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Single-cell atlas of human lung aging
identifies cell type dyssynchrony and
increased transcriptional entropy
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Age is a major risk factor for lung disease. We characterized the changing
cellular, transcriptional, and genomic landscape of human lung aging using
single-cell RNA sequencing. We find that lung aging is cell-type dyssynchro-
nous, with alveolar epithelial and endothelial cells exhibiting the greatest
transcriptional changes. Among alveolar epithelial cells, aging is associated
with a decreased relative proportion of surfactant-expressing SPC™&" AT2 cells.
Among alveolar capillary cells, we observed loss of differentiation and capillary
function. Analysis of somatic mutations called from single-cell data revealed an
increase with aging, with alveolar epithelial and endothelial cell types exhi-
biting greater mutation burdens. Transcriptional entropy was increased with
aging and was an independent predictor of age. Notably, cells expressing
commonly accepted senescence signatures did not increase with age. Our
results reveal cell type dyssynchrony in human lung aging with age-related
changes concentrated in alveolar epithelial and endothelial cells.

Age is a substantial risk factor in nearly all lung diseases'* Acute
diseases such as pneumonia and ARDS, and chronic diseases such
as bronchiectasis, chronic obstructive lung disease (COPD), and
idiopathic pulmonary fibrosis (IPF) are both more common
and more lethal in aged individuals®. While there has been sig-
nificant progress in understanding the role of aging-related
mechanisms in advanced lung disease*® and in describing the
physiological effects of aging in the lung”®, the cellular and

molecular mechanisms that underlie the lung’s aging response
remain poorly understood.

There is limited knowledge about human lung cellular aging'.
Pulmonary stem cell exhaustion and epithelial cell senescence are
associated with advanced age and are implicated in the pathogenesis
of age-related diseases such as IPF*. Mucociliary clearance and ciliary
beat frequency decrease with age and increase predisposition to
pneumonia in the elderly”. Changes in ECM composition with age,
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including increased collagen and decreased elastin and laminin, have
also been repoprted'®.

Recent advances in sequencing technologies and the availability
of larger datasets such as the Genotype-Tissue Expression (GTEx)
Project' have enabled the identification of novel markers of aging and
senescence in the lung and other organ systems™'. Chow et al. iden-
tified changes in bulk and single-cell RNAseq expression and relative
cell-type proportions with age in the context of SARS-CoV-2
susceptibility”. Angelidis et al. developed a mouse atlas of lung
aging using single-cell transcriptomics and mass spectrometry-based
proteomics and showed altered cellular proportions of airway epi-
thelial cells and changes in ECM composition’®. Jia et al. showed an age-
associated increase in expression of inflammation-related genes in
myeloid cells and developed a lung aging prediction score”. Most
recently, Liu et al. analyzed differential gene expression in a compen-
dium of single-cell datasets and reported loss of cell proliferation in
AT2 cells and dysregulated epithelial to myeloid signaling?. To date,
no comprehensive study of single-cell transcriptomic changes in
human lung aging and its relations to somatic mutation accumulation
and cellular senescence has been reported.

In this work, we developed a large-scale single-cell RNAseq atlas of
human lung aging that revealed age-associated changes in cell-type
proportions and gene expression. Deconvolution of established bulk
RNAseq and weighted gene co-expression network analysis identified
molecular programs that validated signatures associated with aging
and cellular senescence. Moreover, we called somatic mutations from
our single-cell dataset to determine the role of DNA damage accu-
mulation in aging and senescence?. We show that somatic mutation
accumulation in aging is associated with increasingly stochastic gene
expression, which can be modeled using entropy and information
theory.

Results

Generation of a single-cell RNAseq atlas of human lung aging
To identify signatures of aging and senescence in transcriptomic data
from lungs, we developed a large-scale single-cell RNAseq atlas of
human aging (Fig. 1A). We performed scRNAseq on 32 human lungs.
This dataset was then integrated with control data consisting of 28
lungs from the previously published IPF Cell Atlas to increase cell
count and age representation and ensure consistency of annotations?.
The resulting integrated dataset consisted of 199,400 cells from 60
donors (Supplementary Data 1). These cells were annotated into 25
distinct cell-type populations (Fig. 1B). We confirmed cell-type anno-
tations by analyzing the expression of marker genes for each cell type.
The resulting dataset has broad coverage of different ages, with a
relatively uniform age distribution between 11 and 80 years (Fig. 1C).
Our data have been deposited on GEO and are available using acces-
sion GSE281219.

Transcriptional alteration in AT2 cells and capillary cells

Differential gene expression (DGE) was performed using a general
linear mixed effect model (GLMM) that accounts for random effects
due to sample and cell-level variation (Supplementary Data 2, 3). Aged
lungs were defined as those from donors aged 60 or older. To quan-
titatively determine which cell types experienced the greatest degree
of transcriptional change with aging, we calculated the number of
significantly regulated genes (p < 0.05) as a fraction of the total num-
ber of genes tested for each cell type. Genes that were expressed in less
than 5% of cells of each type were excluded. The cell types that
exhibited the greatest proportion of differentially expressed genes
were general capillary (gCap) cells (21.5% DGEs), alveolar type Il (AT2)
cells (19.5%), and smooth muscle cells (SMCs) (17.3%) (Fig. 2A). In
contrast, goblet cells exhibited the lowest proportion of differentially
expressed genes (5.5%). Differential gene expression was also per-
formed using a pseudobulk likelihood ratio test. Very strong

concordance was observed between the two models for all tested cell
types (Fisher's Exact p < 0.05) (Supplementary Data 4).

Age-associated gene co-expression networks

To validate single-cell signatures of lung aging in bulk RNAseq data, we
developed gene co-expression networks (Fig. 2B). Gene co-expression
network analysis was performed using Weighted Correlation Network
Analysis (WGCNA)®. Using a bulk RNAseq dataset from the Genotype-
Tissue Expression (GTEx) Project, genes were grouped into 133 mod-
ules ranging from 30 to 4181 genes in size. Modules were summarized
by calculating the first principal component, or module eigengene, of
gene expression. Of these, 30 of 133 were significantly correlated with
age (16 positive, 14 negative) (Fig. 2B). The molecular function of age-
associated co-expression networks was assessed by enrichment of
REACTOME pathways. Positively correlated modules were enriched for
signal transduction, extracellular matrix (ECM) organization, and
immunoregulatory interactions. Negatively correlated modules inclu-
ded the TCA cycle and respiratory electron transport, cell cycle, and
metabolism of RNA (Fig. 2C).

