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Abstract
Purpose: Lung cancer is the leading cause of cancer-related
death in the United States. The molecular events preceding
the onset of disease are poorly understood, and no effective
tools exist to identify smokers with premalignant lesions
(PMLs) that will progress to invasive cancer. Prior work
identiﬁed molecular alterations in the smoke-exposed airway
ﬁeld of injury associated with lung cancer. Here, we focus on
an earlier stage in the disease process leveraging the airway
ﬁeld of injury to study PMLs and its utility in lung cancer
chemoprevention.
Experimental Design: Bronchial epithelial cells from normal appearing bronchial mucosa were proﬁled by mRNASeq from subjects with (n ¼ 50) and without (n ¼ 25)
PMLs. Using surrogate variable and gene set enrichment
analysis, we identiﬁed genes, pathways, and lung cancer–
related gene sets differentially expressed between subjects
with and without PMLs. A computational pipeline was

developed to build and test a chemoprevention-relevant
biomarker.
Results: We identiﬁed 280 genes in the airway ﬁeld associated with the presence of PMLs. Among the upregulated genes,
oxidative phosphorylation was strongly enriched, and IHC
and bioenergetics studies conﬁrmed pathway ﬁndings in
PMLs. The relationship between PMLs and squamous cell
carcinomas (SCC) was also conﬁrmed using published lung
cancer datasets. The biomarker performed well predicting the
presence of PMLs (AUC ¼ 0.92, n ¼ 17), and changes in the
biomarker score associated with progression/stability versus
regression of PMLs (AUC ¼ 0.75, n ¼ 51).
Conclusions: Transcriptomic alterations in the airway ﬁeld of
smokers with PMLs reﬂect metabolic and early lung SCC alterations and may be leveraged to stratify smokers at high risk for
PML progression and monitor outcome in chemoprevention
trials. Clin Cancer Res; 23(17); 5091–100. 2017 AACR.

Introduction

ﬁeld of injury reﬂects processes associated with a precancerous
disease state; however, the molecular changes have not been
adequately characterized.
This is an important shortcoming because bronchial PMLs
are precursors of squamous cell lung carcinoma (SCC), yet we
lack effective tools to identify smokers with PMLs at highest risk
of progression to invasive cancer. Several studies report loss of
heterozygosity, chromosomal aneusomy, and aberrant methylation and protein expression in bronchial PMLs (12–21).
These molecular events are associated with histologic changes
that can be reproducibly graded by a pathologist prior to the
development of invasive carcinoma. Autoﬂuorescence bronchoscopy can be used to detect and sample PMLs. In high-risk
smokers between 40 and 74 years of age who had smoked at
least 20 pack-years, the prevalence of PMLs is approximately
13% for moderate dysplasia and 1.6% for carcinoma in situ
(CIS; refs. 22, 23). The presence of high-grade PMLs (severe
dysplasia or CIS) is a marker of increased lung cancer risk in
both the central and peripheral airways, indicating the presence
of changes throughout the airway ﬁeld (24–26).
Molecular characterization of the airway ﬁeld of injury in
smokers with PMLs may provide novel insights into the earliest
stages of lung carcinogenesis and identify relatively accessible
biomarkers to guide early lung cancer detection and early
intervention.

Exposure to carcinogens such as cigarette smoke induces
smoking-related mRNA and miRNA expression alterations in
the cytologically normal epithelium that lines the respiratory
tract, creating an airway ﬁeld of injury (1–6). Gene expression
alterations in the airway ﬁeld of injury were leveraged to build a
diagnostic test for early lung cancer detection (7–10). Examination of a gene signature for phosphatidylinositol 3-kinase
(PI3K) pathway revealed increased PI3K activation in the
airway ﬁeld of smokers with lung cancer or bronchial premalignant lesions (PMLs; ref. 11). These results suggest the airway
1
Department of Medicine, Boston University School of Medicine, Boston, Massachusetts. 2Department of Medicine, BC Cancer Research Centre, Vancouver,
British Columbia, Canada. 3Department of Medicine, Roswell Park Cancer
Institute, Buffalo, New York. 4Janssen Research and Development, Spring
House, Pennsylvania.

Note: Supplementary data for this article are available at Clinical Cancer
Research Online (http://clincancerres.aacrjournals.org/).
Corresponding Author: Jennifer Beane, Boston University School of Medicine,
72 East Concord St., E631, Boston, MA 02118. Phone: 617-501-5184; Fax: 617-4146999; E-mail: jbeane@bu.edu
doi: 10.1158/1078-0432.CCR-16-2540
2017 American Association for Cancer Research.

www.aacrjournals.org

Downloaded from clincancerres.aacrjournals.org on November 7, 2017. © 2017 American Association for Cancer Research.

