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Abstract

The lung is a vital organ that undergoes extensive morphological
and functional changes during postnatal development. To
disambiguate how different cell populations contribute to organ
development, we performed proteomic and transcriptomic
analyses of four sorted cell populations from the lung of human
subjects 0–8 years of age with a focus on early life. The cell
populations analyzed included epithelial, endothelial,
mesenchymal, and immune cells. Our results revealed distinct
molecular signatures for each of the sorted cell populations that
enable the description of molecular shifts occurring in these
populations during postnatal development. We confirmed that
the proteome of the different cell populations was distinct
regardless of age and identified functions specific to each

population. We identified a series of cell population protein
markers, including those located at the cell surface, that show
differential expression and distribution on RNA in situ
hybridization and immunofluorescence imaging. We validated
the spatial distribution of alveolar type 1 and endothelial cell
surface markers. Temporal analyses of the proteomes of
the four populations revealed processes modulated during
postnatal development and clarified the findings obtained from
whole-tissue proteome studies. Finally, the proteome was
compared with a transcriptomics survey performed on the same
lung samples to evaluate processes under post-transcriptional
control.
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The unique architecture of the mammalian
lung is a result of evolutionary adaptation to
breathing air (1, 2). To fulfill its diverse
functions, the human respiratory system
comprises cell types derived from embryonic

neuroectoderm, mesoderm, and endoderm
(1, 3). Many cell types with specific
proportions and localization form the diverse
pulmonary tissue niches (3, 4), including
pleura, bronchi, proximal and distal small

airways, submucosal glands, alveolar
saccules, and vasculature (1, 5–8).
Throughout development, cellular and
molecular events drive morphogenesis
and achieve functions required for
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breathing and defense against pathogens.
Understanding these mechanisms is critical,
as abnormal morphogenesis or function can
lead to acute or chronic respiratory diseases
in children and adults (9–12). Although
traditional experimental approaches have
defined diverse aspects of human lung
development, significant gaps remain in
our understanding of the molecular and
signaling pathways that control the
formation and functioning of pulmonary
tissues. High-throughput omics technologies
now enable the precise measurement of
thousands of biomolecules from the same
tissue. Most omics studies performed during
pulmonary mammalian development have
focused on the profiling of bulk tissue
metabolites (13), lipids (14, 15), proteins
(16, 17), RNAs (18–21), and chromatin
accessibility (22). Although there are dozens
of omics datasets in human tissues (23–25),
most were performed from fetal and adult
tissue, and only a limited number of
unbiased studies were performed on infants
tissues because of the scarcity of tissue
repositories containing these type of cases
(15, 19, 22, 26). Two studies combining
proteomics and transcriptomics during
development, one from bulk pulmonary
tissue (27) and another from laser
microdissected alveolar parenchyma (26),
suggested a limited correlation between
protein and RNA abundances, likely due to
post-transcriptional events. Although
informative, these studies were performed on
heterogeneous whole-lung tissues composed
of many cell types. In the past decade, single-
cell RNA sequencing (scRNA-seq) has
been performed on pulmonary tissues,
demonstrating further the complexity of
the organ and the importance of studying
key cell populations in health and disease
(3, 20, 28–31). Although the field of single-
cell proteomics is progressing (32–35), the
current throughput limits the execution of
large studies on individual dissociated cells.
Waiting for single-cell proteomics to become

amenable to extensive studies, we opted for
an intermediate approach using FACS to
isolate the four main cell lineages composing
the lung (i.e., epithelial, endothelial,
nonendothelial mesenchymal, and mixed
immune cells). We used this strategy
previously to characterize molecular
differences among the cell populations
(15, 36, 37) at a single time point (e.g., 20 mo
of age) for the proteome and the lipidome
(15, 36) and between 1 day and 4 years for
the transcriptome (37). In this study, we
analyze cell population–specific temporal
abundance shifts in the proteome and
transcriptome in lung cells from donors
between 0 and 8 years of age obtained from
theMolecular Atlas of Lung Development
Program’s Biorepository for Investigation of
Neonatal Diseases of the Lung (https://
brindl.urmc.rochester.edu) (38).

Here, we performed deep proteome
profiling to identify biochemical pathways
and cell markers characterizing different cell
populations. Comparison of the proteomics
dataset with RNA sequencing performed on
the same sorted cell populations from the
same lung sample, defined processes that are
potentially post-transcriptionally regulated.
The unique proteomics data and analyses
provided from a range of human pediatric
lung sample ages will serve as a unique
resource for the study of molecular events
mediating normal postnatal lung
development.

Methods

Detailed methods can be found in the data
supplement.