To determine whether co-expression modules corresponded to
specific cell types, we performed deconvolution of bulk RNAseq data
using our group’s previously published single-cell RNAseq dataset as a
reference®. Cell-type proportions for all samples were correlated with
the module eigengene for each module, revealing patterns of cell-type
specificity (Supplementary Fig. 1A). To assess whether this cell-type
deconvolution was successful, we calculated the expression of each
module in our single-cell RNAseq dataset. Agreement between both
methods was present for the majority of cell types, with the exception
of cells with low representation in our bulk RNAseq dataset (macro-
phages, B/T cells, peribronchial cells, and ciliated cells).

Strikingly, the module (6) most strongly associated with age was
expressed primarily in AT2 cells, confirming the finding from single-
cell data that AT2 cells are among the cell types most transcriptionally
affected in aging (Supplementary Fig. 1A).

To identify specific genes that drive module function, hub genes
were identified for age-associated modules. Hub genes were defined as
those that had a high module membership (correlation of gene
expression to ME) and high correlation with age based on expression
in GTEx RNAseq data. Notable hub genes included /GFBP7 in the ECM
module, QDPR in the mitochondrial module, and HHIP in the choles-
terol biosynthesis module (Supplementary Fig. 1B). GLBI, which
encodes SA-B-Gal, one of the gold standard markers for cellular
senescence, and NEUI, which encodes a lysosomal sialidase impli-
cated in age-related neurodegeneration®”, were hub genes for the
lysosome module. Association of hub genes with aging was confirmed
directly in our single-cell RNAseq dataset (Supplementary Fig. 1C).

Frequency of alveolar epithelial cells is altered in aging

We sought to determine how the cell-type composition of the human
lung changes with age. Cell-type proportions for each sample were
normalized to the total number of cells for each sample. We observed a
significant decrease in the proportion of AT2 cells in aged individuals,
consistent with previous published findings"** (Wilcoxon p=0.048).
Other cell-type proportions did not change significantly (Supplemen-
tary Fig. 2A).

To validate these cell-type proportion changes, we used cell-type
proportion estimates from our deconvoluted bulk RNAseq dataset.
This confirmed the loss of AT2 cells with aging (Wilcoxon p = 0.049)
(Supplementary Fig. 2B). Hence, AT2 cells are transcriptionally altered
and decline in proportion in the aged human lung.

SPC"e" AT2 cells and surfactant are reduced in aged lungs

One of the strongest transcriptional signatures we observed was a
prominent age-associated decrease in the expression of surfactant
genes (SFTPAIL, SFTPA2, SFTPB, SFTPC) in both bulk and single-cell data
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(Fig. 3A). When examining single-cell data for AT2 cells independently,
we observed two subpopulations that formed independent clusters
(Fig. 3B, C), similar to what has been reported previously by our group
and others” %, Travaglini et al. characterized two subtypes: bulk AT2
(AT2B) cells that have high expression of surfactants and correspond
with a functional phenotype, and signaling AT2 (AT2S) cells that have
lower levels of surfactant and correspond with a more stem-like pro-
genitor phenotype®. In our dataset, we confirmed the existence of
analogous subtypes, which we termed SPC" (reduced expression of
surfactants) and SPC"8" AT2 cells (Fig. 3D, Supplementary Fig. 3A).
Moreover, SPC AT2 cells exhibited greater expression of Wnt/pB-
catenin signaling genes (CTNNBI, GSK3B, TCF12, AXINI, APC), EGF
receptor signaling (EGFR, ERBB4, JAK1, STAT3), Hippo signaling (YAPI,
STK3, DLGI/DLG2), and cell proliferation markers (HMMR, TOP2A)
(Supplementary Fig. 3B).

Aged samples had a significantly higher proportion of SPC'™ AT2
cells (mean 0.47 versus 0.14, Wilcoxon p = 0.0062) (Fig. 3E). HHIPwas a

robust marker gene for the SPC"e" AT2 cell population (FDR p < 0.001)
(Fig. 3F). Hence, the proportion of HHIP-expressing, surfactant-
producing SPCe" AT2 cells decreased with age.

This finding was supported by the results of bulk RNAseq co-
expression network analysis. The co-expression module that was most
strongly negatively correlated with age (r=-0.31, FDR p =2e-12) was
enriched for cholesterol biosynthesis and was expressed in AT2 cells
(Supplementary Fig. 1). This module contained HHIP as a hub gene, a
gene that has been implicated in the pathogenesis of COPD and is
expressed at lower levels in COPD subjects based on human single-cell
RNAseq”. These findings suggest that HHIP is a central gene in a
molecular program that leads to reduced surfactant production in
AT2 cells.

We performed immunohistochemistry in aged and young FFPE
sections. HHIP was co-stained with SPC. We observed co-localization of
HHIP and SPC, confirming that HHIP is primarily expressed in AT2 cells
(Fig. 3G). Next, the proportion of SPC-positive cells that also stained
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positive for HHIP was quantified. We observed a significant difference
between young and aged subjects (mean 0.55 versus 0.31, Wilcoxon
p=0.032) (Fig. 3H).

Taken together, these results indicate that AT2 cells not only
decrease in number with age and exhibit reduced expression of gene
networks central to surfactant production, but also that the sub-
population functionally involved in secreting surfactant is not renewed,
as reflected by relative accumulation of SPC*" AT2. These findings
potentially explain the lung’s increased predisposition to injury with age.

Aging lung capillary dysfunction and increased autophagy

Lung endothelial cells were among the cell types that exhibited sig-
nificant transcriptional alterations in aging. To better characterize
these changes, we analyzed lung endothelial cells collectively. The
major lung endothelial cell populations® (arterial, venous, aerocyte,

gCap, and lymphatic) clustered together to form independent popu-
lations in our dataset (Fig. 4A).

When analyzing differential gene expression, the two capillary cell
populations - aerocytes and gCap cells - exhibited overlapping sig-
natures. Among gCap cells and aerocytes, 380 genes (180 exclusively)
were differentially expressed in the same direction (221 increased, 159
decreased) in both cell types (Fig. 4B, C, Supplementary Data). Dif-
ferential expression analysis among gCap cells and aerocytes revealed
an increase in expression of genes related to ubiquitin, proteolysis, and
Ras/MAPK signaling pathways following FDR correction. Autophagy-
related genes included ubiquitin ligases (ABLIMI, MIB1, RNF19A), ubi-
quitin regulatory proteins (UBXN7, UBE2H, UBE2K), F-box proteins —
which form ubiquitin ligase complexes (FBXL17, FBX042), and general
autophagy genes (NPEPPS, VMP1, ULK1, RICTOR). Genes implicated in
the Ras/MAPK pathway included SOS1, SOS2, MAP3K20, MAP4K4, and
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MAPKS. In contrast, mitochondrial genes were consistently decreased
in capillary cells (MT-CO1, MT-CO2, MT-CO3, MT-ND1, MT-NDS, MT-
CYB). Enrichment analysis on the differentially expressed genes con-
firmed an increase in expression of genes related to terms such as
“Ubiquitin mediated proteolysis” and “MAPK signaling pathway” and a
decrease in terms such as “Oxidative phosphorylation” and “Aerobic
respiration” (Fig. 4D). Markers of normal capillary endothelial cell

function were also decreased (VIPRI, IL7R, FCN3, HPGD) (Fig. 4E).
Hence, lung capillary cell aging is characterized by increased expres-
sion of autophagy genes, mitochondrial dysfunction, and loss of
endothelial subpopulation differentiation markers.

