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Abstract

Rationale: The allergen inhalation challenge is used in clinical trials to
test theefficacyofnewtreatments inattenuating the late-phaseasthmatic
response (LAR) and associated airway inflammation in subjects with
allergic asthma. However, not all subjects with allergic asthma develop
the LAR after allergen inhalation. Blood-based transcriptional
biomarkers that can identify such individuals may help in subject
recruitment for clinical trials as well as provide novelmolecular insights.

Objectives: To identify blood-based transcriptional biomarker panels
that canpredict an individual’s response to allergen inhalation challenge.

Methods:WeappliedRNAsequencing to totalRNAfromwholeblood
(n = 36) collected before and after allergen challenge and generated
both genome-guided and de novo datasets: genes, gene-isoforms
(University of California, Santa Cruz, UCSC Genome Browser),
Ensembl, andTrinity. Candidate biomarker panelswere validated using
the NanoString platform in an independent cohort of 33 subjects.

Measurements and Main Results: The Trinity biomarker
panel consisting of known and novel biomarker transcripts had
an area under the receiver operating characteristic curve of
greater than 0.70 in both the discovery and validation cohorts. The
Trinity biomarker panel was useful in predicting the response
of subjects that elicited different responses (accuracy between
0.65 and 0.71) and subjects that elicit a dual response
(accuracy between 0.70 and 0.75) upon repeated allergen inhalation
challenges.

Conclusions: Interestingly, the biomarker panel containing
novel transcripts successfully validated compared with
panels with known, well-characterized genes. These
biomarker–blood tests may be used to identify subjects
with asthma who develop the LAR, and may also represent
members of novel molecular mechanisms that can be targeted for
therapy.
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The allergen-induced late-phase asthmatic
response (LAR), occurs reproducibly in
a subgroup of individuals with mild
allergic asthma after allergen inhalation
challenge (1), and shares many
characteristics with chronic asthma,
such as prolonged airway contraction,
persistent airway inflammation, mucus
hypersecretion, and airway remodeling
(2, 3). Although inhaled corticosteroids
are effective in abolishing the LAR (4), they
do not alter the natural course of the
disease (5). Airway inflammation (e.g.,
presence of epithelial shedding, T cells, and
eosinophils in mucosal biopsies) is already
present in subjects with mild disease, and
worsens in subjects with persistent asthma
(6). Given the heterogeneity of the disease
within an individual and over time,
reproducible biomarkers that can help risk
stratify individuals may help improve
diagnosis, selection of therapy, and
prevention of overtreatment (7–11).

The purpose of this study was to
identify transcriptional biomarker panels
(combinations of single molecules) using
whole blood that could predict a subject’s
response to allergen inhalation challenge,
before and 2 hours after challenge
(Figure 1). Following the Institute of
Medicine guidelines for the development
of clinical biomarker tests (12), biomarker
panels were identified in a discovery
cohort with rigorous clinical phenotypic
characterization. The biomarker panels

were developed using RNA-sequencing
(RNA-Seq) data, and the performance of
the computational model was assessed
using cross-validation. The identified
biomarker candidates were then
transferred to the more clinically relevant
NanoString platform and the biomarker
panel formulas were locked down. Finally,
the performance of these biomarker
panels was assessed in an independent
external validation cohort. Some of the
results of these studies have been
previously reported in the form of
abstracts (13–15).

Methods

The institutional review boards of the
participating institutions—University of
British Columbia, McMaster University,
and Université Laval—approved this study.

Subjects
Written informed consents were obtained
from participants undergoing allergen
inhalation challenges. Subjects were
nonsmokers with mild atopic asthma, free of
other lung diseases and any cardiovascular
disease. All subjects had physician
diagnosed, clinically stable asthma, with a
baseline FEV1 of 70% or greater of
predicted value, and baseline provocative
concentration of methacholine that caused
a 20% drop in FEV1 (PC20) less than
16 mg/ml. All subjects developed the early
asthmatic response (at least 20% fall in
FEV1 within 2 hours after allergen
inhalation). Exclusion criteria included the
use of inhaled corticosteroids, and use of
other asthma medication, with the
exception of infrequently inhaled
b2-agonist, which was withheld for
8 hours before spirometry measurements
(additional details can be found in
References 16–22).

Methacholine and Allergen Inhalation
Challenge
Methacholine and allergen challenge were
performed on triad visits. Methacholine
inhalation tests were performed on Days 1
(pre-methacholine) and 3 (post-
methacholine) in order to determine
airway hyperresponsiveness, defined
as the allergen-induced shift
([PC20]pre/[PC20]post). Allergen inhalation
challenge was performed on Day 2 using
allergen extracts in doubling doses until a

drop in FEV1 of at least 20% was achieved;
subsequently, FEV1 was measured at
regular intervals up to 7 hours after
challenge. All subjects demonstrated an
FEV1 drop of 20% between 0 and 2 hours
(early asthmatic response) after allergen
inhalation challenge. Participants who
demonstrated a maximum drop in FEV1

greater than or equal to 15% between 3 and
7 hours after allergen challenge (LAR) were
classified as dual responders (DRs).
Subjects who did not meet the 15% drop in
FEV1 during the LAR were classified as
early responders (ERs).

Cohorts
The discovery cohort consisted of 36
subjects. For all subjects of the discovery
cohort, blood samples were collected for
molecular analysis immediately before and
2 hours after allergen inhalation challenge.
For the validation cohort, pre-challenge
blood samples from 33 subjects were used
for molecular analyses. Furthermore,
17 pre-challenge samples were collected
from 7 subjects who elicited a different
response during repeat allergen inhalation
challenges, whereas 20 pre-challenge
samples were collected from 9 subjects who
elicited only the dual response during
repeat allergen inhalation challenges.
Standard operating protocols were used at
each participating center for all blood
collection procedures (see the online
supplement for blood collection and
processing details).

RNA-Seq
Total RNA from blood samples of the
discovery cohort was purified and sent to
Génome Québec (Centre d’Innovation
Genome Quebec et Université McGill) for
whole-transcriptome sequencing (eight
samples per lane). Ribosomal RNA and
globin-depleted stranded cDNA libraries
were sequenced using an Illumina HiSeq
2000 as 100-bp paired end reads. All RNA-
Seq files passed quality-control metrics
based on FastQC standards. After trimming
(Seqtk, version 1.0), the left and right
concatenated files were used by the Trinity
software (version r20131110) (23) to
construct a de novo assembly of the blood
transcriptome (reverse forward–stranded
library type was specified). The abundance
estimates of Trinity contigs were estimated
using RSEM (RNA-Seq by Expectation
Maximization, version 1.2.11) (24) using
the Bowtie aligner. The abundance

At a Glance Commentary

Scientific Knowledge on the
Subject: Attenuation of the allergen-
induced late-phase asthmatic response
(LAR) is used to determine the efficacy
of novel asthma therapies.
Recruitment, for clinical trials, of
subjects who develop the late response
is performed using an allergen
inhalation challenge. However, only a
subgroup of individuals with mild
asthma develop the LAR.

What This Study Adds to the
Field: This study identified and
validated novel RNA transcripts that
are predictive of the LAR. These
biomarkers may be used to enrich
clinical trials with subjects who are
susceptible to developing the LAR.
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estimates of University of California, Santa
Cruz (UCSC) genes and gene-isoforms
were estimated using RSEM (version
1.2.19) with the Bowtie2 (version 2.2.4)
aligner. STAR (Spliced Transcripts
Alignment to a Reference, version 2.5.0a), a
fast RNA-Seq alignment software (25), was
also used to align the paired end reads to
the human genome using annotations
from the GENCODE project (GENCODE
release v21) (26). Feature counts (27) in the
Subread/Rsubread package (version 1.5.0)
was used to estimate the abundance of
Ensembl transcripts. See the online
supplement for complete details on
RNA-Seq data preprocessing and
normalization.

nCounter Elements TagSets
Oligonucleotide probes (100 bp) were
designed for all biomarker candidates
using the nDesign portal (http://www.
nanostring.com/) and with the help of
the bioinformatics team at NanoString
Technologies. For uncharacterized
candidates, the sequences were selected
based on coverage plots of RNA-Seq data
and provided to NanoString Technologies
(see the online supplement for probe
sequences). RNA samples from both the
discovery and validation cohorts as well as
repeated challenges were profiled for
biomarker candidates using custom
nCounter Elements TagSets (NanoString
Technologies). All NanoString data were
assessed for various quality-control metrics
(28) and normalized according to their data
analysis guide (see the online supplement
for complete details).

Statistical Analyses
Differential expression analysis was
performed using the limma (linear models
for microarray and RNA-Seq data) R-library
(version 3.32.4; 29). Two comparisons were
considered: ERs versus DRs before challenge
and ERs versus DRs in the interaction (post-
minus pre-challenge levels). A t test was
used to compare ERs and DRs for all
quantitative clinical and demographics
variables (e.g., cell counts, age) when the
data were deemed to be normally
distributed (assessed using the Shapiro-
Wilk normality test and normal Q-Q plots).
The Wilcoxon rank-sum test was used
when the normality assumption was not
met. Tissue enrichment analysis was
performed using the sear R-library (version
0.1), whereas gene set analysis was

AUROC

1) Sample collection
1a. Blood collection (72 samples, 36 pre and 36 post allergen inhalation challenge)
1b. RNA extraction
1c. Illumina RNA-Seq (100 bp paired end) for discovery cohort only

2) Data preprocessing
2a. Four RNA-Seq datasets generated (based on different bioinformatics tools):
          • UCSC Genes, UCSC gene-isoforms, Ensembl, Trinity (4 datasets)
2b. Pre-filtering of low abundant genes from each dataset

3) Differential Expression Analysis 4) Biomarker Analysis

Discovery phase: RNA-Sequencing

•  5-fold cross-validation
   repeated 200 times
•  Classifiers: elastic net
   and random forest

•  identify frequently
   occurring mRNA
   transcripts across cross-
   validation folds

•  Identify stable mRNA
   transcripts using all 72
   samples

Validation phase: NanoString

1) Sample collection: 1a. Blood samples (pre-challenge only), 1b. RNA extraction
2) NanoString probe design: 2a. Design 100 bp probes for all biomarker candidates
3) Molecular Profiling:
       3a. Molecular profiling using NanoString Elements
       3b. Quality control assessment and positive control and house-keeping normalization

4) Validation of biomarker panels

4a. Re-calibration of biomarker panels

Lock-down of computational algorithms

29/36 discovery subjects
were profiled using
NanoString (15/19ERs and
14/17DRs)

4b. Performance of Biomarker panels

Independent
validation set

33 validation subjects
(9ERs and 24 DRs)

Panels: UCSC genes, UCSC gene-isoforms,
Ensembl, Trinity, Combined, Clinical
classifier**
Classifiers: elastic net and random forest

AUROC
cut-off = 0.70

4c. Best performing panel was applied to data for subjects that underwent repeat allergen inhalation challenges.
      17 samples collected from 7 subjects that elicited a different response during repeat allergen challenges
      20 samples collected from 9 subjects that elicited a dual response during repeat allergen challenges

Early responders versus dual
responders (19ERs vs. 17DRs)

Comparisons: Pre-challenge and
Interaction* (with and without cell-
count adjustment)
Datasets: UCSC genes, UCSC gene-
isoforms, Ensembl and Trinity
Tissue enrichment
Pathway analysis

Cross-validation

Selection of
biomarker
candidates

Selection of
house-keepers

Figure 1. Overview of analysis. The study was divided into a discovery and validation phase. Unbiased
whole-genome expression profiling was performed using RNA sequencing, and predictive biomarker
panels of the late asthmatic response were identified before challenge and at the interaction (after
challenge normalized to before challenge). Selected transcripts were profiled using the NanoString
platform on all samples. The biomarker panels were recalibrated using the discovery samples and
applied to the additional samples to determine the classification performance. *Interaction: for each
mRNA transcript, the expression of the pre-challenge samples was subtracted from the corresponding
post-challenge sample before comparing ERs and DRs. **Clinical classifier consisted of baseline FEV1,
PC20 before challenge, total leukocyte counts, and white blood cell–count frequencies (neutrophils,
lymphocytes, monocytes, eosinophils, and basophils). AUROC= area under the receiver operating
characteristic curve; DR= dual responder; ER = early responder; PC20 = provocative concentration of
methacholine that caused a 20% drop in FEV1; UCSC=University of California, Santa Cruz.
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performed using Enrichr (30). When
applicable, the Benjamini-Hochberg
correction procedure for multiple testing
(31) was used, and a false discovery rate
(FDR) of 0.15 was used to determine
statistical significance.

