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Abstract

Background: Epithelial barrier dysfunction is a central feature in the pathogenesis

of allergic disease. Epithelial-to-mesenchymal transition (EMT) has been proposed as

one mechanism afflicting barrier in asthma. However, genes and pathways involved

in aberrant epithelial-mesenchymal signaling, and their relationship to asthma sever-

ity, are poorly understood.

Methods: We used unbiased gene network analysis to evaluate functional conver-

gence in epithelial gene expression signatures across multiple public access tran-

scriptomics datasets of human asthma, followed by text mining to evaluate

functional marker relevance of discovered genes. We objectively confirmed these

findings in epithelial brushings and primary asthmatic epithelial cells cultured in dif-

ferent biological contexts.

Results: We found a striking suppression of epithelial differentiation in asthma,

overrepresented by insufficiency in insulin and Notch signaling, but with the

absence of conventional EMT markers. We identified EFNB2, FGFR1, FGFR2, INSR,

IRS2, NOTCH2, TLE1, and NTRK2 as novel markers central to dysregulation of

epithelial-mesenchymal signaling, but surprisingly overlooked in asthma research.

We found that this “core” signature of asthma is shared by mild, moderate, and sev-

ere forms of disease, progressing with severity. Loss of epithelial differentiation

induced by insulin deprivation in normal human bronchial epithelial cells cultured in

organotypic conditions closely approximated gene expression in asthmatic epithelial

brushings.

Conclusions: The comparative analysis of publically available transcriptomes demon-

strated that epithelial barrier dysfunction in asthma is characterized by persistent

underlying de-differentiation program with complex etiology. The lasting alteration of

the asthmatic epithelial cell transcriptome implicates regulation involving metabolism

and epigenetics, beyond EMT driven by injury and repair in chronic inflammation.
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1 | INTRODUCTION

Epithelial barrier dysfunction is believed to be a central feature in

the pathogenesis of allergic disease. In asthma, the airway epithelium

undergoes dramatic changes, characterized by deficient differentia-

tion and repair, loss of junctional and innate defense proteins, modi-

fication of extracellular matrix, and subepithelial fibrosis, together

indicating loss of competent barrier functionality even in mild forms

of disease. Dysregulation of epithelial-mesenchymal signaling consis-

tent with epithelial-to-mesenchymal transition (EMT) has been pro-

posed as one of the mechanisms responsible for dysfunction of the

epithelial barrier in allergy.1-3 Although existence of EMT-like pro-

cesses has recently been implicated in multiple allergic diseases,

including asthma,2-5 specific drivers of EMT and their relationship to

disease severity is the subject of controversy.

Chronic inflammation in asthma is sufficient to inflict damage on

the epithelial barrier and induce repair process, which in part

engages EMT as a mechanism to either expand the mesenchymal

precursor pool, or induce adjacent epithelial cells to adopt a more

migratory phenotype needed to regenerate a functional mature

epithelium. Given persistence of chronic inflammation, ongoing and

deficient repair would explain the presence of EMT and loss of

barrier function. However, it has been increasingly recognized that

barrier disruption may extend beyond simple inflammatory insult and

even pre-date development of allergic disease. This is supported by

the link between loss of function in epithelial barrier genes and

allergen sensitization,6 the altered barrier state of intact nonlesional

skin in atopic dermatitis,7 and increased transepidermal water loss

(TEWL) through uninvolved skin of allergic patients.8 Intriguingly,

primary epithelial cells cultured from asthmatic airways, taken out of

their inflammatory context, similarly exhibit a persistent altered

“immature” phenotype with altered junctions and defective repair

mechanisms.9,10 Collectively, these reports indicate persistence of

epithelial dysfunction even after epithelial cells have been removed

from the in vivo inflammatory environment. This suggests a tran-

scriptional reprogramming (nonheritable alteration of cell develop-

ment) of the epithelial phenotype and existence of systemic factors

driving EMT and de-differentiation beyond the injury and repair.

Reprogramming of epithelial cells toward pro-mesenchymal pheno-

type has been shown to occur at the level of epigenetics, microRNA

regulation, and metabolism.11-13 However, the genes, pathways, and

other factors involved in promoting this aberrant developmental pro-

gram in asthma are poorly understood.

Here, we used unbiased biological gene network analysis to revi-

sit gene expression signatures of bronchial epithelial cells from sev-

eral studies of asthma, with the goal of identifying unity rather than

discrepancy in epithelial barrier gene expression patterns across dif-

ferent asthma severities. Comparing epithelial gene expression signa-

tures across multiple independent studies of asthma, we discovered

(i) there is poor consensus representation of classical EMT markers

in asthma gene expression signatures; (ii) however, collective sup-

pression of epithelial differentiation programs was well represented

across multiple studies of asthma; (iii) downregulation of insulin

signaling/insulin resistance was identified as one of the possible key

factors driving de-differentiation and susceptibility to deficient

repair; (iv) such epithelial de-differentiation program was shared

across mild, moderate, and severe asthma, and became more pro-

nounced with increasing disease severity; (v) EFNB2, FGFR1,

FGFR2, INSR, IRS2, NOTCH2, TLE1, and NTRK2 were identified

and validated as novel genes capturing epithelial-mesenchymal dys-

regulation in asthma; (vi) insulin deficiency in normal human bron-

chial epithelial cultures grown in organotypic conditions induced loss

of epithelial differentiation and approximated gene expression pat-

terns observed in asthmatic epithelial brushing samples. Collectively,

our study suggests that the EMT process implicated in asthma

pathogenesis is a manifestation of an underlying profound and per-

sistent suppression of epithelial differentiation/developmental pro-

grams, likely driven not only by inflammation and repair, but also by

changes in systemic factors such as insulin and insufficiency of dif-

ferentiation stimuli.

2 | MATERIALS AND METHODS

2.1 | Microarray studies, datasets, and clinical
sample characteristics

Gene Expression Omnibus (GEO), NCBI’s publically available reposi-

tory of bioinformatics datasets, which holds curated MIAME (Mini-

mum Information About a Microarray Experiment) compliant

transcriptomics data, was thoroughly queried for all datasets involv-

ing asthmatic epithelium. Only datasets supported by peer-reviewed

PubMed-indexed publications, with well-documented clinical descrip-

tions of asthma patients and airway sampling procedures, with suffi-

cient samples to generate a robust list of significantly different

genes with FDR significance adjustment, and with proper inclusion

of healthy control groups, were selected for this study. A description

of all considered microarray datasets found involving asthmatic

epithelium, and reasoning for inclusion or noninclusion in this study,

can be found in Table S1. Based on these criteria, eight gene expres-

sion microarray datasets representing different independent studies

of asthma were downloaded from the repository. Datasets from dif-

ferent asthma severities were intentionally included, for the purpose

of identifying unifying factors across different asthmatic subtypes.