In the bulk RNAseq data, the co-expression network containing
CDKN2A was primarily expressed in endothelial cells and was increased
with age (r=0.26, p <0.05). Interestingly, this module also contained
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many ubiquitin ligase complex genes, including the F-box gene FBXW7
as a hub gene. Hence, bulk co-expression analysis validated the sig-
natures of lung endothelial aging we found using single-cell data.

Transcriptional changes in mesenchymal and immune cell types
Among mesenchymal cells, SMCs exhibited the greatest number of
differentially expressed genes, with an increase in genes related to
extracellular matrix remodeling (/TGA4, FGF1, COL4A6, LTBPI1, LTBP2)
(Supplementary Fig. 4A). Other genes included genes involved in
regulation of transcription (CTBP2, SP1, GLI2, MECP2, MAML3) and zinc
finger family genes (ZNF44, ZNF83, ZNF138, ZNF148). In myofibroblasts,
genes involved in inflammation and innate immunity (UBASH3B,
DNASE2, FAM135A) were increased (Supplementary Fig. 4B).

Immune cells exhibited fewer differentially expressed genes.
Macrophages exhibited increased expression of ubiquitination genes
(CULI, PIASI, HUWE1, CDC27) and a robust decrease in mitochondrial
function genes (TUFM, MPC1, NDUF genes, mitochondrial ribosomal
subunits), not dissimilar to endothelial cells. However, the significance
of these genes did not reach the FDR threshold for significance. In
alveolar macrophages, genes that were increased are involved in
transcriptional regulation and genome stability (BRCA2, SPI140,
HMGNS) and immune system regulation (VLRCS, STATI, IFI16). Genes
that decreased included LRRC25 and NFKBIA, negative regulators of
NF-KB signaling. Notably, canonical SASP markers such as /L6, IL8,
CXCL1, CCL2, and TNF were not differentially expressed in any immune
cell type.
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Stratification of aging signatures by age and smoking

To determine whether aging signatures exhibit distinct temporal
patterns, we performed differential expression at multiple time
points across the lifespan. Specifically, identified gene signatures
that emerge in early aging (>40 years) versus later aging (>60 years).
Several genes were significantly increased in later adulthood that
were not increased in early adulthood (Supplementary Fig. 5A, Sup-
plementary Data 5). In AT2 cells, these included genes involved in
genomic stability (DNMT3A, BRCA2, TP53) and inflammation (/RF3). In
gCap cells, ubiquitin ligases (FBXL17, FBX042, ABLIMI1, MIB1, ANAPCI)
and Ras/MAPK pathway genes all increased specifically in later aging.
Very few genes were specifically increased in early aging (fewer than
10 for each cell type after FDR correction). Notably, aging signatures
were not significantly affected by smoking (Supplementary Data 5
and Supplementary Fig. 5).

Somatic mutation burden increases with age

Accumulation of somatic mutations has been implicated in both
cellular aging and senescence®*. We used SComatic® to call
somatic mutations in our single-cell data. Somatic mutation burden
was calculated for each sample-cell-type combination. Cell types
without sufficient sequencing coverage to call mutations in at least
five samples were excluded from analysis. Somatic mutation burden
was highest in AT1 cells (7.2 mutations/MB), aerocytes (6.1), and
general capillary (gCap) cells (6.0) (Supplementary Fig. 6A). The
majority of mutations were exonic, with a similar distribution in
young and aged samples (Supplementary Fig. 6B). Among exonic
variants, mutation types were similar in young (59% synonymous,
36% nonsynonymous, 5% other) and aged (60% synonymous, 38%
nonsynonymous, 2% other). Enrichment analysis for genes with
nonsynonymous mutations revealed enrichment of terms including
“Antigen processing and presentation”, “Ribosome”, “Phagosome”,
and “Protein processing in endoplasmic reticulum.” (Supplementary
Fig. 6C). To model the association between mutations and age, we
used a GLMM that accounts for cell type. Notably, mutation burden
was strongly positively correlated with age in our dataset
(p <0.001) (Fig. 5A).

To identify genes that correlated with somatic mutation burden,
we applied a GLMM model that accounted for cell-type composition in
our dataset. Genes that were positively correlated with mutation bur-
den included ubiquitin ligase genes (SELIL, ANAPC1, UBE4A, USP2S,
USP33) and DNA damage response genes (RAD50, MTREX, IFi16,
SAMHD1, CBL, APC) (Fig. 5B, Supplementary Data 6). Genes associated
with mitochondria were negatively correlated with somatic mutation
burden (ETFB, COQIOA, GFER, MDH2, SCO2, IDH3B, COX4l1). Hence,
somatic mutations are associated with damage response pathways,
increased ubiquitination gene expression, and mitochondrial
dysfunction.

We next sought to determine the association between somatic
mutation burden and gene expression at cell-type resolution. We
chose to focus on AT2 cells and gCap cells, which had high sequencing
coverage and strong age-associated transcriptional changes. These cell
types exhibited distinct signatures (Fig. 5C, Supplementary Data 7).
gCap cells exhibited decreased expression of mitochondrial genes
(MT-ND2, MT-ND1, NDUFA3, ATP9B, ATPSMG) and increased ubiquiti-
nation (USP24, CUL1, CUL3, CBL, SHPRH), mirroring the changes seen in
aging. In AT2 cells, mutation burden correlated with increased
expression of genes involved in chromatin organization (/INO8O, PSIP1,
METTL3, NOC3L, unadjusted p < 0.05). Both cell types exhibited fea-
tures of increased DNA damage repair. These results suggest that
different cell types in the lung exhibit distinct changes with somatic
mutation accumulation.

To validate the age-associated somatic mutation accumulation in
the lungs, we analyzed somatic mutation data from a previously pub-
lished GTEx study. As in single-cell data, somatic mutation burden

was positively correlated with age and associated with similar genes
(Supplementary Fig. 6).

Transcriptional entropy and noise in aged human lung cells
The loss of marker gene expression with increasing age and somatic
mutation burden accumulation suggests a possible loss of transcrip-
tional regulation®, We reasoned that transcriptomes from cells with
lower expression of phenotypic genes would exhibit greater uncer-
tainty, or entropy, when modeled as a probability distribution”. To
quantify this, we calculated transcriptional entropy for specific lung
cell types. As an additional measure of transcriptional dysregulation,
we calculated transcriptional noise for each cell as was previously
performed'®. Both entropy and transcriptional noise were increased
with aging in most cell types (Fig. 5D, Supplementary Fig. 7A, 7B)
except immune cells, including lymphocytes and myeloid cell types.
Notably, cell types with higher mutation burden and gene expression
changes also had greater differences in transcriptional entropy
(capillary, AT1, AT2). Globally, entropy was strongly positively corre-
lated with mutation burden (r=0.51, p = 0.004) (Fig. 5E).

