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Abstract

Rationale: Quantification of type 2 inflammation provided a
molecular basis for heterogeneity in asthma. Non–type 2 pathways
that contribute to asthma pathogenesis are not well understood.

Objectives: To identify dysregulated pathways beyond type 2
inflammation.

Methods:We applied RNA sequencing to airway epithelial
brushings obtained from subjects with stable mild asthma not
on corticosteroids (n = 19) and healthy control subjects (n = 16).
Sequencing reads were mapped to human and viral genomes.
In the same cohort, and in a separate group with severe asthma
(n = 301), we profiled blood gene expression with microarrays.

Measurements and Main Results: In airway brushings from
mild asthma on inhaled corticosteroids, RNA sequencing yielded
1,379 differentially expressed genes (false discovery rate, 0.01).
Pathway analysis revealed increased expression of type 2 markers,

IFN-stimulated genes (ISGs), and endoplasmic reticulum (ER)
stress-related genes. Airway epithelial ISG expression was not
associated with type 2 inflammation in asthma or with viral
transcripts but was associated with reduced lung function by
FEV1 (r =20.72; P = 0.0004). ER stress was confirmed by an
increase inXBP1 (X-box binding protein 1) splicing in mild asthma
and was associated with both type 2 inflammation and ISG
expression. ISGs were also the most activated genes in blood cells in
asthma and were correlated with airway ISG expression (r = 0.55; P =
0.030). High blood ISG expression in severe asthma was similarly
unrelated to type 2 inflammation.

Conclusions: ISG activation is prominent in asthma, independent
of viral transcripts, orthogonal to type 2 inflammation, and associated
with distinct clinical features. ER stress is associated with both type 2
inflammation and ISG expression.
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Allergic, type 2 cytokine-driven
inflammation is associated with airway
obstruction, hyperresponsiveness,
remodeling, and response to inhaled
corticosteroids (ICS) in asthma (1, 2).
Therapeutic targeting of type 2
inflammation has been successful in some
but not all patients (3). The subset of
patients who respond poorly to therapies
targeting type 2 inflammation may have
non–type 2 inflammatory mechanisms
driving their disease. Furthermore, these
non–type 2 pathways likely coexist with
type 2 inflammation in some individuals
and contribute to severe asthma (3).

The airway epithelium is central to the
initiation and maintenance of allergic
immune responses, and contributes to
asthma pathogenesis, including mucus

hypersecretion and airflow obstruction (4).
Microarray gene expression profiling of
human airway epithelial cells was crucial
in establishing the type 2 endotype (1).
New technologies incorporating massively
parallel RNA sequencing (RNA-seq) of
airway samples overcome the sensitivity,
specificity, and signal saturation limitations
of microarrays, and can offer new insight
into airway disease mechanisms (5, 6). In
this study, we hypothesized that airway
epithelial RNA-seq in asthma would identify
non–type 2 pathways of inflammation
and epithelial cell dysfunction that are
associated with a more severe asthma
phenotype. Some of the results of these
studies have been previously reported in the
form of abstracts (7, 8).

Methods

Additional details are reported in the
METHODS section of the online supplement.

Subjects and Procedures

Mild asthma study. We recruited 22 healthy
control subjects and 32 subjects with mild
asthma not on ICS via community-based
advertising (NCT00595153). Baseline
characterization included medical history
and examination, spirometry, measurement
of provocative concentration causing a 20%
fall in FEV1 (PC20) and fractional exhaled
nitric oxide, complete blood count and
differential, serum total IgE, and collection
of PAXgene blood RNA tubes (Qiagen). A
total of 1–2 weeks following the baseline
visit 20 healthy subjects and 25 subjects
with mild asthma underwent spirometry,
bronchoscopy, and blood collection;
reasons for dropout of subjects are
described in the METHODS section of the
online supplement. Subjects with asthma
were thereafter treated with inhaled
budesonide, 180 mg twice daily, for 8 weeks
and returned for spirometry 4 weeks after
ICS was started, and for repeat
bronchoscopy and spirometry 8 weeks after
ICS was started.

Severe asthma study. To validate
findings in a severe asthma population, we
used PAXgene whole-blood RNA samples
from a previously reported prospective, 48-
week double-blind randomized placebo-
controlled trial of omalizumab (anti-IgE)
(NCT00314574) (9). Subjects had poorly
controlled asthma despite high-dose ICS

and long-acting b-agonists. A total of 427
subjects received omalizumab and 423
placebo, with PAXgene tubes collected in a
subgroup (Figure 1).

Gene Expression Measurements
For RNA-seq of airway epithelial brushings,
library preparation and multiplexing
was done with the Illumina TruSeq
Stranded Total RNA with Ribo-zero
Human/Mouse/Rat Kit (Illumina Inc.) per
manufacturer’s protocol. We performed
100 base pair paired-end sequencing on
multiplexed samples via an Illumina
HiSeq 2500 at the University of California,
San Francisco, Genomics Core. PAXgene
RNA samples were run on Affymetrix
HGU133A Plus 2.0 arrays as previously
described (10).

Differential Expression

RNA-Seq. We performed read count
normalization and differential expression
analyses using the DESeq2 package (11),
and corrected for multiple comparison
using the false discovery rate (FDR) (12).
Genes with an FDR less than 0.01 were called
significant. We used regularized-logarithm
transformed counts from DESeq2’s rlog
function for unsupervised clustering,
heatmaps, and multigene metric generation.

Microarray. We performed moderated
t tests with the limma package (13, 14) in R.
Genes with an FDR less than 0.01 were called
significant except in the case of whole-blood
samples, which had weaker differential
expression and for which an unadjusted P less
than 0.05 was used before pathway analysis.

Comparison of Multigene Metrics
with Clinical Variables
We performed unadjusted analyses using
Spearman rank correlation and Welch’s
t test, as appropriate. In adjusted analyses,
we developed linear models and sought
interactions between multigene metrics in
association with lung function. We
computed annualized exacerbation rates
using zero-intercept generalized linear
models, and used a model with an intercept
to compute exacerbation rate reduction and
perform all statistical tests of significance
for exacerbations.

Metatranscriptome Preprocessing
and Differential Expression
We used a recently described custom
bioinformatics pipeline to detect viral

At a Glance Commentary

Scientific Knowledge on the
Subject: Although a subgroup of
patients with asthma benefits from
blockade of the type 2 cytokines IL-4,
IL-5, and IL-13, there is an unmet need
to identify non–type 2 mechanisms in
asthma. Dysregulation in non–type 2
pathways has been demonstrated;
however, the relationship of these
pathways to type 2 inflammation and
lung function impairment, and the
impact of their presence on treatment
response, have not been reported.

What This Study Adds to the
Field: In this study, IFN-stimulated
gene (ISG) expression was increased in
mild asthma compared with health as
assessed by RNA sequencing of airway
epithelial brushings. ISG expression
was orthogonal to type 2 inflammation,
did not require the presence of virus,
and was associated with reduced FEV1

and enhanced endoplasmic reticulum
stress. ISG expression was also
increased in whole blood, where it was
similarly orthogonal to type 2
inflammation in severe asthma. Thus,
ISG expression may be a viable target
for future therapy. Both type 2
inflammation and ISG expression are
independently associated with
endoplasmic reticulum stress, which
therefore represents an additional
potential therapeutic target.
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transcripts (15). Briefly, sequencing reads
underwent quality and complexity filtering
(16) followed by subtractive alignment to
the human genome (ENSEMBL GRCh38)
using STAR (17). Remaining reads
underwent additional subtractive alignment
against phage and nonhuman tropic viruses
using Bowtie2 (18). Identical reads were
compressed (19) and remaining sequences
were aligned to the National Center for
Biotechnology Information nucleotide
database using GSNAPL to identify viral
transcripts (20).

Statistics and Plots
All analyses were done in the R statistical
environment. Correlations were reported
either as Spearman r or Pearson r as
indicated. Heatmaps were created using the
gplots package. All other plots were created
with the ggplot2 package (21). P less than
0.05 was taken as statistically significant
without correction for multiple testing
unless otherwise indicated. Hierarchical
clustering was performed with Euclidean
distance and complete linkage.

Study Approval
All study sites obtained institutional review
board approval and written informed
consent from study participants before
enrollment.

Results

Differential Airway Epithelial Gene
Expression by RNA-Seq
RNA-seq data from airway epithelial
brushings passed quality control in 16
healthy control subjects and 19 subjects with
mild asthma not on ICS (Figure 1). Subject
demographics are described in Table 1. A
total of 1,379 transcripts were differentially
expressed between asthma and health
(FDR, 0.01) (see Table E1 in the online
supplement). The most highly differentially
expressed genes included those known to be
induced by type 2 cytokine exposure, such
as POSTN (periostin), SERPINB2 (serpin
family B member 2), and CLCA1 (chloride
channel accessory 1) (10).

We used ingenuity pathway analysis
(IPA) to predict upstream regulators of
overrepresented genes (Table 2). As
expected, regulators of type 2 inflammation
including IL-5 and IL-13 scored well. In
addition, type I (IFN-a, b) and III (IFN-l)
IFN and their downstream mediators (IRF

[IFN regulatory factor]-1, IRF7, IFNAR2
[IFN a and b receptor subunit 2], STAT1
[signal transducer and activator of
transcription 1]) were among the pathways
most significantly associated with asthma
(Table 2). Unlike the IFN-stimulated genes
(ISGs), IFNs themselves and most other
upstream regulators involved in IFN
signaling as identified by IPA were not
differentially expressed in brushings from
subjects with asthma. For example, STAT1,
an upstream regulator previously reported
to be dysregulated in asthma (22), and
secretory leukocyte protease inhibitor,
previously reported to be repressed by and
inversely related to IFN-g in severe asthma
(23), were not significantly altered in our
asthma group (see Table E2).