5091

Published OnlineFirst May 22, 2017; DOI: 10.1158/1078-0432.CCR-16-2540

Beane et al.

Translational Relevance
Lung cancer prevention could be transformed by novel
approaches that enhance the identiﬁcation of high-risk
patients, safe and effective prevention agents, and biomarkers
of therapeutic response. We have used mRNA sequencing to
identify gene expression alterations in the airway epithelium
associated with the presence of bronchial premalignant
lesions. Bronchial premalignant lesions are precursors of lung
squamous cell carcinoma and are a risk factor for developing
lung cancer at the lesion site or elsewhere in the lung. The early
molecular changes that we have identiﬁed in normal appearing epithelial cells in the premalignant airway may represent
possible targets for lung cancer chemoprevention. In addition,
gene expression alterations in airway epithelium can be leveraged to develop a biomarker associated with the presence
and progression of premalignant lesions that could be used to
stratify patients into chemoprevention trials or serve as surrogate markers of efﬁcacy.

Materials and Methods
Subject population used to derive gene signature and
biomarker
Bronchial airway brushings were obtained during autoﬂuorescence bronchoscopy procedures between June 2000 and March
2011 from subjects in the British Columbia Lung Health Study
(BC-LHS) at the British Columbia Cancer Agency (BCCA; Vancouver, British Columbia, Canada; ref. 27) and between December 2009 and March 2013 from subjects in the High-Risk Lung
Cancer-Screening Program at Roswell Park Cancer Institute (RPCI;
Buffalo, NY; detailed cohort information in the Supplementary
Methods). PMLs were sampled (if present) using endobronchial
biopsy, graded by a team of pathologists at BCCA or RPCI, and the
worst histology observed was recorded. Bronchial brushes of
normal appearing epithelium from 84 BCCA subjects (1 brush/
subject) with and without PMLs were selected to undergo mRNA
sequencing (mRNA-Seq) while ensuring balanced clinical covariates. Fifty-one bronchial brushes of normal appearing epithelium
from 23 RPCI subjects were also proﬁled by mRNA-Seq (18
subjects had 2 procedures, and 5 subjects had 3 procedures) and
utilized as a secondary biomarker validation set. Changes in the
biomarker score were calculated between sequential procedures
within a subject. Sets of samples were classiﬁed as stable/progressive if the worst histologic grade at the second time point for a
given patient remained the same or worsened, and regressive if the
worst histologic grade at the second time point improved. The
Institutional Review Boards (IRB) of all participating institutions
approved the study, and all subjects provided written informed
consent.
RNA-Seq library preparation, sequencing, and data processing
Total RNA was extracted from bronchial brushings using
miRNeasy Mini Kit (Qiagen). Sequencing libraries were prepared from total RNA samples using Illumina TruSeq RNA Kit
v2 and multiplexed in groups of four using Illumina TruSeq
Paired-End Cluster Kit. Each sample was sequenced on the
Illumina HiSeq 2500 to generate paired-end 100-nucleotide
reads. Demultiplexing and creation of FASTQ ﬁles were per-
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formed using Illumina CASAVA (all software versions are
reported in Supplementary Methods). For the BCCA samples,
reads were aligned to hg19 using TopHat. The insert size mean
and SD were determined using the alignments and MISO (28).
Reads were realigned using TopHat and the insert size parameters. Alignment and quality metrics were calculated using
RSeQC. Gene count estimates were derived using HTSeq-count
(29) and the Ensembl v64 GTF ﬁle. Gene ﬁltering was conducted on normalized counts per million calculated using R
and edgeR using a modiﬁed version of the mixture model in the
SCAN.UPC Bioconductor package (30). A gene was included in
downstream analyses if the mixture model classiﬁed it as "on"
(i.e., "signal") in at least 15% of the samples. For the RPCI
samples, gene counts were computed using RSEM (31) and
Bowtie (32) with Ensembl 74 annotation. The data are available from NCBI's Gene Expression Omnibus using the accession ID GSE79315.
Data analysis for the BCCA samples
Sample and gene ﬁltering yielded 13,870 out of 51,979 genes
and 82 samples (n ¼ 2 excluded due to quality or sex annotation
mismatches) for analysis. Data from Beane and colleagues (1)
were used to predict the smoking status of the 82 samples that was
utilized in all subsequent analyses (Supplementary Dataset SD1,
Supplementary Fig. S1, and Supplementary Methods). Airway
brushings were dichotomized into two groups: samples with no
evidence of PMLs (samples with no abnormal ﬂuorescing areas or
biopsies having normal or hyperplasia histology, n ¼ 25); and
samples with evidence of PMLs (biopsies having mild, moderate,
or severe dysplasia, n ¼ 50). Brushes with a worst histology of
metaplasia (n ¼ 7) were excluded from the dichotomized groups.
The limma (33), edgeR (34), and sva packages (35) were used to
identify differentially expressed genes associated with the presence of PMLs using normalized voom-tranformed (36) data and
surrogate variable analysis using the ﬁrst 7 surrogate variables
(Supplementary Table S1). Gene set enrichment analyses were
conducted using ROAST (37), GSEA (38), and GSVA (39). The