Human Donors
Human lung tissue was obtained through the
nonprofit United Network for Organ
Sharing facilitated by the International
Institute for the Advancement of Medicine
and the National Disease Research
Interchange. The process for procuring lungs
can be found at https://www.protocols.io/
view/602-2-donor-acceptance-criteria-for-
urmc-htc-hubma-4r3l28dnql1y/v1. Lungs
were of transplant quality; researchers were
offered tissue only if it could not be placed
for transplantation. Consent was given for
the use of the deidentified tissue of a
deceased donor in nonhuman subjects
research overseen by the University of
Rochester Research Subjects Review Board
protocol (RSRB00056775). Donor metadata

are provided in the Dataset E1 in the data
supplement, and distal tissue hematoxylin
and eosin stains are shown in Figure E1.

Tissue Dissociation
The primary human lung cell dissociation
protocol is available at https://www.
protocols.io/view/702-b-3-urmc-htc-lung-
tissue-digestion-sop-workshe-81wgbpbjqv
pk/v1 and has been previously applied (34).

FACS
Enrichment of lung cell populations was
performed using FACS as described
previously (37). Briefly, cells were sorted
sequentially to obtain populations of mixed
immune cells, endothelial cells, epithelial
cells, and mesenchymal cells (Figure 1).

Protein Extraction and Digestion
Proteins and lipids were extracted from the
same samples of sorted lung cell populations
using a multiomics extraction method called
MPLEx (39).

Liquid Chromatography and Mass
Spectrometry
Five hundred nanograms of trypsin digested
peptides were analyzed using reverse
phase separation (C18) using aWaters
nanoACQUITYUPLC system interfaced
with a Q Exactive Plus Orbitrap (Thermo
Scientific) mass spectrometer. Peptides were
separated over a 180-minute gradient. Liquid
chromatography effluent was analyzed using
a top 12 data-dependent acquisition mode.
Raw data were deposited at MassIVE
(https://massive.ucsd.edu) under accession
number MSV000094189.

Transcriptomics
Transcriptomic assessment was performed
using bulk RNA sequencing on sorted cells
derived from the lung tissues collected from
the same 11 pediatric donors as the
proteomics survey.

Proteomics Data Analysis
Rawmass spectrometry data were analyzed
using MaxQuant (Max Planck Institute of
Biochemistry, version 1.6.0.16; https://www.
maxquant.org/) against theHomo sapiens
UniProt database including splicing variants
(downloaded September 10, 2020) and
standardMaxQuant contaminants. MaxLFQ
was used for quantification. Default
parameters were used except for a matching
window of 1.5 minutes formatch between run.

Clinical Relevance

This paper details the change in the
proteome and transcriptome
occurring in human normal
development. The results also enable
the identification of protein markers
of cell types and populations.
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Proteomics and Transcriptomics
Quantitative Analyses
Quantitative data were further processed
using the homemade package
RomicsProcessor version 1.0 (https://zenodo.
org/records/10459578). Student’s t tests and
trend analyses were performed using linear
and quadratic regression models to identify
the analytes that exhibited significant
changes in normalized abundances across
time (i.e., age), as previously described (27).
Enrichment analyses were performed using
DAVID (40).

Immunohistochemistry from the
Human Protein Atlas
Immunohistochemistry images were
reproduced with authorization (Courtesy of
Human Protein Atlas version 22) (41)
(http://v22.proteinatlas.org/human
proteome/tissue).

Immunofluorescence Verification of
Alveolar Epithelial Cell Markers
The protocol generating multiplexed
immunofluorescence images is adapted from
the protocol available at https://www.
protocols.io/view/814-1-multiplexed-
immunofluorescence-phenocycler-f-
c7nrzmd6.html. CD55 was imaged using

immunofluorescence on deparaffinized and
rehydrated slides.

RNA In Situ Hybridization
Using the high-throughput in situ
hybridization experimental approach
previously described (42) and adapted for
human tissues, we collected images of gene
expression from left upper lobe tissue blocks
from the Biorepository for Investigation of
Neonatal Diseases of the Lung. Probe
sequences details are provided in the data
supplement.

Results

Experimental Plan
Human lung samples were collected from
11 donors with ages ranging from 1 day to
8 years old. As depicted in Figure 1, for
each donor, after cell dissociation using
an enzymatic cocktail, cell types were
sequentially sorted as previously described
(37) and detailed in the METHODS section
(Figure 1). The four cell lineages sorted are
the following: mixed immune cells (CD2352

and CD451), endothelial cells (CD2352,
CD452, and PECAM1), epithelial cells
(CD2352, CD452, PECAM2, and
EPCAM1), and nonendothelial

mesenchymal cells (CD2352, CD452,
PECAM2, and EPCAM1). Each sorted
population for each donor was separated in
two tubes; one was used for transcriptomics
and the other for theMPLEx procedure to
extract polar metabolites, proteins, and lipids
from the exact same sample (39). Proteomics
was performed by liquid chromatography–
tandemmass spectrometry.