Comparison of RNA-Seq and
Microarrays
The presence of strong signals for non–type
2 inflammation in airway brushings
analyzed by RNA-seq is a new finding in

comparison with our previous microarray
performed with similar subjects (1, 10).
Whereas our RNA-seq study found 1,379
differentially expressed genes at an FDR
less than 0.01, the earlier microarray study
reported only 22 genes as differentially
expressed at P less than 0.05 using a
Bonferroni correction, and this increased to
only 36 genes on reanalysis with a FDR less
than 0.01 cutoff (10). However, although
the prior microarray study had fewer
statistically significant genes, the overall
pattern of expression differences between
groups was quite similar between the two
studies as assessed using the Camera
competitive gene set test (24), with
significant overlap of both upregulated
genes (n = 915; P = 3.463 10228)
and downregulated genes (n = 284;
P = 4.123 10215) in subjects with asthma
compared with healthy control subjects
(see Figure E1A for enrichment plots). This
current paper presents RNA-seq generated
from samples collected in one stand-alone

Mild asthma from UCSF

Healthy: 20
Asthma: 25

bronchoscopy
blood, spirometry

sufficient
quantity of RNA

Airway brushes
Healthy: 19
Asthma: 23

PAXgene
Healthy: 20
Asthma: 25

1−2 weeks after a baseline
characterization visit

remove brush RNA-Seq
results with low alignment +

PAXgene arrays
not passing quality metrics 

Airway brushes
Healthy: 16 (seq)
Asthma: 19 (seq)

PAXgene
Healthy: 20
Asthma: 23

Severe asthma, omalizumab trial

848 eligible
uncontrolled

asthma

blood, spirometry

Omalizumab: 427
Placebo: 421

blood

48
weeks

PAXgene
301

(151 omalizumab,
150 placebo)

biomarker subpopulation
with RNA and arrays

passing quality metrics  

PAXgene
Omalizumab: 150

(145 paired)
Placebo: 152
(145 paired)

A B

Figure 1. Cohorts and samples contributing to the results in this publication. (A) Sample numbers
from the mild asthma cohort from University of California, San Francisco (UCSF) before treatment with
inhaled corticosteroids. Dropout from low RNA quantity was caused by inadequate RNA remaining
for sequencing given that microarray and qPCR studies had used RNA from this study population
previously. After sequencing, four subjects with mild asthma and three healthy control samples were
removed from further analysis because of high mitochondrial RNA and ribosomal RNA abundance
leading to insufficient depth of sequencing of protein coding reads. (B) Sample numbers from the
randomized placebo-controlled trial of omalizumab in severe asthma. PAXgene =whole blood RNA
collection tube; RNA-seq = RNA sequencing.

ORIGINAL ARTICLE

Bhakta, Christenson, Nerella, et al.: Airway Inflammation and ER Stress in Asthma 315



clinical study, whereas our prior report
was derived from samples from four
different banked clinical studies that used
comparable sample collection methods.
This design may have avoided several
clinical and technical sources of variation
and improved our statistical power to find
differences.

To directly assess how the use of RNA-
seq versus microarrays affected the ability to
detect gene expression changes and the ISG
signature, we compared our RNA-seq data
with microarray data generated using the
same RNA samples. These microarray data
represent a subset of the data previously
reported in our comparison of subjects with
asthma and chronic obstructive pulmonary
disease (25). At an FDR less than 0.01, a
total of 1,734 genes were differentially
expressed by microarray between subjects
with asthma and healthy control subjects.
Comparison of RNA-seq and microarray
data from the same samples using the
Camera competitive gene set test showed
significant overlap of both upregulated

genes (P = 1.113 10259) and
downregulated genes (P = 3.503 10242)
(see Figure E1B). Across ISGs, microarray
and sequencing showed concordant
differences between asthma and health, but
the magnitude of the fold differences were
greater in the sequencing results (see Figure
E2A). The finding that some ISGs were
significantly increased in asthma by RNA-
seq but not by microarrays could not be
explained consistently by low microarray
signal intensity (see Figure E2B).

Development of a Metric of Airway
ISG Expression
We first focused on ISGs. To generate a gene
expression signature specific to airway
epithelial cells, we cultured human
bronchial epithelial cells at an air–liquid
interface and stimulated them with IFN-a
(10 ng/ml for 24 h). We chose IFN-a given
its significance in the IPA list and the
largely overlapping gene expression
responses to type I and type III IFNs (26).
RNA-seq of IFN-a-stimulated epithelial

cells yielded 1,031 IFN-a-induced genes
(FDR, 0.01; top 50 in Figure 2A). We
restricted this top 50 list to those
differentially expressed in asthmatic airway
brushings (FDR, 0.01), yielding nine

Table 2. IPA Upstream Regulator
Analysis of Epithelial Brushing
RNA-Seq–based Gene Expression

Upstream
Regulator

Activation
z-Score

P Value of
Overlap

IL5* 4.93 2.713 1024

EIF4E† 4.80 4.563 1026

Interferon-a
group‡

4.79 1.233 1023

CD38 4.64 1.283 1024

IFNA2‡ 4.41 9.973 1023

IL13* 4.31 1.403 1022

XBP1† 4.22 1.263 1027

MYC 4.16 7.303 1023

STAT1‡ 4.15 3.123 1022

IRF7‡ 4.14 7.773 1023

IFNB1‡ 3.79 4.173 1022

AGT 3.74 2.443 1022

IFNL1‡ 3.45 1.243 1023

TP53 3.39 4.613 1023

IRF1‡ 3.37 6.913 1024

PRL 2.89 1.213 1024

VEGFA 2.83 1.103 1022

EIF2AK2† 2.71 4.973 1023

HRAS 2.71 1.033 1022

PAF1 2.65 1.953 1022

IFNA1/IFNA13‡ 2.60 1.273 1023

Ifn group‡ 2.49 4.593 1022

IFNAR2‡ 2.45 1.373 1023

MYCN 2.28 5.213 1024

THBS4 2.20 1.933 1022

APP 2.02 4.283 1023

Definition of abbreviations: IPA = ingenuity
pathway analysis; RNA-seq = RNA sequencing.
Regulators are filtered by 1) genes, proteins, or
RNA; 2) activated predicted state; 3) activation
z-score> 2; and 4) P, 0.05. The list is sorted by
activation z-score. P value of overlap is the
probability that the observed overlap between
the list of genes differentially expressed between
asthma and health, and the set of genes
assigned by IPA as downstream of the listed
upstream regulator, would occur by chance
(Fisher’s exact test). The strength of activity of
the regulator in disease, as determined by the
net observed direction of changes in the
overlapping downstream genes, is represented
by an activation score (a more positive/negative
value indicates that a larger proportion of
genes changed in a direction consistent with
activation/inhibition of the regulator in asthma).
*Genes demonstrating presence of airway type 2
inflammation.
†Genes/groups demonstrating presence of
epithelial endoplasmic reticulum stress.
‡Genes/groups demonstrating presence of
airway IFNs leading to epithelial IFN-stimulated
gene expression.

Table 1. Baseline Subject Characteristics

Healthy Control
Subjects

Subjects with
Asthma P Value

Sample size of RNA-seq data 16 19
Age, yr 346 10 346 13 0.94
BMI, kg/m2 266 4 296 6 0.14
Female sex, % 38 58 0.39
Ethnicity*
White 9 9
Black or African American 1 1
Hispanic 3 4
Asian/Pacific Islander 2 5
Native American 1 0

FEV1, % predicted 986 13 846 14 0.0042
D FEV1 with albuterol, % of

baseline
5.26 0.4.5 13.86 10.2 0.0027

FEV1/FVC 0.786 0.061 0.746 0.077 0.10
Methacholine PC20, mg/ml .10 (n = 15) 0.57 (0.34–1.55) ,0.0001
IgE, IU/ml 17 (11–29) (n = 15) 247 (129–361) 0.00040
Blood eosinophils, 3109/L 0.11 (0.06–0.19) 0.36 (0.13–0.50) 0.0011
FENO, ppb 16 (12–23) 66 (20–85) (n = 14) 0.010
Epithelial brushings
Nonsquamous epithelial, % 96 (95–98) 98 (97–99) 0.051
Neutrophil 0.2 (0–0.4) 0 (0–0.2) 0.034
Lymphocyte 0.10 (0–0.45) 0 (0–0) 0.055
Eosinophil 0 (0–0) 0 (0–0.10) 0.29
Macrophage 3 (1.3–4.7) 1.4 (0.9–2.7) 0.066

Definition of abbreviations: BMI = body mass index; FENO = fractional exhaled nitric oxide; PC20 =
provocative concentration causing a 20% fall in FEV1; RNA-seq = RNA sequencing.
Values are reported as mean6 SD or median (25–75th percentile). All data are from the baseline visit
except spirometry, which are reported from visit 2 (immediately before initiation of RNA sequencing).
P values are based on t test (where means reported), Wilcoxon rank sum (where medians reported),
or chi-square test for proportions.
*In cases of multiple ethnicities, the lowest-numbered ethnicity from this list is reported: 1) Hispanic,
2) black or African American, 3) Pacific Islander, 4) Native American, 5) Asian, and 6) white.
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genes: IFI6 (IFNa-inducible protein 6),
OAS1 (29-59-oligoadenylate synthetase 1),
USP18 (ubiquitin specific peptidase 18),
OSA2, IFITM1 (IFN-induced
transmembrane protein 1), BST2 (bone
marrow stromal cell antigen 2), IFI27
(IFNa-inducible protein 27), and IFI35
(IFN-induced protein 35). This degree of
overlap is significant because the
probability of finding nine or more genes
overlapping with the set of 1,379 genes
differentially expressed in human airway
brushings, when drawing 50 genes
randomly without replacement from 19,938
protein-coding genes in the epithelial
culture sequencing data, is P equal to
0.0067 by a Fisher’s exact test.

Grouping subjects by the expression of
these nine IFN-induced genes shows that 12
of 19 subjects with asthma have coordinately
elevated expression for almost all of these

genes (Figure 2B). The centered, regularized
read counts for these nine genes were added
to form an airway ISG metric. We found no
association between the epithelial ISG
metric and our previously published type 2
inflammatory metric (r = 0.12; P = 0.62) (2),
nor other markers of allergic inflammation
including blood eosinophils, serum IgE, and
fractional exhaled nitric oxide (Figure 3).

Airway ISG Expression Is Associated
with Reduced Lung Function
Higher airway ISG expression was
associated with reduced FEV1 (r =20.72;
P = 0.0004) and increased bronchodilator
response among subjects with asthma
(r = 0.75; P = 0.0002) (Figures 4A and 4B).
To validate this on a genome-wide scale, we
performed IPA of the pathways associated
with lower FEV1 in asthma using all the
RNA-seq data and found that IFN-related

pathways represented 5 of the top 10
pathways (see Table E3). We found no
relationship between the ISG metric and
age, sex, body mass index, or PC20. Weaker
relationships were seen between type 2
inflammation and lung function (r =20.40,
P = 0.050 for FEV1; r = 0.44, P = 0.032 for
bronchodilator response). The association
between ISG expression and FEV1 remained
significant when adjusted for the type 2
metric (P = 0.0056), and there was no
significant interaction between the type 2 and
ISG metrics (P = 0.75 for interaction term).