Molecular Signatures Database (MSigDb) v4 Entrez ID Gene Sets
were converted to Ensembl IDs using BioMart. Additional gene
sets were created from CEL ﬁles or RNA-Seq counts from The
Cancer Cell Line Compendium (CCLE), SCC tumor, and adjacent
normal tissue from TCGA, GSE19188, GSE18842, and GSE4115
(Supplementary Methods).
Cell culture
Human bronchial epithelial biopsy cell cultures (Supplementary Table S2) were obtained from the Colorado Lung SPORE
Tissue Bank and cultured in Bronchial Epithelial Growth Media.
Human non–small cell lung cancer (NSCLC) cell lines were
purchased from ATCC and short tandem repeat proﬁles were
veriﬁed at the time of use by the Promega Gene Print 10 system at
the Dana Faber Cancer Institute (Boston, MA). H1299, H2085,
and SW900 cells were cultured in RPMI supplemented with 10%
FBS and 1% penicillin/streptomycin, and H2085 cells were cultured in ALC-4 media. All cells were grown in a 37 C humidiﬁed
incubator with 5% CO2.
Bioenergetics studies
Oxygen consumption rates (OCR) and extracellular acidiﬁcation rates (ECAR) were measured using the XF96 Extracellular
Flux Analyzer instrument (Seahorse Bioscience Inc.). Brieﬂy,
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approximately 30,000 cancer cells/well or approximately
40,000 bronchial epithelial biopsy cells/well (higher numbers
due to slow growth rate) were seeded on XF96 cell culture plates
and grown overnight. Prior to running the assay, media were
replaced with Seahorse base media (2 mmol/L L-glutamine)
and placed at 37 C and 0% CO2 for approximately 30 minutes.
The XF Cell Mito Stress Test Kit and protocol were utilized
to examine mitochondrial function. Measurements were taken
every 5 minutes over 80 minutes. To modulate mitochondrial
respiration, 5 mmol/L oligomycin, 1 mmol/L FCCP, and 5 mmol/
L antimycin A were used. Prism software v6 was used to
calculate t statistics for baseline OCR/ECAR comparisons, and
a two-way ANOVA was conducted to compare OCR and ECAR
measurements.
Mitochondrial enumeration using ﬂow cytometry
Using an established protocol (40), cell cultures (5  105
cells/10cc dish of bronchial biopsy cultures and cancer cell
cultures) were grown overnight and exposed to 120 nmol/L
MitoTracker Green FM in media free of FBS for 30 minutes in a
37 C humidiﬁed incubator with 5% CO2. Cells were subsequently collected, washed in PBS, and resuspended in 0.5 mL
PBS-EDTA, and 1 mL of propidium iodide (PI) was added to
distinguish live/dead cells. MitoTracker FM and PI were measured using a BD LSRII ﬂow cytometer and BD FACS Diva
software (6.2.1). Data were analyzed using FlowJo (10.2), gating
out doublets and dead cells, and normalizing mean ﬂuorescence
to the number of cell counts.
Immunohistochemistry
Formalin-ﬁxed, parafﬁn-embedded (FFPE) sections of human
PMLs sampled from high-risk subjects undergoing screening for
lung cancer were provided by RPCI as part of an IRB-approved
study detailed below (Supplementary Table S3). Dr. Candace
Johnson at RPCI provided the FFPE lung sections from the Nnitroso-tris-chloroethylurea (NTCU) mouse model of lung SCC,
from SWR/J mice treated with 25 mL of 40 mmol/L NTCU for 25
weeks in accordance with the Institutional Animal Care and Use
Committee–approved protocol (41). Brieﬂy, slides were deparafﬁnized and rehydrated. For antigen retrieval, slides were heated
in citrate buffer. Slides were subsequently incubated in primary
antibody [translocase of the outer mitochondrial membrane 22
(TOMM22): mouse tissue 1:300 and human 1:1,200 (Abcam),
and cytochrome C oxidase subunit IV (COX4I1): mouse tissue
1:500 and human 1:5,000 (Abcam)] diluted in 1% BSA. Signal
was ampliﬁed using an ABC Kit (Vector Laboratories). To reveal
endogenous peroxidase activity, slides were incubated in a
3,30 -diaminobenzidine (DAB) solution. Slides were rinsed, counterstained with hematoxylin, dehydrated in graded alcohol
followed by xylene, and cover slipped.
Biomarker development and validation
A gene expression biomarker discovery pipeline was developed to test thousands of parameter combinations (6,160
predictive models) to identify a biomarker capable of distinguishing between samples from subjects with and without
PMLs. Samples were ﬁrst assigned by batch (sequencing lane)
to either a discovery set (n ¼ 58) or a validation set (n ¼ 17),
and the validation set was excluded from biomarker development (Supplementary Fig. S2; Supplementary Methods). The
biomarker was developed using subsets of the discovery set
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established by randomly splitting the samples into training
(80%, n ¼ 46) and test (20%, n ¼ 12) sets 500 times. Model
performance was assessed using standard metrics for both the
training and test sets (Supplementary Methods). The biomarker
pipeline was also used to develop biomarkers for sex and
smoking status as well as randomized class labels for all
phenotypes (serving as positive and negative controls, respectively). A ﬁnal model (biomarker) was selected (Supplementary
Methods), and its ability to distinguish between samples with
and without PMLs was tested in a validation set (n ¼ 17). In
addition, using the bronchial brushings collected longitudinally from subjects at RPCI, we tested whether or not differences in
biomarker scores over time were reﬂective of progression of
PMLs (n ¼ 28 matched time point pairs; Supplementary
Methods).