Seven of eight datasets utilized in this study were derived from

bronchial brushings of normal vs asthmatic patients, immediately

lysed for RNA extraction upon sampling. To control for contaminat-

ing expression of genes from cell types other than epithelium, a

dataset of epithelial samples cultured from epithelial brushings

(where only adherent cells were passaged >3 times in plates before

RNA extraction) was included as an internal control. Gene annota-

tions were updated using technology-corresponding annotation

libraries in R. The GEO and PubMed NCBI accession numbers, as

well as details of each microarray study, including sample descrip-

tions (brief patient demographics, asthma severity, and epithelial pur-

ity), are provided in Table 1. Our workflow for bioinformatics

analysis is illustrated in Figure. 1.

2 | LOFFREDO ET AL.



T
A
B
L
E

1
D
et
ai
ls
o
f
as
th
m
a
st
ud

ie
s
an

d
as
so
ci
at
ed

m
ic
ro
ar
ra
y
da

ta
se
ts

G
SE

P
M
ID

T
ec

hn
o
lo
gy

/P
la
tf
o
rm

Sa
m
pl
e
si
ze

fo
r

ea
ch

gr
o
up

A
st
hm

a
se
ve

ri
ty

(F
E
V
1
%

pr
ed

ic
te
d)

A
ge

Se
x
(M

:F
)

R
ac
e
(W

/B
/O

c )
Sa

m
pl
e
so

ur
ce

E
p
it
h
el
ia
l
p
u
ri
ty

1
8
9
6
5

2
0
1
1
0
5
5
7

A
ff
ym

et
ri
x/
H
um

an

G
en

o
m
e
U
1
3
3
A

N
o
rm

al
:
7
,A

st
hm

a:
9

M
ild

8
.6
�3

.5
(M

),

8
.5
�3

.0
(F
)b

2
3
:1
3

N
o
t
pr
o
vi
de

d
C
u
lt
u
re
d
ce
lls

~1
0
0
%

ep
it
h
el
ia
l
ce
lls

4
3
6
9
6

2
4
5
1
8
2
4
6

A
gi
le
nt
/W

ho
le

H
um

an

G
en

o
m
e
M
ic
ro
ar
ra
y

4
9
4
4
K

N
o
rm

al
:
2
0
,
A
st
hm

a:
5
0

M
ild

(9
0
[8
3
-9
7
])

2
9
(2
3
-3
7
)a

7
:1
7

H
ea

lt
hy

:
1
4
/3

/3
,
A
st
h
m
a:

2
9
/1

4
/7

B
ro
n
ch

ia
l
b
ru
sh
in
gs

>
9
0
%

ep
it
h
el
ia
l
ce
lls

6
7
4
7
2

2
5
6
1
1
7
8
5

A
ff
ym

et
ri
x/
H
um

an

G
en

o
m
e
U
1
3
3

P
lu
s
2
.0

N
o
rm

al
:
4
3
,
A
st
hm

a:
2
2

M
ild

(8
9
�1

0
)

3
4
�1

2
b

9
:1
3

R
ep

o
rt
ed

as
“s
im

ila
r
ra
ce
/

et
hn

ic
it
y
ac
ro
ss

b
o
th

gr
o
up

s”
in

o
ri
gi
n
al

st
u
d
y

B
ro
n
ch

ia
l
b
ru
sh
in
gs

9
7
�3

%
ep

it
h
el
ia
l
ce
lls

4
3
0
2

1
7
8
9
8
1
6
9

A
ff
ym

et
ri
x/
H
um

an

G
en

o
m
e
U
1
3
3

P
lu
s
2
.0

N
o
rm

al
:
2
6
,
A
st
hm

a:
4
2

M
o
de

ra
te

(8
7
�1

2
)

3
6
�1

2
b

1
7
:2
5

N
o
t
pr
o
vi
de

d
B
ro
n
ch

ia
l
b
ru
sh
in
gs

9
7
�3

%
ep

it
h
el
ia
l
ce
lls

6
3
1
4
2

2
5
3
3
8
1
8
9

A
gi
le
nt
/W

ho
le

H
um

an

G
en

o
m
e
M
ic
ro
ar
ra
y

4
9
4
4
K

N
o
rm

al
:
2
7
,
A
st
hm

a:
7
2

M
o
de

ra
te

(8
4
�1

6
)

2
9
�1

0
b

1
3
:2
4

H
ea

lt
hy

:
1
8
/5

/3
,
A
st
h
m
a:

4
3
/2

5
/8

B
ro
n
ch

ia
l
b
ru
sh
in
gs

>
9
0
%

ep
it
h
el
ia
l
ce
lls

6
7
4
7
2

2
5
6
1
1
7
8
5

A
ff
ym

et
ri
x/
H
um

an

G
en

o
m
e
U
1
3
3

P
lu
s
2
.0

N
o
rm

al
:
4
3
,
A
st
hm

a:
4
0

M
o
de

ra
te

(8
5
�1

3
)

3
6
�1

2
b

1
9
:2
1

R
ep

o
rt
ed

as
“s
im

ila
r
ra
ce
/

et
hn

ic
it
y
ac
ro
ss

b
o
th

gr
o
u
p
s”

in
o
ri
gi
na

l
st
u
d
y

B
ro
n
ch

ia
l
b
ru
sh
in
gs

9
7
�3

%
ep

it
h
el
ia
l
ce
lls

4
3
6
9
6

2
4
5
1
8
2
4
6

A
gi
le
nt
/W

ho
le

H
um

an

G
en

o
m
e

M
ic
ro
ar
ra
y
4
9
4
4
K

N
o
rm

al
:
2
0
,
A
st
hm

a:
3
8

Se
ve

re
(5
6
[4
0
-7
1
])

4
7
(3
5
-5
5
)a

1
2
:3
0

H
ea

lt
hy

:
1
4
/3

/3
,
A
st
h
m
a:

2
2
/1

4
/2

B
ro
n
ch

ia
l
b
ru
sh
in
gs

>
9
0
%

ep
it
h
el
ia
l
ce
lls

6
3
1
4
2

2
5
3
3
8
1
8
9

A
gi
le
nt
/W

ho
le

H
um

an

G
en

o
m
e

M
ic
ro
ar
ra
y
4
9
4
4
K

N
o
rm

al
:
2
7
,
A
st
hm

a:
5
6

Se
ve

re
(5
6
�2

0
)

4
5
�1

1
b

1
6
:3
5

H
ea

lt
hy

:
1
8
/5

/3
,
A
st
h
m
a:

3
1
/1

4
/3

B
ro
n
ch

ia
l
b
ru
sh
in
gs

>
9
0
%

ep
it
h
el
ia
l
ce
lls

a
m
ed

ia
n
(w

it
h
2
5
th
-7
5
th

pe
rc
en

ti
le
s)
.

b
m
ea

n
�S

D
.

c W
hi
te
/B

la
ck
/O

th
er
.