Effect of ICS on Airway ISG
Expression and Lung Function
Airway epithelial brush ISG activity was
significantly attenuated by 8 weeks of ICS
(see Figure E3A; P = 0.007 before vs. after
ICS). After ICS treatment, airway ISG
activity was not associated with FEV1 or

A B

IFI6

OAS1

USP18

OAS2

IFITM1

BST2

IFI27

ISG15

IFI35

asthma

healthy

row z-score

IFN-

unstimulated

RERGL

–1.5 –1 –0.5 0 0.5 1.51

CCR1
FRMD3
NEXN
MT1M
ISG15
USP18
ZBP1
IFITM3
IFITM1
BST2
IFI27
SMCO3
DUOXA2
GMPR
IFI35
RUFY4
BATF2
CARD17
IFIT3
OAS3
LAMP3
EPSTI1
CMPK2
AIM2
DDX58
IFIT1
IFIT2
TNFSF13B
SAMD9L
HERC5
HERC6
OAS2
IFI44
DDX60
XAF1
IFI44L
RSAD2
STAT1
DDX60L
TMEM140
IFI6
MX2
MX1
IFIH1
OAS1
OASL
CXCL11
CXCL10
OR52H1

Figure 2. Development of an airway epithelial brushing IFN-stimulated gene expression metric in mild asthma. (A) Hierarchical clustering of primary human
epithelial cells cultured at an air–liquid interface (columns) using the top 50 (by fold-difference) genes (rows) induced by IFN-a (yellow, n = 6) relative to
unstimulated (black, n = 6). All gene expression measurements are from RNA sequencing, with blue indicating low relative expression, and red indicating
high relative expression. (B) Visualization of intersection of genes upregulated in asthma relative to health (false discovery rate, 0.01) and IFN-
a–stimulated genes from A by supervised hierarchical clustering. n = 19 asthma (red); n = 16 healthy (black).
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bronchodilator reversibility (see Figures
E3B and E3C). The relationship between
baseline ISG expression and the change in
FEV1 was significant after 2 but not after 4
and 8 weeks of ICS treatment (see Table E4).
Thus, ISG expression at baseline had a mixed
effect on ICS response, unlike the more
consistent relationship seen for type 2
inflammation (2) (see Table E4). Similarly,
compared with type 2 inflammation, ISG
expression had lower area under the curve by
receiver operating characteristic analysis in
predicting those with a positive ICS response
(see Figure E3D).

Airway ISG Expression Is Not
Associated with a Distinct Viral
Signature
Given the well-established relationship
between IFNs and viral infection, we
screened the airway epithelial RNA-seq for
viral transcripts using our metagenomics
pipeline. Potential viral pathogens were
identified in low abundance in a small subset
of subjects. A virus had to be present at more
than 15 reads to be considered present. We

identified 35 human rhinovirus A reads in
one subject with asthma with high ISG levels
(see Figure E4 for the alignment of viral
reads from this subject against the human
rhinovirus A genome). Human herpes virus
was detected in four healthy control subjects
and one asthma subject with low ISG levels.
To confirm the overall negative findings, we
assessed the presence of three common
respiratory viruses (respiratory syncytial
virus, human rhinovirus, and parainfluenza
virus type 3) by validated qPCR assays. All
three viruses were undetectable in the human
airway brush RNA samples, but were
detected in positive control samples. The
discordance between qPCR and RNA-Seq for
human rhinovirus in the one subject
previously mentioned suggests that the limit of
detection for the qPCR assay is near 35 RNA-
Seq reads in this dataset.

Whole-Blood Gene Expression
Reflects Airway ISG Expression
Whole-blood PAXgene profiling by
microarrays in 23 subjects with asthma not
on ICS and 20 healthy control subjects

identified 1,372 differentially expressed
transcripts (P, 0.05, see Table E5).
Eosinophil-associated genes (SIGLEC8
[sialic acid binding Ig-like lectin 8], CLC
[Charcot-Leyden crystal galectin], IL5RA
[IL5 receptor subunit a], PRSS33 [protease,
serine 33], P2RY14 [purinergic receptor
P2Y14], RNASE2 [ribonuclease A family
member 2]) topped this list (Figure 5A)
(27). The high degree of correlation between
these genes and with the percentage of blood
eosinophils, but not neutrophils (see Figure
E5 and Table E6), suggests that the
differential expression is caused by the
differences in eosinophil numbers between
subjects with asthma and healthy control
subjects; other cell types were not significantly
different between groups (see Figure E6).

We used IPA on the differentially
expressed gene list to identify non-
eosinophil-associated pathways and found
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that IFN-associated genes were the top-
scoring upstream regulators in asthma (e.g.,
IRF7 [IFN regulatory factor 7], STAT1,
IFNB1 [IFNb 1], IFNA2 [IFNa 2])
(Table 3). We developed a blood ISG metric
by combining the expression of seven
intercorrelated genes known to be
responsive to IFN signaling in peripheral
blood mononuclear cells: IFI27, IFI44, MX1
(MX dynamin like GTPase 1), IFIT1 (IFN-
induced protein with tetratricopeptide
repeats 1), OAS1, OAS2, and OAS3
(Figure 5B) (28). We found significant
correlation between airway and blood ISG
metrics across subjects with asthma (r =
0.55; P = 0.03) (Figure 5C). A similarly
robust relationship was seen between a
blood eosinophil gene expression metric
and blood eosinophils (r = 0.68; P = 00094,
within asthma) (Figure 5D). Unlike in
the airway, blood ISG expression was not
correlated with FEV1 in asthma (n = 23;
r =20.29; P = 0.19) or affected by ICS (see
Figure E3). There was a modest negative

correlation between blood ISG expression
and basophils but no other cell types (see
Table E5). The expression of a subset of
differentially expressed genes was validated by
qPCR, with good correlation between
platforms and consistency of differential
expression (see Figure E7 and Table E7).

ISG Expression Is Increased in Severe
Asthma
Demographic data for the subjects from the
severe asthma study, in which they were
randomized to placebo or omalizumab, are
available in Table E8 (9). Unsupervised
clustering of the blood ISG genes at baseline
using microarrays showed a substantial
fraction of subjects with elevated expression
(Figure 6A and Table 4). There was no
relationship between the blood ISG metric
and type 2 inflammation as assessed by
blood eosinophils (Figure 6B) (2); whereas,
as expected, the blood eosinophil gene
metric was significantly associated with
blood eosinophils (Figure 6C). Consistent

with the effects of ICS in mild asthma,
blood ISG expression and FEV1 were not
correlated in severe asthma (n = 301;
r = 0.0030; P = 0.96). The lack of associations
agrees with a recent description of
“T1”-high severe asthma (29). Blood
ISG expression in severe asthma was
also unaffected by oral corticosteroid
use (Figure 6A ; see Figure E3). High
compared with low ISG expression was
not associated with a different exacerbation
rate in the placebo arm (Table 4). In this
trial, treatment with omalizumab reduced
the exacerbation rate over 48 weeks
relative to placebo. Markers of type 2
inflammation identified individuals
more likely to respond (30). In contrast, a
high blood ISG metric was not associated
with a reduction in exacerbations in
response to omalizumab (exacerbation

Table 3. IPA Upstream Regulator
Analysis of Whole-Blood Array–based
Gene Expression

Upstream
Regulator

Activation
z-Score

P Value of
Overlap

IRF7* 4.78 5.683 1026

STAT1* 3.72 1.323 1023

Cg 3.68 3.013 1022

Interferon-a
group*

3.57 3.913 1024

PRL 3.31 2.903 1022

IFNB1* 3.29 7.803 1023

IFNA2* 3.18 5.063 1026

IRF1* 3.04 1.303 1023

IFN-b group* 3.01 8.663 1023

TGM2 3.00 3.153 1022

Ifnar group* 2.87 1.573 1023

Ifn group* 2.78 9.943 1023

IFNG* 2.71 2.263 1024

GATA2 2.58 1.143 1022

SMARCA4 2.58 1.283 1023

JUN 2.45 4.573 1022

IL4† 2.40 2.533 1026

IL5† 2.36 6.293 1026

IL2 2.30 2.003 1024

STAT3* 2.20 3.573 1025

RNASE2 2.17 4.033 1022

IL27 2.16 1.563 1022

IFNL1* 2.04 1.283 1024

IFNAR2* 2.00 2.703 1022

Definition of abbreviation: IPA = ingenuity
pathway analysis.
Regulators are filtered by 1) genes, proteins, or
RNA; 2) activated predicted state; 3) activation z-
score> 2; and 4) P, 0.05. The list is sorted by
activation z-score.
*Genes/groups demonstrating presence of airway
IFN leading to epithelial IFN-stimulated gene
expression.
†Genes demonstrating presence of airway type 2
inflammation.
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Figure 5. Whole-blood gene expression reflects airway IFN-stimulated gene expression in mild
asthma. (A) Unsupervised hierarchical clustering of whole-blood gene expression by six eosinophil-
associated genes differentially expressed in asthma (P, 0.05). Samples (columns) were collected on
the day of and immediately preceding bronchoscopy. Gene expression measurements are from
microarrays, with blue indicating low relative expression, and red indicating high relative expression.
n = 23 asthma (red) and n = 20 healthy (black). (B) Unsupervised hierarchical clustering of whole-blood
gene expression by seven IFN-stimulated genes previously identified in whole blood. (C) Whole-blood
IFN-stimulated gene metric versus airway (epithelial brushing) IFN-stimulated gene metric (n = 16
asthma; r = 0.55; P = 0.030). (D) Whole-blood eosinophil-associated gene metric versus blood
eosinophils (n = 21 asthma; r = 0.68; P = 0.00094). Whole-blood gene expression metrics were made
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correlation used in all cases. ISG = IFN-stimulated gene.
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rate reduction = 1.27%; 95% confidence
interval, 260.13 to 39.20; P = 0.96 for effect
of treatment on number of exacerbations )
(Table 4). Although there was a trend for a
response to omamlizumab for the group

with a low blood ISG metric, the effect of
ISG status on treatment response was not
significant (P = 0.3 for interaction term)
(Table 4).

Airway Epithelial Endoplasmic
Reticulum Stress Is Common to ISG
and Type 2 Inflammation in Asthma
In response to endoplasmic reticulum (ER)
stress, cells activate an unfolded-protein
response (UPR) initiated by one of three
signal transduction pathways: 1) IRE1a
(inositol-requiring enzyme 1 a)–XBP1 (X-box
binding protein 1), 2) PERK (protein kinase
R [PKR]-like endoplasmic reticulum kinase),
and 3) ATF6 (activation transcription factor
6). Our IPA analysis showed prominent
activation of the IRE1a–XPB1 (IPA regulator
XBP1) pathway in mild asthmatic airway
brushings (Table 2 and Figure 7A).
Activation of IRE1a leads to splicing of XBP1
mRNA to an activated form, which we
confirmed in epithelial brushings through
genome-wide splicing analysis of the airway
brushing RNA-seq data (FDR = 0.0001)
(Figure 7B). Notably, IPA upstream regulator
analysis did not reveal significant activation
of the XBP1 pathway in whole-blood
microarray gene expression (Table 2). There
was significant attenuation of ER stress after 8
weeks of ICS (see Figure E3).