Elastic net (32) and random forest (33)
were used to identify biomarker panels that
could distinguish ERs from DRs for each
RNA-Seq dataset: UCSC genes, UCSC
gene-isoforms, Ensembl, and Trinity.
Classification performance of biomarker
panels for each dataset was estimated using
a 5-fold cross-validation repeated 200 times
(2003 5-fold cross-validation), using an
elastic net and random forest classifier. For
each cross-validation run, the area under
the receiver operating characteristic curve
(AUROC) was computed and averaged
over 200 repeats for each dataset. For both
the discovery and validation phase an

AUROC cut-off of 0.70 was used as per
recommended guidelines for clinical
biomarker implementation (34). Biomarker
selection was based on the frequently
occurring (stable) transcripts in biomarker
panels identified within cross-validation
folds. To select stable biomarker candidates,
the most frequently occurring transcripts
among the 1,000 panels (5-fold3 200
repeats) for both elastic net and random
forest applied to each dataset were
determined. The overlap between the
top 100 ranked transcripts based on elastic
net and random forest were identified for
each dataset and annotated, from which a
subset of candidates was selected to be
transferred to the NanoString platform.
Housekeeping transcripts per dataset
were identified using the geNorm
algorithm (35) in the NormqPCR R-library
(version 1.16.0). Complete details on

the statistical methodology used in this
study can be found in the online
supplement.

Results

Discovery and Validation Cohorts
The discovery cohort consisted of 36
subjects (Table 1): 19 were classified as ERs
and 17 were classified as DRs. The post-
challenge PC20 was significantly lower in
DRs compared with ERs, resulting in a
significantly increased allergen-induced
shift in DRs compared with ERs. No
significant changes between ERs and DRs
were identified for total leukocyte counts
and specific white blood cell frequencies
before challenge (Table 1). In the discovery
cohort, white blood cell count frequencies
were also not significantly different after

Table 1. Subject Demographics of the Discovery Cohort

Clinical Variable Isolated ERs (n = 19) DRs (n = 17) P Value

Female, % 68 65
Height, cm* 168.196 8.65 168.536 9.26 0.91
Weight, kg† 62.70 (58.55–78.25) 71.00 (63.35–87.15) 0.23
Age, yr† 28.00 (21.00–34.50) 23.00 (21.00–37.00) 0.65
Baseline FEV1, L/s* 3.296 0.79 3.276 0.81 0.95
Predicted FEV1, L/s

† 3.43 (3.15–4.23) 3.53 (3.19–4.13) 0.91
% drop in FEV1 during the EAR† 30.40 (25.45–40.15) 34.80 (30.70–44.10) 0.12
% drop in FEV1 during LAR* 6.516 5.86 34.756 7.66 2.863 10214

Pre-methacholine PC20, mg/ml† 5.25 (1.88–11.15) 2.24 (0.59–4.56) 0.11
Post-methacholine PC20, mg/ml† 5.71 (1.00–9.50) 0.54 (0.23–2.26) 0.004
AIS*‡ 1.896 1.53 3.716 1.91 0.01
Allergen
Cat 9 4
Fungus 1 1
Grass 3 2
HDM 5 7
Horse 0 1
Ragweed 1 2

Site
Laval 11 7
McMaster 8 9
UBC 0 1

Blood cell counts and frequencies before challenge
Leukocytes, 3109 cells/L* 6.386 1.44 5.876 1.35 0.31
Neutrophils, %* 0.576 0.08 0.536 0.09 0.19
Lymphocytes, %* 0.316 0.08 0.326 0.09 0.70
Monocytes, %* 0.086 0.01 0.096 0.02 0.23
Eosinophils, %† 0.03 (0.02–0.05) 0.04 (0.03–0.07) 0.27
Basophils, %† 0.01 (0.004–0.01) 0.0 (0.0–0.01) 0.36

Definition of abbreviations: AIS = allergen-induced shift; DRs = dual responders; EAR = early asthmatic response; ERs = early responders; HDM= house
dust mite; LAR = late-phase asthmatic response; PC20 = provocative concentration of methacholine that caused a 20% drop in FEV1; UBC =University of
British Columbia.
Grass refers to grass mix, orchard grass, or timothy grass. HDM refers to Dermatophagoides farinae or D. pteronysinnus.
*Variable is assumed to be normally distributed. Descriptive statistics are presented as mean6 SD. A t test was used to compare ERs and DRs.
†Variable is assumed to not be normally distributed. Descriptive statistics are presented as median (25–75th percentiles). A Wilcoxon rank-sum test was
used to compare ERs and DRs.
‡[PC20]pre divided by [PC20]post.
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challenge (normalized to before challenge,
also called the interaction) between ERs
and DRs. The validation cohort consisted of
33 subjects (Table 2): 9 were classified as
ERs and 24 were classified as DRs.
Significant changes between ERs and DRs
with respect to pre-challenge neutrophil
and lymphocyte frequencies were also
identified (Table 2).

Differential Expression Analysis
Reveals a Strong Discriminatory
Signal between ERs and DRs before
Challenge
At an FDR cut-off of 0.15, thousands
of transcripts were identified to be
differentially expressed between ERs and
DRs before challenge with or without
adjusting for total leukocyte counts
(Figure 2A). Specifically, 1,177 UCSC genes
(125 up in DRs, and 1,052 down in DRs),
683 UCSC gene-isoforms (69 up and 614
down), 1,032 Ensembl (305 up and 727

down), and 866 Trinity contigs (30 up and
836 down) were differentially expressed
before challenge with or without
adjustment for cell counts (Figure 2B).
However, at the same FDR cut-off, no
significant transcripts between ERs and
DRs were identified in the interaction
comparison (Figure 2A). Annotation of
all differentially expressed transcripts
resulted in 2,051 unique gene symbols,
which were used for tissue and pathway
enrichment analysis. Tissue enrichment
analysis attributed the differentially
expressed genes before challenge to
T cell–specific genes, namely CD4 and CD8
T cells (Figure 2C). Enrichr identified 85
significant BioCarta pathways, 24 KEGG
pathways, and 62 WikiPathways. Figure 2D
depicts the overlap between the top 10
significant pathways with a pathway
membership similarity of greater than
20%. Significantly enriched pathways
included the T-cell receptor signaling

pathway, IL-2 receptor b chain in T-cell
activation, and IL-1, TNF, TGF-b, and
B-cell receptor signaling pathways (Figure
2D). Additional details regarding dataset
preprocessing can be found in the online
supplement.

Biomarker Analysis of RNA-Seq Data
Identifies RNA Transcripts That Are
Predictive of the LAR
Given that the discriminatory signal
between ERs and DRs was stronger before
challenge, we focused our efforts on
identifying risk biomarker panels that could
discriminate ERs from DRs before
allergen inhalation challenge. Using a
2003 5-fold cross-validation, estimates
of the test performance of each of the RNA-
Seq dataset classifiers as well as the clinical
classifier (based on baseline FEV1, before
methacholine PC20, total leukocyte counts,
and white blood cell count frequencies
[neutrophils, lymphocytes, monocytes,

Table 2. Subject Demographics of the Validation Cohort

Clinical Variable Isolated ERs (n = 9) DRs (n = 24) P Value

Female, % 56 46
Height, cm* 168.116 10.21 171.156 8.91 0.43
Weight, kg* 69.006 11.87 72.216 11.55 0.51
Age, yr† 31.00 (27.00–36.00) 25.50 (21.75–41.00) 0.35
Baseline FEV1, L/s* 3.056 0.51 3.506 0.81 0.14
Predicted FEV1, L/s* 3.676 0.84 3.686 0.62 0.98
% drop in FEV1 during the EAR* 31.926 9.32 36.396 8.83 0.21
% drop in FEV1 during LAR† 7.20 (4.90–11.10) 23.75 (17.50–30.88) 1.393 1025

Pre-methacholine PC20, mg/ml† 5.13 (0.64–5.45) 1.58 (0.69–4.08) 0.49
Post-methacholine PC20, mg/ml† 5.11 (2.18–7.98) 0.76 (0.34–1.55) 0.04
AIS*‡ 1.356 1.13 2.926 1.69 0.04
Allergen
Cat 7 9
Fungus 0 0
Grass 2 4
HDM 0 8
Horse 0 1
Ragweed 0 2

Site
Laval 6 9
McMaster 1 12
UBC 2 3

Blood cell counts and frequencies before challenge
Leukocytes, 3109 cells/L* 5.136 1.25 6.126 1.52 0.10
Neutrophils, %* 0.586 0.10 0.516 0.08 0.04
Lymphocytes, %* 0.296 0.08 0.376 0.07 0.02
Monocytes, %* 0.076 0.02 0.086 0.01 0.62
Eosinophils, %† 0.03 (0.02–0.06) 0.04 (0.02–0.04) 0.70
Basophils, %† 0.00 (0.002–0.006) 0.01 (0.005–0.01) 0.17

For definition of abbreviations, see Table 1. Grass refers to grass mix, orchard grass, or timothy grass. HDM refers to Dermatophagoides farinae or
D. pteronysinnus.
*Variable is assumed to be normally distributed. Descriptive statistics are presented as mean6 SD. A t test was used to compare ERs and DRs.
†Variable is assumed to not be normally distributed. Descriptive statistics are presented as median (25–75th percentiles). A Wilcoxon rank-sum test was
used to compare ERs and DRs.
‡[PC20]pre divided by [PC20]post.
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eosinophils, and basophils]) were
determined (Figure 3A). The performance
of the Trinity biomarker panel met an
AUROC cut-off of 0.70 with average
classification performances of AUROC of
0.71 (elastic net) and AUROC of 0.74
(random forest). The clinical panel had the
lowest classification performance (AUROC
of z50%).

Setting the tuning parameter (a = 0.9)
resulted in approximately 13–17
transcripts per elastic net biomarker panel
(an equivalent-sized random forest
classifier was chosen based on the

importance score ranking) within the
cross-validation folds. Biomarker panel
transcripts across the 1,000 panels (2003
5-fold = 1,000-fold) were tallied for both
the elastic net and random forest panels for
each dataset (see METHODS for details). The
overlaps between the top 100 ranked
transcripts in the elastic net and random
forest panels were determined for each
dataset and annotated, from which a subset
of candidates was selected to be transferred
to the NanoString platform: 33 UCSC
genes, 35 UCSC gene-isoforms, 35
Ensembl transcripts, and 14 Trinity contigs

(see Figure 3B for an overlap between
transcripts selected from each dataset). The
RNA biomarker transcripts retained their
discriminative ability in separating ERs
from DRs 2 hours after allergen inhalation
challenge, based on principal component
analysis (Figure 2C).