LOFFREDO ET AL. | 3



2.2 | Differential expression

Each individual dataset underwent consistent handling, implementing

standard contrast fits on Series Matrix File data uploaded to GEO by

the original study groups (preserving original summarization/normal-

ization protocols, to maintain consistency with gene signatures pub-

lished by original studies), performed in the R computing

environment (“limma” package, Bioconductor). For differential gene

expression in healthy control vs disease group comparisons, moder-

ated Benjamini-Hochberg t-tests (with FDR significance adjustment)

were used. Only genes significant at an FDR adjustment cutoff of

10% (adjusted P-value <.1) were used in subsequent data mining/

network analysis. No fold change cutoffs were implemented.

2.3 | Comparison of gene expression signatures
across multiple studies of asthma

To identify genes exhibiting consensus differential expression across

different studies of asthma, we identified convergent intersections of

gene signatures from multiple studies, using the Bioinformatics & Evo-

lutionary Genomics Venn diagram tool (VIB/UGent, Belgium). Meta-

analysis-level integration of data in this case was not a feasible

approach due to differences in biological hypotheses postulated by

different studies (healthy vs mild, moderate, or severe subject-group

comparisons) and very different microarray technologies/platforms

used across studies (with high punishing effect during cross-normaliza-

tion). Rather, the analysis focused on straightforward identification of

“core” genes and biological functions at the level of outcomes—com-

parison of gene signatures already identified by independent groups,

driven by the principle that if several groups independently report the

same gene, this gene is robustly represented in the “core” functional

processes in asthma. This approach allowed us to focus on robust and

consistent gene expression patterns of epithelial remodeling in

asthma, while transcending variation due to disease heterogeneity,

experimental differences, technological discrepancy, and patient vari-

ability in studies performed by separate research groups. To allow for

sufficient number of genes to perform further functional ontology and

interactome analysis, we used relaxed stringency criteria to include

genes convergent in at least five of eight studies of asthma. Only

genes that exhibited consistent directionality of change (upregulation

or downregulation) relative to healthy controls in at least five of eight

studies of asthma (where they showed statistical significance) were

included in the consensus. This resulted in a consensus signature of

159 genes (93 upregulated and 66 downregulated). These consensus

genes were used in all subsequent analyses, including construction of

our functional gene expression network and text mining approach for

potential epithelial biomarkers in asthma.

2.4 | Functional gene set enrichment analysis

Functional Gene Set Enrichment Analysis (FGSEA) was used to gen-

erate functional gene networks and identify “functional hub” genes

by metagrouping of individual gene term sets (referencing GO Bio-

logical Process and KEGG Pathways), based on function similarity.

The GeneTerm Linker algorithm implemented in the “FGNet” pack-

age (R) was used to perform the analysis. GeneTerm Linker is an

algorithm for functional annotation of gene signatures that combines

a concurrent enrichment analysis (GeneCodis) followed by a nonre-

dundant reciprocal linkage of genes and biological terms (GeneTerm

Linker).14 This methodology solves the problem of extreme redun-

dancy and low depth of information in conventional enrichment

algorithms, and filters enrichment output results through reciprocal

linkage between genes and terms to produce functional metagroups

of key biological significance. Parameters set for this analysis

included adjusted P-value <.05, minimum gene term support of 3.

Genes were deemed “functional hub” genes if they belonged to

more than one functional metagroup, suggesting a more central role

in regulation of biological processes in asthmatic epithelium. Net-

works generated utilizing this analysis were exported in GLM format

for further analysis and visualization, using the “iGraph” package (R).

2.5 | Pathway analysis, hierarchical clustering, and
visualization

Cytoscape 3.2.1 was used for analysis of edge weight, node connec-

tivity, and betweenness within the networks, as well as to visualize

F IGURE 1 Workflow for bioinformatics analysis of publicly
available microarray datasets

4 | LOFFREDO ET AL.



functional metagrouping of genes. The “OmicCircos” package (R) was

used to perform hierarchical clustering, and to visualize gradient of

severity in normalized fold change of the 159 consensus genes

across all studies of asthma, using circular heatmap display.

2.6 | Gene validation in independent epithelial
brushings datasets

One approach we took for validation of our signatures involved interro-

gation of publically available independent microarray studies of normal

vs asthmatic epithelium that were not initially included in our signature,

GSE41861 and GSE64913. Reasons for not including these datasets in

our initial analysis were lack of publication in peer-reviewed, PubMed-

indexed work (GSE41861) and mixed sampling from peripheral and cen-

tral bronchi (GSE64913). These studies were technically sound (properly

powered and allowed for FDR adjustment), and both datasets were pro-

cessed identically to the datasets from our comparative analysis. Both

new microarray datasets utilized freshly isolated bronchial brushings for

their epithelial samples, similar to the source for most of the microarray

datasets used in our mining analysis. GSE41861 represented mild, mod-

erate, and severe asthma. GSE64913 included only severe asthmatics in

its analysis. To identify genes confirming their expression in these inde-

pendent cohorts, lists of significantly differentially expressed genes from

these studies were blasted against our asthma convergence signatures

using Venn analysis.

2.7 | Gene and functional process validation in
primary human bronchial epithelial cell cultures

Another approach taken for validation of our signatures was to per-

form RNA-Seq analysis on pure primary human bronchial epithelial

cells, grown in different biological contexts. Normal human bronchial

epithelial cells and diseased human bronchial epithelial cells (asthma)

were purchased from Lonza and grown either in submerged conditions

or in fully differentiated organotypic conditions (>3 weeks of culture

at air-liquid interface in specialized differentiation media in 0.4 lm

Corning Transwell plates, following Lonza’s protocol). To simulate the

deficiency in insulin signaling, which was implicated as one of the key

events in loss of epithelial differentiation via our network analysis, nor-

mal human bronchial epithelium was cultured in air-liquid interface in

insulin-deficient conditions during differentiation phase of the culture,

albeit with sufficient supplementation of other differentiation compo-

nents (retinoic acid, triiodothyronine, EGF). Importantly, same exact

donors in same plating conditions (passage number, plating density)

were used for tests in different conditions. When comparing healthy

and asthmatic samples, donors were matched by age and sex. All sam-

ples were processed simultaneously for downstream analyses.