We examined the relationship between
XBP1 activation and airway ISG expression
and type 2 inflammation. Genes
downstream of XBP1 were combined into a
single metric of ER stress that was associated
with heightened type 2 inflammation and
ISG expression (Figures 7C and 7D).
Individuals with asthma and low levels of
type 2 inflammation and ISG expression
did not have activation of the XBP1 arm of
the UPR. Type 2 inflammation and ISG
expression remained significantly
associated with ER stress when added in a
linear model (P = 0.00076 and 0.0059,
respectively), without a significant
interaction (P = 0.85). Consistent with the
association between XBP1 activation and
both type 2 inflammation and ISG
expression, stimulation of epithelial cell
cultures by IL-13 or IFN-a at an air–liquid
interface showed activation of all arms of
the UPR (see Table E9).

Discussion

We found that a clinically distinct subset of
asthma has increased ISG expression in
the airway and in peripheral blood. In
subjects with mild asthma not on ICS, this
ISG-high subgroup had decreased lung
function and increased bronchodilator

Table 4. Association of ISG Expression with Subject Characteristics and Exacerbation
Rates in Response to Omalizumab in Severe Asthma

ISG-High* ISG-Low* P Value

Age, yr† 45.56 13.8 46.06 13.8 0.72
Female, %† 77 57 0.0002
BMI, kg/m2† 33.26 7.9 31.06 6.9 0.01
Number of exacerbations in

year before enrollment†
2 (0 to 11) 2 (0 to 8) 0.66

N, placebo/omalizumab 76/75 74/76 —
Annualized exacerbation rate —
Placebo (95% CI) 1.0 (0.74 to 1.36) 0.80 (0.56 to 1.11)
Omalizumab (95% CI) 1.0 (0.73 to 1.34) 0.55 (0.36 to 0.81)
P value for effect of treatment‡ 0.96 0.11

Exacerbation rate
reduction % (95% CI)

1.3 (260.3 to 39.2) 31.1 (27.9 to 56.0) 0.3x

Definition of abbreviations: BMI = body mass index; CI = confidence interval; ISG = IFN-stimulated
gene.
*ISG-high and -low are determined as ISG expression metrics above or below the median value for all
subjects at baseline.
†Baseline traits are presented as mean6 SD or median (range), and statistical differences were
assessed by a two-sided Welch two-sample t test for the former and a generalized linear model with
quasi-Poisson error distribution for the latter, as described in the METHODS. For female percentage, a
chi-square test for equality of proportions was performed.
‡P value for treatment term with ISG-low and -high modeled separately as described in the METHODS.
xP value for interaction term in a model of exacerbation rate including treatment and ISG status as
predictors.
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Figure 6. IFN-stimulated gene (ISG) expression
is increased in severe asthma and unrelated to
type 2 inflammation. (A) Unsupervised
hierarchical clustering of whole-blood gene
expression by seven ISGs. Severe asthma
samples (columns) were collected at baseline
before change in treatment. Gene expression
measurements are from microarrays, with blue
indicating low relative expression, and red
indicating high relative expression, n = 301
severe asthma (color-coded red if on oral
corticosteroids). (B) Whole-blood ISG expression
is not related to blood eosinophil count, a
measure of type 2 inflammation (n = 288 severe
asthma; r = 0.057; P = 0.34). (C) Whole-blood
eosinophil-associated gene expression is
associated with blood eosinophil count (n = 288
severe asthma; r = 0.82; P, 2.23 10216).
Spearman rank correlation was used in both B

and C. eos = eosinophils; OCS = oral
corticosteroids; sqrt = square root.
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reversibility. In both mild and severe
asthma, ISG expression was independent of
type 2 inflammation. These data extend
prior reports that support the presence of
airway IFNs in stable asthma (23, 29, 31–34)
by showing that IFN-driven inflammation
is orthogonal to type 2 inflammation and is
not associated with the presence of viral
infection. Furthermore, we found that epithelial
ER stress is related to both ISG expression and
type 2 inflammation, making it a potential
common downstream therapeutic target.

We did not find an association between
the presence of viral RNA as detected by

RNA-seq or qPCR and the IFN response in
this immunocompetent and clinically stable
group. One recent report found evidence for
IFN responses associated with occult viral
transcripts in nasal brushings in some
asymptomatic children with asthma (35).
Our experiments used similar PCR
methods and did not detect viral transcripts
in the lower airway in this subgroup, with
the exception of one subject. Our findings
may differ because of differences in location
(upper vs. lower airway) and age. In
contrast to stable asthma, a large percentage
of asthma exacerbations are induced by

viral infection, particularly with rhinovirus,
and subjects with asthma have increased
lower respiratory tract symptoms after viral
infection (36). Deficient type I and type III
IFN production in response to viral
infection has been observed in epithelial
cells recovered from asthmatic airways (37,
38). These findings in an ex vivo infection
model are nonetheless potentially
compatible with our results of heightened
responses during stable disease. In fact,
baseline elevated IFN responses can lead to
desensitization to type I IFN stimulation
through the ISG USP18, which we found
induced in airway brushings (39).

Although ISGs have been most studied
in association with viral infection, host
expression of ISGs can also occur in
response to LPS-containing gram-negative
bacteria and some intracellular bacteria and
fungi (40, 41). Future studies will address
the relationship between airway ISG
expression and the microbiome, which is
dysregulated in asthma (42–47).

In our study, type 2 inflammation and
ISG expression were not correlated.
Previous work found that T-helper cell type
1 and IFN responses have suppressive effects
on type 2 responses (48), suggesting that the
two should be inversely related. Our results
do not exclude the possibility that ISG
expression by epithelial cells represents a
regulatory mechanism aimed at dampening
excessive type 2 inflammation. If true, this
could lead to dual responses in some
individuals, whereas in others ISG
expression may persist after type 2
responses recede.

Although type 2 and IFN-driven
inflammation were unrelated in airway
epithelial brushings, both were
independently associated with markers of
airway epithelial ER stress. Thus, IRE1-
XBP1–regulated airway epithelial ER stress
may be a final common pathway for both
types of inflammation. ER stress is a
pathway of established importance in many
diseases and airway epithelial ER stress is
emerging as potentially important in
asthma. The inflammatory environment of
the airway in asthma offers multiple ways
in which ER stress, or the UPR, can be
induced. In mice, house-dust mite allergen
challenge is a potent activator of epithelial
ER stress, and knockdown of two ER stress-
associated proteins, ATF6 and ERp57,
decreased airway inflammation,
hyperresponsiveness, and fibrosis (49, 50).
In another study, IRE1b-initiated ER stress
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Figure 7. Epithelial endoplasmic reticulum (ER) stress markers are elevated in mild asthma and
associated with both high type 2 inflammation and IFN-stimulated gene expression. (A) Hierarchical
clustering of airway epithelial brushing gene expression samples (columns) using genes differentially
expressed (false discovery rate, 0.01) in asthma versus health and downstream of XBP1 (X-box
binding protein 1) in IPA. (B) XBP1 splicing assessed bioinformatically from RNA sequencing data
through use of the rMATS package in R (false discovery rate = 0.0001 for genome-wide splicing
analysis). (C) Relationship of an ER stress gene expression metric consisting of genes downstream of
XBP1 per IPA, to airway type 2 inflammation (n = 19 mild asthma; r = 0.62; P = 0.0058). (D) ER stress
gene expression metric versus the airway IFN-stimulated gene metric (n = 19 mild asthma; r = 0.62;
P = 0.0052). Only asthma shown. IPA = ingenuity pathway analysis; ISG = IFN-stimulated gene.
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was required for epithelial mucin
production (51). These studies support the
notion that type 2 inflammation, which is
associated with increased epithelial
production and secretion of mucus and
innate cytokines, can lead to ER stress.
How IFN-driven inflammation might
induce ER stress is less well understood. In
our data, there was evidence of heightened
ER stress-related gene expression in airway
brushings but not in blood samples in mild
asthma, and therefore we were unable to
assess this pathway in severe asthma.
Further studies in severe asthma will be
important because inhibition of ER stress
may be a novel therapeutic strategy for
asthma based on preclinical results from
animal models (52).

The largely overlapping responses of
type I (IFN-a/b), II (IFN-g), and III
(IFN-l) IFNs preclude distinguishing these
pathways using transcript profiling (26).
The cellular source of airway IFNs in our
study is also unknown. Although type I
and type III IFNs are secreted by many
cell types including epithelial and
hematopoietic cells, type II IFN secretion
is limited to specific immune cells
including T-helper cell type 1, natural killer
T, and natural killer cells. In our airway
brushing RNA-seq data, IFNs were not
differentially expressed, suggesting that
epithelial cells or luminal hematopoietic
cells are not a likely source. Uncollected
airway cells, such as inflammatory cells in
the lamina propria, may contribute to
airway IFNs.

Recently, approximately 70% of
humans with severe asthma were found to
have levels of IFN-g-producing BAL fluid
CD41 T cells higher than the upper
limit seen in mild-moderate asthma (23).
The relationships between these
IFN-g-producing T cells, type 2
inflammation, and lung function were not
presented, which combined with the lack of
healthy control subjects precludes direct
comparison with our findings. Additional
data from that study suggest that
IFN-g-induced downregulation of SLPI
(secretory leukocyte protease inhibitor) in
airway epithelial cells leads to increased

airway hyperresponsiveness in severe
asthma. We did not find differential
expression of the SLPI gene in mild asthma.
Furthermore, the production of type I and
type III IFNs was not reported in that
study, leaving uncertain which IFNs drive
airway ISG expression in asthma.

Other potential explanations for the
increased ISG expression that we observed
include impaired resolution of IFN-driven
inflammation, a higher gain in the IFN
response pathways (22), or expression of
endogenous retroelements. An abnormally
high gain has the most support based on
the previously reported finding of constitutive
activation of the STAT1 transcription factor,
a key mediator of intracellular IFN responses,
in the airway epithelium from subjects with
mild asthma (22). In the current study, we
were limited to studying gene expression and
therefore were unable to address the
activation of STAT1. Although STAT1 is
known to be downstream of IFN stimulation
and was induced by IFN-a in our epithelial
cultures, it was not differentially upregulated
in our airway brushings from asthma relative
to health. Possible explanations for this
difference are that there are stimuli acting on
the epithelium beyond IFNs in vivo (e.g., type
2 inflammation, microbiome), and that the
level and duration of IFN stimulation differs
between in vivo and culture conditions.

Our paired whole-blood gene
expression analysis showed that blood cell
ISG expression is elevated in stable asthma,
not just with asthma exacerbations and
suboptimal control (53, 54). The ISG
signature in blood is not as prominent as it
is in the airway, and therefore we used a
significance threshold of an unadjusted P
less than 0.05 rather than a more stringent
FDR cutoff to identify a sufficient number
of genes for optimal pathway analysis. Our
data further show that a subgroup of severe
subjects with asthma has elevated whole-
blood ISG expression and that as in mild
asthma, ISG expression and type 2
inflammation are orthogonal. Our data also
suggest that elevated ISG expression in
severe asthma may be associated with
decreased exacerbation reduction benefit
from anti-IgE therapy. This is an intriguing

trend identified in an exploratory study
and can be tested in adequately powered
trials in the future. The finding raises the
possibility that incorporation of blood gene
expression biomarkers could complement
type 2 inflammatory markers and support
broader clinical detection of ISG expression
in asthma.

