble component TMT proteome differentiated patients with OLD, its associated
cluster did not have an identifiable demographic or physiological, i.e. lung function (FEV1 % pred),
association. This difference in clustering likely relates to the insoluble component and soluble component
differing in the cellular compartment and biological and molecular processes that they represented.

There are several limitations to this study. The small sample size of our data likely limited the number of
pathways we could detect among the significant proteins. A larger sample size may give us more power to
identify proteins and pathways associated with OLD or COPD pathogenesis. In addition, there are many
confounders that could impact our findings, such as previous lung infection, environmental exposures and
other medications that we were unable to account for. Lastly, our study also did not include HIV-negative
controls, limiting our understanding of the involvement of the HIV infection itself in our results.

Overall, the strength of this study is the depth of proteome coverage and the combination of
complimentary proteomic platforms such as an MS-based untargeted approach and the targeted approach
of SomaScan. In addition, by comparing unadjusted to adjusted models for smoking, we can compare the
effects of smoking status on the lung proteome.
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In conclusion, we were able to utilise a combination of untargeted and targeted proteomic approaches to
identify proteins and pathways that associated with HIV-associated OLD. This combination greatly expanded
the proteomic coverage of the BALF. In addition, we validated a unique endotype consisting primarily of
black men with severe obstruction with a unique proteomic and metabolomic signature. Furthermore, we
demonstrated that the lipid-rich insoluble component, which often is discarded prior to processing, identifies
proteins unique from the BALF soluble component and ones that correlate with lung function.
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