2.8 | RNA-Seq sequencing and analysis of epithelial
samples

Epithelial cells were immediately lysed using RLT buffer from the

Qiagen RNeasy Plus Mini kit (Qiagen, Hilden, Germany). Cell lysates

were stored at �80°C until RNA was extracted. RNA isolations were

performed using Qiagen RNeasy Plus Mini kit (Qiagen). RNA quality

and quantity were measured using Agilent 4200 Tapestation using

high-sensitivity RNA ScreenTape System (Agilent Technologies,

Santa Clara, CA, USA). NEBNext UltraTM RNA (New England Biolabs,

Inc, Ipswich, MA, USA) was used for full-length cDNA synthesis and

library preparation. Libraries were pooled, denatured, and diluted,

resulting in a 2.5 pmol L�1 DNA solution. PhiX control was spiked at

1%. Libraries were sequenced on an Illumina NextSeq 500 instru-

ment (Illumina Inc, San Diego, CA, USA), using NextSeq 500 High

Output reagent kit (Illumina Inc) (1975 cycles) with a target read

depth of approximate (5-10) million aligned reads per sample.

“edgeR” package (R, Bioconductor) was used to analyze sequencing

data. Briefly, reads were assessed for quality, aligned to hg19 human

reference genome using TopHat algorithm, and normalized and

annotated count data were analyzed for differential expression using

“deseq2” protocol. All resulting RNA-seq data will be made publically

available in NCBI’s GEO Omnibus repository.

3 | RESULTS

3.1 | Convergence of gene expression signatures
across different studies of asthma

To identify convergence of gene signatures and functional processes

across different asthma studies, we used Venn diagram calculations

to identify intersections of healthy control vs asthma differential

gene expression lists from individual studies (using 10% FDR-

adjusted significance cutoff, no fold change cutoff). This approach

allowed us to focus on robust and consistent gene expression pat-

terns of epithelial remodeling in asthma, while minimizing variation

due to experimental differences, technological discrepancy, and

patient variability in studies performed by separate research groups.

No genes were consistently represented in gene signatures of every

single study (eight of eight studies). Six genes (CEACAM5, CPA3,

INSR, MS4A2, NOX1, and SLC16A6) were detected as significantly

differentially expressed in seven of eight gene signatures of asthma.

39 genes were shared by 6/8 signatures and 194 genes by 5/8 sig-

natures. To allow for a sufficient number of genes to proceed with

functional gene network analysis, we considered the genes shared in

5/8 asthma differential expression signatures, but only selected

genes that exhibited a consistent upregulation or downregulation

pattern across these studies. This resulted in the consensus list of

159 genes (93 upregulated and 66 downregulated) (Figure 2). We

will refer to these genes as “159 gene asthma consensus signature.”

Importantly, a majority of these genes were represented across a

range of asthma severity, appearing in studies of mild, moderate, and

severe asthma (Figures 2, 3, and 4). Chromosome mapping of the

consensus genes revealed genome-wide distribution, with chromo-

somes 1, 2, 3, 6, 12, 17, and 19 containing the greatest number of

dysregulated genes in asthma (Figure 2). Interestingly, while two

genes on the X chromosome showed dysregulation in asthma

(GUCY2F and NOX1), not a single Y chromosome gene was affected

LOFFREDO ET AL. | 5



(Figure 2). These 159 genes were further subjected to an unbiased

gene ontology and functional gene network analysis (with no prese-

lection of genes based on their relevance to biological processes of

interest) to determine biological significance of this cross-study con-

vergence in the pathogenesis of asthma.

3.2 | Pathways and functional processes
represented by consensus gene expression in asthma

Functional pathway analysis of 159 consensus asthma genes (refer-

encing GO Biological Process and KEGG Pathway databases)

revealed a tightly integrated functional network representing several

key biological processes and pathways of immediate relevance to

the lung and epithelial biology (Figure 5). Functional gene terms

identified through this analysis converged on several metagroups of

biological significance, describing (i) lung morphogenesis and epithelial

de-differentiation, captured by groupings of the following gene terms:

lung development (FGFR2, HEG1, NR3C1), organ morphogenesis

(EFNB2, FGFR2, NOTCH2, TLE1), epithelial cell differentiation

(FGFR2, VEGFA, UPK1B), cell maturation (CTNNB1, FGFR1, VEGFA),

lung-associated mesenchyme development (FGFR1, FGFR2,

CTNNB1), positive regulation of mesenchymal cell proliferation

(FGFR1, FGFR2, IRS2, VEGFA, CTNNB1), stem cell maintenance

(FGFR1, KIT, NOTCH2), and negative regulation of cell growth

(CGREF1, CAPRIN2, SCGB3A1); (ii) dysregulation of specific pathways

in control of epithelial homeostasis: Notch signaling (NOTCH2, TLE1),

ephrin signaling (EFNB2), WNT signaling (CTNNB1), insulin receptor

signaling (INSR, IRS2, FGFR1/2), and fibroblast growth factor recep-

tor signaling pathway (FGFR1/2); (iii) dysregulated maintenance of cell

junctions and adhesion: homophilic cell adhesion (CELSR1, PCDH17,

PTPRM), cell-matrix adhesion (CD44, CTNNB1, ITGA10, POSTN),

focal adhesion (CTNNB1, FLNB, ITGA10, VEGFA), and adherens
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F IGURE 2 Circular visualization of chromosomal positions, hierarchical clustering, connectivity, and severity gradients for all genes in the
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junctions (CTNNB1, FGFR1, INSR, PTPRM); (iv) changes in metabo-

lism and signaling of hormones: response to insulin and glucose stimu-

lus (INSR, IRS2, CASP6), fatty acid metabolic process (AACS, CROT,

LYPLA1), phosphoinositide-mediated signaling (CA8, FGFR1, IRS2),

arginine and proline metabolism (NOS2, ODC1, PYCR1), response to

estradiol stimulus (CASP6, CTNNB1, INSR). For convenience,

shorthand annotations for these groups are supplied in color-coded

text next to relevant gene clusters in Figure 5. The highest func-

tional integration in the network (measured by highest weight/con-

nectivity) was found among the following genes: FGFR1, FGFR2,

INSR, IRS2, VEGFA, CTNNB1, and NTRK2 (Figure 5, edges high-

lighted in crimson color), all implicated as central in the maintenance

of epithelial homeostasis.

