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Abstract Measurements and Main Results: Multiple-kernel clustering
revealed four clusters of individuals with asthma and different
Rationale: Corticosteroids (CSs) are the most effective asthma CS responses. Clusters 1 and 2 consisted of young, modestly

therapy, but responses are heterogeneous and systemic CSslead to ~ CS-responsive individuals with allergic asthma and relatively
long-term side effects. Therefore, an improved understanding of the normal lung function, separated by contrasting sputum

contributing factors in CS responses could enhance precision neutrophil and macrophage percentages after CS treatment.
management. Although several factors have been associated with The subjects in cluster 3 had late-onset asthma and low lung
CS responsiveness, no integrated/cluster approach has yet been function, high baseline eosinophilia, and the greatest CS
undertaken to identify differential CS responses. responsiveness. Cluster 4 consisted primarily of young,

obese females with severe airflow limitation, little eosinophilic
inflammation, and the least CS responsiveness. The top

12 baseline variables were identified, and the clusters were
validated using an independent Severe Asthma Research

Methods: Multiple-kernel k-means clustering was applied to 100 Program test set.
clinical, physiological, inflammatory, and demographic variables
from 346 adult participants with asthma in the Severe Asthma
Research Program with paired (before and 2-3 weeks after
triamcinolone administration) sputum data. Machine-learning
techniques were used to select the top baseline variables that Keywords: asthma phenotype; corticosteroids; severe asthma;
predicted cluster assignment for a new patient. eosinophils

Objectives: To identify asthma subphenotypes with differential
responses to CS treatment using an unsupervised multiview learning
approach.

Conclusions: Our machine learning-based approaches provide
new insights into the mechanisms of CS responsiveness in asthma,
with the potential to improve disease treatment.

(Received in original form August 20, 2018; accepted in final form January 23, 2019)
*Co-first authors.
*Co-senior authors.

Supported by grants from the NIH (P30DA035778 and RO1GM114311 to W.W. [co—principal investigator (co-Pl)]) and grants that were awarded by the NHLBI
to the Severe Asthma Research Program Pls, Clinical Centers, and Data Coordinating Center as follows: Wake Forest University (E.R.B. and D.A.M.) and
Emory University (U10 HL109164, A.M.F. subaward PI); Washington University (U10 HL109257, M.C.); University of California San Francisco (U10 HL109146,
J.V.F.); Case Western Reserve University (U10 HL109250, B.M.G.); Cleveland Clinic (U10 HL109250, S.C.E. co-PI, Virginia-Cleveland Consortium); Brigham
and Women'’s Hospital, Harvard Medical School (E.I. and B.D.L.) and Boston Children’s Hospital, Harvard Medical School (U10 HL109172, W.P. subaward
PI); University of Wisconsin (U10 HL109168, N.N.J.); University of Pittsburgh (U10 HL109152, S.E.W.); and Penn State University (U10 HL109086, Data
Coordinating Center, D.T.M.). In addition, this program is supported through the following NIH National Center for Advancing Translational Sciences awards:
UL1 TR001420 to Wake Forest University, UL1 TR000427 to the University of Wisconsin, UL1 TR001102 to Harvard University, UL1 TR000454 to Emory
University.

Author Contributions: Conception and design: W.W. and S.E.W. Data analysis: W.W., S.B., and S.E.W. Data collection: E.R.B., M.C., L.D., S.C.E., J.V.F.,
AMF, BM.G., AT.H, El,NN.J., BD.L, D.T.M, D.AM., W.C.M., M.P., W.P.,, R.L.S., and S.E.W. Manuscript writing committee: W.W., S.B., and S.E.W.
Manuscript review and editing: W.W., S.B., E.R.B., M.C., L.D., S.C.E., JV.F., AMF., BM.G., ATH., El, NN.J.,, B.D.L.,, D.T.M,, D.AM., W.C.M., M.P.,
B.R.P., W.P, R.LS., and S.EW.

Am J Respir Crit Care Med Vol 199, Iss 11, pp 1358-1367, Jun 1, 2019

Copyright © 2019 by the American Thoracic Society

Originally Published in Press as DOI: 10.1164/rccm.201808-15430C on January 25, 2019
Internet address: www.atsjournals.org

1358 American Journal of Respiratory and Critical Care Medicine Volume 199 Number 11 | June 1 2019


http://dx.doi.org/10.1164/rccm.201808-1543OC
http://www.atsjournals.org

At a Glance Commentary

Scientific Knowledge on the
Subject: Corticosteroids (CSs) are the
most effective therapy for asthma.
However, heterogeneity in CS
responsiveness and long-term side
effects make it more difficult to control.
Although few predictors of response
have been identified, no cluster analysis
has been performed to identify
differential response patterns.