Cell Populations Have Distinct
Proteomes Showing Functional
Specializations
The proteomics profiling of the different cell
populations can indicate the cellular
functions achieved by each population and
provide clues on how they contribute
collaboratively to tissue functions. This study
enabled the quantification of 5,540 proteins
across cell populations and postnatal ages. As
different cell populations achieve diverse
functions, we anticipated that their proteome
would diverge regardless of the age at
donation. A principal-component analysis
(PCA) confirmed that the proteomes mostly
clustered on the basis of their population
(i.e., endothelial, epithelial, mesenchymal,
andmixed immune cells). Although
epithelial and immune proteomes separated
in a three-component PCA space, the
proteomes of the endothelial and
mesenchymal populations overlapped
slightly (Figure 2A). To establish the function
achieved by the different populations, we
filtered the proteins that were either uniquely
detected or more abundant in each
population compared with all others
(P, 0.05, Student’s t test). These proteins
were considered population markers
(Figure 2B and seeDataset E1). The epithelial
cells had the highest number of markers,
with 1,492 uniquely detected or highly
abundant markers. Endothelial cells and
immune cells had 1,262 and 912 protein
markers, respectively. For mesenchymal cells,
we identified only 247 makers.

We performed functional enrichment
analyses for the markers of each population
using the DAVID bioinformatics resources
(43) to evaluate the function performed
by the different populations. Figure 2C
depicts representative Gene Ontology (GO)
terms enriched for biological processes.
The integral list of GO terms and Kyoto
Encyclopedia of Genes and Genomes
pathways associated with the population
markers is available in Dataset E1.
These analyses corroborated anticipated
functions of the different cell populations.

Human 
pulmonary
tissue

Dissociated 
cells

FACS 
sorting

Cell sorting strategy

Non erythrocytes

Cell population
transcriptomics

Mixed 
Immune Cells

Non
Leukocytes

Non endothelial
Non leukocytes

Endothelial
cells

Mesenchymal
cells

Epithelial
cells

CD235-

CD45- CD45+

PECAM1- PECAM1+

EPCAM- EPCAM+

Cell population
proteomics

Figure 1. Schematic representation of human lung tissue dissociation, cell-sorting strategy,
and cell population proteomics and transcriptomics. Dissociated cells from 11 donors were
sequentially sorted for CD451 mixed immune cells, PECAM11 endothelial cells, EpCAM1

epithelial cells, and CD452, PECAM2, and EPCAM2 mesenchymal cells. Sorted populations
were divided into two tubes: one for MPLEx multiomic sample preparation and proteomic
assay and the other for transcriptomics.
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Endothelial cell markers were enriched in GO
terms related to angiogenesis (GO:0001525),
blood coagulation (GO:0007596) or other
vascular function (e.g., GO:0043114,
GO:0030948). Epithelial cells were
enriched in GO terms related to aerobic
respiration (e.g., GO:0032981, GO:0042776,
GO:0009060). One of the main functions of
alveolar type 2 (AT2) cells is the production
of the lipid-rich alveolar surfactant (44), and
the enrichment analysis revealed that the
epithelial population was enriched in many
lipid-related GO terms (e.g., GO:0006695,
GO:0006629, GO:0006633). As a ciliated
epithelium covers the surface of the airways
(7, 8), various cilium-related terms were
also enriched in the markers of this
population (e.g., GO:0060271 GO:0003341,
GO:0003351, GO:0060285). The immune
population markers were associated with
function related to defense against bacteria.
Many immune processes were enriched
in this population, including pyroptosis
(GO:0070269), defense response to
bacterium (GO:0042742), phagocytosis
(GO:0006911), leukocyte migration
(GO:0050900), neutrophil degranulation
(GO:0043312), and inflammatory response
(GO:0006954). Finally, the mesenchymal
population was enriched in function related
to contractile elements or muscle, likely
because of the presence of smoothmuscle
cells, and potentially myofibroblasts, in this
population (e.g., GO:0030049 GO:0045214,
GO:0006936). Other GO terms enriched for
this population are related to fibroblast
functions in wound healing (GO:0042060)
(45) and extracellular matrix deposition
(e.g., GO:0030198, GO:0030199, GO:0007160)
(46, 47). These enrichment analyses show that
the cell-sorting method was largely effective
but also revealed unexpected population-
specific functions that will require further
validation. For example, terms related to
telomere, RNA splicing, and DNA repair
were enriched in the endothelial population,
which hypothetically may be linked to
waves of proliferation expected in this cell
population postnatally (48).