3.3 | Key genes capturing epithelial de-
differentiation program in asthma

Network analysis/FGSEA identified several key “functional hub”

genes, which are genes that influence the biology of more than one

functional gene term-group, thus playing a central role in regulation

of biological processes and pathways represented by the network

(Figure 5, open nodes). As determined by unbiased functional gene

network analysis, 12 functionally overrepresented genes (CTNNB1,

FGFR1, FGFR2, INSR, IRS2, NOTCH2, NR3C1, NTRK2, VEGFA) and

several key downstream signals (EFNB2, POSTN, TLE1) exhibited

tight integration and functional association with processes and path-

ways regulating epithelial morphogenesis and differentiation

(Figure 5, enlarged font size); we will refer to these as our “12 gene

epithelial differentiation signature.” To contrast these newly found

epithelial homeostasis-related genes with expression of classical

markers of epithelial-to-mesenchymal transition, and evaluate their

biomarker potential, we illustrated expression of nine classical EMT

markers compared to our 12 key genes capturing the de-differentia-

tion program across the eight studies of asthma in a radar plot

(Figure 6A). Among markers of EMT, only CDH2 (N-cadherin), SNAI2

(SLUG), and TWIST1 showed significant differential expression in

any asthma study. There was virtually no agreement on expression

of these markers across different studies: ZEB1 was significantly dif-

ferentially expressed in just one of eight studies, SNAI2 and TWIST1

in two of eight studies, and CDH2 in three of eight studies (with

downregulation rather than upregulation of N-cadherin in two of

those three studies, which is not generally consistent with an EMT

phenotype). Compared to descriptors of “epithelial-to-mesenchymal

transition,” our key markers of “epithelial de-differentiation” exhib-

ited much greater consensus expression across different studies of

asthma. FGFR2, IRS2, NTRK2, and TLE1 exhibited consensus differ-

ential expression in six of eight studies, and insulin receptor (INSR)

in seven of eight studies, the rest of our “key” markers appearing in

five of eight studies. To confirm congruity of our 12 gene epithelial

differentiation signature to processes of epithelial differentiation and

EMT, as well as to determine their relevance and novelty for asthma,

we executed PubMed (NCBI) search queries for each individual mar-

ker coupled with search terms involving asthma, EMT, and epithelial

differentiation (made as inclusive as possible by the inclusion of

AND and OR search operators). PubMed searches validated the

functional network analysis results by demonstrating that many of

the 12 markers described here are important components of the sys-

tem governing epithelial-mesenchymal homeostasis, but surprisingly

unknown or underrepresented in studies of asthma (Figure 6B). In

F IGURE 3 Epithelial de-differentiation programs in mild,
moderate, and severe asthma. A, Volcano plot showing �log10-
adjusted P-value vs log2 fold change for each of the 12 identified
key genes (TLE1, NTRK2, POSTN, FGFR1, INSR, IRS2, FGFR2,
EFNB2, VEGFA, NR3C1, CTNNB1, and NOTCH2) plotted for each
gene in each of the eight microarray datasets utilized in this study
(12 genes98 studies=96 points in total). Points from studies of
“mild” asthma are denoted in blue; “moderate,” purple; “severe,” red.
Medians of all �log10-adjusted P-values for all 12 genes in each
severity grouping of array datasets (mild, moderate, severe) are
shown with color-coded dotted lines to demonstrate an overall
trend of increase in significance corresponding to increase in
severity. Data points with the highest values on volcano plot are
labeled with corresponding gene names. B, Line chart depicting the
change in �log10-adjusted P-value as disease severity increases
(based on FEV1), for each of the 12 hub genes. Gene data points in
each severity group (mild, moderate, severe) are �log10-adjusted P-
values averaged for all studies falling within given severity group
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particular, PubMed searches revealed that the most overlooked pro-

cesses in the pathogenesis of asthma were downregulation of Notch

(NOTCH2, TLE1), insulin signaling (INSR, IRS2, FGFR1, FGFR2), and

ephrin signaling (EFNB2), despite their known critical roles in mainte-

nance of epithelial differentiation and competent barrier state.

Importantly, as validation of our consensus signature’s relevance to

current knowledge regarding asthma, these PubMed searches addi-

tionally showed many returned results for highly researched disease

markers such as POSTN and CLCA1, also being represented in the

consensus signature.

3.4 | Epithelial de-differentiation programs in mild,
moderate, and severe asthma

Given that the consensus asthma signature of 159 genes is repre-

sented in mild, moderate, and severe asthma datasets, we deter-

mined whether expression of these genes changes with disease

severity. FEV1 (forced expiratory volume) data representing asthma

severity for each of the eight studies are shown in Table 1. Hierar-

chical clustering of these genes by normalized fold change indicated

that overall, expression of most genes in the consensus signature

increases with severity, represented by its intensification along the

FEV1 gradient (Figure 2). This was also true for our “12 gene epithe-

lial differentiation signature” representing dysregulation of the

epithelial differentiation program within this signature (Figure 2, col-

ored gene labels). Moreover, there was an overall trend for increase

in statistical significance of these genes, aligning with severity of dif-

ferent studies of asthma, shown as a volcano plot in Figure 3A.

More detailed interrogation of changing statistical significance of

these 12 key genes across different studies of asthma (by assess-

ment of adjusted P-value averaged among each severity grouping)

revealed that, on average, significance of this signature increased

with severity (Figure 3B). CTNNB1, FGFR1, FGFR2, IRS2, NR3C1,

and VEGFA exhibited gradual increase in significance from mild to

moderate to severe asthma. INSR, NOTCH2, and POSTN were most

significantly differentially expressed in moderate asthma, while

EFNB2 and NTRK2 showed similar levels of statistical significance

in moderate and severe asthma (Figure 3B). In summary, this epithe-

lial de-differentiation program appears to occur to some degree in

mild, moderate, and severe asthma. Moreover, expression of key

genes representing this process tends to increase with disease

severity.

3.5 | Convergent gene validation in independent
epithelial brushing datasets

To validate our convergence gene signatures and functional pro-

cesses revealed through the data mining analysis, we utilized two

different approaches. First, we determined whether these genes

appear in other independent publicly available microarray datasets

of asthma (GSE41861 and GSE64913) that were not included in the

original eight datasets used in our analysis. The reasoning for not

including them in our initial analysis is described in the Methods

and Table S1. Importantly, these datasets were also performed on

freshly lysed bronchial brushing samples, similar to the majority of

datasets used to generate our convergence signatures. We specifi-

cally assessed the significance of differential expression of our 12

functional hub genes most relevant to epithelial-mesenchymal com-

munication in each of these microarray datasets (Figure 4 and

Fig. S1). These datasets both largely validated expression of these

12 genes, and directionality of expression in asthma was consistent

with that observed in our mining analysis (eg, INSR was downregu-

lated in both our convergence signatures and in these new data-

sets). Importantly, GSE41861 stratifies its asthma patients by mild,

moderate, and severe asthma (all simultaneously performed in the

same study), and this study also confirmed potentiation of differ-

ences in expression of genes of interest along the asthma severity

gradient (Figure 4).