Transcriptional entropy and chronological age

To determine whether gene expression signatures and transcriptional
entropy can predict chronological age, we applied a previously
described method for elastic net*®. polyEN takes cell-type-specific gene
expressions as input feature columns and predict individual’s chron-
ological age. The model was applied to the three cell types (ATI, AT2,
gCap) for which we observed a high level of transcriptional changes,
mutation burden, and difference in entropy. None of the parameters
was particularly effective in determining an individual’'s age, but
entropy achieved the best performance with moderate correlation
between the actual and predicted age and lower error (Pearson cor-
relation coefficient (PCC) = 0.283, mean absolute error (MAE) =12.32)
compared to gene expression only (PCC=0.280, MAE=13.57),
expression and entropy (PCC=0.263, MAE =16.42), or baseline (pre-
dicted age defined as the mean of all samples) (Supplementary Fig. 7C).
When performed for each cell type individually, the combined gene
expression and entropy model applied to gCap cells was the best
predictor of subject age (PCC=0.501, MAE =11.30) (Supplementary
Fig. 7D). Moreover, while entropy was a better predictor of age in gCap
cells, gene expression was superior for both epithelial cell types. This
suggests that the effects of gene expression changes and increased
stochasticity might affect aging differently in different cell types.
However, validations on additional cohorts are required.

SenMayo does not correlate with age

Because the SenMayo gene signature outperformed all other gene lists
in its ability to detect senescent cells®, we evaluated SenMayo as a
potential gene signature to study senescence in the lung. High Sen-
Mayo cells were identified using a SenMayo score threshold that was
manually set to a level above background noise. These cells were then
plotted using a UMAP representation, showing that they cluster
together (Fig. 6A). High SenMayo cells were primarily in fibroblast,
macrophage, and endothelial cell clusters. To confirm that the Sen-
Mayo score was characterizing senescent cells and not cells with an
inflammatory phenotype, we also examined expression of canonical
senescence markers in this dataset. Expression of CDKNIA, a known
marker of senescence not included in the SenMayo list, was found to
be increased in high SenMayo scoring cells (Fig. 6B). Notably, the
SenMayo score was not significantly increased with age in any cell type
in our dataset (p > 0.05) (Fig. 6C).

SenMayo identifies heterogeneous signatures of senescence

We identified genes that correlated with the SenMayo score for each of
the two cell types with the greatest age-associated transcriptional
changes: AT2 and gCap cells. Interestingly, different cell types showed
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different transcriptional profiles associated with SenMayo (Fig. 6D, E,
Supplementary Data 8). Genes associated with senescence in AT2 cells
included chemokines CXCL2 and CXCL3, EGFR family gene AREG, and
immune regulator CD83. In gCap cells, genes included serine protei-
nase inhibitors SERPINE1 and SERPINB9 as well as endothelial gene
EDNI, which has been implicated in senescence and fibrosis. These
genes may represent markers of senescence molecular programs in
the different cell types of the lung. Notably, mutation burden was also

associated with significantly increased expression of senescence
marker CDKN2A (Fig. 6F).

Next, we were interested in determining whether we could
identify similar signatures in senescence-associated co-expression
modules. Modules were assessed for enrichment of six established
senescence gene signatures®*°, Fisher’s Exact testing was performed
to compare enrichment of all six gene lists across all modules.
Strong overlap was observed across known senescent gene lists
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senescent markers such as CDKN1A. C SenMayo signature in young versus aged
cells, averaged per sample. D Venn diagram of genes that are positively correlated
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cells. E Expression profile for genes that are positively correlated with the SenMayo
score in AT2 and gCap cells. Cells (columns) are ordered by cell type and by Sen-
Mayo score. Genes (rows) are ordered by cell type and by beta value for association
with SenMayo. F CDKN2A expression in samples with high or low mutation burden

]

(n =31, 16 low/15 high). G Heatmap showing enrichment of top 3 REACTOME terms
for each co-expression network. H Cell-type specificity of senescence co-expression
network eigengenes. The left panel shows the expression score for each module in
each cell type in single-cell RNAseq data. The right panel shows the correlation
values between cell-type proportions and module eigengene in the deconvoluted
bulk RNAseq dataset. I Plot of age correlation versus global mutation burden for co-
expression modules. The x-axis shows correlation values between module
expression and age correlation. The y-axis shows correlation values between
module expression and global mutation burden. Source data are provided as a
Source Data file.

(Supplementary Fig. 8A, B). Of the 30 co-expression networks that
correlated with age, six modules were also enriched for the SenMayo
gene signature (FET p < 0.05), accounting for 59 of the 125 SenMayo
genes (Supplementary Fig. 8C). These modules had distinct func-
tional enrichment for REACTOME terms (Fig. 6G). Additionally, they

exhibited cell-type-specific expression, both in single-cell data and
based on deconvoluted proportions (Fig. 6H, Supplementary
Fig. 8D). The module that included the greatest number of SenMayo
genes (23 genes, including CXCLI/CXCL2/CXCL3, ILIA/B, IL6, TNF,
SERPINEI, and VEGFA) also included p21/CDKNIA, a hallmark of
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senescence, as a hub gene (Supplementary Fig. 8E). Deconvolution
correlated this module (15) with endothelial and myeloid cell types,
with enrichment for cytokine/interleukin signaling pathways. Two
modules (19, 20) correlated with mesenchymal cell types and were
enriched for ECM pathways. Genes included /GFI (19), IGF binding-
proteins, and matrix metalloproteinases. Finally, the module most
strongly correlated with age (2, r=0.26, p<0.05) contained pl6/
CDKN2A and FBXW7 as hub genes. Other genes in this module were
associated with DNA damage response and oncogene-induced
senescence. These include ATM (a gene which is activated by DNA
double-strand breaks), MSH2, as well as known oncogenes such as
KRAS and RAFI".

To validate the association between somatic mutation burden and
senescence gene expression, we plotted age correlation values against
somatic mutation estimates for each co-expression module (Fig. 6I).
Two senescence modules (2,15) were among the most correlated with
somatic mutation burden (133 total modules). Interestingly, these were
the two modules that contained CDKNIA and CDKN2A, supporting the
association of DNA damage with senescence. Among senescence-
associated gene modules, module 2 had the strongest correlation with
mutation burden and with age (Fig. 61). In addition to CDKN2A/p16, this
module also contained DNA damage response-associated genes,
including ATM, ATR, HMGBI, and MSH2. These results suggest that
there are specific gene networks that link DNA damage accumulation
with cellular senescence.