Nine housekeeping transcripts were
identified across three datasets: UCSC genes,
Ensembl, and Trinity (Figure 2D). However,
because the Trinity housekeeping contigs
were well above the expression of all other
selected transcripts, they were removed
from the final NanoString assay design,
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Figure 2. Differential expression analysis. (A) Benjamini-Hochberg false discovery rate (FDR) versus the number of significant mRNA transcripts,
before challenge and at the interaction (before minus after), with and without adjusting for total leukocyte counts, for each dataset. (B) Minus–average plots
depicting the fold change versus the average expression of mRNA transcripts across all pre-challenge samples, for each dataset. The colored points
represent differentially expressed transcripts (comparing early responders [ERs] and dual responders [DRs] before challenge) common between the with-
and without-adjustment for total leukocyte count comparisons, whereas the black points represent nondifferentially expressed transcripts. (C) Tissue
enrichment of common (with and without adjusted for total leukocyte counts) differentially expressed transcripts between ERs and DRs before challenge
from all datasets. (D) Top 10 significantly enriched pathways from the BioCarta, KEGG, and WikiPathways databases using the entire list of differentially
expressed genes from all datasets. Connected pathways have a Jaccard similarity of greater than 20%. UCSC=University of California, Santa Cruz.
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resulting in six housekeeping gene
candidates: MED13, TOR1AIP2, and
WAC (Ensembl dataset) and ARPC4,
TMBIM6, and RHOA (UCSC gene dataset),
all of which were transferred to the
NanoString platform. A NanoString assay
can reliably measure up to two million
counts per sample. However, if some
transcripts are highly abundant (e.g., globin
in a whole-blood sample), they may
saturate the assay such that most counts
would be attributed to the highly expressed
targets. Therefore, the highly abundant
Trinity housekeeping transcripts were not
selected for downstream NanoString
analyses.

Panel Recalibration and Validation
Using the NanoString Platform
Six housekeeping probes as well as 75 probes
corresponding to the 117 biomarker
candidates (due to gene redundancy across
datasets) were designed. Transcripts were
annotated to their corresponding gene
symbol, and a probe was selected from the
nDesign portal (www.nanostring.com).
Custom probes were designed for Trinity
contigs that mapped either to intronic
regions of known genes or to
uncharacterized loci of the human genome,
based on visualizing the nucleotide
coverage of each transcript, and sent to
NanoString technologies, which selected

100 bp from this sequence as the final probe
sequence (see Table E1 in the online
supplement).

All samples of the discovery and
validation cohorts (Figure 4A) were
profiled using the NanoString platform
for all biomarker and housekeeping probes.
Quality-control assessment and
normalization based on positive spike-in
controls and housekeeping probes were
performed (see the online supplement).
Five biomarker panels (UCSC genes,
UCSC gene-isoforms, Ensembl, Trinity,
and Combined [all transcripts]) and a
clinical panel were locked down (fixed
weights of transcripts in the biomarker

Datasets

Pre Post

–5

0

5

10

Principal Component 1 (36.7%)

P
rin

ci
pa

l C
om

po
ne

nt
 2

 (
13

.8
%

)

response
ER

DR

C

–10 0 10 20 –10 0 10 20

House–keepers

–0.5

0.0

0.5

Average Expression log2 cpm

lo
g 2

 fo
ld

–c
ha

ng
e 

(D
R

 m
in

us
 E

R
)

Datasets
Ensembl
Trinity

UCSC gene–isoforms
UCSC genesD

4 6 8 10 12

13

0

10

9

0

1

0

2

7

1 0

17

3

UCSC genes UCSC gene–isoforms

Ensembl Trinity

B

0 12

Pre–challenge biomarker panels

0.4

0.5

0.6

0.7

0.8

M
ea

n±
S

D
 A

U
R

O
C

 (
20

0 
x 

5–
fo

ld
 c

ro
ss

–v
al

id
at

io
n)

 

Classifer
Elastic net

Random forest

A

Clin
ica

l

UCSC g
en

es

UCSC g
en

e–

iso
fo

rm
s

Ens
em

bl

Trin
ity

Figure 3. Discovery of pre-challenge biomarker panels. (A) Classification performance of pre-challenge biomarker panels based on a 5-fold cross-validation
repeated 200 times (2003 5-fold cross-validation) using an elastic net and random forest classifier. (B) Overlap between the selected mRNA biomarker
transcripts from each dataset; each set of transcripts serves as the resulting biomarker panel for each dataset. (C) Principal component analysis plot of all
samples (before and after) using all biomarker transcripts in B. The ellipses (with a 68% confidence interval) depict a separation between the early
responders (ERs) and dual responders (DRs) before challenge, which is sustained at 2 hours after challenge. (D) Minus–average plot of all biomarker
transcripts as well as housekeeping transcripts (within dashed lines). Note: complete clinical data were present for 17/19 ERs and 15/17 DRs.
AUROC = area under the receiver operating characteristic curve; UCSC = University of California, Santa Cruz.

ORIGINAL ARTICLE

Singh, Shannon, Kim, et al.: Biomarkers of the Late-Phase Asthmatic Response 457

http://www.nanostring.com


Blood draw Blood draw

Discovery cohort Validation cohort

6420 6420

−60

−40

−20

0

Time (hours)

P
er

ce
nt

 d
ro

p 
in

 F
E

V
1

Response
ER

DR

A

Clinical UCSC genes UCSC gene−isoforms Ensembl Trinity Combined

E
lastic net

R
andom

 forest

0.00

0.25

0.50

0.75

1.00

0.00

0.
00

0.
25

0.
50

0.
75

1.
00

0.
00

0.
25

0.
50

0.
75

1.
00

0.
00

0.
25

0.
50

0.
75

1.
00

0.
00

0.
25

0.
50

0.
75

1.
00

0.
00

0.
25

0.
50

0.
75

1.
00

0.
00

0.
25

0.
50

0.
75

1.
00

0.25

0.50

0.75

1.00

False Positive Rate

T
ru

e 
P

os
iti

ve
 R

at
e

PanelType

Trinity

B

Molecular

Clinical

Molecular+Clinical

ClassifierType

AUROC = 0.52
95% CI:0.27−0.77

AUROC = 0.68
95% CI:0.45−0.92

AUROC = 0.53
95% CI:0.29−0.77

AUROC = 0.48
95% CI:0.22−0.75

AUROC = 0.52
95% CI:0.28−0.76

AUROC = 0.54
95% CI:0.29−0.79

AUROC = 0.62
95% CI:0.4−0.84

AUROC = 0.63
95% CI:0.39−0.86

AUROC = 0.53
95% CI:0.3−0.76

AUROC = 0.53
95% CI:0.27−0.79

AUROC = 0.54
95% CI:0.27−0.81

AUROC = 0.56
95% CI:0.25−0.86

AUROC = 0.51
95% CI:0.28−0.74

AUROC = 0.44
95% CI:0.19−0.69

AUROC = 0.75
95% CI:0.57−0.92

AUROC = 0.73
95% CI:0.55−0.92

AUROC = 0.67
95% CI:0.44−0.9

AUROC = 0.66
95% CI:0.43−0.89

AUROC = 0.56
95% CI:0.33−0.79

AUROC = 0.59
95% CI:0.34−0.85

AUROC = 0.74
95% CI:0.55−0.92

AUROC = 0.7
95% CI:0.49−0.91
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panels) by fitting a model (elastic net and
random forest) to NanoString data from
discovery samples (15 ERs and 14
DRs; some samples were lost due to
the lack of sufficient RNA material
remaining for some samples). An “off
the shelf” test was performed using an
independent cohort of 9 ERs and 24 DRs
for all biomarker panels, and the AUROC
was determined (Figure 4B). The Trinity
biomarker panels performed well using
both elastic net (AUROC = 0.75; 95%
confidence interval = 0.57–0.92) and
random forest (AUROC = 0.74; 95%
confidence interval = 0.55–0.92)
biomarker panels (Figure 4B),
with both panels having an accuracy
of 0.72 (using a probability threshold
of 0.5).

The Trinity Biomarker Panel and Its
Application to Subjects Undergoing
Repeated Allergen Inhalation
Challenges
The Trinity biomarker panel consisted of
14 transcripts (both known and
uncharacterized) that demonstrated the
strongest discriminatory signal among
all molecular panels, as well as the clinical
panel. Figure 5A depicts the separation
of the responder groups (using samples
from both the discovery and validation
cohort) along the first principal component.
The first principal component is a
linear combination of the 14 transcripts
weighted by the contribution of each
individual transcript, leading to responder
group separation observed in Figure 5A.
Figure 5B shows the contribution of each
transcript that leads to the separation
depicted in Figure 5A. Overall, the
expression levels of the Trinity panel
transcripts were higher in ERs compared
with DRs (Figure 5C).

The Trinity panel–based elastic net and
random forest classifiers were applied to 17
samples corresponding to 7 subjects who
elicited a different response during
repeated allergen inhalation challenges.
The Trinity panel had an accuracy of
0.71 and 0.65 for the elastic net and
random forest classifier, respectively
(Figure 5D, upper panel). The Trinity
panel–based elastic net and random
forest classifiers were applied to subjects
who elicited only the dual response upon
repeated allergen challenges and
achieved an accuracy of 0.70 and 0.75,
respectively (Figure 5D, lower panel).

Discussion

We identified four predictive biomarker
panels of the LAR, of which the Trinity
biomarker panel, consisting of novel RNA
transcripts, was validated using an
independent cohort, achieving an AUROC
of greater than 0.70. Interestingly, the
Trinity panel demonstrated utility in
predicting the response of subjects who
underwent repeated allergen inhalation
challenges. This may indicate that the
Trinity biomarker panel was sensitive to
molecular fluctuations within an individual
that are predictive of the type of response a
given subject will elicit on the day of the
allergen inhalation challenge. These results
may imply inherent differences in the
underlying molecular mechanisms that can
be detected in peripheral whole blood,
which predispose individuals with asthma
for the LAR.

All biomarker transcripts, with the
exception of adenosine deamimase 2
(CECR1), were downregulated in DRs
compared with ERs. CECR1 is secreted by
antigen-presenting cells, such as
monocytes, and leads to the proliferation of
T cells and macrophages (36). Other
Trinity panel transcripts included those
with multiple cellular functions, such as
splicing factor 3b subunit 1 (SF3B1), which
is involved in DNA damage response (37),
and quaking homolog (QKI), which is
involved in pre-mRNA splicing, protein
translation, blood vessel development, and
apoptosis (38). Downregulation of these
transcripts, as well as caspase 8 (CASP8),
another promoter of apoptosis, may suggest
a reduced capacity of cellular maintenance
in DRs compared with ERs. Reduced
senataxin (SETX) levels have been shown to
lead to viral resistance through inhibition of
antiviral gene expression (39). Lysosomal
trafficking regulator (LYST) has been shown
to control Toll-like receptor-3– and -4–
induced endosomal TRIF (TIR domain-
containing adapter-inducing IFN-b)
signaling pathways (40). Collectively, these
results suggest a dysregulation of complex
immune signaling networks that predispose
an individual with asthma to the late-phase
response upon allergen inhalation. A
dampened antiinflammatory response was
observed through reduced gene expression
of the formyl peptide receptor (FPR)
family, FPR1_intron and FPR2, in DRs
compared with ERs. FPR1 and FPR2 are

G protein–coupled receptors expressed by
phagocytic cells, such as monocytes,
macrophages, and dendritic cells, which
play roles in host defense against pathogens
(41). Lower levels of receptor expression of
FPR1 and FPR2 in DRs suggest a reduced
capacity to bind antiinflammatory ligands,
thus impairing the resolution of
inflammation.