3.6 | Gene and functional process validation in
primary human normal and asthmatic bronchial
epithelial cell cultures

Another approach we took to validating our functional gene signa-

tures was to perform our own RNA-Seq analysis on cultured human

bronchial epithelial cells (normal and asthmatic) in three different

biologically relevant culture contexts: (i) comparing normal vs asth-

matic bronchial epithelial cells in submerged growth conditions; (ii)

contrasting normal vs asthmatic bronchial epithelial cells in fully dif-

ferentiated air-liquid interface conditions, which more realistically

approximates the in vivo barrier state of the epithelium; and (iii) at

the functional process level, comparing normal bronchial epithelial

cells in fully differentiated air-liquid interface conditions in complete

media (supplemented with all necessary growth factors and hor-

mones) vs media deficient in insulin, to recapitulate the decrease in

insulin signaling that we identified as one of the key de-differentia-

tion events in our convergence asthma network. Importantly, the

same donors in the same plating conditions (passage number, plating

density) were used for tests in different conditions. When comparing

healthy and asthmatic samples, donors were matched by age and

sex. All samples were processed simultaneously for RNA-seq. In

Figure 7 (left column), volcano plots show the spread of significantly

differentially expressed RNA transcripts in each of these culture con-

ditions. At an adjusted significance level of 0.05, 1912 genes were

differentially expressed between healthy and asthmatic epithelium at

baseline in submerged culture. In organotypic air-liquid interface

F IGURE 4 Validation of 12 epithelial differentiation genes in an independent study of mild, moderate, and severe asthma (GSE41861).
Normalized expression values in each sample in GSE41861 (across different asthma severities) for the 12 epithelial differentiation “functional
hub” genes identified in our network analysis. ****: P-value <.0001; ***: P-value <.001; **: P-value <.01; *: P-value <.05; n.s.: not significant,
P-values between .05 and .15 noted on graphs; moderated Benjamini-Hochberg t-tests (with FDR significance adjustment)

LOFFREDO ET AL. | 9



conditions, this number increased to 2721 genes. Insulin deficiency

during differentiation induced differential expression of 6694 genes

in normal bronchial epithelium. We specifically emphasized changes

in expression of genes associated with proper epithelial homeostasis

and maintenance of differentiation state (markers of mature epithe-

lium, mesenchymal/basal epithelium, “Th2-high” barrier markers, and

differentiation process-associated markers) (Figure 7, right column).

In all three conditions (submerged asthmatic cells, organotypic asth-

matic epithelium, and insulin-deficient culture), we found overall loss

of differentiation and potentiation of mesenchymal signal. This was

specifically supported by downregulation of maturity and differentia-

tion markers MUC5AC (secretory epithelium), EPCAM (epithelial bar-

rier junctions), FGFR2 (loss of differentiation signal central to our

convergence networks), and NOTCH2 (Notch developmental signal-

ing pathway), as well as upregulation of mesenchymal/basal markers

(VIM, KRT5) and markers of barrier remodeling (POSTN and SER-

PINB2, classically described as “Th2-high” markers in the literature).

Notably, fold change and significance of these changes tended to

increase in more biologically relevant organotypic contexts (note

changes in scale in different conditions in Figure 7), which we addi-

tionally emphasized in Figure 8.

3.7 | Strength of validation in different biological
contexts

During confirmation steps, it became apparent that strength of vali-

dation (number of genes confirmed in independent studies) is signifi-

cantly dependent on the biological state of the epithelium under

investigation. In Venn diagrams in Figure 8, we show that when

compared to either the 159 asthma convergence signature (Figure 8,

left) or the 12 gene epithelial differentiation signature (Figure 8,

right), the highest number of reconfirmed genes was from direct

lysates of epithelial brushings (mild, moderate, and severe asthma

patient samples) (Figure 8B). Overall, fewer mined genes were

detected in epithelial cultures (Figure 8A). However, complexity and

in vivo modeling potential of epithelial culture mattered the most:

Loss of epithelial differentiation simulated by insulin deficiency in

cultured organotypic epithelium resulted in a high number of

F IGURE 5 Functional network analysis of consensus asthma gene expression signature. Functional network of 159 genes that were
significantly differentially expressed (10% FDR-adjusted P-value cutoff) in the same direction (93 upregulated and 66 downregulated) in at least
five of eight asthma microarray datasets shown in Table 1. The functional gene network was generated by metagrouping of individual gene
term sets (referencing GO Biological Process and KEGG Pathways knowledge repositories), based on functional similarity. Each color-defined
gene cluster represents a single metagroup defined by functional similarity of biological processes involving these genes, labeled accordingly in
matching color adjacent to gene clusters. Genes unique to their corresponding metagroups are color-coded. Nodes representing “functional
hub” genes (belonging to multiple metagroups) are not color-coded. 12 genes belonging to functional processes representing epithelial
morphogenesis and differentiation (as indicated by an unbiased gene term analysis) are displayed in larger fonts and node sizes than other
genes. Genes in red were significantly upregulated, while genes in blue were significantly downregulated. Edge (line) thickness is proportional
to weight of gene interaction in the network. Connections between hub genes with the highest weight and overall connectivity in the network
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validated “asthma convergence genes,” comparable to the signal

from epithelial brushings from subjects with mild, moderate, and sev-

ere asthma. However, submerged monolayer epithelial culture condi-

tions resulted in the poorest number of detected convergence

genes. Gene signature coverage patterns across biological states

were similar for 12 gene epithelial differentiation signature as well

(Figure 8, right). Relative numbers of validated genes in different bio-

logical contexts are shown in Figure 8C. In summary, “data-mined”

genes in asthma convergence signatures represent the complexity of

epithelial-mesenchymal communication, which can be measured or

modeled best only in biologically relevant, organotypic conditions

approximating disease states in vivo.

4 | DISCUSSION

Our study was motivated by the controversy surrounding epithelial-

to-mesenchymal transition in asthma. Existence of EMT, potential

drivers of this process, and its causal versus consequential place in

the pathogenesis of allergic disease are some of the most contested

issues in the field.15,16 Access to a shared library of transcriptomic

data from the scientific community in web repositories such as Gene

Expression Omnibus (GEO, NCBI) provides a unique opportunity to

revisit gene expression signatures from multiple independent studies

in search of agreement on processes underlying disease pathogene-

sis.17 Understanding convergence among independent studies of one

disease, when conducted in an unbiased manner, represents a pow-

erful approach to the identification of common functional gene

expression patterns, while minimizing variation resulting from differ-

ences in experimental design and technical details of individual stud-

ies. Here, we used gene expression microarray datasets uploaded to

GEO NCBI by several independent groups to determine unity in

epithelial gene signatures from different studies of asthma and to

generate novel hypotheses pertaining to processes driving EMT and

epithelial barrier dysfunction.