Identification of Cell Subpopulation–
Distinguishing Cell Surface
Protein Markers
Cell types and cell states are commonly
resolved through protein markers, often
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(PCA) shows clustering of proteins on the basis of population. Epithelial and immune
proteomes separated in a three-component PCA space; the proteomes of the endothelial and
mesenchymal populations overlapped slightly. (B) Uniquely abundant proteins of sorted cell
population. (C) GO terms for BP enriched in each cell population on the basis of their fold
changes and P values. BP=biological processes; END=endothelial cells; EPI =epithelial cells;
GO=Gene Ontology; MES=mesenchymal cells; MIC=mixed immune cells; PC=principal
component.



corresponding with functional properties of
the cells. Immunophenotyping and sorting
of cells on the basis of surface antigens is one
of the most common uses of flow cytometry,
to enable the identification and enriching of
new or rare cellular populations. Identifying
surface markers retained on dissociated cells
is a prerequisite to selecting optimal protein
targets for antibody-mediated cell sorting. To
help identify cell surface markers potentially
amenable to such applications, we extracted a
list of 739 marker that have been either
experimentally evidenced or in silico
predicted to be localized at the surface of the
human cells. To do so, we used experimental
data from the subcellular Human Protein
Atlas database (49) and predictions from the
in silico human surfaceome (50) or observed

to be localized at the cell surface (Figure 3A).
Then, we used scRNA-seq datasets collected
by theMolecular Atlas of Lung Development
Program consortium (https://www.lungmap.
net/cell-cards/) (3, 24) to identify 133
handpicked markers that may present
some expression specificity at the cell type
level, for those we provide their relative
expression in different cell types as well as
immunohistochemistry-stained images from
the Human Protein Atlas (seeDataset E2 and
Figure 3B). Some pan-population endothelial
makers expressed in most endothelial cell
types included TBHD, CDH5, and CD34. In
addition, somemarkers associated with
specific cell types were found. PRX and CA4
were shown to be expressed exclusively in
capillaries (28), EDNRB was demonstrated to

be distinctive in capillary type 2 cells
(aerocytes) in a murine model (51), and
ARCKR1 (also known as DARC) is
expressed in murine venular endothelial cells
(52). Epithelial markers suggested included
the AT2markers LAMP3 (53) and ABCA3
(54). CCDC170 was reported to be highly
expressed in ciliated cells throughout the
body and was also identified as candidate
surface marker (55). Two previously known
AT1 pneumocyte marker were identified in
this population: AGER (also called RAGE)
(53) and AQP4 (56). Mesenchymal markers
included fibroblasts markers PDGFR-b,
LMCD1 (57), and ADH1B (58). Finally,
mixed immune cell surface markers were
composed of the pan-leukocyte maker
integrin aL (ITGAL also known as CD11a),
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the macrophage markers CD163 and CD14
(59), and STAB1 (stabilin-1), a scavenger
receptor involved in leukocyte trafficking
(60).

CD55 and SCEL (sciellin) RNA was
found to be enriched in AT1 cells in scRNA-
seq datasets (3, 24). To verify their tissue
protein distribution, we performed
immunostaining. CD55 (Figure 4A), also
known as DAF (decay-accelerating factor), is
a glycoprotein involved in the regulation of
the complement pathway (61). It was found
covering most of the surface of the alveolar
space but not airway regions, consistent with
AT1 gas exchanging interface. Some immune
cells localized in the alveolar space (likely
alveolar macrophages) also showed staining

for CD55. SCEL (Figure 4B), a protein
described as precursor of cornified envelope
(62), was found uniquely in regions
corresponding to AT1 cells. Regions
immunostained with SCEL generally
overlapped with luminal cell regions stained
with RAGE, a knownmarker of AT1.
SCEL was not at the apical surface of cells
expressing SFTPC, a marker of AT2 cells.
Further validations, using antibody-based
methodologies, would be required confirm
that the protein does not delocalize after
being expressed.

We also performed RNA in situ
hybridization for CD55 and known or newly
identified endothelial markers (e.g., PALMD,
PRX, ACKR1, THBD, FLT4; Figure 4C).