Apart from known genes,
uncharacterized transcripts that were
constructed de novo were also present in
the Trinity biomarker panel. These
included intronic sequences in genes, such
as FPR1, IFRD1, TNFRSF10C, and
noncoding RNAs (LOC254896,
LOC101927568, and LOC105378945).
A previous study indicated that “dark
matter” (unassigned functional role or
unannotated) RNA represents a significant
proportion of total RNA (42) of sequenced
reads in normal and neoplastic tissues. The
authors found that 50–65% of all
nonribosomal, nonmitochondrial RNA was
dark matter RNA, suggesting a greater
discovery space for identifying novel
transcripts associated with disease.
Noncoding RNAs are known to regulate
gene expression through mechanisms,
such as chromatin remodeling, post-
transcriptional regulation, and mRNA
degradation (43). Given the unexplored
territory of noncoding RNAs in the context
of asthma pathogenesis, the transcripts
identified in the present study may just be
the low-hanging fruit, given the depth of
sequencing. The functional role of these
transcripts at present remains unknown.
Given their reproducibility across platforms
and cohorts, these transcripts may not be
technical artifacts, but rather surrogates of
the underlying biology. However,
additional work will be required to
delineate their biological function.

A prospective study will be required to
demonstrate the utility of the Trinity
biomarker panel. Briefly, the same
inclusion/exclusion clinical criteria will be
retained for future subjects. A blood sample
will be collected from all subjects and the
Trinity biomarker panel will be applied,
such that each subject is assigned a
probability score that describes the
likelihood that the subject will elicit a dual
response upon allergen inhalation challenge.
Subjects with a score greater than or equal to
0.5 will be retained as potential candidates
for entry into clinical trials for new asthma
drugs. These subjects will then undergo
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methacholine challenge tests as well as
allergen inhalation challenges to determine
their response to allergen challenge. This
prospective study may demonstrate that
fewer subjects are required for the
screening process (allergen inhalation
challenge) to obtain sufficient numbers of
subjects for clinical trials. This study is not
only a standard biomarker study, but also
depicts the novelty of tapping into the
world of noncoding RNA through the use
of total RNA and de novo transcriptome
assembly. Noncoding RNA may serve as
novel predictive biomarkers, as well as
provide additional insights into the
biological mechanisms of asthmatic
responses.

The present study uses a rigorous
statistical approach in the identification
and validation of whole-blood RNA
biomarker panels that are predictive of the
LAR before allergen inhalation challenge. It
may be possible that the “state” of
circulating immune cells may predispose
individuals with asthma to the LAR.
Additional studies that apply these panels
to larger cohorts may provide appropriate
estimates of positive and negative
predictive values. These biomarker
transcripts will be further investigated to
elucidate the underlying molecular
mechanisms of asthmatic responses, and
may be used to develop novel asthma
therapies. n
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Supplemental Methods 

Blood collection and processing 

Blood samples were collected immediately prior to (pre) and 2-3 hours after (post) allergen 

inhalation challenge using standard operating protocols at each participating centre. At each time 

point blood was collected into EDTA tubes (3mL of blood) and PAXgene (PreAnalytiX – 

Qiagen/BD, Valencia, CA, USA) Blood RNA tubes. Complete blood cell counts and differentials 

were obtained using a hematology analyzer [Cell Dyn 3700 System (Abbott Diagnostics, IL, 

USA)]. The EDTA blood tubes were then used to prepare buffy coat, plasma and concentrated 

erythrocyte fractions by centrifugation at 500 x g for 10 minutes at room temperature. 2.5mL of 

blood was collected in PAXgene Blood RNA tubes which contain an additive that lyses red 

blood cells and stabilizes intracellular RNA preventing both degradation and changes in gene 

expression profiling due to sample handling. These samples were kept at -80°C prior to shipment

to the Tebbutt laboratory in Vancouver, Canada. 

After overnight thawing of PAXgene tubes, total RNA was purified using RNA 

extraction kits such as PAXgene Blood RNA Kit (PreAnalytiX-Qiagen, Germany) and PAXgene 

Blood miRNA Kit (PreAnalytiX-Qiagen, Germany) using 5mL of the PAXgene solution 

(~2.5mL of blood + 6.4 mL of stabilizing reagent). RNA concentrations were determined using 

NanoDrop 8000 Spectrophotometer (Thermo Scientific, Wilmington, DE, USA). RNA quality 

was assessed using the Agilent 2100 Bioanalyzer following the RNA 6000 Nano Kit protocol 

(Agilent Technologies, Santa Clara, CA, USA). 

RNA-Sequencing 

Total RNA was purified and sent to Génome Québec (Centre d’Innovation Genome Quebec et 

Université McGill) for whole transcriptome sequencing (8 samples per lane). Quality control 
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(Nano Chip Bioanalyzer and Nanodrop) for each sample was again performed by Genome 

Quebec. External RNA Control Consortium (ERCC) spike-in controls (92 sequences) were 

added to all samples. rRNA/globin-depleted stranded cDNA libraries were sequenced using an 

Illumina HiSeq 2000 as 100 bp paired end reads. 

RNA-Seq data analysis 

All RNA-Sequencing files passed quality control metrics based on FastQC standards. Initially 

the first 12 bases of all 100 bp reads were trimmed and all left reads (R1) files were concatenated 

into one file and all right (R2) end reads were concatenated into another file using all samples 

(Note: for the purposes of the de novo assembly additional RNA-Seq data from asthmatic 

subjects from repeat challenges was included). The left and right concatenated files were used by 

the Trinity software(1) (version r20131110) to construct a de novo assembly of the blood 

transcriptome (Reverse forward RF-stranded library type was specified). The abundance 

estimates of Trinity contigs were estimated using RSEM (2) (RNA-Seq by Expectation 

Maximization, version 1.2.11) using the Bowtie aligner. 

A similar approach was used for genome-guided assemblies. However, after advice from 

Illumina on how to increase alignment rates, Seqtk (version 1.0) was used to trim the first 5 

bases and the last 25 bases of all 100 bp paired end reads (this was not repeated for the Trinity de 

novo assembly). The University of California, Santa Cruz (UCSC) gene transfer format (GTF) 

file [which contained the genomic positions for Coding sequences (CDS)] and the list of known 

UCSC gene-isoforms (http://genome.ucsc.edu/cgi-

bin/hgTables?hgsid=419083647_CPaaYnAZklf85tfa5qclmzQszSKh), were used to extract 

transcript sequences from the 2013 human reference genome (GRCh38 build) 

(http://hgdownload.cse.ucsc.edu/goldenPath/hg38/chromosomes/) in order to build a reference 
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transcriptome for RSEM. The abundance estimates of UCSC gene and gene-isoforms were 

estimated using RSEM (version 1.2.19) using the Bowtie2 (version 2.2.4) aligner. RSEM 

estimates the abundance of gene-isoforms and then sums up the isoforms of a given gene to 

determine the abundance of genes. 89,357 UCSC gene-isoforms corresponded to 42,465 genes 

whereas 258,403 Trinity “isoforms” corresponded to 212,373 Trinity “genes”. The Trinity 

dataset at the “isoform” sequence level was used for downstream analyses such that, if needed, 

probe-specific sequences could be designed. 

STAR (Spliced Transcripts Alignment to a Reference, version 2.5.0a), a fast RNA-Seq 

alignment software (3) was also used to align the paired end reads to the human genome using 

annotations from the GENCODE project (4) (GENCODE release v21, 

http://www.gencodegenes.org/releases/reference_releases.html), which include protein coding 

genes, transcribed variants, long non-coding RNAs, and pseudogenes. Feature counts (5) in the 

Subread/Rsubread package (version 1.5.0) was used to estimate the abundance of 60,155 

Ensembl transcripts as well the 92 ERCC control sequences. 

UCSC and Ensembl identifiers were annotated using the biomaRt R library (version 

2.26.0). Trinity contigs were annotated using Trinotate: Transcriptome Functional Annotation 

and Analysis (https://trinotate.github.io/), which uses BLASTX to query nucleotide sequences 

(translated in protein sequences) against protein databases such as SwissProt and UniPort. For 

selected Trinity contigs that were transferred to the NanoString platform, the 100bp probe 

sequences were also queried against the human reference genome (GRCh38.p2) using BLASTN 

(http://blast.ncbi.nlm.nih.gov/Blast.cgi). 

The count data for all mRNA datasets were normalized to log2-counts per million (log2 cpm) (6): 
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All alignment and mapping statistics for all four RNA-Seq datasets, UCSC genes, UCSC gene-

isoforms, Ensembl and Trinity are provided below. The 92 ERCC spike-ins were used to 

establish a lower limit of detection. 

RNA-Sequencing alignment results. 

UCSC genes UCSC gene-

isoforms 

Ensembl transcripts Trinity contigs 

Trimming seqtk – remove 

first 5 and last 

25 bases 

seqtk – remove 

first 5 and last 

25 bases 

seqtk – remove first 

5 and last 25 bases 

seqtk – 

remove first 

12 bases 

sickle 

Aligner/Counter Bowite2/RSEM Bowite2/RSEM STAR/subread Bowtie/RSEM 

Number of 

transcripts 

42,465 89,357 60,155 258,403 

Total number of 

read pairs 

(Millions) 

Mean±SD 

(Min, Max) 

25.2±2.6 

(18.0, 31.6) 

21.3±2.5 

(16.3, 26.5) 

24.6±2.5 

(17.7, 30.8) 

Alignment rate (%) 35.6±5.1 (14.8, 48.4)* 83.9±4.3 (66.4, 

89.9)** 

38.2±4.9 (23.2, 

49.8)* 

44.9±5.35* 

(14.80, 55.46) 

*Alignment to the transcriptome

**Alignment to the genome 

Pre-filtering of datasets: 

Four expression datasets were generated from the RNA sequencing data: UCSC genes dataset 

(42,465 genes), UCSC gene-isoforms dataset (89,357 gene-isoforms), Ensembl dataset (60,155 

transcripts) and a Trinity dataset (258,403 contigs). Below 14 attomoles/µL or 3 log2 counts per

million mapped reads (cpm), the linearity between the ERCC spike-in concentrations and RNA-

Xnorm = log2

Xcounts + 0.5( )T

lib.size+1( )*10
6










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Seq counts, was diminished (Figure S1). Pre-filtering of transcripts below 3 log2 cpm resulted in 

6,598 UCSC genes, 6,078 UCSC gene-isoforms, 7,518 Ensembl transcripts and 5,227 Trinity 

contigs (additional details can be found in the online supplement). 

nCounter Elements TagSets 

100 base pairs (bp) of oligonucleotide probes were designed for all biomarker candidates using 

the nDesign portal (http://www.NanoString.com/) and with the help of the bioinformatics team at 

NanoString Technologies. For unknown targets, the sequences were selected based on coverage 

plots of RNA-Seq data and provided to NanoString Technologies. NanoString Technologies 

provided the nCounter Elements TagSets which contain fluorescently labeled reporter tags 

(unique linear combinations of 6 spots of color specific for each specific RNA transcript target) 

and a biotinylated universal capture tag (8). During hybridization the reporter and capture probes 

bind to target-specific probes, probe A (50 bases), and probe B (50 bases), both of which bind to 

the single stranded RNA transcript target sequence. After several wash steps, this Tag Complex 

is immobilized to the glass cartridge and scanned allowing digital counting and quantification of 

RNA molecules (8, 9). 

Probe A and Probe B pairs for all biomarker candidates as well as both Probe A pools 

and Probe B pools were ordered from Integrated DNA Technologies, Inc. (IDT, Iowa, USA) 

(pools consists of all probes A or B for all biomarker candidates). Prior to commencing assay, 

30X Working Probe Pools were created for a set number of assays resulting in a 8.3x fold 

dilution of the master Probe A and B stocks. The final concentration of each Probe A in the 30X 

Working Probe A and B Pool was 0.6nM and 3nM respectively. For a single run of 12 samples, 

130µL of the hybridization buffer was added to 65µl of the TagSet followed by 65µL of the
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Extension TagSet. Then 13µl of the 30X Working Probe A Pool was added. After briefly

inverting and spinning down of the TagSet tube 13µl of the 30X Working Probe B Pool was

added. Lastly, 39µl of RNAase-free water was added bringing the total volume of the master mix

for 13 assays (dead volume of one extra assay) to 325µl (25µl per assay). Hybridization reactions

were performed in sets of 12 using a strip of 12 tubes. 25µl of the master mix was added to each

tube in addition to 5µl (100ng) of the RNA sample. After 16 hours hybridization at 67°C using

the Bio-Rad PCR system, the strip of tubes was placed in the nCounter Prep Station for fully 

automated purification and immobilization of Tag Complexes to the flow cell. After 3 hours of 

high sensitivity preparation, the flow cell was scanned using the nCounter Digital Analyzer 

under the maximum field of view (max FOV) setting (555 FOVs). 