With the above approach, we found little evidence for differen-

tial expression of classical EMT markers in gene signatures of any of

these asthma microarray studies. Moreover, in few instances where

they were differentially expressed, there was no agreement on
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F IGURE 6 Key genes capturing epithelial de-differentiation
program in asthma. A, Radar plot comparing significant expression of
classical epithelial-to-mesenchymal transition (EMT) markers in the
eight microarray datasets with the expression of key genes identified
from functional gene network analysis in Figure 5, in the same
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expression of these markers among studies, with different studies

showing differential expression of different EMT genes. This is not

entirely surprising, as EMT in allergic disease is usually reported as a

highly localized and transient process, not uniformly occurring along

epithelial barriers.3 Moreover, many transcriptional drivers of EMT

are proteins with short half-lives,18 so that their stabilization by local

F IGURE 7 Gene and functional process validation in primary human normal and asthmatic bronchial epithelial cell cultures. RNA-seq and
gene differential analyses were performed for cultured epithelium in three different biological contexts: (i) submerged epithelial cultures,
asthmatic vs normal epithelium comparison (top); (ii) organotypic air-liquid interface epithelial cultures, asthmatic vs normal epithelium
comparison (middle); and (iii) organotypic air-liquid interface epithelial cultures, with the loss of differentiation induced by insulin deficiency in
normal human bronchial epithelial cells (bottom). Volcano plots show gene differential expression under each scenario (left). The top 30 genes
by FDR-adjusted P-value in each dataset have been colored and labeled with gene names. Next to each volcano plot (right), gene markers
representing loss of differentiation in all three scenarios are shown in bar graphs. These include markers attributable to mature epithelium,
mesenchymal/basal epithelium, “Th2-high” barrier markers, and genes associated with active epithelial differentiation. Bar graphs represent
log2(fold change) of asthmatic or insulin-deficient normal epithelium vs normal controls, based on normalized RNA transcript counts. The same
donors were used in all three scenarios, and asthmatic vs normal donors were matched by age and sex. ****: P-value <.0001; ***: P-value
<.001; **: P-value <.01; *: P-value <.05; n.s.: not significant, P-values between .05 and .10 noted on graphs; moderated Benjamini-Hochberg t-
tests (FDR P-value adjustment)
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F IGURE 8 Comparison of validation coverage of asthma convergence signatures in different biological contexts. A, Venn diagrams
comparing 159 asthma convergence signature (left) and 12 gene epithelial differentiation signature (right) against gene expression in epithelium
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corresponding intersections in the Venn diagrams above
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cues can cause rapid changes in gene expression.19 Thus, one might

not expect to observe consistent differences in the mRNA levels of

these factors. Additionally, unlike cancer, where epithelial cells are

considered to undergo a full transition to a mesenchymal phenotype

in order to migrate to and colonize other sites in the body,20 EMT in

allergy is more often reported as a mild, “partial” phenotype.2 This

could also contribute to poor expression of conventional EMT mark-

ers in asthma. Despite this absence of robust EMT marker expres-

sion, our unbiased bioinformatics approach, nonetheless, identified a

novel suite of potential biomarkers capturing loss of epithelial differ-

entiation and dysregulation of epithelial-mesenchymal signals at the

level of gene expression, including EFNB2, FGFR1, FGFR2, INSR,

IRS2, NOTCH2, and TLE1. Given their consistent and unidirectional

expression across multiple studies of asthma, these key genes could

serve as reliable markers for dysregulation of epithelial-mesenchymal

signals, consistent with the pro-EMT process implicated in allergic

disease. Despite established evidence that these genes play critical

roles in regulation of epithelial homeostasis and epithelial-to-

mesenchymal communication,21-24 most of them have remained

overlooked in the field of asthma, assessed by PubMed query

method. We were able to prospectively validate expression of these

genes in two independent cohorts of asthmatic samples utilizing

epithelial brushings and epithelial cultures. Validation was much

weaker when these genes were measured in asthmatic vs normal

cultured epithelium in submerged monolayer conditions. The number

of validated genes significantly increased when we cultured epithe-

lium in organotypic differentiation conditions, which more realisti-

cally represents the biology of stratified epithelial barriers in vivo.

This supports the notion that these newly identified asthma genes

do not represent static behavior of the epithelium, but rather are

functionally relevant markers induced by the need for communica-

tion between less and more differentiated cells in barrier settings.

Several key findings emerged from functional network analysis

of our 159 gene asthma consensus signature: (i) overall downregu-

lation of morphogenetic and differentiation programs, indicated by

downregulation of Notch, insulin, and ephrin signaling (NOTCH2,

FGFR2, INSR, IRS2, EFNB2); (ii) induction of mesenchymal prolifer-

ation and processes supporting epithelial-to-mesenchymal transition

(FGFR1, NTRK2, POSTN, TLE1); (iii) remodeling and secretion of

provisional matrix (POSTN, CD44); (iv) downregulation of insulin

signaling upstream of FGFR1/2, likely implicating insufficiency of

insulin drive and/or insulin resistance (INSR, IRS2, FGFR1, FGFR2);

(v) common representation of a de-differentiation program in mild,

moderate, and severe asthma, and its increase with disease sever-

ity. Of interest, the FGFR1/2 imbalance downstream of insulin

receptor signaling had the highest weight in the network. The net

effect of upregulated FGFR1 and downregulated FGFR2 is epithe-

lial-mesenchymal imbalance, remodeling, and de-differentiation,24,25

represented by downstream downregulation of Notch signaling

(NOTCH2, TLE1), loss of junctions (CTNNB1, PCDH17, CNTN4),

and extracellular matrix remodeling (CD44, POSTN). Notch signaling

is critical in epithelial differentiation,26-28 while TLE1 is elevated

during incomplete maturation events and implicated in maintenance

of an undifferentiated state of epithelial cells.29 EFNB2 is an ephrin

with positive roles in epithelial morphogenesis.30,31 POSTN is a

marker of Th2-high asthma,32 although the mechanism of its

expression is not well understood. Several studies link expression

of periostin to induction of EMT.33-35 Our analysis suggests that

increased upregulation of POSTN is an outcome of an overall de-

differentiation program, which could represent increased deposition

of provisional extracellular matrix as a compensatory drive back

toward restoration of mature epithelium.36 Evidence for dysregu-

lated Notch signaling in asthma raises the possibility that readily

available gamma secretase inhibitors may be worth considering in

models of allergic disease.

Despite collective evidence for epithelial de-differentiation pro-

gram in asthma, one important question remains: Which processes

drive epithelial-mesenchymal imbalance in asthma? Persistent inflam-

mation and need for repair are usual suspects in chronic disease.