Notably, the presence of subgroups
with elevated ISG expression in both mild
and severe asthma parallels what has
been found for the established endotype
of type 2 inflammation (1, 55). In addition,
similar to characteristics of type 2
inflammation, we found that ICS treatment
of subjects with mild asthma led to
reduced ISG expression and loss of the
relationship of ISG expression to lung
function, and that ISG expression is
unrelated to FEV1 in severe asthma (2, 55).
Thus, the presence of elevated ISG
expression in mild asthma, and the
effects of ICS on ISG expression and its
relationship to FEV1, does not diminish
the potential importance of IFN-driven
inflammation in severe asthma.

This study adds to an expanding
literature on asthma phenotyping and
demonstrates that differential ISG
expression defines a clinically relevant
subgroup of subjects with asthma. This work
informs further studies in larger cohorts
designed to delineate the diversity of ISG
responses. Additional evaluation of ISG
expression in severe asthma, including
associations with responses to existing and
emerging therapeutics, will be an important
future direction. ER stress may be a
common pathway for both type 2 and IFN-
driven inflammation, and may offer a new
target for the treatment of asthma. n
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Supplementary Methods, Tables and Figures: 

Supplemental Methods: 

Inclusion/Exclusion criteria for primary cohort of mild asthma and healthy controls 

All participants were between 18 and 70 years of age. Healthy controls had no history of 

asthma or allergic rhinitis. Subjects with asthma had a participant-reported history of 

asthma and were required to not have used inhaled or oral steroids for at least 6 weeks prior  

to enrollment, to have  airway hyper-responsiveness  (AHR)  defined  by a 20% 

decrease in FEV1 (forced expiratory volume in 1 second) in response to inhaled 

methacholine at a provocative concentration (PC20) <= 8.0 mg/mL, and at least one of 

the following: asthma symptoms on at least two days per week, beta agonist use on at 

least two days per week, or FEV1<85% of predicted. Inhaled corticosteroids were not 

stopped in order to meet enrollment criteria, and therefore most subjects had not been 

using ICS for much longer than 6 weeks, as part of their usual care. All subjects were non-

smokers defined as never smoker or former smokers with no smoking for at least 1 year and 

total pack-years <= 15. Additional exclusion criteria were pregnancy, upper respiratory 

tract infection in the 4 weeks prior to enrollment, and the use of certain other medications. 

Three prior publications have described other results from this cohort (1-3). 

Reasons for loss of subjects across the bronchoscopy study of mild asthma 

Of 32 subjects with mild asthma that met inclusion/exclusion criteria and underwent 

baseline characterization, four did not undergo bronchoscopy or further visits because the 

subjects’ schedule conflicts; two did not show up for a scheduled bronchoscopy; and in one 

E2



subject who underwent bronchoscopy, the procedure was not well-tolerated and therefore 

airway brushings were not obtained.  Of  the 22 healthy controls that  met 

inclusion/exclusion criteria and underwent baseline characterization, two did not undergo 

bronchoscopy or further visits due to the subjects’ schedule conflicts. Therefore, airway 

brushings were collected from 25 subjects with mild asthma and 20 healthy controls. The 

remaining reasons for sample loss are described in Figure 1 of the manuscript. 

Epithelial brushing RNA sequencing 

RNA was isolated using the Qiagen miRNeasy kit (Qiagen Inc., Valencia, CA) as per 

manufacturer’s protocol. RNA quality and quantity were assessed using the Agilent 2100 

Bioanalyzer (Agilent Technologies, Santa Clara, CA) and the NanoDrop Spectrophotometer 

(Thermo Fisher Scientific, Wilmington, DE).   Sequencing libraries 

were prepared using 100ng of RNA input per subject at the UCSF Sandler Genomics Core 

Facility. Library preparation and multiplexing was done using the Illumina TruSeq 

Stranded Total RNA with Ribo Zero Human/Mouse/Rat kit (Illumina Inc, San Diego, CA) as 

per manufacturer’s protocol. One subject was excluded due to low sample RNA input. 100 

base pair paired end sequencing was done on multiplexed samples via an Illumina 

HiSeq 2000 at the UCSF Genomics Core. Airway brushing cell counts were performed on 

cytospin preparations. 
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Host gene expression analyses 

Raw sequencing data underwent adapter and quality trimming using the cutadapt and sickle 

programs, then alignment to the human genome using the STAR aligner and the 

ENSEMBL GRCh38 genome build (4-6). Transcript abundance was determined using 

HT-Seq (7). Quality assessment was conducted using FastQC and STAR (8). Twelve 

samples were excluded from analysis (3 healthy, 4 steroid-naïve asthma, 5 asthma after 

steroids) due to low alignment to the human genome (<75% of reads aligned). These 

twelve samples were also found to have high alignment rates to human ribosomal RNA 

(rRNA) and mitochondrial RNA (mtRNA) (average of 58% and 17%, respectively), and 

thus were thought to have high amounts of rRNA contamination accounting for the low 

alignment rates. Following exclusion of these samples, the average read count for the 

remaining 43 samples was 152 million reads (76 million aligned pairs). The average 

percent of reads uniquely mapping to the human genome was 91% with 6% aligning to 

human ribosomal RNA sequences and 2% aligning to human mitochondrial RNA sequences. 

 

Airway epithelial cell cultures 

Human bronchial epithelial cells obtained from the proximal airways of lungs rejected for 

transplant (5 originated from individuals with no history of airway disease, one had a 

history of asthma) were grown to confluence in an air-liquid interface culture for 28 days as 

described previously (9). Some cultures were stimulated with IFN-α (10 ng/mL) for the 

final 24 hours or IL-13 for the final 7 days. Cells cultured in the presence and absence of IFN-

α were then harvested and RNA isolated and sequenced as above. 
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PAXgene whole blood and airway brushing gene expression microarrays 

PAXgene tubes were collected and processed for RNA per manufacturer's 

recommendations. Cells spun down from brushings were resuspended in RLT buffer 

(Qiagen) and underwent RNA extraction with the RNeasy kit (Qiagen). Quantity and 

quality  were  assessed  by  NanoDrop  and  Agilent  Bioanalyzer  (Nano),  respectively. 

Samples were prepared for and run on Affymetrix HGU133A Plus 2.0 arrays as previously 

described (10). Background adjustment (without the use of mismatch probes), 

quantile normalization, and probe summarization were done using the RMA algorithm with 

the hgu133plus2hsentrezg custom chip definition file for annotation 

(http://brainarray.mbni.med.umich.edu). Batch effect was minimized using Combat with 

both array batches and disease status specified (11). Low quality arrays were identified and 

removed with the ArrayQualityMetrics package (www.bioconductor.org), followed by 

reapplication of the RMA algorithm and Combat batch correction. The entire analysis 

pipeline was performed separately for different tissue types in the R statistical environment 

(12). Airway brushes were processed for microarray analysis as previously 

described (10) after which we followed the analysis steps described for the PAXgene 

whole blood samples above. The airway brush array data are available as GSE67472 for 

a slightly larger group of subjects, and were previously used for a gene set list derivation in 

(3). 

 

To assess short-term stability of whole blood microarray gene expression profiles, PAXgene 

samples collected at the baseline visit were included in normalization, batch correction, and 

iterative application of quality assessment in a separate analysis. The PAXgene samples 
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from the severe asthma cohort was analyzed separately with the same steps described 

above; after removing microarrays with low quality scores, 150 samples on placebo and 151 

on omalizumab remained. Figure 1 in the main manuscript outlines the steps taken to derive 

the final sample numbers. 

qPCR and enzyme-linked immunosorbent assay 

Two-step, nested-primer RT-qPCR of PAXgene RNA was performed as described previously 

(13). Data were normalized to the mean of GAPDH, PPIA, and RPL37A as previously 

described (1). Primer and probe sequences are listed in SupplementalTable 

10. qPCR of epithelial brushing RNA for viruses was performed on 5 ng of RNA per

sample and per virus using primers, probes and protocols previously described (14, 15). 

Positive controls validated three assays in our laboratory: respiratory syncytial virus, 

human rhinovirus, and human parainfluenza virus type 3. 

Statistical Analysis of Gene Expression 

Read count normalization and differential expression analyses were performed using the 

DESeq2 package (16). DESeq2 uses generalized linear models following a negative 

binomial distribution to test for differences between groups. Results were trimmed to 

transcripts indexed in the HGNC database and with Ensembl gene biotype of 

“protein_coding”. For unsupervised clustering, heatmaps, and multi-gene metrics, 

regularized-logarithm transformed counts from DESeq2's rlog function were used to 

provide more stable estimates of expression at low read counts. For assessment of 

differential expression in whole blood microarray data, moderated t tests were performed with 
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the limma package in the R statistical environment without adjustment of  the degrees of 

freedom for prior batch correction (17). Multiple comparisons corrections were done 

using FDR by the Benjamini-Hochberg method (18). Genome-wide quantification and 

differential expression results between asthma and health of alternatively spliced transcripts 

were obtained using the rMATS package (19). 

Ingenuity Pathway Analysis 

For analysis of differentially expressed genes (Tables 2 and 3 in the manuscript), Ingenuity 

Pathway Analysis was run with the log2 fold-change between a two-group comparison as 

the quantitative input (asthma not on ICS vs healthy). For the epithelial brushing RNA 

sequencing data, the list of genes to input into IPA was generated by requiring an 

FDR<0.01 for the asthma vs healthy comparison, a HUGO gene name, and an Ensembl 

biotype of protein coding; 1379 genes met these requirements, with 1376 mapping to IPA 

entries and 1372 identified as analysis-ready by the software. For the PAXgene whole blood 

microarray data, the list of genes to input into IPA was generated by requiring p<0.05; 1372 

genes met this requirement, with 1287 mapping to IPA entries and identified as analysis-ready. 

After running a basic core analysis, upstream regulator analysis output was filtered within 

IPA for regulators that were either genes, RNA, or proteins, and for regulators that had a 

predicted activated state. For the analysis of epithelial brushing genes and pathways 

associated with FEV1 (Supplemental Table E1), RNA sequencing-based regularized-

logarithm transformed counts from DESeq2's rlog function were used in genome-wide 

Spearman rank correlations between gene expression and FEV1 as a percent of predicted, 

within the group of 19 asthmatics not on ICS. 1,386 genes with absolute Spearman rho > 
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0.5 were run through a basic core analysis. 