NanoString data quality control and normalization 

All NanoString data were assessed for various quality control (QC) metrics (10) such as the 

number of fields of view, binding density, linearity of positive control spike-ins and the lower 

limit of detection (see below for a complete list of QC parameters): 

1. Imaging QC: % FOV (field of view) must be greater than 75 FOV.

2. Binding Density QC: Binding density must be between 0.05 and 2.25.

3. Positive Control Linearity QC: The R2 must be greater than 0.9 between the counts and

concentrations of the 6 positive controls.

4. Positive Control Limit of Detection QC: The second lowest positive control spike in

(0.5fM) must have counts greater than the Mean±2SD of the negative controls for each

sample.

NanoString uses six positive control ERCC spike-in controls corresponding to six 

different concentrations in the 30µL hybridization; 128fM, 32fM, 8fM, 2fM, 0.5fM and 0.125fM

in order assess the technical performance of the assays. Data normalization was performed 

independently in the discovery, validation and control cohorts. The geometric mean of all six 
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positive controls for each sample was calculated. Then the mean of all sample geometric means 

was divided by each sample geometric mean in order to determine a normalization factor for 

each sample. The expression data for each sample was multiple by the corresponding sample 

normalization factor. This resulted in all geometric means of all positive controls for each sample 

to be equivalent thus normalizing for assay to assay variability. Technical variability was 

assessed by running replicates (aliquots) of the same RNA sample across cartridges and across 

time (same day and different days). 

Statistical Analyses 

Classification algorithms 

Elastic net(11) (Enet) and random forest (12) (Rf), two commonly used classification methods 

(13–16) for high dimensional datasets (p>>n, ie. the number of variables (e.g. genes/transcripts) 

far exceeds the number of samples), were used to identify biomarker panels of the late phase 

asthmatic response for each RNA-Seq data. Enet is a penalized regularization method that 

performs both shrinkage of regression coefficients (increases predictive performance) and 

variable selection (selects a limited number of variables from high dimensional datasets) 

resulting in a parsimonious model. This is achieved by finding β (regression coefficients) that

minimizes 

, where the elastic net penalty is . 

The tuning parameter shrinks the coefficient estimates towards zero and is estimated using 

cross-validation. The selection parameter α  controls the level of sparsity in the 

model, where α = 0 corresponds to the model containing all p variables and α = 1 corresponds to

a model with many zero coefficients and a few non-zero coefficients (selected variables). 

y − Xβ
2
+ λP(α )

P(α ) =
1−α

2
β

2

2
+α β

1

λ

(α ∈[0,1])
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Random forest is an ensemble method which combines the predictions of many tree classifiers. 

For the present analysis 500 tree classifiers were built from 500 bootstrap (with replacement) 

datasets. Each tree was built by splitting randomly selected m variables (m=

) in each split with no pruning. However, variables are ranked based 

on the Gini importance score which reflects how often a given variable is selected for a split and 

its ability to split samples into their respective classes. In order to keep the number of selected 

variables by Enet and Rf the same, for a given Enet panel size k, k top ranked variables based on 

the importance score were selected for Rf. Enet and Rf were implemented using the glmnet 

(version 2.0-1) and randomForest (version 4.6-12) R libraries. 

Classification performance 

Deep cross-validation (k x M-fold) was used to assess the classification performance of the 

biomarker panels. Briefly, the data was split into M folds, 1/M served as the test set and (M-1)/M 

served as the training set. For each fold, differential expression analysis was performed using the 

training set and the top ranked 500 transcripts (with the smallest p-values) were used to build the 

classification model. Each classification model was then used to predict the probabilities of the 

subjects in the held out test set. This process was repeated until all folds had been used as a test 

set (M times). The result was a list of probabilities for all subjects that were used to calculate the 

area under the receiver operating curve (AUROC), a measure of classification performance. The 

M-fold cross-validation is repeated k times. When M = N, also called a leave-one-out cross-

validation, each subject is treated as a test set. The output of the deep cross-validation (k x M-

fold) is k number of AUROCs, which are then used to calculated the Mean ± standard deviation

of the AUROC per biomarker panel. For both the discovery and validation phase an AUROC 

total number of variables
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cut-off of 0.70 was used as per recommended guidelines for clinical biomarker implementation 

(17). 

Gene-set enrichment analysis 

Tissue enrichment analysis was performed using the sear R library (version 0.1, 

https://github.com/cashoes/sear), which uses a hypergeometric test to test for over representation 

(enrichment) of various cell-specific genes in the input gene list. 

Pathway enrichment was performed using Enrichr(18), a web based application that allows the 

user to upload a list of gene symbols. The gene list is then compared to curated lists of canonical 

pathways/molecular processes from various databases [Kyoto Encyclopedia of Genes and 

Genomes (KEGG), Biocarta, and WikiPathways and tests for enrichment using a Fisher’s exact 

test. 
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Supplemental Results 

Figure S1: Establishing a limit of detection in RNA-Seq data. A cut-off of 3 log2 cpm (counts 

per million) was used to remove all genes across all samples below this threshold. 

NanoString Elements probe design 

Six house-keeping probes as well 75 probes corresponding to 117 biomarker candidates (due to 

gene redundancy across datasets) were designed. Transcripts with UCSC gene and Ensembl 

identifiers were annotated to their corresponding gene symbol. Based on the gene name, a probe 

was selected from the nDesign portal (www.nanostring.com) with the assumption that for each 

gene, the 100 base NanoString probe would have an expression similar to that of the much 

longer sequence of nucleotides from the RNA-Seq data. The table below describes the 

characteristics for each biomarker probe in the different mRNA biomarker panels.
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Table S1: NanoString probe sequences 

House-keepers 
Transcript Accession Position Target sequence Tm CP Tm RP 

1 ARPC4 NM_005718.4 971-1070 GACTTTGTGATCCACTTCATGGAGGAGATTGACAAGGAGATCAGTGAGAT 

GAAGCTGTCAGTCAATGCCCGTGCCCGCATTGTGGCTGAAGAGTTCCTTA 

83 84 

2 TMBIM6 NM_003217.2 1221-1320 GGCCCTTCCTTCCTCATTGTTGTTTGGTATGCGCACAGTTCCTGTGGGACT 

GGGCCGTGAGTTTTCCATTGGAAAGAAGTTCAGTGGTCCCATTGTTAAC 

80 78 

3 RHOA NM_001664.2 1231-1330 GGTACTCTGGTGAGTCACCACTTCAGGGCTTTACTCCGTAACAGATTTTG 

TTGGCATAGCTCTGGGGTGGGCAGTTTTTTGAAAATGGGCTCAACCAGAA 

79 84 

4 MED13 NM_005121.1 1386-1485 GCTGGACAACAAGGACAGGCACCATCTTTAGGTCAGCAACAACAAATACT 

TCCTAAGCACAAGACCAATGAGAAGCAAGAAAAGAGTGAAGAGCCACAGA 

80 79 

5 TOR1AIP2 NM_145034.4 206-305 AGGCGTGAGCCACCACGCCTGGCCTCACTCAAACAGTAAACGAGTCACTGT 

ATATATGCCTTATTTCCTGGGTCCATGGGAAGCATGAGTCTGTTGGGAC 

84 82 

6 WAC NM_100486.2 756-855 CCTCTGGACTGAACCCCACATCTGCACCTCCAACATCTGCTTCAGCGGTCC 

CTGTTTCTCCTGTTCCACAGTCGCCAATACCTCCCTTACTTCAGGACCC 

82 80 

Tm CP: melting temperature of the capture probe 

Tm RP: melting temperature of the reporter probe 

UCSC genes biomarker panel 
Transcript Accession Position Target sequence Tm 

CP 

Tm 

RP 

1 ABHD5 NM_016006.4 956-1055 TAAAATGCACCCTGACATTCCAGTTTCAGTGATCTTTGGCGCCCGATCCT 

GCATAGATGGCAATTCTGGCACCAGCATCCAGTCCTTACGACCACATTCA 

80 84 

2 AHCTF1 NM_015446.3 406-505 TAATCATGGAGGAGCCAGTGCAAGCACTCAGCATTTACATCCAAGTCTGC 

GATGGCTTTTTGGAGTGGCAGCTGTGGTCACTGATGTTGGACAGATCCTT 

82 83 

3 ATP8A1 NM_006095.2 871-970 GAGGATTTCTGGCAGAATTGAGTGTGAAAGTCCAAACAGACATCTCTACG 

ATTTTGTTGGAAACATAAGGCTTGATGGACATGGCACCGTTCCACTGGGA 

81 82 

4 B3GNT5 NM_032047.4 131-230 GGAAGGAAAGCCGACCTCCGATTTGGACATTTAAAGAGCTGGGCTTGAAC 

TTCGTGAGTTTCGCTCTAAACTGCCCTTGAAATGAAGCTGGACTTGGAGG 

79 76 

5 C9orf78 NM_016520.2 911-1010 AGAAGTTCAAGAAAATGAATAGGCGGTACTGAGTTGTGCAGAGTGGGAT 

GTAAATATCGCCTTCCTCTCCCTATATCCCTCCCATGAAAAATGGCTTCCT 

84 79 

6 CARM1 NM_199141.1 1166-1265 TCCTGATGGCCAAGTCTGTCAAGTACACGGTGAACTTCTTAGAAGCCAAA 

GAAGGAGATTTGCACAGGATAGAAATCCCATTCAAATTCCACATGCTGCA 

84 81 

7 CASP8 NM_001228.4 302-401 AGATGGACTTCAGCAGAAATCTTTATGATATTGGGGAACAACTGGACAGT 

GAAGATCTGGCCTCCCTCAAGTTCCTGAGCCTGGACTACATTCCGCAAAG 

82 85 

8 CD300LB NM_174892.2 1531-1630 ACGAAAACCATCGCAGGAAATGGCACCCTCCCTTTTCGGTGATGTTGAAA 82 80 
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TCATGTTACTAATGAAAACTGTCCTAGGGAAGTGGTTCTGTCTCCTCACA 