During repair, epithelial cells have the capacity to revert to mes-

enchymal cells to expand a precursor pool, or adopt a more migra-

tory phenotype needed to differentiate and replace damaged cells in

the epithelial layer.37,38 However, several lines of evidence speak for

more profound and less obvious drivers of epithelial de-differentia-

tion, which may be independent of inflammation and repair. It is

becoming clear that disruption of epithelial homeostasis often pre-

cedes development of allergic inflammation and disease. This is sup-

ported by the link between loss of function in epithelial barrier

genes and allergen sensitization,6 the altered barrier state of intact

nonlesional skin in atopic dermatitis,7 increased transepidermal water

loss (TEWL) through uninvolved skin of allergic patients,8 and “imma-

turity” defects in junctional maintenance and repair in cultured asth-

matic epithelium.10 However, no mechanism has been proposed so

far to explain systemic barrier dysfunction, especially in the absence

of inflammation. The results of our hypothesis-generating study

strongly implicate the existence of systemic factors underlying

epithelial barrier dysfunction in asthma. In particular, our analysis

directly implicates aberrant input of hormones regulating energy

metabolism. Downregulation of insulin receptor (INSR) and insulin

receptor substrate (IRS2), as well as imbalance of insulin downstream

signals (downregulation of FGFR2 and upregulation of FGFR1),

points to insufficiency of insulin drive and/or insulin resistance.

FGF21, a novel hormone partnering with insulin in regulation of glu-

cose homeostasis, also signals through FGFR1 and FGFR2.39 In sup-

port of our findings, previous studies have reported insulin

resistance in children and adults with asthma,40,41 and an association

of asthma with prediabetes and metabolic syndrome.42,43 Moreover,

our validation experiments inducing loss of differentiation in epithe-

lial cells by depriving them of insulin (which is long established as a

necessary component in commercial culture of primary epithelium)

demonstrate remarkable potential for insulin deficiency to induce

epithelial genes and phenotypes consistent with those observed in

asthma, including upregulation of “Th2-high” markers and loss of

competent barrier state. Metabolic hormones are critical regulators

of tissue and epithelial homeostasis via their integration with epithe-

lial developmental pathways (Notch, WNT, Sonic Hedgehog) and
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differentiation programs,44 evidenced by deficiencies in wound heal-

ing and epithelial dysfunction in patients with diabetes.45,46 Thus,

aberrant integration of hormonal signaling could represent a driver

of epithelial dysfunction in asthma. Importantly, metabolic aberra-

tions are also linked to epigenetic reprogramming47,48 and immune

response,49,50 suggesting an intriguing possibility that these pro-

cesses play a role in the origins and predisposition to allergic disease.

A persistent phenotype of repair deficiencies in epithelial cultures

from asthmatic children further implicates developmental tissue

reprogramming and supports this possibility.10 Metabolic and endo-

crine components of asthma pathogenesis are not well understood

and are the subject of current and future studies by our group.

Asthma is a highly heterogeneous disease represented by several

clinical and molecular endotypes.51 For example, previous gene

expression studies have demonstrated existence of Th2-low and

Th2-high subtypes of asthma.32 In particular, severe asthma resistant

to glucocorticoid treatment is thought to involve distinct pathogenic

mechanisms and represent a separate endotype of this highly com-

plex disease.52 Despite numerous differences in immune and regula-

tory responses in different forms of asthma, the consensus gene

expression program revealed by our analysis implicates the underly-

ing “core” de-differentiation program as a potentially unifying feature

of asthma that spans several different endotypes, given its persis-

tence throughout mild, moderate, and severe asthma, as well as in

studies performed by several independent groups. Importantly,

expression of most genes within our 159 gene asthma consensus

signature increases with disease severity, implying that common

overarching mechanisms may be shared by all forms of disease, only

on different spectrums. Interestingly, our study found that downreg-

ulation of the glucocorticoid receptor (GR) (NR3C1 gene) was the

most dramatic in severe asthma, while showing comparatively mod-

est downregulation in mild and moderate asthma. Thus, an intriguing

possibility is that insufficient levels of GR (relative to mild and mod-

erate asthma) contribute to glucocorticoid treatment resistance in

severe asthma. It is also important to recognize that besides its role

in the control of inflammation, GR is part of a mechanism regulating

tissue and epithelial barrier homeostasis. Inactivation of GR triggers

barrier defects, epithelial de-differentiation, and inflammation,53-56

which is rationalized by our gene network analysis showing the

interconnectivity of NR3C1 dysregulation with processes governing

epithelial differentiation (Figure 5), where dramatic downregulation

of NR3C1 in severe asthma coincides with upregulation of FGFR1

and TLE1—inducers of an “immature” state of the epithelium (Fig-

ure 3).

In summary, our study neither refutes nor supports the existence

of EMT in asthma as classically defined by developmental biologists,

but instead reinforces the view of an underlying epithelial de-differ-

entiation program that drives epithelial barrier disruption in this com-

plex disease. Our unbiased secondary analysis of gene expression

signatures of asthma provided several novel putative markers and

pathways that capture the essence of epithelial-mesenchymal dys-

regulation, which have the potential to be more effective than classi-

cal markers of EMT in representing epithelial barrier dysfunction at

the gene expression level. Furthermore, our analysis strongly impli-

cates systemic changes in energy metabolism that could have poten-

tial to drive loss of epithelial differentiation. In-depth understanding

of these mechanisms holds promising future potential for monitoring

disruption of epithelial barrier homeostasis and augmentation of

epithelial barrier function in prevention or treatment of asthma and

other allergic diseases.
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Supplementary Table 1. List of all microarray datasets of asthma available in
NCBI GEO repository that utilize sampling of primary bronchial epithelial
brushings or cultured epithelial cells. The table has been separated into microarray
datasets meeting our criteria for use in data mining analysis vs. those datasets that
were not included in our analysis, with reasons for excluding them indicated.

Microarray datasets included in this study’s analysis
GSE Inclusion criteria
4302 Released and referenced as part of a PubMed-indexed publication;

Contains adequate sample size for ample significant gene detection at
10% Benjamini-Hochberg FDR-adjusted detection rates; Contains

proper healthy and asthmatic groupings for our analysis

18965
43696
63142
67472

Microarray datasets NOT included in this study’s analysis
GSE Reason for not including in analysis
470 Outdated technology; No associated publication
8190 Outdated technology; No associated publication
5272 Same samples as 8190 (see above)

13396 Poor FDR adjustment
76226 Technical concerns (no healthy controls); No associated publication
51392 Poor FDR adjustment
44037 Same samples as 51392 (see above)
41861 No associated publication; SEE FIGURE 6

64913 Mixed sampling concerns (mixed brushings from different lung bronchial
areas); SEE SUPPLEMENTAL FIGURE 1
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