 

Generation of multi-gene metrics 

Gene expression values in log2-scale with centering only or with centering and scaling were 

summed with equal weighting to form multi-gene metrics. There is no consensus on whether 

individual genes require centering only, or centering and scaling prior to combination into 

multi-gene metrics. For consistency, we used the previously reported airway type-2 metric 

for this cohort, which was computed as the mean of mean-centered and standard-deviation-

scaled, log2 qPCR normalized relative expression values (1). Given the use of a larger 

number of genes in the new interferon-associated metrics presented here, we performed 

mean centering only so that fold changes in gene expression weigh the contribution of 

individual genes to the variance of the metric across the group. This mean-centering only 

approach was used in other studies by members of this research team (20, 21). Short and 

long-term stability of  peripheral blood gene expression was assessed by comparing 

variability between type-2 and ISG gene metrics (Supplementary Figure E5). The standard 

deviation of between-visit differences as a fraction of the standard deviation for all subjects 

and visits was comparable between the ISG metric (1-2 week interval in primary cohort 

SDdiff/SDall=0.69; 48 week interval in placebo arm of severe asthma trial 

SDdiff/SDall=1.02) and the eosinophil gene metric (1-2 week SDdiff/SDall=0.84; 48 week 

SDdiff/SDall=1.04). 

 

Analysis of exacerbation rate reduction 

Unadjusted exacerbation rates and 95% CI were computed with a zero-intercept generalized 
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linear model with a 4 level predictor (on or off treatment with high or low gene metric), 

quasipoisson error distribution, log link function, and an offset for the number of days in 

the study. Exacerbation rate reduction percentages and 95% CI were computed using the same 

model, but with a 2 level treatment variable as the predictor, with an intercept, and separate 

models for high and low gene metric groups. Statistical significance of the interaction effect 

between treatment and gene metric status was assessed with the same model with an 

intercept but with treatment, gene metric status, and the interaction of both as predictors. 

Metatranscriptome preprocessing 

To identify viral transcripts, raw sequencing reads underwent subtractive alignment to the 

human genome using the STAR aligner and the ENSEMBL GRCh38 genome build 

(6). Remaining reads underwent complexity and quality filtering using PRICESeqFilter 

(22) followed by additional subtractive alignment against non-microbial sequences using 

Bowtie2 (23). Identical reads were compressed using the CD-HIT-DUP algorithm (24) 

and  remaining  sequences  were  aligned  to  the  National  Center  for  Biotechnology 

Information (NCBI) nucleotide (nt) database using GSNAPL to identify viral transcripts 

(25). Reads were filtered to include only those reads in which read concordance between 

paired-end reads was greater than 80%. 

Metatranscriptome differential expression 

Raw taxon read counts were aggregated to each taxon level using the taxize package in R 

(26). Taxon read counts were further filtered to include only those taxons with an average 

read count of 10 across samples and those taxons with at least 2 reads present in at least 25% 
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of samples. Taxon read counts were concatenated with human gene counts and underwent 

normalization and differential expression analysis using the DESeq2 package. This 

normalization method avoids introducing the bias imposed by using the total viral read 

count for sequencing depth correction.. Given that the viral and human reads are present in 

the same sample, we were able to leverage the more complete human transcriptome data 

and use the less biased size factor normalization technique provided by DESeq2 to normalize 

the viral transcripts for sequencing depth. 

 

Study approval 

NCT00595153 was approved by the University of California at San Francisco Committee on 

Human Research, written informed consent was obtained from all subjects, and all studies 

were performed in accordance with the principles expressed in the Declaration of Helsinki. 

NCT00314574 was conducted according to U.S. Food and Drug Administration regulations 

and Unsupervised clustering the International Conference on Harmonisation E6 Guidelines 

for Good Clinical Practice; all study sites obtained institutional review board approval and 

written informed consent from study participants before enrollment. 
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Supplemental Table E2: Upstream regulators in interferon pathways in epithelial brushings
assayed by RNA sequencing: all gene symbols beginning with "IFNA", "IFNB", "IFNL","IFNG", "IRF"
as well as STAT1, shown. NA indicates expression level too low for DESeq2 to give a result

Ensembl ID hgnc_symbol log2FoldDifference pvalue padj
ENSG00000197919 IFNA1 -0.10 8.02E-01 NA
ENSG00000186803 IFNA10 0.77 2.55E-01 NA
ENSG00000233816 IFNA13 0.57 3.24E-01 NA
ENSG00000228083 IFNA14 0.68 3.07E-01 NA
ENSG00000147885 IFNA16 -0.81 1.97E-01 NA
ENSG00000234829 IFNA17 -0.02 9.70E-01 NA
ENSG00000188379 IFNA2 -0.18 6.56E-01 NA
ENSG00000137080 IFNA21 0.19 6.15E-01 NA
ENSG00000236637 IFNA4 -0.85 1.92E-01 NA
ENSG00000147873 IFNA5 -0.41 5.38E-01 NA
ENSG00000120235 IFNA6 -0.13 5.83E-01 NA
ENSG00000214042 IFNA7 0.44 5.11E-01 NA
ENSG00000120242 IFNA8 -0.50 4.48E-01 NA
ENSG00000142166 IFNAR1 -0.06 4.08E-01 5.78E-01
ENSG00000159110 IFNAR2 -0.05 5.04E-01 6.59E-01
ENSG00000171855 IFNB1 -0.43 2.58E-01 NA
ENSG00000111537 IFNG 0.89 8.58E-02 2.06E-01
ENSG00000027697 IFNGR1 0.06 6.25E-01 7.54E-01
ENSG00000159128 IFNGR2 0.16 9.39E-02 2.19E-01
ENSG00000262795 IFNGR2 NA NA NA
ENSG00000182393 IFNL1 -0.25 7.11E-01 NA
ENSG00000183709 IFNL2 -0.01 9.69E-01 NA
ENSG00000197110 IFNL3 NA NA NA
ENSG00000185436 IFNLR1 0.06 3.91E-01 5.62E-01
ENSG00000125347 IRF1 0.22 6.13E-02 1.64E-01
ENSG00000168310 IRF2 0.20 6.54E-03 3.89E-02
ENSG00000170604 IRF2BP1 0.34 1.92E-02 7.71E-02
ENSG00000168264 IRF2BP2 -0.10 2.69E-01 4.40E-01
ENSG00000119669 IRF2BPL 0.05 5.12E-01 6.67E-01
ENSG00000126456 IRF3 0.24 4.33E-02 1.30E-01
ENSG00000137265 IRF4 0.25 2.58E-01 4.28E-01
ENSG00000128604 IRF5 -0.02 8.89E-01 9.35E-01
ENSG00000117595 IRF6 0.24 1.06E-01 2.37E-01
ENSG00000185507 IRF7 0.58 1.41E-03 1.53E-02
ENSG00000140968 IRF8 -0.03 9.05E-01 9.45E-01
ENSG00000213928 IRF9 -0.01 9.69E-01 9.83E-01
ENSG00000124107 SLPI 0.37 2.84E-02 9.91E-02
ENSG00000115415 STAT1 0.28 1.40E-01 2.86E-01
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Supplementary Table E3: IPA upstream 
regulator analysis of epithelial brushing 
genes associated with FEV1 as a % of 
predicted. 

Upstream 
Regulator 

Activation 
z-score 

p-value of 
overlap 

IFNG -7.864 3.49E-09 
TNF -7.36 1.57E-07 
Interferon alpha -6.696 1.98E-12 
PRL -5.956 6.27E-09 
IFNA2 -5.883 2.30E-11 
IRF7 -5.27 1.79E-07 
IL2 -5.015 3.03E-07 
IL1B -4.772 2.12E-05 
NFkB (complex) -4.716 1.04E-03 
IFNL1 -4.679 8.20E-10 
STAT1 -4.45 2.02E-05 
TNFSF11 -4.426 3.73E-02 
IFN Beta -4.339 1.57E-05 
TLR7 -4.263 1.72E-03 
IL15 -4.255 6.23E-05 
TLR3 -4.192 2.15E-04 
STAT4 -4.16 4.65E-03 
Ifnar -4.131 7.92E-06 
TLR9 -4.126 2.69E-03 
SMARCA4 -4.033 3.58E-07 
Ifn -4.016 6.60E-05 
EGF -4.016 4.51E-02 
IRF3 -3.993 1.55E-05 
RAF1 -3.957 6.29E-04 
CD40LG -3.93 1.85E-03 
NFE2L2 -3.927 3.99E-03 
IL4 -3.891 1.24E-06 
IFNB1 -3.886 5.89E-05 
PAF1 -3.873 2.62E-07 
NFATC2 -3.849 1.96E-04 
F2 -3.781 2.42E-02 
IL12 (complex) -3.685 4.09E-05 
IRF1 -3.657 2.37E-04 
SASH1 -3.606 5.63E-04 
CSF2 -3.585 1.65E-02 
XBP1 -3.499 3.33E-03 
IRF5 -3.498 1.13E-04 

Upstream 
Regulator 

Activation 
z-score 

p-value of 
overlap 

IL6 -3.495 1.97E-04 
IL27 -3.476 1.50E-03 
CXCL12 -3.393 1.16E-04 
P38 MAPK -3.39 3.88E-02 
DOCK8 -3.317 4.54E-03 
ARNT -3.274 3.26E-03 
IL18 -3.235 4.07E-03 
HGF -3.216 5.75E-04 
IL21 -3.195 1.63E-05 
OSM -3.193 1.13E-03 
MAVS -3.132 7.98E-04 
SAMSN1 -3.051 5.62E-03 
EIF2AK2 -3.023 1.29E-04 
PDGF BB -3.016 5.04E-03 
IL7 -2.995 1.22E-03 
TGM2 -2.992 1.64E-07 
IL12 (family) -2.942 9.04E-03 
TNFSF10 -2.933 7.94E-07 
TGFB1 -2.891 1.88E-02 
TCR -2.868 1.04E-02 
TLR4 -2.83 1.14E-02 
ARHGAP21 -2.828 5.72E-03 
IL13 -2.821 2.29E-04 
MYC -2.82 3.69E-03 
AGT -2.795 1.40E-03 
MAPK9 -2.744 2.08E-03 
HIF1A -2.734 2.23E-03 
PRKCD -2.71 4.92E-03 
IL1A -2.698 3.07E-02 
AKT1 -2.682 1.34E-02 
APP -2.671 1.94E-02 
IFN alpha/beta -2.655 1.25E-02 
Vegf -2.645 3.90E-06 
CHUK -2.645 1.43E-02 
MMP2 -2.626 7.44E-03 
HRAS -2.588 1.56E-08 
IFNA1/IFNA13 -2.577 2.18E-03 
TMEM173 -2.55 2.71E-04 
MET -2.525 2.83E-02 
LCN2 -2.512 5.45E-03 
MYD88 -2.485 2.38E-03 
PGR -2.446 1.76E-03 
EP300 -2.432 2.15E-03 
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Upstream 
Regulator 

Activation 
z-score 

p-value of 
overlap 

FLT3LG -2.425 1.98E-02 
IFNE -2.415 2.66E-02 
IPMK -2.414 2.20E-03 
Gm-csf -2.4 4.90E-02 
ESRRG -2.398 3.38E-02 
IFN type 1 -2.393 3.27E-03 
IFIH1 -2.39 1.32E-02 
IFNA4 -2.389 3.55E-03 
ITGA1 -2.383 3.55E-03 
JAK1 -2.376 2.06E-03 
LCK -2.366 2.54E-03 
NFKBIA -2.353 1.54E-02 
CCL5 -2.351 1.71E-02 
STAT5a/b -2.343 5.62E-03 
IFNAR1 -2.329 2.10E-06 
EGR2 -2.306 8.30E-03 
NLRC5 -2.277 1.87E-05 
IFNAR2 -2.236 2.57E-06 
ANXA2 -2.219 1.12E-02 
IFNL3 -2.213 7.69E-03 
PLIN5 -2.213 3.18E-02 
TSH -2.209 3.86E-02 
THBS4 -2.2 2.76E-02 
MAPK3 -2.19 4.22E-04 
CCL3 -2.177 2.02E-02 
SMAD7 -2.171 1.96E-02 
IL17A -2.149 1.67E-02 
PCGEM1 -2.141 1.76E-04 
DDX58 -2.119 1.08E-03 
TRB -2.08 1.54E-02 
KITLG -2.044 1.22E-02 
SPI1 -2.031 1.51E-02 
IKBKG -2.027 3.14E-02 
CXCL1 -2 5.67E-03 
Srebp -2 1.03E-02 
hemoglobin -2 2.57E-02 
PARP9 -2 3.09E-02 

Regulators filtered by: 1) genes, proteins or 
RNA; 2) absolute value of activation z-score>=2; 
3) p<0.05. List sorted by activation z-score, most
negative (i.e. most inversely associated with 
FEV1 as a % of predicted) to most positive. See 
Supplemental Methods. 