Discussion

In this study, we identified aging signatures using a large, integrated
single-cell RNAseq dataset and validated these using several indepen-
dent datasets: bulk RNAseq data from the GTEx project and FFPE lung
tissue sections from the LTRC. To our knowledge, this represents the
largest single-cell atlas of human lung aging to date. We harnessed the
sequencing depth of this dataset to call somatic mutations at cell-type
resolution, calculated transcriptional entropy, and developed a
method to identify cells expressing a senescence gene signature. AT2
cells and gCap cells experienced the greatest degree of transcriptional
change with aging. Expression of surfactant genes declined in AT2
cells, a result of a decrease in the relative proportion of SPCMe" AT2
cells in the alveolar epithelium. In the lung microvasculature, capillary
cells exhibit increased transcription of autophagy genes and
decreased mitochondrial genes and genes related to normal cell
function. Our analysis of somatic mutations implicated the same cell
types and revealed that mutation accumulation is associated with
increased DNA damage response pathways, with epithelial and endo-
thelial cell types exhibiting distinct changes. Finally, we showed that
the SenMayo signature identifies high-CDKNIA expressing cells but
does not increase with age. Using this signature, we identified het-
erogeneous markers of senescence in different cell types. Together,
the results of this multi-omic analysis revealed cell-specific transcrip-
tional changes associated with aging and senescence, and their rela-
tion to somatic mutation accumulation. This dataset is available as an
online atlas of human lung aging (http://lungaging.com) for data
sharing and exploration.

Our integrated analysis allowed us to obtain novel observations
regarding the cellular changes that occur in the alveolar micro-
environment with age. Variation in the degree of transcriptional
change among cell types suggests that aging of the lung is dyssyn-
chronous, as evidenced by the finding that the epithelium and
microvasculature are disproportionately affected in aging. AT2 cells
exhibited the greatest degree of change with aging. Analysis of cell-
type proportions in both single-cell and bulk RNAseq data also showed
an overall loss of AT2 cells with age. This aligns with previous studies
that have shown a decrease in AT2 cells with age, particularly in the
context of severe COVID-19” and pulmonary fibrosis”. Analysis of
differential gene expression in single-cell data showed reduced

expression of surfactant genes in the aged. Similarly, using gene co-
expression analysis, we identified a module associated with surfactant
production in AT2 cells that was negatively associated with age. HHIP,
one of the genes most strongly associated with susceptibility to COPD
in human GWAS studies and functionally with maintaining normal lung
function and alveolar structures in mice*>**, was a hub gene for this
module. This finding suggested an age-related change in AT2 cell
subpopulations because HHIP is primarily expressed in one sub-
population identified as SPC"e" AT2 cells”**, When examining single-
cell data, AT2 cells were comprised of two major groups: SPC™&" AT2
cells that have high expression of surfactants and correspond with a
functional alveolar maintaining phenotype, and SPC'® AT2 cells that
have lower levels of surfactant and correspond with a more stem-like
progenitor phenotype”. Our scRNAseq data, as well as our immuno-
histochemistry validation, confirmed decreased expression of HHIP
with age, as well as a decrease in the proportion of SPC"&" AT2 cells in
the aged lung. Our findings are consistent with previous studies that
showed reduced alveolar epithelial differentiation with aging®. Our
analysis extends this and uncovers both a specific decline in SPC"&"
AT2 with age, as well as a general decline in surfactant gene networks
among alveolar epithelial cells. The decline in surfactant transcrip-
tional programs and the relative decline in SPC"s" AT2 cells may have
important implications in explaining the increased predisposition of
the aged lung to alveolar injury and diseases such as ARDS and
pneumonia'®*®,

Our analysis also identified disproportionally high levels of
differentially expressed genes in the lung microvasculature. We
identified several hallmarks of aging in both the capillary cell
populations of the lung: gCap cells and aerocytes. These cells
increased the expression of genes related to autophagy as well
and decreased transcription of mitochondrial genes, indicating
possible loss of proteostasis and mitochondrial dysfunction in
these cells. Moreover, these cells had reduced expression of their
marker genes, suggesting a loss of normal cellular identity. We
observed a gene signature unique to capillary endothelial cells
consisting of ubiquitin ligases and mTOR signaling genes that was
increased with aging. FBXW7, a component of the SCF ubiquitin
ligase, also emerged as a hub gene in the co-expression network
that was most highly correlated with age, which was expressed in
endothelial cells. Prior studies have shown that FBXW7 expression
increases downstream of p53 activation, suggesting that aged
capillary cells might be upregulating ubiquitination in response
to DNA damage accumulation*’. The high level of somatic muta-
tions in endothelial cells in our dataset supports this hypothesis.

Harnessing the large size and sequencing depth of this dataset, we
were able to call somatic mutations directly from single-cell RNAseq
data. Our estimated mutation burden ranged from 3.1 to 7.2 muta-
tions/MB, which is on the same order of magnitude as the rate found
for skin epithelial cells but slightly higher than other cell types in a
paper validating the same mutation-calling method®. Other studies
that called somatic mutations from bulk sequencing data of bronchial
epithelial cells and other tissues reported lower mutation rates than
approximated in this study****’, This difference may be because such
analyses may underestimate mutation burden when they occur in a
subset of cells*®®. Additionally, the higher mutation burden we report
may reflect the lung’s direct exposure to oxygen and environmental
mutagens. Indeed, others have shown higher mutation rates in the skin
and lungs compared to other organs™. Cell types present in the
alveolar unit, including epithelial cells and gCap cells, were among the
cells with the greatest somatic mutation burden, suggesting that epi-
thelial and endothelial cell types also experience dyssynchronous
patterns of genomic damage, in addition to transcriptional change,
during aging. A possible explanation for the high rate of mutation
accumulation in these cell types may be due to the environmental
exposure of cells present in the alveolus. Mutation burden was
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positively correlated with age across cell types, consistent with pre-
vious findings. Differential gene expression revealed significant phe-
notypic changes, including increased DNA damage response genes
and mitochondrial dysfunction. We showed that AT2 cells and gCap
cells exhibited distinct signatures. The increase in DNA damage
response pathways in samples with high mutation burden suggests
that the observed differentially expressed genes likely represent a
response to environmental mutagens rather than a regulated response
to the number of mutations. Impressively, performing the same ana-
lysis on somatic mutation data derived from bulk RNAseq and vali-
dated with whole-exome sequencing revealed strong overlap with the
signatures identified using single-cell data and confirmed our scRNA-
seq results. Taken together, our results extend on previous reports of
increased somatic mutations with aging in bronchial epithelial cells*
by providing cell-type resolution of somatic mutations in the lung and
characterization of the associated transcriptional changes.