CD55 was found selectively in alveolar
regions in a similar fashion as in
immunofluorescence. A signal is also seen in
some airway-like regions that is so general
that it is suspected to be nonspecific RNA
detection. PALMD had a ubiquitous
expression but with notably high expression
in arteries surrounded with smooth muscle.
Similar to the CD55 image, a signal was also
detected in some airway-like regions
(consistent with unspecific binding). As
expected, the expression of PRX, a known
marker of capillaries (28), was restricted to
selective cells localized in the alveolar
parenchyma. ACKR was present in
vasculature around larger bronchioles,
potentially systemic vessels, and “corner
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Figure 4. Validation of some of the cell markers by immunofluorescence and in situ hybridization. (A) Immunofluorescence showing the
localization of CD55, arrows indicate AW, AMs performed on Biorepository for Investigation of Neonatal Diseases of the Lung (BRINDL) donor
D129 (normal pathology, female, age 3 yr). Scale bars, 50 mm. (B) Multiplexed immunofluorescence showing the colocalization of AGER/RAGE
and SCEL at the surface of alveoli, SFTPC is used as an AT2 marker performed on BRINDL donor D016 (normal pathology, male, age 9 yr).
Scale bars, 50 mm. (C) Detection of representative mRNA probes by in situ hybridization. Most genes shown here express in endothelial
cells, with epithelial CD55 included for comparison. PALMD is a general endothelial marker that is seen lining vessels (inset), in capillaries,
and in the systemic venous endothelial cells. PRX is found in capillaries only (inset). Scale bars: 1 mm; 100 mm (inset). ACKR1 is found in the
systemic venous endothelial cells in the bronchial vascular plexus (inset) and unexpectedly in the alveolar septa. THBD is seen in vessels
(inset) and capillaries. FLT4 is found only in capillaries (inset) and lymphatic cells. Off-target/nonspecific uptake of some mRNA probes is seen
in the ciliated lining of bronchioles. In situ hybridization was performed on serial sections of a single tissue block from donor D011 (normal
pathology, female, age 20 mo). AM=alveolar macrophage; Autofluo.= autofluorescence; AW=airway; RAGE= receptor for advanced glycation
endproducts; SCEL= sciellin.



vessels in alveoli” but not in smooth muscle
surrounded arteries. TBHDwas localized in
regions surrounded by smooth muscle
surrounded regions consistent with arterial
endothelial cells, in the alveolar parenchyma
likely in capillaries, and in interstitium
surrounding medium arteries and airways
consistent with the expected localization of
endothelium of veins or lymphatic
capillaries. Finally, FLT4 was found in
regions consistent with capillaries (e.g., both
lymphatic and alveolar capillaries). Overall,
these validations demonstrate that protein
markers with differential cellular distribution
that could be used for cell typing or cell
sorting of specific populations. Similar
coupled analyses of the proteomic and
scRNA-seq datasets with spatial
transcriptomic and immunochemical
imaging will be used for the discovery of
usable, cell-distinguishing markers for
appropriate for different applications.

Cell Population Proteomes Are
Dynamic during Postnatal
Development
We recently established the proteome of the
developing lung for donors of the same age
range as in the present study (27). That
study, performed from tissue blocks
comprising diverse cell types, did not allow
us to evaluate the contribution of the
different cell populations to the modulations
observed. Here, we sorted the four broad cell
populations composing the pulmonary tissue
and confirmed that they had distinct
proteomes. We separated the proteome
analysis by cell population to evaluate
population-specific age-dependent trends.
First, a PCA was performed for each cell
population (Figure 5A). For most
populations, the proteome of the samples
with age less than 30 days segregated from
the proteome of older donors, demonstrating
that the cell population proteomes are
temporally dynamic. The exception to this is
that the immune proteome of a 4-month-old
donor (D024, the youngest of the other
donors) was not separated from the
proteome of donors less than 1 month old on
the first principal component.

Proteome Trend Analysis and
Pathway Modulation during Postnatal
Development
To explore further the temporal changes
occurring in each population, for each
quantifiable protein (with abundance value
in at least one-third of the samples of a given

population), we performed trend analyses
fitting linear and quadratic models to the
protein abundances on the basis of their age.
On the basis of the trend-fitting P values,
each quantified protein was categorized into
one of five protein sets: linear decreasing,
linear increasing, quadratic concave,
quadratic convex, and unspecific. The
abundance of the proteins in the unspecific
protein set did not significantly fit either a
linear or a quadratic model.

We performed enrichment analysis on
the four specific protein sets to understand
the functional dynamic for each cell
population. The complete list of enriched
GO terms and Kyoto Encyclopedia of Genes
and Genomes and Reactome pathways is
provided in Dataset E2. For the biological
process GO terms, we grouped the enriched
terms in a table to identify pathways
following similar or opposite trends in
different cell populations (seeDataset E2).
The GO terms related to mitochondrial
respiration (GO:0042776, GO:0009060,
GO:0006120, and GO:0032981) were
enriched in the linear decreasing protein set
for the four cell populations, suggesting a
higher energy demand in early life, when
higher cellular proliferation is expected
(Figure 5B). These GO terms were also
enriched in the set of proteins linearly
increasing in epithelial cells. The other terms
that were enriched in the protein set
decreasing in all four cell populations were
GO:0043044 (ATP-dependent chromatin
remodeling), GO:0000398 (mRNA splicing,
via spliceosome), and GO:0045944 (positive
regulation of transcription from RNA
polymerase II promoter). The reasons for the
higher abundance of spliceosomal subunits
postnatally compared with more mature cell
populations remains to be explored.
Moreover, the proteins related to
proliferation (e.g., growth factor signaling,
transcription, spliceosome), epigenetics (e.g.,
chromatin remodeling), respiration (e.g.,
mitochondrial functions, aerobic
respiration), and developmental regulation
(e.g., angiogenesis, signal transduction,
GTPase activity) decreased with age during
postnatal development. The GO term
GO:0050821 (protein stabilization) showed a
pattern of linear increase across the cell types.
The other terms that were enriched in the
protein set increasing in one or more cell
populations include GO:0022617
(extracellular matrix disassembly),
GO:0006879 (cellular iron ion homeostasis),
GO:0006508 (proteolysis), and GO:0016241