9 CD4 NM_000616.4 976-1075 TGGCAGGCGGAGAGGGCTTCCTCCTCCAAGTCTTGGATCACCTTTGACCT 

GAAGAACAAGGAAGTGTCTGTAAAACGGGTTACCCAGGACCCTAAGCTCC 

86 86 

10 CD8A NM_001768.5 1321-1420 GCTCAGGGCTCTTTCCTCCACACCATTCAGGTCTTTCTTTCCGAGGCCCCT 

GTCTCAGGGTGAGGTGCTTGAGTCTCCAACGGCAAGGGAACAAGTACTT 

83 83 

11 CLEC4E NM_014358.2 571-670 GAGTTTTTTATTGGACTGTCAGACCAGGTTGTCGAGGGTCAGTGGCAAT 

GGGTGGACGGCACACCTTTGACAAAGTCTCTGAGCTTCTGGGATGTAGGGG 

78 85 

12 CNTNAP3 NM_033655.3 1433-1532 TCGAACGTGGAACAGAGCAGGACATTTGCTTTTCGGCGAACTTCGACGTG 

GTTCAGGGAGTTTCGTCCTCTTTCTTAAGGATGGCAAGCTCAAACTGAGT 

81 79 

13 DAP NM_004394.1 1791-1890 CTGAGGGAGCATGGCACAGCCTCACACTTGAAAGACGGTGTTTGGTTTCC 

CATCTAATCAACTTAAGGGAAGCCGGCATGTACCCTTCAAGGCCCTGTCA 

82 79 

14 F13A1 NM_000129.3 3197-3296 TTCAGGTCCCCTTTCAGAGATATAATAAGCCCAACAAGTTGAAGAAGCTG 

GCGGATCTAGTGACCAGATATATAGAAGGACTGCAGCCACTGATTCTCTC 

80 85 

15 FAM8A1 NM_016255.2 1792-1891 CCTGGGGAAATTGTCTTTGGTGTTTAGAGGAGGGAATGAGAACACAAATT 

GGATAATCCACTGTCTCCCATCCCAGGAGGTGGTGAGTTGGCTACAAGAG 

80 84 

16 FOS NM_005252.2 1476-1575 ACTCAAGTCCTTACCTCTTCCGGAGATGTAGCAAAACGCATGGAGTGTGT 

ATTGTTCCCAGTGACACTTCAGAGAGCTGGTAGTTAGTAGCATGTTGAGC 

79 81 

17 FUT7 NM_004479.3 1711-1810 ACTGGCATGAATGAGAGCCGATACCAACGCTTCTTTGCCTGGCGTGACAG 

GCTCCGCGTGCGACTGTTCACCGACTGGCGGGAACGTTTCTGTGCCATCT 

83 84 

18 GNLY NM_006433.2 306-405 CAGGAGCTGGGCCGTGACTACAGGACCTGTCTGACGATAGTCCAAAAACT 

GAAGAAGATGGTGGATAAGCCCACCCAGAGAAGTGTTTCCAATGCTGCGA 

82 81 

19 HBA2 NM_000517.4 437-536 CCTCCCTGGACAAGTTCCTGGCTTCTGTGAGCACCGTGCTGACCTCCAAAT 

ACCGTTAAGCTGGAGCCTCGGTAGCCGTTCCTCCTGCCCGCTGGGCCTC 

89 90 

20 HLA-A NM_002116.5 1001-1100 GGAAGAGCTCAGATAGAAAAGGAGGGAGTTACACTCAGGCTGCAAGCAG 

TGACAGTGCCCAGGGCTCTGATGTGTCCCTCACAGCTTGTAAAGTGTGAGA 

85 86 

21 KRT23 NM_015515.3 1736-1835 CGGGAAGAATCAAAGTCGAGCATGAAAGTGTCTGCAACTCCAAAGATCAA 

GGCCATAACCCAGGAGACCATCAACGGAAGATTAGTTCTTTGTCAAGTGA 

83 82 

22 LMBRD1 NM_018368.3 303-402 GGAGCTGGTGATCGGCTGGTGCATATTCGGCCTCTTACTACTGGCTATTTT 

GGCATTCTGCTGGATATATGTTCGTAAATACCAAAGTCGGCGGGAAAGT 

84 81 

23 NAPA NM_003827.2 897-996 GTACAGCGCCAAAGACTACTTCTTCAAGGCGGCCCTCTGCCACTTCTGCAT 

CGACATGCTCAACGCCAAGCTGGCTGTCCAAAAGTATGAGGAGCTGTTC 

83 84 

24 NFKBIA NM_020529.1 946-1045 GGATGAGGAGAGCTATGACACAGAGTCAGAGTTCACGGAGTTCACAGAGG 

ACGAGCTGCCCTATGATGACTGTGTGTTTGGAGGCCAGCGTCTGACGTTA 

82 83 

25 PABPC1 NM_002568.3 322-421 CCAGCGGCAGTGGATCGACCCCGTTCTGCGGCCGTTGAGTAGTTTTCAAT 

TCCGGTTGATTTTTGTCCCTCTGCGCTTGCTCCCCGCTCCCCTCCCCCCG 

81 82 

26 PPP3R1 NM_000945.3 2386-2485 GCCATCGCTGTTCCTTCAACTGAGTGCTGCACATCATGGGCTCTGTCTGT 

GAGAGAAAAATCCCGGTGCTTGGTGTCCTTGCATGACATGGAGTTTTGCA 

83 81 

27 RGS2 NM_002923.1 856-955 AACAGCTTCCCTCACTGTGTACAGAACGCAAGAAGGGAATAGGTGGTCTG 

AACGTGGTGTCTCACTCTGAAAAGCAGGAATGTAAGATGATGAAAGAGAC 

82 76 
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28 SCARNA5 NR_003008.2 103-202 AGTCATGTGTATGGGATCATGGAGCAGCTGATAATTTGGGATTCTGTCAG 

TGTGTGTTTCTGAGAGTGATCGGCTCACAGCTGACGAGTATCCAACAAAA 

80 82 

29 SF3B1 NM_012433.2 1-100 GGAAGTTCTTGGGAGCGCCAGTTCCGTCTGTGTGTTCGAGTGGACAAAAT 

GGCGAAGATCGCCAAGACTCACGAAGATATTGAAGCACAGATTCGAGAAA 

82 83 

30 SH3BGRL3 NM_031286.2 391-490 AGATTGTCAACGGGGACCAGTACTGTGGGGACTATGAGCTCTTCGTGGAG 

GCTGTGGAACAAAACACGCTGCAGGAGTTCCTGAAGCTGGCTTGAGTCAA 

84 82 

31 SULT1A1 NM_177534.2 1394-1493 TGCGAATCAAACCTGACCAAGCGGCTCAAGAATAAAATATGAATTGAGGG 

CCCGGGACGGTAGGTCATGTCTGTAATCCCAGCAATTTGGAGGCTGAGGT 

84 85 

32 TGFBI NM_000358.2 2031-2130 GTGGTCCATGTCATCACCAATGTTCTGCAGCCTCCAGCCAACAGACCTCAG 

GAAAGAGGGGATGAACTTGCAGACTCTGCGCTTGAGATCTTCAAACAAG 

82 80 

33 ZNF185 NM_007150.3 1124-1223 CTGAAGGCTTGGCTGCAGTAGACATCGGCTCCGAGAGAGGAAGCTCCAGT 

GCCACTTCAGTCTCTGCTGTCCCTGCTGATAGGAAGAGCAACAGCACAGC 

85 84 

Tm CP: melting temperature of the capture probe 

Tm RP: melting temperature of the reporter probe 

UCSC gene-isoforms biomarker panel 
Transcript Accession Positio

n 

Target sequence Tm 

CP 

Tm 

RP 

1 ATP11A NM_015205.2 456-

555 

ATGCCATGAACCAGTGTCCTGTTCATTTCATTCAGCACGGCAAGCTCGTT 

CGGAAACAAAGTCGAAAGCTGCGAGTTGGGGACATTGTCATGGTTAAGGA 

79 83 

2 ATP8A1 NM_006095.2 871-

970 

GAGGATTTCTGGCAGAATTGAGTGTGAAAGTCCAAACAGACATCTCTACG 

ATTTTGTTGGAAACATAAGGCTTGATGGACATGGCACCGTTCCACTGGGA 

81 82 

3 CD8A NM_001768.5 1321-

1420 

GCTCAGGGCTCTTTCCTCCACACCATTCAGGTCTTTCTTTCCGAGGCCCCT 

GTCTCAGGGTGAGGTGCTTGAGTCTCCAACGGCAAGGGAACAAGTACTT 

83 83 

4 CLEC4E NM_014358.2 571-

670 

GAGTTTTTTATTGGACTGTCAGACCAGGTTGTCGAGGGTCAGTGGCAAT 

GGGTGGACGGCACACCTTTGACAAAGTCTCTGAGCTTCTGGGATGTAGGGG 

78 85 

5 CNTNAP3 NM_033655.3 1433-

1532 

TCGAACGTGGAACAGAGCAGGACATTTGCTTTTCGGCGAACTTCGACGTG 

GTTCAGGGAGTTTCGTCCTCTTTCTTAAGGATGGCAAGCTCAAACTGAGT 

81 79 

6 F13A1 NM_000129.3 3197-

3296 

TTCAGGTCCCCTTTCAGAGATATAATAAGCCCAACAAGTTGAAGAAGCTG 

GCGGATCTAGTGACCAGATATATAGAAGGACTGCAGCCACTGATTCTCTC 

80 85 

7 FAM8A1 NM_016255.2 1792-

1891 

CCTGGGGAAATTGTCTTTGGTGTTTAGAGGAGGGAATGAGAACACAAATT 

GGATAATCCACTGTCTCCCATCCCAGGAGGTGGTGAGTTGGCTACAAGAG 

80 84 

8 FPR2 NM_001462.3 1201-

1300 

GATGGGGTCAGGGATATTTTGAGTTCTGTTCATCCTACCCTAATGCCAGT 

TCCAGCTTCATCTACCCTTGAGTCATATTGAGGCATTCAAGGATGCACAG 

78 80 

9 GNLY NM_006433.2 306-

405 

CAGGAGCTGGGCCGTGACTACAGGACCTGTCTGACGATAGTCCAAAAACT 

GAAGAAGATGGTGGATAAGCCCACCCAGAGAAGTGTTTCCAATGCTGCGA 

82 81 

10 HBA2 NM_000517.4 437-

536 

CCTCCCTGGACAAGTTCCTGGCTTCTGTGAGCACCGTGCTGACCTCCAAAT 

ACCGTTAAGCTGGAGCCTCGGTAGCCGTTCCTCCTGCCCGCTGGGCCTC 

89 90 

11 IL1R2 NM_173343.1 114- TGCTTCTGCCACGTGCTGCTGGGTCTCAGTCCTCCACTTCCCGTGTCCTCT 81 78 
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213 GGAAGTTGTCAGGAGCAATGTTGCGCTTGTACGTGTTGGTAATGGGAGT 