Results
Subject population
The study design used 126 bronchial brushings obtained via
autoﬂuorescence bronchoscopy at the BCCA and RPCI for
differential gene expression and pathway analysis, as well as
for biomarker development and validation (Fig. 1). A dataset
consisting of samples (n ¼ 75) collected from BCCA subjects
with PMLs (n ¼ 50) and without PMLs (n ¼ 25) was used to
derive a gene expression signature associated with the presence
of PMLs. Important clinical covariates such as COPD and
reported smoking history as well as alignment statistics from
the mRNA-Seq data were not signiﬁcantly different between the
two groups (Tables 1 and 2). For biomarker development, the
75 BCCA samples were split by batch and used in biomarker
discovery (n ¼ 58) and validation (n ¼ 17; Supplementary
Tables S4 and S5). The change in biomarker score as a predictor
of progression of PMLs was then tested in the 51 RPCI samples
(Supplementary Tables S5 and S6).
Transcriptomic alterations in the airway ﬁeld of injury
associated with the presence of PMLs
We identiﬁed 280 genes signiﬁcantly differentially expressed
between subjects with and without PMLs (FDR < 0.002; Fig. 2).
Utilizing the MSigDB v4 canonical pathways, we identiﬁed 170
pathways signiﬁcantly enriched in genes up- or downregulated in
the presence of PMLs using ROAST (FDR < 0.05; Supplementary
Dataset SD2; ref. 37). Pathways involved in oxidative phosphorylation (OXPHOS), the electron transport chain (ETC), and
mitochondrial protein transport were strongly enriched among
genes upregulated in the airways of subjects with PMLs. Other
upregulated pathways included DNA repair and the HIF1A pathway. Downregulated pathways included the STAT3 pathway, the
JAK/STAT pathway, IL4 signaling, RAC1-regulatory pathway,
NCAM1 interactions, collagen formation, and extracellular matrix
organization.
OXPHOS is increased in PML cell cultures and biopsies of
increasing severity
The ETC and OXPHOS pathways, which involve genes
distributed between the complexes I–IV of the ETC and ATP
synthase, were highly activated in the airway ﬁeld in the
presence of PMLs. We wanted to determine whether the functional activity of these pathways was similarly altered in
PMLs compared with normal tissue. We conducted cellular
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28

Regressing
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Roswell Park Cancer Institute (RPCI)
Longitudinal bronchial brushings