(regulation of macroautophagy). GO terms
for proteins related to cholesterol
homeostasis (GO:0042632) and fatty acid b
oxidation or metabolic process were linear
increasing in all cell types except epithelial
cells (GO:0006635 and GO:0001676). These
results show the complexity in cellular
response at different stages of early life and
within each population.

Cell Population–Specific Proteomics
Disambiguate Abundance Modulation
for Specific Pathways
We previously performed similar trend
analyses for the proteome of bulk
pulmonary tissues (24). For some pathways,
interpretation was difficult because of the
convoluted nature of the data generated
(e.g., originating from amixture of cell
populations). An example that we
highlighted with bulk tissue proteomics (27)
is the proteasome. In the whole-lung tissue,
most of the proteasomal proteins followed
decreasing trends, including the proteolytic
subunits b1 (PSB1), b2 (PSB2), and b5
(PSB5). However, the immunoproteasome
proteolytic subunits ib1 (PSB9), ib2 (PSB10),
and ib5 (PSB8) and the PA28-Ab particle
followed an inverse trend (27). In the
population-specific proteome presented
here, we first compared the abundance of
proteasomal subunits regardless of age in the
different cell populations (Figure 5C and
seeDataset E3). We generally observed that
proteasome subunits were more abundant
in the endothelial and immune cell
populations compared with the epithelial
andmesenchymal ones. Thirty-four of 40
proteasomal proteins quantified had a
lower abundance in the epithelial population
compared with the endothelial population
(P, 0.05, t test) and 33 of 40 compared
with the immune population. The largest
abundance differences were observed for the
immunoproteasome-specific proteins ib1
(PSB9), ib2 (PSB10), and ib5 (PSB8) and
the PA28-Ab particle proteins PSME1 and
PSME2. Similarly, 29 of 40 and 32 of 40
subunits were significantly less abundant
in mesenchymal cells compared with
endothelial and immune cells, respectively.
The proteasome subunits generally follow a
decreasing abundance trend with age in the
epithelial andmesenchymal populations,
with 30 of 40 and 21 of 40 proteins fitted
to a decreasing trend (linear model fitting
P, 0.05). Fewer proteins were modulated in
endothelial and immune cells. However, the
subunits that were significantly modulated
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Figure 5. Proteomics changes in individual cell population by age. (A) Principal-component analysis showing age-dependent protein clustering
within each sorted cell population. The proteome of the samples with age less than 30 days segregated from the proteome of older donors,
with an exception for the immune proteome of a 4-month-old donor, D024. (B) Age-dependent patterns of pathway enrichment in sorted cell
population on the basis of the proteomics results. A complete table and list of proteins contributing to each Gene Ontology biological process
term are provided in Dataset E3. (C) The scaled abundance of proteasomal subunits has been represented in each cell population regardless
of age. Note that proteasome subunits were more abundant in the END and MIC populations compared with the EPI and MES. Log2(FC) and
linear trend direction are displayed only for proteins with P, 0.05 (Student’s t test) or P, 0.05 (linear fitting), respectively. FC= fold change.



were mostly immunoproteasome subunits
and followed an opposite trend. Six of 40
proteasomal proteins increased with age in
endothelial cells and 9 of 40 in the immune
population. Taken together, these results
suggest that proteasomal activity, in
particular immunoproteasome activity, is
higher and increases with age in immune
and endothelial cells. Conversely, the
abundance of the proteasome is faint in
epithelial andmesenchymal cells with age.

Protein and Transcript Anticorrelated
Functions Highlight Potential
Post-transcriptional Regulation
RNA sequencing was performed on the
sorted cell populations, with the goal of
identifying the proteins and processes
regulated at the post-transcriptional level
during postnatal development. Overall, a
limited number of specific transcript–protein
pairs displayed directly opposite abundance
trends: 27 in endothelial cells, 33 in epithelial
cells, 14 in mesenchymal cells, and 3 in
mixed immune cells. Therefore, to discern
differences between proteins and mRNAs,
we compared the enriched GO biological
process terms exhibiting distinct trends in
proteomics and transcriptomics data.
Endothelial cells exhibited a greater number
of enriched biological processes following the
opposite trend (whether linear or quadratic),
with 47 terms presenting an inverse trend in
RNA and protein, suggesting that the highest
degree of post-transcriptional regulation may

occur in endothelial cells. Epithelial cells had
28 terms with opposite trends, mixed
immune cells had 15, and mesenchymal cells
had 8 (seeDataset E4). For simplicity, only a
few processes showing opposite linear trends
in association with age are described below.