12 MME NM_000902.2 5060-

5159 

GGATTGTAGGTGCAAGCTGTCCAGAGAAAAGAGTCCTTGTTCCAGCCCTA 

TTCTGCCACTCCTGACAGGGTGACCTTGGGTATTTGCAATATTCCTTTGG 

80 79 

13 NAPA NM_003827.2 897-

996 

GTACAGCGCCAAAGACTACTTCTTCAAGGCGGCCCTCTGCCACTTCTGCAT 

CGACATGCTCAACGCCAAGCTGGCTGTCCAAAAGTATGAGGAGCTGTTC 

83 84 

14 NFKBIA NM_020529.1 946-

1045 

GGATGAGGAGAGCTATGACACAGAGTCAGAGTTCACGGAGTTCACAGAGG 

ACGAGCTGCCCTATGATGACTGTGTGTTTGGAGGCCAGCGTCTGACGTTA 

82 83 

15 PTPN18 NM_014369.3 3421-

3520 

CCTCTGTGTTGCTGGATAATGAGTCATCTATCTCTGGAGGAGAAGAAAGG 

CAGGTCCTCCACAGCCCTGATAAAATCTCCAAGTCTCCCAGTTTCGGGTC 

84 84 

16 QKI NM_006775.2 839-

938 

TAATTTTGTTGGGAGAATCCTTGGACCTAGAGGACTTACAGCCAAACAAC 

TTGAAGCAGAAACCGGATGTAAAATCATGGTCCGAGGCAAAGGCTCAATG 

82 83 

17 RGS2 NM_002923.1 856-

955 

AACAGCTTCCCTCACTGTGTACAGAACGCAAGAAGGGAATAGGTGGTCTG 

AACGTGGTGTCTCACTCTGAAAAGCAGGAATGTAAGATGATGAAAGAGAC 

82 76 

18 SCARNA5 NR_003008.2 103-

202 

AGTCATGTGTATGGGATCATGGAGCAGCTGATAATTTGGGATTCTGTCAG 

TGTGTGTTTCTGAGAGTGATCGGCTCACAGCTGACGAGTATCCAACAAAA 

80 82 

19 SEMA4D NM_001142287.

1 

1121-

1220 

AAGTGAACCCATCATCTCCCGAAATTCTTCCCACAGTCCTCTGAGGACAGA 

ATATGCAATCCCTTGGCTGAACGAGCCTAGTTTCGTGTTTGCTGACGTG 

84 79 

20 SF3B1 NM_012433.2 1-100 GGAAGTTCTTGGGAGCGCCAGTTCCGTCTGTGTGTTCGAGTGGACAAAAT 

GGCGAAGATCGCCAAGACTCACGAAGATATTGAAGCACAGATTCGAGAAA 

82 83 

21 SH3BGRL3 NM_031286.2 391-

490 

AGATTGTCAACGGGGACCAGTACTGTGGGGACTATGAGCTCTTCGTGGAG 

GCTGTGGAACAAAACACGCTGCAGGAGTTCCTGAAGCTGGCTTGAGTCAA 

84 82 

22 SULT1A1 NM_177534.2 1394-

1493 

TGCGAATCAAACCTGACCAAGCGGCTCAAGAATAAAATATGAATTGAGGG 

CCCGGGACGGTAGGTCATGTCTGTAATCCCAGCAATTTGGAGGCTGAGGT 

84 85 

23 TGFBI NM_000358.2 2031-

2130 

GTGGTCCATGTCATCACCAATGTTCTGCAGCCTCCAGCCAACAGACCTCAG 

GAAAGAGGGGATGAACTTGCAGACTCTGCGCTTGAGATCTTCAAACAAG 

82 80 

24 CNTNAP3_isofor

m 

uc004abk.1 4014-

4113 

ACATAGTTATTAAAATGGGAATAAGTAAGAAAATAGACCTGAGTCACCA 

CAGAGGAAGTAAATTACACATTGTCATCGGCATTGGAAGGAAAATATACTG 

79 78 

25 COPB1_isoform uc001mli.2 193-

292 

AAGATGCGGAAGGGGAGCGACTAGGCCGCTTGCGTCTGGGCCTGGCAGAAG 

GGACCGGATTTTCTGGCATCCTTAAATCTTGTGTCAAGGATTGGTTATA 

96 75 

26 GNAS_isoform uc002yae.3 425-

524 

GATCCGAACCCACAACTCCCTGAAGAACAGAATACTATGCTTTTTAGTCG 

GGATGTCTTTATGAAAGCAGTACTCCTAACTGACATGGTGCAATATGATT 

80 79 

27 MAP3K8_isoform uc001ivj.2 25-124 GTCAGTTTCCCATGGGTCTTGAATGCAAATACAAATATCGTAAACTAAAT 

ATTTGTGTTTTCTTTCCTAGACTCTCCAGAAAGAGCAACAGTAATGGAGT 

74 75 

28 PELI1_isoform uc002sct.4 178-

277 

CACCACAAAGCAGCCCCAACGCCTCTCCCTGCGTCCGCGGCTCCTCAGCGC 

TCGGCTCCGTGGTCAACTTCCCCTCGCTGGGCTCGGCTGGCGGGCGCGG 

86 85 

29 PLXNC1_isoform uc010sut.2 211-

310 

TGGTTTTTGAGTTACCATGTCCCTCTGATGCAGCATCTCTGTCTCTTAG 

CGGCCGTGGGGGTGACCAGGCACAAATCGAAGGAGCTGAGTCGCAAACAG

A 

77 95 

30 PTAR1_isoform uc004ahi.3 742- TTTCTACCTTCAGCATCACTTAAATGGTAGGTTTCCTCACAGCATGACCCA 78 86 
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841 GTTGTCACCTGCAGACAGCCCTGGGGGGACTTTGAGTGACTTGCACCTT 

31 SF3B1_isoform uc002uug.3 1253-

1352 

CTGCTATATGCCAGTCCTGTCTGCATTCTTAAGGGTGCAGTTCAACACAT 

CCTCTCTAGATTATGGTGAAAAAGTATTCCAAAGGAAGTCTTATCAGAGC 

80 77 

32 TIA1_isoform uc002sgl.4 883-

982 

GACTTATTGCAGAAATAGATGAGAAGCAAATCAAGACTACTATTCAAAAA 

TCAAATACCAAACAGCTATCATATGATGAGGTTGTAAATCAGTCTAGTCC 

77 77 

33 VCAN_isoform uc003kij.3 1356-

1455 

TTCCCTCCCCCTGATAGCAGATTTGATGCCTACTGCTTTAAACGTCGAATG 

AGTGATTTGAGTGTAATTGGTCATCCAATAGATTCAGAATCTAAAGAAG 

77 74 

34 VPS13A_isoform uc004akp.4 9413-

9512 

CAGGTTGAGGGATGGGACTGGAAATCAAATGTTACAGGCATCAAAAAGT 

TTGATATGAAAAGTTAATGCATGACTTTGCAAGTGAAAGCCAACAGTAGAT 

83 78 

35 ZNF609_isoform uc002ann.3 757-

856 

CCTGTTTCCACACCAGCAGTGCTGCCAATACACCTTTTGGTGCCAGTGGTC 

AACAATGACATCTCATCTCCTTGTGAGCAGATCATGGTTCGTACCCGAT 

84 79 

Tm CP: melting temperature of the capture probe 

Tm RP: melting temperature of the reporter probe 

Ensembl biomarker panel 
Transcript Accession Position Target sequence Tm 

CP 

Tm 

RP 

1 AHCTF1 NM_015446.3 406-505 TAATCATGGAGGAGCCAGTGCAAGCACTCAGCATTTACATCCAAGTCTGC 

GATGGCTTTTTGGAGTGGCAGCTGTGGTCACTGATGTTGGACAGATCCTT 

82 83 

2 ATP8A1 NM_006095.2 871-970 GAGGATTTCTGGCAGAATTGAGTGTGAAAGTCCAAACAGACATCTCTACG 

ATTTTGTTGGAAACATAAGGCTTGATGGACATGGCACCGTTCCACTGGGA 

81 82 

3 C9orf78 NM_016520.2 911-

1010 

AGAAGTTCAAGAAAATGAATAGGCGGTACTGAGTTGTGCAGAGTGGGAT 

GTAAATATCGCCTTCCTCTCCCTATATCCCTCCCATGAAAAATGGCTTCCT 

84 79 

4 CARM1 NM_199141.1 1166-

1265 

TCCTGATGGCCAAGTCTGTCAAGTACACGGTGAACTTCTTAGAAGCCAAA 

GAAGGAGATTTGCACAGGATAGAAATCCCATTCAAATTCCACATGCTGCA 

84 81 

5 CD300LB NM_174892.2 1531-

1630 

ACGAAAACCATCGCAGGAAATGGCACCCTCCCTTTTCGGTGATGTTGAAA 

TCATGTTACTAATGAAAACTGTCCTAGGGAAGTGGTTCTGTCTCCTCACA 

82 80 

6 CD8A NM_001768.5 1321-

1420 

GCTCAGGGCTCTTTCCTCCACACCATTCAGGTCTTTCTTTCCGAGGCCCCT 

GTCTCAGGGTGAGGTGCTTGAGTCTCCAACGGCAAGGGAACAAGTACTT 

83 83 

7 CHP1 XM_005254140.1 175-274 CCCTCCTTCCCTCCTGTCGCCGTCTCTTCTGGCGCCGCTGCTCCCGGAGGA 

GCTCCCGGCACGGCGATGGGTTCTCGGGCCTCCACGTTACTGCGGGACG 

87 87 

8 CISH NM_145071.2 559-658 CACCAATGTACGCATTGAGTATGCCGACTCCAGCTTCCGTCTGGACTCCA 

ACTGCTTGTCCAGGCCACGCATCCTGGCCTTTCCGGATGTGGTCAGCCTT 

84 86 

9 CLEC4E NM_014358.2 571-670 GAGTTTTTTATTGGACTGTCAGACCAGGTTGTCGAGGGTCAGTGGCAAT 

GGGTGGACGGCACACCTTTGACAAAGTCTCTGAGCTTCTGGGATGTAGGGG 

78 85 

10 CMC1 NM_182523.1 293-392 CTCTGGAGTTCTTATGGTAGTAAAATGCCGGAAAGAAAATTCTGCATTGA 

AAGAATGTCTAACTGCTTACTATAATGATCCAGCCTTTTATGAAGAATGC 

77 76 

11 CNTNAP3 NM_033655.3 1433-

1532 

TCGAACGTGGAACAGAGCAGGACATTTGCTTTTCGGCGAACTTCGACGTG 

GTTCAGGGAGTTTCGTCCTCTTTCTTAAGGATGGCAAGCTCAAACTGAGT 

81 79 
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12 CTDSP2 NM_005730.3 1641-