28 Time point pairs
1-3 time points

Figure 1.
Study design. Flow diagram depicting use of bronchial brushings collected from subjects with (red, n ¼ 50) and without (gray, n ¼ 25) PMLs from the BCCA as
part of the BC-LHS (top panel) for differential gene expression/pathway analysis and for biomarker development. Independent human and mouse
bronchial biopsies and biopsy cell cultures were used to validate these ﬁndings via mitochondrial enumeration, bioenergetics, and IHC (left panel). Biomarker
development was conducted by splitting samples from the BC-LHS into a discovery (n ¼ 58) and a validation set (validation 1, n ¼ 17; right panel).
The discovery set was used to create the gene expression–based biomarker to detect the presence of PMLs in the airway ﬁeld of injury. The biomarker
was tested on the BC-LHS validation set and an external validation set (bottom panel) from RPCI (validation 2, n ¼ 28 matched time point pairs, stable/
progressing pairs in yellow and regressing pairs in blue).

bioenergetics by measuring OCR as a measure of ETC/
OXPHOS (aerobic respiration), ECAR as a measure of glycolysis (anerobic respiration), and MitoTraker Green FM as a
measure of mitochondrial content in primary cell cultures
derived from bronchial biopsies. In addition, we performed
IHC of select OXPHOS-related genes in mouse and human
dysplastic lesions and normal tissue to measure protein levels.
We established a signiﬁcant concordance between ETC/
OXPHOS gene expression and cellular bioenergetics in NSCLC
cell lines (Supplementary Fig. S3A–S3F). Next, using primary
cell cultures derived from normal to severe dysplastic tissue
(Supplementary Table S2), we observed that the mean baseline
OCR/ECAR values were 2.5/1.5-fold higher in the cultures
from PMLs compared with controls (P ¼ 0.035; Fig. 3A),
reﬂecting predictions based on mRNA-Seq ﬁeld data (Supplementary Fig. S3G and S3H). There was a greater reduction
in OCR in PMLs immediately following oligomycin treatment
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(P ¼ 0.022), suggesting an increased dependence on OXPHOS
for ATP production to meet energetic demands. In addition,
the mean spare respiratory capacity following the release of the
proton gradient was elevated by approximately 1.5-fold in the
PML cultures compared with controls, indicating increased
ability to respond to energy demands (42). Finally, treatment
with antimycin A resulted in a greater reduction of OCR in PML
cultures (P < 0.001, Fig. 3B), suggesting that oxygen consumption in the lesions is dependent on increased ETC components
in complex III. No signiﬁcant changes to ECAR were detected in
response to mitochondrial perturbations. Furthermore, to
examine whether the increased OXPHOS was a result of
increased mitochondrial biogenesis in PML cultures, cells were
incubated with MitoTraker FM to stain for mitochondria content, and ﬂuorescence enumerated using ﬂow cytometry
revealed no signiﬁcant difference between PML and controls
(P ¼ 0.15; Fig. 3C and D).
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Table 1. Demographic and clinical characteristics stratiﬁed by premalignant lesion status
Factors
Overall (n ¼ 82)
No lesions (n ¼ 25)
Age
62.9 (7.2)
64.5 (5.8)
Male
54/82 (65.9)
16/25 (64)
Current smoker
40/82 (48.8)
11/25 (44)
Pack-years
47.3 (15.7)
47.6 (17.9)
FEV1% predicted
82.5 (18.6)
84.5 (17.9)
FEV1/FVC ratio
71.2 (7.9)
73.4 (7.4)
COPD (FEV1% < 80 & FEV1/FVC < 70)
24/82 (29.3)
5/25 (20)
Histology
Normal
12/82 (14.6)
12/25 (48)
Hyperplasia
13/82 (15.9)
13/25 (52)
Metaplasia
7/82 (8.5)
Mild dysplasia
35/82 (42.7)
Moderate dysplasia
12/82 (14.6)
Severe dysplasia
3/82 (3.7)

Lesions (n ¼ 50)
62.2 (8.0)
35/50 (70)
25/50 (50)
47.2 (15.2)
81.7 (19.2)
69.6 (8.1)
17/50 (34)

Pa
0.16
0.61
0.81
0.93
0.54
0.05
0.28
<0.001

35/50 (70)
12/50 (24)
3/50 (6)