Processes related to antigen processing
and presentation (GO:0019882,
GO:0002503) and T-cell activation
(GO:0050870) were associated with different
trends both in epithelial and endothelial cells.
For instance, in endothelial cells, whereas the
transcripts associated with these immune
processes decreased with age, the proteins
increased over time (Figure 6 and seeDataset
E4). Conversely, in epithelial cells, although
the transcripts associated with these immune
processes increased with age, the proteins
decreased. Interestingly, in mesenchymal
cells, both RNA and proteins associated with
antigen processing and presentation
increased over time. These results suggest a
complex and cell population–specific post-
transcriptional regulation of antigen
processing and presentation. In endothelial
cells the processes DNA recombination
(GO:0006310), positive regulation of DNA
reparation (GO:2000781), and regulation of
nucleotide-excision repair (GO:2000819)
were associated with RNA increasing in
abundance, while the proteins decreased with
age. In epithelial cells, hematopoietic stem
cell differentiation (GO:0060218) and DNA
topological changes (GO:0006265) were
associated with increased RNAs and

decreased proteins with age. In mesenchymal
cells, GO terms associated with response
to toxic substances (GO:0009636 and
GO:0010033) were associated with linearly
increasing RNAs but decreasing proteins
with age. Finally, in immune cells, the terms
response to LPS (GO:0032496) and cellular
calcium ion homeostasis (GO:0006874)
followed the opposite temporal trend, with
the RNA decreasing and the proteins
increasing with age. These processes, playing
pivotal roles in immunity and DNA integrity,
seemed to be particularly regulated at the
post-transcriptional level.

Discussion

Recently, we conducted deep proteome
profiling of human lung tissue blocks
spanning from birth to 8 years of age (27). In
that study, we identified transcription factors
modulated during postnatal development
and confirmed the existence of substages
of pulmonary postnatal development.
Moreover, the research provided insights
into the intricate remodeling of the
extracellular matrix, as the alveolar
parenchyma densifies concurrently with
alveolar septal thinning. Because it was
performed on bulk tissue, that study was
unable to unambiguously distinguish the
relative contributions of different cell
populations. In the present study, the use
of cell sorting with proteomics and
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Figure 6. Comparison of proteomics and transcriptomics pathway enrichment. This table shows GO biological process terms associated with
RNA and proteins following opposite temporal linear trend (increasing or decreasing with age) for at least one cell population (orange, END;
blue, EPI; purple, MES; yellow, MIC). For each specific enriched GO term, pink indicates RNAs or proteins that decrease with age, and blue
indicates RNAs or proteins that increase with age.



transcriptomics enabled the investigation
of different cell populations to the postnatal
pulmonary proteome. Pan-population
markers have been identified for different
lung cell lineages, including epithelial cells
(e.g., EpCAM), endothelial cells (e.g., CDH5,
PECAM1), or immune cells (e.g., CD45).
The markers available for sorting specific
pulmonary cell types are rather limited,
except for immune cells, as historically, the
immunology community heavily invested in
identifying cellular markers (63, 64).
Recently, Travaglini and colleagues used
pan-population and immune cell sorting to
broaden their ability to detect rarer cell types
or subtypes (4). We perceived the limited
number of available markers as both a
constraint and an opportunity. While we
opted to use pan-population markers to sort
cells into the four main lineages of
pulmonary cells (i.e., endothelial, epithelial,
immune, and mesenchymal cells), we used
the data generated to identify cell
type–specific markers (and cell surface
markers) on the basis of scRNA-seq
surveys. Some of the identified markers were
used to develop a highly multiplexed
immunofluorescence panel (the CODEX
panel; https://www.protocols.io/view/813-1-
multiplexed-immunofluorescence-
phenocycler-f-6qpvr38dpvmk/v2), enabling
the visualization, localization, and counting
of specific cell types in pulmonary tissues. In
a recent publication by Dylag and colleagues,
we used this multiplex panel to quantify cell
types in both control subjects and patients
with bronchopulmonary dysplasia (65).
Knowing protein-level cellular markers
allows us to infer shifts in cell-type
proportions from the proteome of tissue
blocks (bulk proteome). The shifts observed
were systematically confirmed by
multiplexed immunofluorescence imaging
cell counting. More important, we anticipate
that the list of protein markers generated
here will aid in identifying cell-sorting
markers useful for extracting specific cell
populations relevant to disease, either to
obtain deep omics profiling of these cell types
or to generate disease models such as
organoids (66, 67) or organs-on-a-chip (68).
We believe that the identification of sorting
markers is a prerequisite for conducting
in-depth omics studies, such as RNA
sequencing, proteomics, or lipidomics, to
explore the perturbations within cell
relationships. Example of relationships that
could be explored include the relationship

between capillary 1 cells (also known as
aerocytes) (3, 51) andAT1 cells that may be
perturbed in bronchopulmonary dysplasia (69)
or the relationship between fibroblasts and
AT2 cells perturbed in pulmonary fibrosis
(70, 71). As the cells were sorted using broad
markers, it is possible that some cell types not
presenting thesemarkers end up being present
in an unexpected, sorted cell population.
Careful validation ofmarkers to be used for
imaging or sorting will be necessary prior to its
use for biological interpretations.