E16



Predictors in a linear model Response: % change in FEV1 at stated weeks of ICS 
treatment relative to the baseline value

2 weeks of ICS 4 weeks of ICS 8 weeks of ICS

Type-2 airway gene metric
Pearson correlation
Spearman correlation

N=22
r=0.68,p=0.00044
ρ=0.68,p=0.00068

N=23
r=0.86,p=2.1x10-6

ρ=0.79,p=7.1x10-6

N=22
r=0.47,p=0.029
ρ=0.37,p=0.089

ISG airway gene metric
Pearson correlation
Spearman correlation

N=18
r=0.50,p=0.036
ρ=0.55,p=0.019

N=18
r=0.23,p=0.35
ρ=0.030,p=0.91

N=17
r=0.37,p=0.15
ρ=0.31,p=0.23

Type-2 and ISG airway gene 
metrics both in model

N=18 with both N=18 with both N=17 with both

ISG p=0.019 p=0.44 p=0.16

Type-2 p=0.0010 p=0.00017 p=0.069
Type-2 and ISG airway gene 
metrics both in a model 
with an interaction term

Interaction term

N=18 with both

p=0.087

N=18 with both

p=0.22

N=17 with both

p=0.36

Supplemental Table E4

Greyed boxes indicate non-significant (i.e. p>=0.05) results
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NOTE: Supplementary Table E5 is available as a separate file due to its length. 
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Supplemental Table E6: Correlation between whole blood gene expression metrics
in healthy controls and subjects with mild asthma vs blood cell frequencies

Gene expression metric Group n Cell type Spearman ρ Spearman P value
ISG Healthy 20 neutrophil 0.37 0.11
ISG Healthy 20 lymphocyte -0.37 0.11
ISG Healthy 20 eosinophil -0.10 0.67
ISG Healthy 20 monocyte -0.14 0.57
ISG Healthy 20 basophil -0.45 0.047
ISG Asthma 23 neutrophil -0.23 0.29
ISG Asthma 23 lymphocyte 0.05 0.82
ISG Asthma 23 eosinophil 0.38 0.071
ISG Asthma 23 monocyte 0.22 0.31
ISG Asthma 23 basophil -0.50 0.017
Eosinophil-associated genes Healthy 20 neutrophil 0.04 0.87
Eosinophil-associated genes Healthy 20 lymphocyte -0.21 0.36
Eosinophil-associated genes Healthy 20 eosinophil 0.73 0.00039
Eosinophil-associated genes Healthy 20 monocyte 0.10 0.66
Eosinophil-associated genes Healthy 20 basophil 0.34 0.14
Eosinophil-associated genes Asthma 23 neutrophil -0.05 0.81
Eosinophil-associated genes Asthma 23 lymphocyte -0.25 0.24
Eosinophil-associated genes Asthma 23 eosinophil 0.85 0.0000019
Eosinophil-associated genes Asthma 23 monocyte -0.15 0.49
Eosinophil-associated genes Asthma 23 basophil 0.17 0.44
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Supplementary Table E7: Correlation coefficients comparing PAXgene whole blood 
microarrays to qPCR measurements

Gene Pearson’s r Pearson p value Spearman ρ Spearman P value
CEACAM1 0.69737 2.03E-07 7.11E-01 3.50E-07
IFI16 0.70597 1.24E-07 7.25E-01 2.11E-07
IFI30 0.53922 1.91E-04 5.15E-01 4.91E-04
IFI44 -0.01462 9.27E-01 4.28E-01 5.04E-03
IFI6 0.86869 4.40E-14 8.74E-01 0.00E+00
IFIH1 0.64338 3.26E-06 4.96E-01 8.44E-04
IFIT1 0.83904 2.12E-12 7.62E-01 5.00E-08
IFIT5 0.61153 1.32E-05 4.59E-01 2.16E-03
IFITM1 0.44442 2.83E-03 4.12E-01 6.42E-03
ISG15 0.88308 4.66E-15 7.17E-01 2.81E-07
MT2A 0.77595 1.58E-09 8.00E-01 3.88E-09
MX1 0.86966 3.82E-14 7.03E-01 4.78E-07
MX2 0.60827 2.46E-05 6.30E-01 1.60E-05
TDRD7 0.40546 6.99E-03 1.79E-01 2.50E-01
TNFSF10 0.75016 7.00E-09 6.70E-01 1.90E-06
P2RY14 0.57722 5.07E-05 5.85E-01 5.22E-05
RNASE2 0.90759 0.00E+00 8.67E-01 0.00E+00
CLC 0.91603 0.00E+00 9.46E-01 0.00E+00
IL5RA 0.83316 4.17E-12 8.72E-01 0.00E+00

Correlations across the combined asthma and healthy data presented in Supplemental Figure 5A.
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Supplementary Table E8: Baseline demographics of subjects from a randomized, placebo-
controlled trial of the anti-IgE monoclonal antibody omalizumab in severe asthma (Hanania et 
al. 2011)

Placebo Omalizumab

150 151

Age 47 ± 14 45 ± 14

% Female 71 63

BMI 32.4 ± 7.0 31.7 ± 7.9

FEV1, % of predicted 64.9 ± 13.6
(n=149)

65.0 14.5
(n=150)

Blood eosinophils (K/μl) 0.26 (0.02-1.99)
(n=142)

0.26 (0.03-2.29)
(n=146)

Data reported as mean±SD or median (range). 
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Supplementary Table E9: Unfolded Protein Response Activation in IL-13 and IFN-α Stimulated 
epithelial air-liquid interface cultures. Selected output from IPA upstream regulator analysis of 
RNA Seq-based gene expression.

IREα/XBP1 Pathway PERK Pathway ATF6 Pathway
IL-13
stimulation

XBP1:
activation z-score 5.40
overlap p-value 0.00040

IREα:
activation z-score 2.60
overlap p-value 0.0011

PERK:
activation z-score 1.58
overlap p-value 0.00083

CHOP:
activation z-score 1.26
overlap p-value 0.012

ATF4:
activation z-score 1.96
overlap p-value 0.0020

ATF6:
activation z-score 2.55
overlap p-value 0.00033

IFN-α
stimulation

XBP1:
Not activated

IREα:
activation z-score 2.17

overlap p-value 0.00011

PERK:
activation z-score 2.81
overlap p-value 1.42x10-6

CHOP:
activation z-score 2.29
overlap p-value 0.00037

ATF4:
activation z-score 3.40
overlap p-value 0.030

ATF6:
Not activated

The overlap p-value is the probability that the observed overlap between the list of genes differentially expressed 
between cytokine and control, and the set of genes assigned by IPA as downstream of the listed upstream 
regulator, would occur by chance (Fisher's Exact Test). The strength of activity of the regulator under cytokine 
stimulation, as determined by the net observed direction of changes in the overlapping downstream genes, is 
represented by an activation score (a more positive (or negative) value indicates that a larger proportion of 
genes changed in a direction consistent with activation (inhibition) of the regulator with cytokine stimulation. 
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Supplementary Table E10: Primers and probes used in qPCR

Gene Type Sequence
CEACAM1 outer-forward

outer-reverse
inner-forward
inner-reverse
probe

CATTCACTTTGTCAGGAAACCTTG
TGCAGCTTTCTAGCTGTAAACAATG
CCTTGGCCTCTGCTAAGGTG
AACAATGCCACCAGCATGAG
CCCTGTAGGGTGCTCCCACTTCTCAA

CLC outer-forward
outer-reverse
inner-forward
inner-reverse
probe

GCTGCCTCTTTGTCTACTGGTTCT
CTGAAAGGGCATATTCTTGGATTC
CTGAGATGAAGGAGGAATCAGACA
CCATACTCACGGCTGTTCATGA
TCTTCCATTTCCAAGTGTGCTTTGGTCGT

GAPDH outer-forward
outer-reverse
inner-forward
inner-reverse
probe

CAATGACCCCTTCATTGACCTC
CTCGCTCCTGGAAGATGGTGAT
GATTCCACCCATGGCAAATTC
GGGATTTCCATTGATGACAAGC
CGTTCTCAGCCTTGACGGTGCCA

IFI16 outer-forward
outer-reverse
inner-forward
inner-reverse
probe

TGAGGATGCAGATACTGAAGGAAG
TCTTGGTTTCAACGTGGTTAAGAA
AGCATAGGCCCAGCTGAGAG
TGGTTAAGAAACTGCTGCTTGG
CCCACACTCCTCAGATGCCTCCATC

IFI30 outer-forward
outer-reverse
inner-forward
inner-reverse
probe

TGTGACCCTCTACTATGAAGCACTG
TGTTGAATTTGCACTCCTCTTCTC
AACATGGCTGTTGGTCATGG
TGTTCCTGTGCGTTTCCGTA
CCTCAATGTCACGCTGGTGCCC

IFI44 outer-forward
outer-reverse
inner-forward
inner-reverse
probe

TCTGCCTTGAGAACTTATGAACCA
CAGTTGTATTAGTGCCCACCAAAG
CCATATGGATCCCTGGTTCA
CTGGACTTCCCAGCTCCAAT
CAAATACGAATTCTGCTGCTGGGTCCA

IFI6 outer-forward
outer-reverse
inner-forward

CATAGTACACTGCAGCCTCCAACT
GGGAGAGTGATAGACAAAGTTCTGG
GCCTCCAACTCCTAGCCTCA
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inner-reverse 
probe 