Aging and genomic instability are thought to be associated with
transcriptional stochasticity or dysregulation®. The loss of marker
gene expression we observed with increasing aging and somatic
mutation burden accumulation supports this idea*. Hence, we sought
to quantify metrics such as transcriptional entropy and noise and
determine their relation to aging. We modeled transcriptomes from
cells as a probability distribution in order to quantify the statistical
surprise of a cell’s transcriptome, which is inversely related to entropy.
This can be interpreted as the degree of specialization of a cell”’. This
was compared with established methods of computing transcriptional
noise. Interestingly, we observed the highest differences in metrics of
transcriptional dysregulation in the same cell types that had the
highest number of differentially expressed genes, such as capillary
cells and AT2 cells, consistent with the finding of greater transcrip-
tional change and mutation burden in these cell types. More work is
needed to determine whether these changes are driven by loss of
regulation or increased stochasticity. Interestingly, we find that
entropy alone is superior to gene expression in predicting chron-
ological age. This suggests that dysregulation of gene expression may
contribute more to age-related phenotypes than coordinated changes
in gene expression. However, when applying age prediction models to
individual cell types, we observed that while entropy performs better
in chronological age prediction in some cell types (gCap), gene
expression performs better in others (AT1, AT2), suggesting that these
changes affect different cell types to a different degree. Interestingly,
age prediction was most accurate in gCap cells, supporting the finding
that gCap cells had greater changes in gene expression and entropy.
This also has implications for the development of lung aging bio-
markers. Previous work in the human pancreas showed that pancreatic
cells exhibit increased transcriptional noise and accumulate somatic
mutations with age®. Here, we show similar trends in the human lung
and identify cell-type-specific differences in these patterns. Our ana-
lysis points to an outsized level of age-associated genomic alterations
and transcriptional entropy in subsets of lung cell types.

Our results suggest the existence of heterogeneous signatures of
cellular senescence. We report differences in the genes that are asso-
ciated with the senescent signature in AT2 and gCap cells, suggesting
that different cell types might exhibit different phenotypes of cellular
senescence and respond to different triggers. Specifically, we
observed genes related to the inflammatory and immune-modulatory
aspects of SASP in AT2 cells (CXCL2, CXCL3, CD83) and more genes
related to ECM remodeling and vascular senescence in gCap cells
(SERPINE1, SERPINBY, EDNI). In bulk RNAseq data, the top senescence-
associated module included CDKNIA as a hub gene and was closely co-
expressed with interferon signaling genes STAT3, IL4R, ILIR1, CCL2, and
IL6, suggesting its central role in connecting cell cycle and SASP pro-
duction. Another module (2) was expressed in most cell types and
contained CDKN2A (p16). Enrichment analysis showed that this module
contained a wide variety of genes involved in DNA repair and DNA

damage response. This supports the idea of specific gene networks
that link cellular damage response and cellular senescence”. Notably,
CDKNIA and CDKN2A were associated with different modules in this
analysis, indicating their likely contributions to different senescence
signaling pathways, as has been previously reported®. Our findings
suggest that pl6 and p21 have different roles in the induction and
maintenance of cellular senescence in the lung. Whereas p21 appears
to be more directly related to the SASP, p16 is linked with DNA damage
response and oncogene induction. Indeed, CDKN2A expression was
associated with higher mutation burden in single-cell data, suggesting
that mutation accumulation plays a role in activating senescence gene
expression. We validated this by analyzing somatic mutations called
from bulk RNAseq. This confirmed the increase of somatic mutations
with age, as well as the association between mutation burden and
senescence gene signature. Our results link somatic mutation accu-
mulation with expression of senescence genes. Similar analysis has
been performed on single-cell human pancreas data, showing a cor-
relation between mutation load and CDKN2A expression in endocrine
cells®. These findings provide support to the hypothesis that accu-
mulation of macromolecule damage, including DNA damage, leads to
both age-associated phenotypes and cellular senescence in the aged
human lung®.

Our study has some limitations. Single-cell RNAseq is inherently
sparse and subject to biases in transcript coverage, which affect cell
inferences. We addressed this by validating our findings using bulk
RNAseq data, showing that gene co-expression networks recapitulate
the transcriptional signatures seen in single-cell RNAseq. Somatic
mutation calling from single-cell data is, of course, not as accurate as
DNA sequencing®. Hence, variants could only be confidently detected
at highly expressed loci, mutation burden was extrapolated from a
limited portion of the genome compared to whole-genome sequen-
cing, and amplification errors may have contributed to higher muta-
tion burden estimates. Some cell types also did not have enough
sequencing depth to call somatic mutations, limiting our analysis.
Moreover, the mutation callset achieved using this method was not
large enough to identify mutation hotspots. We additionally analyzed
the somatic mutation data from bulk RNA to validate gene expression
signatures. However, this data consists of clonally amplified somatic
mutations, making them distinct from those performed on single-cell
RNAseq data. Our analysis also did not include methylation data, which
could have provided additional validation for our age prediction
model. Finally, our analysis also did not address the spatial and
regional organization of aging changes within the lung. Further studies
that sample multiple regions and use spatial profiling methodologies
will be needed to further characterize and describe the temporal and
spatial dynamics of these changes and define the role of these changes
in the enhanced disease predisposition and reduced resilience.

In summary, our study represents the most comprehensive multi-
omic study of lung aging to date; we have identified novel cellular and
molecular signatures associated with aging, somatic mutation accu-
mulation, and cellular senescence, in specific cell types in the aged
human lung. We show that these alterations appear to be dyssyn-
chronous, with epithelial cells and endothelial cells of the alveolar
niche exhibiting greater effects. Further studies will be needed to
further characterize and describe the temporal and spatial dynamics of
these changes and define the role of these changes in the enhanced
disease predisposition and reduced resilience.

Methods

Single-cell RNAseq

Single-cell RNAseq was performed on tissue from lung explants not
suitable for transplant from 32 organ donors at Baylor College of
Medicine. Tissue was collected under the Chronic Lung Disease Tissue
Repository at Baylor College of Medicine (IRB H-46832), which
required written consent. Samples were obtained from a single lung
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lobe, with the specific lobe varying among study subjects. Samples
were collected from cryopreserved human lung samples in 10% DMSO.
Cryopreservation durations ranged from several months to years prior
to single-cell RNA sequencing library preparation. Lungs were not
perfused before cryopreservation. Samples were provided without any
identifying information, and the study was determined as non-human
subject research by the Yale IRB committee (IRB Protocol ID:
200002456). IRB review and approval were therefore waived.