NOTE: Data are means (SD) for continuous variables and proportions with percentages for dichotomous variables. Two sample t tests were used for continuous
variables; Fisher exact test was used for categorical variables. Brushes with a worst histology of metaplasia (n ¼ 7) were excluded from the dichotomized groups.
P values are for the comparison of subjects with and without premalignant lesions.

a

In addition, we found elevated protein levels of TOMM22
and COX4I1 in low/moderate-grade dysplastic lesions compared with normal tissue (Fig. 3E and F) using tissues from
human bronchial biopsy FFPE sections (Supplementary Table
S3) and whole-lung sections from the NTCU mouse model of
SCC. The results suggest that PMLs are more ETC- and
OXPHOS-dependent and express OXPHOS-related proteins at
higher levels compared with normal tissue.
PML-associated gene expression alterations in the airway ﬁeld
are involved in lung squamous cell carcinogenesis
To further extend the connection between the airway ﬁeld
and PMLs, we examined the relationship between PML-associated genes in the airway ﬁeld and other lung cancer-related
datasets. We identiﬁed genes differentially expressed between
lung tumor tissue (primarily squamous) and normal lung
tissue in three different datasets (TCGA, GSE19188, and
GSE18842). Genes associated with lung cancer in all datasets
were signiﬁcantly (FDR < 0.05) enriched by GSEA, concordantly with gene expression changes associated with the presence of PMLs in the ﬁeld (Fig. 4A; Supplementary Dataset
SD3). Extending beyond the lung tumor, similar enrichment
(FDR < 0.05) was found using early, stepwise, and late gene
expression changes in SCC identiﬁed by Ooi and colleagues
(Fig. 4B; Supplementary Dataset SD3; ref. 43) and among
genes associated with lung cancer in the airway ﬁeld of injury
(GSE4115, Fig. 4C; Supplementary Dataset SD3). These results
support the concept that early events in lung carcinogenesis
can be observed throughout the respiratory tract, even in cells
that appear normal.
Table 2. Alignment statistics stratiﬁed by premalignant lesion status
Factor
Overall (n ¼ 82)
Total alignments
90 M (17 M)
Unique alignments
83 M (16 M)
Properly paired alignments
66 M (12 M)
Genebody 80/20 ratio
1.3 (0.2)
Mean GC content
47.8 (3.4)

Development and validation of a biomarker for PML detection
and monitoring
The airway brushings from BCCA subjects with and without
PMLs were leveraged to build a biomarker predictive of the
presence of PMLs. The biomarker consisted of 200 genes (of
which 91 overlapped with the gene signature in Fig. 2) and
achieved a ROC curve AUC of 0.92, sensitivity of 0.75 (9/12
samples with PMLs predicted correctly), and speciﬁcity of
1.00 (5/5 samples without PMLs predicted correctly) in independent validation samples (n ¼ 17; Fig. 5A). In addition, the
biomarker was used to score an independent set of longitudinally collected bronchial brushings from RPCI subjects (Fig. 1).
Biomarker scores were calculated for each sample, and the
difference in biomarker scores between sequential procedures
(n ¼ 28 time point pairs, Supplemental Methods) was predictive
of whether the worst PML histology observed during the baseline procedure regressed or whether it was stable or progressed
with an AUC of 0.75 (Fig. 5B).

Discussion
In this study, we identiﬁed a PML-associated gene expression
signature in bronchial brushings obtained from normal appearing mucosa and characterized the biological pathways that
are dysregulated in the airway ﬁeld of injury. We established
that the PML-associated airway ﬁeld harbors alterations observed in PMLs and in SCC. This evidence motivated the
development of a biomarker that reﬂects the presence of PMLs
and their outcome over time. Our ﬁndings provide novel
insights into the earliest molecular events associated with lung

No lesions (n ¼ 25)
90 M (15 M)
83 M (14 M)
66 M (11 M)
1.3 (0.1)
47.4 (2.9)

Lesions (n ¼ 50)
91 M (19 M)
84 M (17 M)
67 M (14 M)
1.3 (0.2)
48.2 (3.7)

Pa
0.78
0.76
0.75
0.84
0.34

NOTE: Data are means (SD) for continuous variables and proportions with percentages for dichotomous variables. Reads are expressed in millions denoted by M. Two
sample t tests were used for continuous variables; Fisher exact test was used for factors. Brushes with a worst histology of metaplasia (n ¼ 7) were excluded from the
dichotomized groups.
a
P values are for the comparison of subjects with and without premalignant lesions.
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Figure 2.
Unsupervised hierarchical clustering
of genes associated with the presence
of premalignant lesions. Residual gene
expression of the 280 genes
differentially expressed between
subjects with PMLs (red) and without
PMLs (gray). Top color bars represent
the worst biopsy histologic grade
observed during bronchoscopy and
genomically derived smoking status of
the subjects. The 14 genes in the KEGG
oxidative phosphorylation pathway
are indicated in cyan. The residual
values after adjusting for the seven
surrogate variables were z-score
normalized prior to Ward hierarchical
clustering.