The use of sorted cell proteomics helped
discern the contributions of different cell
populations to specific pathway-level
changes, which are observed in bulk omics
analyses. The examination of the abundance
changes of the different component of
proteasome is a perfect illustration of this. In
bulk proteomics data, the core proteasome
was decreasing through development and the
immunoproteasome components increased.
Here, the deconvolution of the proteome
into lineage allows us a better interpretation.
Our observations reveal that proliferative
epithelial andmesenchymal cells exhibit
elevated proteasome expression compared
with their quiescent counterparts, likely
reflecting higher protein turnover rates in
proliferative cells. Interestingly, the
proteasome was constitutively present in
endothelial and immune cells regardless of
age. Although the enhanced degradation of
abnormal or exogenous proteins in immune
cells was expected, the similar pattern in
endothelial cells was unforeseen.
Speculatively, pulmonary endothelial cells,
such as Cap1 (also known as aerocytes), may
require a functional proteasome to mitigate
oxidative stress associated with their oxygen
transport function (72). More generally,
we hypothesized that the GO terms and
pathways associated with proteins decreasing
with age might be linked to the reduction of
cellular proliferation with age. Therefore, it
is plausible that the reactivation of these
pathways is crucial during pulmonary tissue
repair processes. For instance, glycolysis and
oxidative phosphorylation, vital for ATP
production, decline with age across all cell
populations. Recent evidence highlights the
upregulation of these pathways as essential
for AT2 differentiation into AT1 cells during
alveolar tissue reparation (73). Similarly,
spliceosome proteins exhibit high abundance
postnatally but gradually decrease across all
cell populations. A study carried out in a
murine model revealed that proliferative
“migratory” AT2 cells express higher

amounts of spliceosome components
compared with quiescent AT2 cells (74).
On the other hand, pathways with protein
abundance increasing with age likely reflect
the specialization of cell types composing the
sorted populations. A current limitation of
our study is that we did not perform deep
characterization of specific cell type/state, but
we truly hope that the markers identified will
enable us to perform sorted cell-type studies
in the near future.

Finally, we compared the proteome
with the transcriptome of the same cell
populations. This exercise was challenging,
as only a few protein transcript pairs were
modulated concurrently in the two
datatypes, because of either a difference in
abundance variations of proteins and RNAs
or real difference between transcriptional
and translational regulatory events. We
therefore focused on pathway-level
modulation and identified a few pathways
that seemed to be post-transcriptionally
regulated. For example, in both endothelial
and epithelial cells, antigen presentation was
found to follow opposite trends at the
transcript and protein levels. As the lung
epithelium directly interacts with the external
environment, it is logical for these cells to
be critical regulators of immunity. The
expression of MHC-II by AT2 cells was
shown essential for an optimal response
against viral infections (74). Lung endothelial
cells have also been shown to express
antigens (27, 75). However, how antigen
presentation is regulated in epithelial and
endothelial cells remains unclear (76), and
our data suggest that post-transcriptional
regulation may be essential in this process,
which would require further investigations.
Single-cell proteomics and spatial proteomics
are progressing at rapid pace, but the
throughput of these technologies remains
limiting (34, 77). The results of the work
performed here could be compared with
spatially resolved proteomics to identify cell
population markers uniquely localized in
specific structures (e.g., epithelial cells in the
alveolar parenchyma). The use of such a
strategy would make it possible to refine the
list to more focused cell types.

Conclusions
In this study, we conducted a comprehensive
investigation into the dynamics of the
proteome and transcriptome of the four
main cell populations composing human
lung during the early postnatal period.

https://www.protocols.io/view/813-1-multiplexed-immunofluorescence-phenocycler-f-6qpvr38dpvmk/v2
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The proteome profiles of endothelial,
epithelial, immune, and mesenchymal cell
populations were distinctive. We confirmed
the relative specificity of the newly identified
AT1markers CD55 and SCEL.We also
showed the differential spatial expression of
multiple endothelial markers (e.g., PALMD,
PRX, ACKR1, THBP, FLT4). Through trend
analysis, we gained valuable insights into the

temporal patterns of protein expression. We 
anticipate that this resource will serve 
researchers and clinicians to generate new 
hypotheses on postnatal development 
augmented by identification and use cell 
type–specific markers.
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