1740 

GGGGAGAAGCTGAAAGACCAAGACTCTTCCCAAGTTAGCTTGTCTCCTCT 

CCTGTCACCCTAAGAGCCACTGAGTTGTGTAGGGATGAAGACTATTGAAG 

81 82 

13 CTSA NM_001127695.1 1541-

1640 

TGCCACAATGGGACATGTGCAACTTTCTGGTAAACTTACAGTACCGCCGT 

CTCTACCGAAGCATGAACTCCCAGTATCTGAAGCTGCTTAGCTCACAGAA 

79 81 

14 DAP NM_004394.1 1791-

1890 

CTGAGGGAGCATGGCACAGCCTCACACTTGAAAGACGGTGTTTGGTTTCC 

CATCTAATCAACTTAAGGGAAGCCGGCATGTACCCTTCAAGGCCCTGTCA 

82 79 

15 DESI1 NM_015704.2 2881-

2980 

CAAGACCCACTGATTTGCCAGTGTGCATGGAAATAATAGATTAGAGCAGA 

AACTAGCAGGGACTGTTGTATAATCGTGATCTACTAGCAGAATTGGGCCC 

82 83 

16 F13A1 NM_000129.3 3197-

3296 

TTCAGGTCCCCTTTCAGAGATATAATAAGCCCAACAAGTTGAAGAAGCTG 

GCGGATCTAGTGACCAGATATATAGAAGGACTGCAGCCACTGATTCTCTC 

80 85 

17 FAM8A1 NM_016255.2 1792-

1891 

CCTGGGGAAATTGTCTTTGGTGTTTAGAGGAGGGAATGAGAACACAAATT 

GGATAATCCACTGTCTCCCATCCCAGGAGGTGGTGAGTTGGCTACAAGAG 

80 84 

18 GBE1 NM_000158.3 1051-

1150 

CTTTGCAGCTTCCAGCCGTTATGGAACACCTGAAGAGCTACAAGAACTGG 

TAGACACAGCTCATTCCATGGGTATCATAGTCCTCTTAGATGTGGTACAC 

81 81 

19 GNLY NM_006433.2 306-405 CAGGAGCTGGGCCGTGACTACAGGACCTGTCTGACGATAGTCCAAAAACT 

GAAGAAGATGGTGGATAAGCCCACCCAGAGAAGTGTTTCCAATGCTGCGA 

82 81 

20 HBA2 NM_000517.4 437-536 CCTCCCTGGACAAGTTCCTGGCTTCTGTGAGCACCGTGCTGACCTCCAAAT 

ACCGTTAAGCTGGAGCCTCGGTAGCCGTTCCTCCTGCCCGCTGGGCCTC 

89 90 

21 ITSN1 NM_003024.2 856-955 TAAATTACAAAAGGCACAGTCATTTGATGTGGCCAGTGTCCCACCAGTG 

GCAGAGTGGGCTGTTCCTCAGTCATCAAGACTGAAATACAGGCAATTATTC 

82 81 

22 KIAA1551 NM_018169.3 746-845 CTTCAGGAGTTACCCAAAACGTATGGTTGAACTCACCAATGAGGAATCCTG 

TGCATTCTCATATAGGGGCAACTGTATCTCATCAAACTGATTTTGGAGC 

81 79 

23 KRT23 NM_015515.3 1736-

1835 

CGGGAAGAATCAAAGTCGAGCATGAAAGTGTCTGCAACTCCAAAGATCAA 

GGCCATAACCCAGGAGACCATCAACGGAAGATTAGTTCTTTGTCAAGTGA 

83 82 

24 PABPC1 NM_002568.3 322-421 CCAGCGGCAGTGGATCGACCCCGTTCTGCGGCCGTTGAGTAGTTTTCAAT 

TCCGGTTGATTTTTGTCCCTCTGCGCTTGCTCCCCGCTCCCCTCCCCCCG 

81 82 

25 PPP3R1 NM_000945.3 2386-

2485 

GCCATCGCTGTTCCTTCAACTGAGTGCTGCACATCATGGGCTCTGTCTGT 

GAGAGAAAAATCCCGGTGCTTGGTGTCCTTGCATGACATGGAGTTTTGCA 

83 81 

26 RALGPS2 NM_152663.3 1486-

1585 

GAGGCCAAGCTGAAAGTTCTACTCTTTCTAGTGGAATATCAATAGGTAGC 

AGCGATGGTTCTGAACTAAGTGAAGAGACCTCATGGCCTGCTTTTGAAAG 

81 83 

27 RGS2 NM_002923.1 856-955 AACAGCTTCCCTCACTGTGTACAGAACGCAAGAAGGGAATAGGTGGTCTG 

AACGTGGTGTCTCACTCTGAAAAGCAGGAATGTAAGATGATGAAAGAGAC 

82 76 

28 SCARNA5 NR_003008.2 103-202 AGTCATGTGTATGGGATCATGGAGCAGCTGATAATTTGGGATTCTGTCAG 

TGTGTGTTTCTGAGAGTGATCGGCTCACAGCTGACGAGTATCCAACAAAA 

80 82 

29 SF3B1 NM_012433.2 1-100 GGAAGTTCTTGGGAGCGCCAGTTCCGTCTGTGTGTTCGAGTGGACAAAAT 

GGCGAAGATCGCCAAGACTCACGAAGATATTGAAGCACAGATTCGAGAAA 

82 83 

30 SH3BGRL3 NM_031286.2 391-490 AGATTGTCAACGGGGACCAGTACTGTGGGGACTATGAGCTCTTCGTGGAG 

GCTGTGGAACAAAACACGCTGCAGGAGTTCCTGAAGCTGGCTTGAGTCAA 

84 82 

31 SMCHD1 NM_015295.2 4676- AACCACCTACACCAGCTGTTTCAAATGTTCGCTCAGTTGCCAGTAGGACCT 84 81 
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4775 TGGTCAGAGATCTACATCTTAGTATCACGGATGACTACGACAACCATAC 

32 TGFBI NM_000358.2 2031-

2130 

GTGGTCCATGTCATCACCAATGTTCTGCAGCCTCCAGCCAACAGACCTCAG 

GAAAGAGGGGATGAACTTGCAGACTCTGCGCTTGAGATCTTCAAACAAG 

82 80 

33 ZNF185 NM_007150.3 1124-

1223 

CTGAAGGCTTGGCTGCAGTAGACATCGGCTCCGAGAGAGGAAGCTCCAGT 

GCCACTTCAGTCTCTGCTGTCCCTGCTGATAGGAAGAGCAACAGCACAGC 

85 84 

34 ZNF281 NM_012482.3 2606-

2705 

AGCGTTTGGTTCTCAGTTTAAGTCGGGCAGCAGGGTGCCAATGACCTTTA 

TCACTAACTCTAATGGAGAAGTGGACCATAGAGTAAGGACTTCAGTGTCA 

80 84 

35 noNamelncRNA ENST00000585152.1 1380-

1479 

GGGAAGGAATAAAGTATGAATTTTCAAGCTGGTTACCCATCTGGGCAACT 

GGAGCTCAGTTTTGCTGGGAAAGTCTGGAAGACAGTGTCAGATATAACTA 

82 83 

Tm CP: melting temperature of the capture probe 

Tm RP: melting temperature of the reporter probe 

Trinity biomarker panel 
Transcript Accession Positio

n 

Target sequence T

m 

C

P 

T

m 

R

P 

1 CASP8 NM_001228.4 302-

401 

AGATGGACTTCAGCAGAAATCTTTATGATATTGGGGAACAACTG

GACAGT 

GAAGATCTGGCCTCCCTCAAGTTCCTGAGCCTGGACTACATTCC

GCAAAG 

82 85 

2 CECR1 NM_177405.2 1027-

1126 

TAGCCAGCCCTCTACAAGCTGTCTTCTTGCACACGCTGTCACTTC

CTCTCA 

CTCGTTCTTGAATCAGCTCCATGTGCCCATGAAATCAATGGCCT

CTGTA 

83 81 

3 FNIP1 NM_001008738.2 1265-

1364 

ACAATTTGTAATCTTTACACGATGCCACGAATTGGAGAACCTGT

CTGGC 

TTACAATGATGTCGGGGACTCCAGAAAAGAACCACCTTTGCTAT

CGTTTCA 

79 80 

4 FPR2 NM_001462.3 1201-

1300 

GATGGGGTCAGGGATATTTTGAGTTCTGTTCATCCTACCCTAAT

GCCAGT 

TCCAGCTTCATCTACCCTTGAGTCATATTGAGGCATTCAAGGAT

GCACAG 

78 80 

5 LYST NM_000081.3 179-

278 

GGTCATGAGCACCGACAGTAACTCACTGGCACGTGAATTTCTGA

CCGATG 

TCAACCGGCTTTGCAATGCAGTGGTCCAGAGGGTGGAGGCCAG

GGAGGAA 

83 83 

6 QKI NM_006775.2 839-

938 

TAATTTTGTTGGGAGAATCCTTGGACCTAGAGGACTTACAGCCA

AACAAC 

82 83 
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TTGAAGCAGAAACCGGATGTAAAATCATGGTCCGAGGCAAAGG

CTCAATG 

7 SETX NM_015046.4 1141-

1240 

ATCAACAACGCAAGCTACAATAGAGAGATCCGACATATACGGA

ACAGCTC 

TGTAAGGACCAAGTTAGAACCGGAGTCCTATCTGGATGATATG

GTGACTT 

80 80 

8 SF3B1 NM_012433.2 1-100 GGAAGTTCTTGGGAGCGCCAGTTCCGTCTGTGTGTTCGAGTGGA

CAAAAT 

GGCGAAGATCGCCAAGACTCACGAAGATATTGAAGCACAGATT

CGAGAAA 

82 83 

9 unknown1_comp54405_c1_se

q1 

comp54405_c1_seq1.1 5-104 TTCTTATCGTGGTGGTAGTTCCACAATGTATACACACGTCTCAA

TCTACCA 

AACTACATGCTTCAAAAATGTACACTTTGTTTCATGCCCATTAT

ACCTC 

76 73 

1

0 

unknown2_comp55647_c0_se

q2 

comp55647_c0_seq2_

2.1 

1-100 AAGGGACTGGGTTTCATCACCAGTGACTGCCATGAGTCTAACTT

AGTTAT 

CTGGTTGGATAGGGATGCATTTACTGAACTGGGGACCCAGGAG

GAGTTGG 

82 85 

1

1 

unknown2a_comp55647_c0_s

eq2 

comp55647_c0_seq2_

3.1 

496-

595 

GCTGCACATCAAAATCACTGTTTCCTTTGACCAATACTCTAGAC

ACACTCA 

AGCAGAGATTCTGGATTCTGATTTAATTGACACAGAGTAGGGCC

TGGGC 

79 84 

1

2 

unknown3_comp56590_c0_se

q8 

comp56590_c0_seq8.1 16-

115 

GCTGCCCCGAGCCCGCGAAGGGAGGGAAGTTCCAGAATCGAGA

GAGGGAG 

GGAGTCAAGGTGGAACCCATAGAGTGAGCCTCCTGAAGACACA

GAGCGGT 

87 87 

1

3 

FPR1_intron_comp17070_c0_

seq1 

int_comp17070_c0_se

q1.1 

1-100 GGATGTTTGGTTTGAAGCTTTCAGGAGAAAGCAAAAGAGCCCT

AACGACT 

TTATGATGGGTCATGGGGAAATGAGTGTAATACAGAAGCAGTC

ACCTTTC 

82 81 

1

4 

IFRD1_intron_comp41141_c0

_seq1 

int_comp41141_c0_se

q1.1 

82-

181 

GATAGAGGGTAGGCTTCTTTAGCTCATATGTCTAAGCTTTCTAT

CTTTGA 

ATTACAGTTGAAGTTTAATGATCTAGTAAGCACCTGTAAAGCAT

ACAGAA 

73 75 

Tm CP: melting temperature of the capture probe 

Tm RP: melting temperature of the reporter probe 
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Quality control and reproducibility assessment 

Probes for all transcripts were ordered from Integrated DNA Technologies (IDT, Iowa, USA) 

and assayed in 29/36 samples since RNA for some samples had been completely depleted. The 

test run of the custom Elements assays had extremely high binding densities for most samples. 

This was due to the Hemaglobin Subunit Alpha 2 (HBA2) transcript that was saturating the 

NanoString assay. Given the extreme saturation bias of HBA2, an inactive probe (19) was 

designed (same sequence as the HBA2 but no bound reporter probe) in order to achieve a 95% 

attenuation (see sample calculation below): 

Probe A is bound to the reporter probe therefore the inactive probe sequence for HBA2 was 

designed (see below) as the exact 50 bp sequence as probe A of HBA2.  

5’-TTT GGA GGT CAG CAC GGT GCT CAC AGA AGC CAG GAA CTT GTC CAG GGA 

GG-3’ 

Properties 

Tm (50nM NaCL)*: 72.6°C
GC Content: 58.0% 

Molecular Weight: 15,541.1 

nmoles/OD260:2.1 

µg/OD260:31.9

Ext.Coefficient: 487,700L/(mole⋅cm)

Secondary Structure calculations: Lowest folding free energy (kcal/mole): -3.51 at 25C 

The concentration of probe A for each tag in the 30X Working Probe A Pool is 0.6 nM. 

11.514nM of the inactive probe is added to the 0.6nM of the active probe A bringing the total 

concentration to 12.146nM in the 30X Working Probe A Pool (see below for calculation). 

HBA2inactive[ ]
HBA2inactive[ ]+ HBA2active[ ]

= 0.95

HBA2inactive[ ]
HBA2inactive[ ]+ 0.606nM

= 0.95

HBA2inactive[ ] = 0.95 *0.606

1− 0.95

HBA2inactive[ ] =11.514nM
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The concentration of the inactive probe A sequence of HBA2 received from IDT was 19µM. A

100x dilution resulted in a concentration of 190nM. The inactive probe was added when creating 

the 30X Working Probe Pool A (see table below): 

Number of 

Assays 

Aliquot from Master 

Probe Stock (µL) 

Volume of inactive 

Probe A 

TE-Tween 

(µL) 

Final Volume 

(µL) 

12 4 2.00 27.00 33 

24 4 2.00 27.00 33 

36 5 2.55 34.45 42 

48 7 3.51 47.49 58 

60 8 4.06 54.94 67 

72 10 5.03 67.97 83 

Spiking in the HBA2 inactive probe resulted in a significant reduction in the binding densities of 

the discovery and validation cohort samples. 
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