carcinogenesis and have the potential to impact lung cancer
prevention by providing novel targets (e.g., OXPHOS) and
potential biomarkers for risk stratiﬁcation and monitoring the
efﬁcacy of chemoprevention agents.
The ﬁrst major ﬁnding of our study was the identiﬁcation of a
PML-associated ﬁeld of injury. The most signiﬁcantly enriched
pathways among upregulated genes in subjects with PMLs were
OXPHOS, ETC, and mitochondrial protein transport. These
pathways efﬁciently generate energy in the form of ATP by
utilizing the ETC in the mitochondria. During cancer development, energy metabolism alterations are described as an increase
in glycolysis and suppression of OXPHOS, known as the Warburg effect (44); however, recent studies demonstrate that
OXPHOS is maintained in many tumors and can be important
for progression (45). We wanted to assay for OXPHOS activation
in PMLs, as it may support PML progression by generating
reactive oxygen species (ROS) that can induce oxidative stress,
increase DNA damage, and HIF1A pathway activation (pathways
observed in our analysis).
We observed increases in both the basal OCR and the spare
respiratory capacity in the PML biopsies, suggesting that PMLderived cell cultures are more ETC and OXPHOS dependent that
the non-PML cultures. We also further demonstrated the increase
in ETC activity marked by positive COX IV staining associated
with increasing PML histologic grade. Several members of the
mitochondrial protein import machinery (46) were signiﬁcantly
upregulated (FDR < 0.05) in airways with PMLs, including members of the TOM complex (TOMM22, TOMM7, and TOMM20)
and TIM23 complex (TIMM23, TIMM21, and TIMM17A). We
observed positive staining of TOMM22 with increasing PML
grade, suggesting that increased import of precursor proteins from
the endoplasmic reticulum may be required to meet the energy
demands of PMLs. Measurements of mitochondrial content indicated no signiﬁcant differences between the normal and PMLderived cultures, and transcriptional levels of PPARGC1A, asso-
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ciated with mitochondrial biogenesis, were not different between
subjects with and without PML, indicating that increases in
OXPHOS are likely independent of mitochondrial number
(47–49). Increases in OXPHOS have also been demonstrated to
be associated with PML progression in Barret's esophagus and
esophageal dysplasia (50), cervical dysplasia (51), and the dysplastic lesions that precede oral SCC (52). Collectively, these data
suggest that the OXPHOS pathway may be a target for early
intervention. Preclinical studies in the NTCU mouse model of
lung SCC demonstrate the potential for targeting mitochondrial
respiration by using the natural product honokiol to inhibit
tumor development (53). Further investigations into the role of
cellular energy metabolism in the development and progression
of PMLs are needed to fully understand how to best target it for
intervention in lung cancer.
In addition, we extended the connection between the
PML-associated airway ﬁeld and PMLs beyond the OXPHOS
pathway to processes associated with squamous cell lung
carcinogenesis. By examining gene sets from multiple external
studies representative of lung cancer–related processes occurring in the tumor, adjacent to the tumor, and in the upper
airway, we found signiﬁcant concordant relationships between
the PML-associated ﬁeld and processes associated with SCC
tumors. Genes are similarly altered in these varied cancerassociated contexts, and thus, tissues in the ﬁeld both adjacent
to and far away from the tumor may reﬂect basic processes and
mechanisms of lung carcinogenesis, such as DNA damage, as
hypothesized earlier.
These observations motivated us to pursue the most translational aspect of this study, a biomarker that can detect PMLs
and monitor their progression over time. The 200-gene biomarker, measured in normal appearing bronchial mucosa,
achieved high performance detecting the presence of PMLs in
a small test set (AUC ¼ 0.92). This biomarker may increase the
sensitivity of bronchoscopy in detecting the presence of PMLs
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Figure 3.
OXPHOS upregulation in premalignant lesion biopsies. A, The mean baseline OCR/ECAR ratio measured in human bronchial biopsy cultures from
PMLs (pink, n ¼ 6) was 2.5-fold higher than the biopsies of normal airway epithelium (gray, n ¼ 6; P ¼ 0.035). B, Bioenergetic studies testing
mitochondrial function demonstrate PMLs (red) have a signiﬁcantly (1.5-fold) higher maximal respiration (P ¼ 0.022). Error bars (A and B), SEM. C and D,
Mitochondrial enumeration by FACS analysis of MitoTraker GFP suggests increased OCR is not reliant on increased mitochondria as the difference in GFP
per cell was not signiﬁcant (P ¼ 0.150). E, Representative images of TOMM22 and COX IV staining in which expression of both proteins is increased in low
and moderate dysplastic lesions in both human and NTCU-mouse PMLs (magniﬁcation, 400).