TTCTGGATTCTGGGCATCGT 
CCAAGTAGGATTACAAGCATGCGCCG 

IFIH1 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

CGGTAGACCCTGCTTCTCTAAGT 
AGAAAGGTCAGGTAGTCCAGCAC 
AATGGGTATTCCACAGACGAGAA 
CTCCACCTGGATGTACATTTTCAC 
TTCCGCTATCTCATCTCGTGCTTCAGG 

IFIT1 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

GTAATACCCTCCCTTCCTCCAAGA 
AGGCTGCTCTCGAACTCCTG 
GGCTCACGCCTGTAATCTCA 
TCGAACTCCTGGGTTCAGGT 
ATCTGCCTGCCTCGTCCCATCG 

IFIT5 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

GTGCTGAGGAGAGAGCGATCC 
TGACATTCTAACTCCAACAGAATGG 
AGAGAGCGATCCGAGGGACT 
GAATGGCCTTCAAGGTGTCC 
CTCATGATGGCAGCGCTCTGCA 

IFITM1 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

AACCTTCACTCAACACTTCCTTCC 
GATGTTGATCACGGTGGACCT 
CCAAAGCCAGAAGATGCACA 
ACCTTGGAAGGATGGTGCTG 
CCCAGCACAGCCACCTCATGTTCC 

IL5RA outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

ATGGCCACCGCATTTCTCA 
CCTCTTGTTCCGACCAGTACTCAA 
GCCAGGCACATTGAGCATT 
GTCTATGCTCGTGGCTGCAA 
TCCTGTGCCTGACGCTATGCTAGATGC 

ISG15 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

ATCTTTGCCAGTACAGGAGCTTG 
CGCCTTCAGCTCTGACACC 
ACCTGACGGTGAAGATGCTG 
GCTCTGACACCGACATGGAG 
ACACCTGGAATTCGTTGCCCGC 

MT2A outer-forward 
outer-reverse 
inner-forward 

GTGCAACCTGTCCCGACTCTA 
TTTCTTGCAGGAGGTGCATTT 
TCTAGCCGCCTCTTCAGCTC 
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inner-reverse 
probe 

GGTGCATTTGCACTCTTTGC 
CCATGGATCCCAACTGCTCCTGC 

MX1 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

GGACAAAGGAACTGAAGACAAGGT 
TGAAATATGGGTGGTTCTCAAAGA 
CCTCGTGTTCCACCTGAAGA 
CTGGTCCTGGATCTCCTGCT 
CCCGGCACTTGACAATCATGTAACCC 

MX2 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

ACCAGAGCTCGGGCAAGA 
GTGTTCCGGTAGCTGATCCTTC 
CTCTGTGCTGGAGGCACTGT 
GCGGACACCTGGTTACGATT 
CCTCTGGGAAGCGCGACTCCTG 

P2RY14 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

GAGTCAGACCGAAGCTCATTACAG 
CCCTAAACGGCTGGCATAGA 
TCACTCTGCTACTATCTGCTGCAA 
CCCTAAACGGCTGGCATAGA 
TGCTTGGACCCTATTATTTATTTCT 

PPIA outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

ATGAGAACTTCATCCTAAAGCATACG 
TTGGCAGTGCAGATGAAAAACT 
ACGGGTCCTGGCATCTTGT 
GCAGATGAAAAACTGGGAACCA 
ATGGCAAATGCTGGACCCAACACA 

RNASE2 outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

GGAGCTACAGGCCGGAGACT 
AGCCCTCCACAGCCAGAAG 
CGGAGACTGGGAAACATGGT 
AAGCCCCAACAGAAGAAGCA 
CCAAAACTGTTCACTTCCCAAATTT 

RPL37A outer-forward 
outer-reverse 
inner-forward 
inner-reverse 
probe 

TATGTGAAATAATCCGGACATGCT 
TGCAATTGTAAGGCGTCTCTCT 
CGGACATGCTTCTGCTATGG 
GGCGTCTCTCTCATCCAGGT 
CCCAGATTCGCAAACTATGGCGACA 

TDRD7 outer-forward 
outer-reverse 
inner-forward 

AGAGATCACAAATGTTCACAGCAG 
TTCTTGTAGAAACCGAGGTGGAAT 
CCGGGCTCTTGATGTTCAGT 
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inner-reverse
probe

CGAGGTGGAATTTCCCTGAG
TCCTGGACTCTGGCACTGTGACATCTG

TNFSF10 outer-forward
outer-reverse
inner-forward
inner-reverse
probe

GAAGCAACACATTGTCTTCTCCAA
GACCAGTTCACCATTCCTCAAGT
GCTCTGGGCCGCAAAAT
AGTGCAAGTTGCTCAGGAATGA
TGCCCACTCCTTGATGATTCCCAGG

Probes used a 5' FAM fluorescent probe with a 3' BHQ quencher.
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A.

B.

Supplemental Figure E1: Ranking of genes differentially expressed by RNA Seq in the current study within 
microarray data from both a prior study and the current study. The 1379 genes with FDR<0.01 in the asthma (not 
on ICS) vs healthy differential expression analysis of the RNA Seq data were used as the test set. Barcode plots from 
limma package in R for enrichment of RNA Seq gene test set within differential expression results from A. previously 
published microarray data from epithelial brushings from asthmatics and healthy controls (Woodruff et al. PNAS 2007, 
available on GEO as GSE4302), and B. microarray data from epithelial brushings from the same asthmatics (n=19) and 
healthy controls (n=16) in the current study population (available as GSE67472 for a slightly larger group of subjects, and 
used for a gene set list derivation in Christenson et al. Asthma-COPD overlap. Clinical relevance of genomic signatures 
of type 2 inflammation in chronic obstructive pulmonary disease. Am J Respir Crit Care Med. 2015 Apr 1;191(7):758-66).
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A.

B.

Supplemental Figure E2: Comparison of gene expression profiles in airway epithelial brushings between RNA sequencing 
and microarrays for interferon-stimulated genes shows overall agreement. Microarray gene expression profiles were obtained on 
the same samples presented in this study (19 subjects with asthma, 16 healthy controls; available for a slightly larger group of subjects 
as GSE67472, and used for a gene set list derivation in Christenson et al. Asthma-COPD overlap. Clinical relevance of genomic 
signatures of type 2 inflammation in chronic obstructive pulmonary disease. Am J Respir Crit Care Med. 2015 Apr 1;191(7):758-66). 
Genes in the interferon alpha group per IPA that were both differentially expressed by RNA Seq in asthma relative to health and with 
direction of difference consistent with activation of this pathway in asthma were analyzed. Of the 27 genes that met these criteria, 25 
were annotated on the arrays and shown here. Of these 25 genes with FDR<0.01 by RNA Seq, 10 (40%) have FDR<0.01 on 
microarrays. A. Log2 fold-difference between asthma and health is generally consistent between RNA Seq (black bars) and 
microarrays (grey bars). B. Average expression across all samples for RNA sequencing (top black bars) as assessed by baseMean 

from DESeq2, and for microarrays (bottom grey bars) as assessed by AveExpr from limma. Genes with discordant statistical 
significance between platforms do not necessarily all have low average expression. Red outlines indicate FDR<0.01, blue FDR>=0.01.
FDR for microarray data computed using limma with Benjamini-Hochberg correction and no clinical covariates.
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airway ISG metric

A.

B.

Supplemental Figure E3: Effect of corticosteroids on airway and blood ISG and ER stress metrics and lung 
function. A. Airway ISG metric for healthy controls (n=16) and subjects with asthma (n=19) for which there is paired 
data before and after 8 weeks of ICS (n=9); p=0.012 for the effect of ICS by a paired Mann-Whitney U (MWU test). 
B. and C. Relationship of airway ISG metric from brushings acquired at 8 weeks to: B. FEV1 as a percent of the 
predicted value after 8 weeks of ICS, measured immediately before and on the day of bronchoscopy and prior to 
bronchodilator (Spearman rho=0, p=1, n=13 asthma after ICS) and C. change in FEV1 as a percent of predicted 
after administration of bronchodilator (Spearman rho=0.039, p=0.90, n=13 asthma after ICS). D. Receiver operating 
characteristic (ROC) curves for the ability of the airway ISG metric (n=17) and markers of type-2 inflammation (blood 
eosinophils (n=23) and airway type-2 gene expression metric (n=22)) to predict an improvement in FEV1 after 8 
weeks of ICS. Improvement in FEV1 was defined as an increase of at least 200 mL and 12% relative to week 0. 
ROC curves for type-2 gene expression metric and airway ISG metric were not significantly different (p=0.31 by 
DeLong's test for two correlated ROC curves from the pROC package in R); however, the estimated power for 
detecting a signficant difference between these two observed curves is only 30%. E. Effect of ICS on blood ISG 
metric in mild asthma (p=0.012 for n=20 healthy vs n=21 asthma pre-ICS by MWU test); p=0.45 paired MWU on 
n=21 asthma pre and post ICS). Effect of oral corticosteroid use on baseline blood ISG metric in severe asthma 
(p=0.074, n=301, MWU test) F. Airway ER stress (XBP1) metric for the same subjects in A (p=0.00034 for the effect 
of ICS in mild asthma by a paired t test).
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Supplemental Figure E4: Mapping of viral reads from one asthma subject to genome of human rhinovirus A. Sequences were assembled 

against the human rhinovrius 22 strain ATCC VR-1132 (version FJ445122.1 GI:2173163) reference genome using the Geneious software package 

for the one asthma subject in which rhinovirus was detected by sequencing.  
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Supplemental Figure E5: Additional data for whole blood gene expression. Whole blood microarray expression 
levels of eosinophil-associated genes are significantly associated with (A) blood eosinophil percentages across subjects 
with asthma (red; n=23; all Pearson correlation coefficients with p<0.05 except for RNASE2) and healthy controls (black; 
n=20; all Pearson correlation coefficients with p<0.05 except RNASE2 and P2RY14), but unrelated to (B) blood 
neutrophil percentages (all Pearson correlation coefficients with p>0.05 for asthma and healthy).



A.

Supplemental Figure E6: Proportion of five cell types obtained from a standard automated clinical laboratory 
cell differential in healthy controls (H, n=20) vs asthmatics not on ICS (A, n=23) on the day of and immiedately 
before bronchoscopy.
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Supplemental Figure E7: qPCR validation of PAXgene whole blood microarrays. A. Cross-platform gene expression 
correlations, log-transformed, for 15 ISGs for which primers worked in multiplex (from genes marked as downstream of 
interferons per Ingenuity Pathway Analysis). Data for four eosinophil-associated genes for which primers worked is also 
shown (outlined by red box). Correlation coefficients are presented in Supplemental Table 4. B. Log2 fold-change between 
asthma and healthy is generally consistent between microarrays (black bars) and qPCR (grey bars).
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