After thawing at 37 °C, the tissue was minced into small pieces,
incubated for 45 min at 37 °C with DMEM + Elastase, DNAase, lib-
erase and 1% penicillin+streptomycin+glutamine. Digestion was
stopped with fetal bovine tissue to 10%. The digested tissue was
passed on a 100-micron mesh and centrifuged at 300 g for 10 min.
Cell pellets were resuspended with MACS medium, and later on, the
cells were barcoded using the 10x Chromium single-cell platform.
Following amplification, size selection, fragmentation, and addition
of sequencing adapters, cDNA libraries were created per the stan-
dard 10x protocol (Single-Cell 5 Reagent Kits v2, 10x Genomics,
USA). Libraries were sequenced using the Illumina NextSeq
500 system. Cell Ranger (10X Genomics, USA) was used to generate
FASTQ files from sequencing data. Adapter sequences were trimmed
from FASTQ data. Finally, reads were demultiplexed, aligned, and
counted.

This dataset was integrated with scRNAseq data reported in our
group’s previously reported IPF Cell Atlas*. Healthy controls consisted
of 38 samples from 28 subjects. This dataset consisted of a total of
96083 cells, with an age range from 20 to 80 years. The two scRNAseq
datasets were integrated using reciprocal PCA integration®* in Seurat.

scRNAseq data analysis was performed using the standard Seurat
pipeline. Gene expression values were normalized by the “Normal-
izeData” method. The top 2000 variable genes were identified by the
“FindVariableFeatures” function. After scaling gene expressions, a lin-
ear dimensional reduction was performed using the variable genes by
the “RunPCA” function, which generated 30 principal components.
The “RunUMAP” function was applied for nonlinear dimensional
reduction and cluster visualization. Clustering was performed using
the “FindNeighbors” function, which uses a K-nearest neighbor (KNN)
graph. The “FindClusters” function was subsequently applied to opti-
mize modularity by the Louvain algorithm.

To identify marker genes of each cell type, the “FindAllMarkers”
function from Seurat was applied to identify differentially expressed
genes using a Wilcoxon Rank-Sum test. Only significantly upregulated
genes (FDR < 0.05) with 0.1log fold change and 1% minimum expres-
sion fraction were retained as marker genes.

The SenMayo score was calculated using the “AddModuleScore”
function in Seurat, which averages the expression of each gene list,
subtracted by the expression of random control feature sets. Corre-
lation between the SenMayo score and age was calculated by deter-
mining the average SenMayo score per cell type, per subject, and
correlating with subject age.

Differential gene expression
To identify transcriptional changes, we applied a general linear mixed
effects model (GLMM). To ensure biologically interpretable results, we
only tested genes with counts greater than zero in at least 50% of
samples and 5% of total cells. This filtering method was performed
independently for each cell type. glmmTMB* was used to develop a
model using a negative binomial distribution that accounts for var-
iance due to differences in samples or assays. Hence, our model
accounts for the sample as a random effect. We also included an offset
term to weigh cells with greater sequencing coverage (higher UMIs)
accordingly. To determine age-associated transcriptional changes,
samples with an age of less than 20 years were excluded.

To further ensure the robustness and reproducibility of this set of
differentially expressed genes, we further validated differentially

expressed genes using a pseudobulk likelihood ratio test. Samples with
fewer than 20 cells of the cell type being tested were excluded.

Enrichment of KEGG and REACTOME pathways was determined
using gprofiler2*® in R.

Bulk RNAseq datasets

Lung-specific bulk RNAseq data was downloaded from the Genotype-
Tissue Expression (GTEx) Portal (https://gtexportal.org/home/
datasets). GTEx consists of samples from 54 non-diseased tissue sites
across nearly 1000 individuals. Tissue was collected from post-
mortem/organ procurement cases. The data consisted of 572 samples
with an age range of 20-79 years. Because the age of GTEx subjects was
reported in 10-year ranges, the mean value of these ranges was used
for subsequent analysis. The normalized gene expressions were log2-
transformed.

A second bulk lung RNAseq dataset from the Lung Tissue
Research Consortium (LTRC) was processed in parallel with the ori-
ginal dataset and used to assess for module preservation across
datasets. This dataset was downloaded from GEO GSE47460. The same
parameters for data pre-processing were applied to this dataset. This
dataset consisted of 91 samples, with an age range from 32 to 87 years.

Cellular deconvolution

The GTEx bulk RNAseq dataset was deconvoluted to determine cell-
type proportions using MuSiC*”’ in R. MuSiC uses support vector
regression on gene expression profiles using reference gene expres-
sion signatures. Our single-cell RNAseq dataset was used for this pur-
pose. The cell-type composition was determined for each sample from
the signatures in the original expression profiles. The resulting cell-
type proportions were correlated with the module eigengenes,
revealing cell-type specificity. This allowed for direct comparison of
gene and co-expression network between bulk RNAseq datasets and
single-cell RNAseq data.

Weighted gene co-expression network analysis

WGCNA was conducted using R/Bioconductor to identify modules in
the normalized bulk RNAseq dataset. Analysis parameters were
adjusted: sign of correlations between neighbors (TOMtype and net-
workType = ‘signed’), and module detection parameter (deepSplit = 2).
Modules were identified by number in order of decreasing module
size. Module eigengene (ME) was calculated as the first principal
component of gene expression for the module. Module association
with age was calculated using the module eigengenes (the first prin-
cipal component of the expression profile). Pearson correlation
adjusted for multiple comparisons by FDR. Module membership, a
measure of the association of a gene to its module, was determined by
Pearson correlation of gene expression to ME and used to rank module
connectivity.

Module age correlation and cell-type specificity were validated by
calculating expression in the single-cell dataset (expression of each
gene list subtracted by expression of random control feature sets).
Modules were then assessed for the presence of genes from the Sen-
Mayo gene list” using Fisher’s Exact Test (FET).

Hub genes were defined as those that had a high module mem-
bership (correlation of gene expression to ME) and high correlation
with age based on expression in GTEx RNAseq data. In order to validate
these hub genes, the correlation of hub gene expression with age was
calculated in the single-cell RNAseq dataset. Expression values were
calculated for each cell-type individually, and only cells with a mini-
mum expression value were included in the analysis.

Somatic mutations

Somatic mutations were detected in single-cell RNAseq data using
SComatic®. Mutation calling was performed using the default para-
meters of the SComatic pipeline. BAM files containing sequencing
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Table 1| Subject demographic information for FFPE samples
used for immunohistochemistry

Aged Young
Age (years) 66-78 44-53
Smoking History (>100 pkyr) 3Y, 3N 3Y, 3N
Sex 3F, 3M 3F, 3M

reads were split into cell-type-specific files using existing cell-type
annotations (see “Single-cell RNAseq” section). Base count matrices
were created for each cell type and merged together for subsequent
analysis. Mutations were called using a beta-binomial distribution test
to determine whether variant allele counts were significant. Following
this, candidate somatic mutations were subject to a variety of filters to
reduce false positives.