(which can be difﬁcult to observe under white light) and thus
improve identiﬁcation of high-risk smokers that should be
targeted for aggressive lung cancer screening programs. In
addition, the biomarker may offer wider clinical utility in early
intervention trials by serving as an intermediate endpoint of
efﬁcacy (beyond Ki-67 staining for proliferation, and changes
in biopsy histology). Toward this goal, we demonstrated that
the change in biomarker scores over time reﬂects contemporaneous regressive or progressive/stable disease (AUC ¼ 0.75).
This result suggests that the airway ﬁeld of injury in the
presence of PMLs is dynamic and that capturing the gene
expression longitudinally may allow for further stratiﬁcation

www.aacrjournals.org

of high-risk subjects. The potential clinical utility of the biomarker is further supported by recent work demonstrating a
signiﬁcant association between the development of incident
lung SCC and the frequency of sites that persist or progress to
high-grade dysplasia (24).
Further development and testing in a larger cohort is needed
to conﬁrm the biomarker's performance, utility, and ability
to predict future PML progression or regression. In addition,
longitudinal and spatial sampling would provide a greater
understanding of the dynamic relationship between the normal epithelium and the PMLs as they regress or progress to
SCC. Longitudinal studies would allow for more accurate
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suggest great clinical utility. Moving therapeutics and detection
strategies toward an earlier stage in the disease process
via molecular characterization of premalignant disease holds
great promise (55, 56), and this study represents an important
step toward a precision medicine approach to lung cancer
prevention.
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Figure 4.
PML-associated gene expression alterations in the airway ﬁeld are
concordant with SCC-related datasets. Genes are ranked by their differential
expression in subjects with and without PMLs (x-axis, genes up-regulated
and down-regulated in subjects with PMLs are red and blue, respectively).
The SCC-related gene signatures were signiﬁcantly and concordantly
enriched among PML-associated gene expression changes by GSEA. The
black vertical lines represent the position of genes in the ranked list (x-axis)
and the height corresponds to the magnitude of the running enrichment
score from GSEA (y-axis). A, Top differentially expressed genes from analysis
of TCGA RNA-Seq data comparing lung SCC and matched adjacent normal
tumor tissue. B, Ooi and colleagues gene sets for early gene expression
changes deﬁned by genes altered between premalignant and normal tissue
and between tumor and normal tissue (P < 0.05) using laser capture
microdissected (LCM) epithelium from the margins of resected SCC tumors.
C, Top differentially expressed genes from analysis of cytologically normal
bronchial epithelial cells from smokers with and without lung cancer
(GSE4115).

characterization of the time intervals needed to observe gene
expression dynamics both in the PMLs and in the airway ﬁeld of
injury. Spatial sampling throughout the respiratory tract, including the more accessible nasal airway that shares the tobaccorelated injury with the bronchial airways (54), would allow for
evaluation of the impact of distance between the PMLs and the
brushing site, the range of PML histologies, and the multiplicity
of PMLs that can be present simultaneously in a patient and
inﬂuence the PML-associated airway ﬁeld.
In light of these challenges and opportunities for future
work, we have comprehensively proﬁled gene expression
changes in airway epithelial cells in the presence of PMLs that
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Figure 5.
Performance of an airway biomarker in detecting the presence and
progression of premalignant lesions. The ROC curves demonstrate the
biomarker performance. A, ROC curve (AUC ¼ 0.92) showing the
performance of the biomarker detecting presence of PMLs in the validation
samples (n ¼ 17), solid line. Shufﬂing of class labels (n ¼ 100 permutations)
produced an average ROC curve (dotted line) with a signiﬁcantly lower AUC
(P < 0.001) and a narrow conﬁdence interval (shaded area). B, ROC curve
(AUC¼0.75) showing the performance of biomarker score differences over
time detecting PML regression or stability/progression.
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