Mutational burden was determined for each cell type per sample.
This was calculated by dividing the number of detected somatic
mutations by the number of callable sites for a given cell type. Cor-
relation with age was determined using a GLMM model using cell type
as a covariate.

Differential expression was performed using a GLMM model
similar to that used to identify age-associated genes (see “Differential
gene expression” section). To identify genes that were associated with
somatic mutation accumulation globally, an additional random effect
term to account for cell type was added.

Bulk somatic mutation data was acquired from Garcia-Nieto
et al.>*. Mutations in this study were calculated by mapping raw RNA-
seq reads to the reference genome Hgl9 and deploying a compre-
hensive mutation-calling pipeline. False positive mutation calls were
minimized by accounting for sequencing errors, RNA editing events,
germline variants, and other sources of error. Somatic mutation calling
was validated using matched whole-exome DNA sequencing data from
the same samples. Somatic mutation burden for the present study was
calculated using the sum of somatic mutation counts for each
sample*’. Mutation burden estimates per cell type were approximated
by correlating cell-type proportion estimates from deconvolution with
total sample mutation burden.

Bulk RNAseq gene expression was correlated with mutation bur-
den using the DESeq2 package in R*®. Pre-filtering was performed to
include genes with at least 100 transcripts in at least 100 samples.
Differential expression analysis was performed using the default
DESeq2 model, which applies a generalized linear model to the raw
count data.

Entropy and transcriptional noise

The dataset was randomly downsampled so that a maximum of 10,000
cells of each type and an equal number of young and old cells were
included. Raw count matrices were downsampled so that all cells have
equal total UMIs. Only cell types for which there were at least 10 young
and 10 old cells were included.

Using the philentropy package in R, K-L divergence was calcu-
lated for each cell, comparing raw counts for a given cell versus a
probability distribution where each gene count = 1. Increasing entropy
was defined as decreasing the K-L divergence from a uniform
distribution.

Similarly, transcriptional noise was calculated for each cell type
following previous work'®. Downsampling was performed as described
above for entropy. Genes were grouped into 10 equal bins according to
mean expression. The top and bottom bins were excluded, and the
remaining top 10% of genes with the lowest coefficient of variation for
each bin were retained. Following square-root normalization, we cal-
culated a Euclidean distance between each cell transcriptome and the
corresponding cell-type mean for each age. Euclidean distance was
calculated using the distancevector function from the hopach package

in R. Both metrics were calculated for every cell in the integrated
dataset.

Chronological age prediction model

Only cells with available entropy values were used for chronological
age prediction. For each subject, we computed mean entropies for
cells annotated as AT1, AT2 (SPC"e" and SPC™"), or gCap and used them
as four different input feature columns to predict age. We adapted a
recently published method, polyEN®, to our prediction task. polyEN
can take cell-type-specific gene expressions as input feature columns
and predict an individual's chronological age using an elastic
net model.

Here, we considered input feature columns as the mean entropy
of each cell type from each subject (4 columns in total for each sub-
ject). In addition to entropy features, we also computed the first 2
principal components (PCs) from the gene expressions for the selec-
ted four cell types (8 columns in total for each subject). These
expression PCs were included as additional feature columns to predict
an individual’s chronological age.

We used either entropy features alone, or expression PC features
alone, or entropy + expression features together to predict chron-
ological age. We additionally included a baseline method, which uses
the average age from all subjects as the predicted age. The perfor-
mance for all methods was then evaluated by a leave-one-out test.
Among all donors (60 donors), we filtered the donors by using only the
donors that have at least three out of four columns (cell types) avail-
able for entropy values. We used the Pearson correlation coefficient
(PCC) and the mean absolute error (MAE) between the predicted
chronological age and the true chronological age as evaluation
metrics. We filtered the subjects by selecting subjects having at least
two non-zero entropy columns among the four cell-type-specific
entropy columns.

Immunohistochemistry

FFPE samples were provided by the LTRC and were derived from
subjects undergoing thoracic surgery. These subjects were diagnosed
as being controls or having interstitial lung disease or COPD as
determined by clinical history, CT scan, and surgical pathology. There
was no intervention, as these are cross-sectional data. This dataset
included 582 total subjects (254 have interstitial lung disease, 220 have
COPD, and 108 are controls).

FFPE samples from healthy control human subjects were used for
IHC. Samples were split into young and aged groups for immunohis-
tochemistry, with 6 FFPE samples in each group. Age ranged from
44-53 years for young samples to 66-78 years for aged samples (See
Table 1). FFPE blocks were processed as 5-micron-thick sections.

FFPE slides were deparaffinized in xylene and rehydrated using a
series of gradually decreasing ethanol concentrations. 10-min micro-
wave antigen retrieval was performed using a pH 6.0 sodium citrate
antigen retrieval buffer, followed by a 10-min period of blocking
endogenous enzyme activity using Bloxall (Vector Laboratories).
SFTPC was detected using mouse anti-SFTPC polyclonal antibody
diluted 1:200 (Santa Cruz Biotechnology, #518029), and HHIP was
detected using rabbit anti-HHIP polyclonal antibody diluted 1:1500
(ABClonal Science, #A3260). Slides were incubated with primary
antibody at 4 °C for 16 h, and later with HRP and AP Red secondary
antibodies for 1h each. Immunoreactive signal was visualized with
either DAB solution (Vector Laboratories) or AP Red (Vector Labora-
tories). Slides were then counterstained with hematoxylin, dehy-
drated, and mounted.

To quantify staining, digital images of slides (40x magnification)
were viewed using NIS-Elements (Nikon Instruments). Positive-stained
cells were counted using color deconvolution in FIJI (National Insti-
tutes of Health). 5 fields per sample were obtained, and cells were
counted with a minimum size threshold of 300 pixels.
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Statistics

Log-normalized expression values are shown in all figures. All p-values
in this study were multiple test-corrected using an FDR threshold of
5%. Seurat’s FindMarkers function uses the Wilcoxon Rank-Sum test
score to pick statistically significant differential genes among condi-
tions. Comparison of differentially expressed genes between tests was
performed using a one-sided Fisher's Exact Test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data supporting the findings from this study are available in the
manuscript and its supplementary information. Source data are pro-
vided with this paper. Single-cell RNAseq data generated for this study
is available from NCBI Gene Expression Omnibus (GSE281219). Single-
cell RNAseq data from the IPF Cell Atlas?* (GSE136831) and LTRC bulk
RNAseq data (GSE47460) are also available on GEO. Lung-specific bulk
RNAseq data was downloaded from the Genotype-Tissue Expression
(GTEx) Portal (https://gtexportal.org/home/datasets). Matched bulk
RNAseq somatic mutation data is available as supplementary data from
Garcia-Nieto et al.**. Source data are provided with this paper.

Code availability
The code used to generate the results presented in this manuscript is
available as a public repository (https://github.com/rubendeman/
Lung-Aging-Cell-Atlas).
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