What This Study Adds to the
Field: Multiple-kernel clustering
analysis was used to cluster 346 adult
subjects with asthma and paired
(before and after CS) sputum data
using 100 variables, including both
baseline and “changes” of dynamic
variables. We identified four clusters
with differential CS response patterns
and baseline characteristics, among
which cluster 3 was the most
responsive and cluster 4 was the least
responsive. We also identified 12
predictive baseline variables that
predicted cluster assignment with high
accuracy. These findings suggest

that CS responses follow clinical,
inflammatory, and physiological
patterns. The 12 predictive variables
we identified suggest that software can
be developed to predict responses to
CSs, which would help make precision
medicine possible. These machine-
learning approaches provide novel
insights into CS response patterns that
could improve asthma management.

Asthma is a heterogeneous chronic airway
disorder that consists of multiple
phenotypes with diverse clinical
characteristics (1, 2). Corticosteroids (CSs),
particularly systemic ones, are the most
effective asthma controller therapy, but
they have numerous harmful side effects
(3-6) and the responses are heterogeneous
and difficult to predict (1, 7). Previous
works investigated a small number of
targeted predictors of CS responses (8);
however, no large-scale, multivisit analyses

have been performed using machine-
learning approaches.

Cluster analysis has identified
subphenotypes of asthma using large clinical
data sets (9-11). However, no unsupervised
learning approach has been undertaken to
identify differential CS response patterns
among subjects with asthma by integrating
dynamic variables measured before and 2-3
weeks after CS treatment. Unfortunately,
unsupervised learning approaches that are
commonly used to identify asthma
subphenotypes, such as k-means and
hierarchical clustering, are insufficient for
dealing with a complex mix of clinical and
biological data containing both static and
changing/dynamic variables. In addition,
traditional clustering gives equal weights to
all variables (10, 11), when, in fact, prior
knowledge supports a stronger relationship
between some variables and asthma and its
outcomes than others (for instance, age at
onset vs. family history of asthma-allergies).

Multiview learning methods have been
developed to classify or cluster samples by
integrating different types of data in the
biological field (12, 13). Multiple-kernel
k-means clustering (MKKC)-based methods
(Figure E1 in the online supplement) (14,
15), which are classified as unsupervised
multiview learning methods, have
demonstrated advantages over traditional
single-view clustering approaches, such as
k-means and hierarchical clustering, in that
they find clusters by using information
collected from different types or sources of
data. For example, they have been used to
identify cancer subtypes using different
omics data, including DNA copy number
profiling, mRNA gene expression, and
DNA methylation data (14).

To help understand differential CS
responsiveness among subjects with asthma,
we developed a novel multiview learning
strategy that allows us to identify clusters of
subjects with asthma subjects and
differential patterns of response to CS by 1)
incorporating different types of variables,
including both baseline and change
variables, into the cluster analysis; and 2)
assigning variables to different views based
on their clinical importance. Toward
that end, we recently developed a new
multiple-kernel clustering approach, called

MML-MKKGC, which finds clusters by
using a minimax formulation and 12
regularization (15). This MML-MKKC
approach was applied to a rigorously
characterized cohort of adults with asthma
from the NIH NHLBT’s Severe Asthma
Research Program (SARP) who were
studied before and after a standardized
systemic CS treatment to characterize their
responses (8). Seventy static baseline
variables, as well as 15 “dynamic” baseline
variables and their “changes” in response to
CS treatment, were included. Top relevant
and nonredundant variables were then
selected from the 85 baseline variables
using feature selection techniques, to enable
clinicians to eventually predict patient
responses using a support vector machine
(SVM). Our results provide new insights
into CS response patterns in asthma.

Methods

Participants

All of the participants were from the
SARP cohort. Severe asthma was defined
according to criteria established by the
European Respiratory Society (ERS) and
American Thoracic Society (ATS) (16). All
other subjects were considered to have
nonsevere asthma. The subjects in this
work were limited to 346 adults with paired
(before and 2-3 wk after intramuscular
triamcinolone 40 mg) sputum cell counts.

Cluster Analysis Using MKKC
Variables with =10% of missing values
were excluded. Others were imputed as
described in Reference 11. A total of

100 variables measured from the 346
participants (also called the discovery set)
were used in the cluster analysis (Table E1);
85 of these were baseline variables (70
“static” baseline variables whose values
were measured only before CS [baseline]
and 15 “dynamic” variables whose values
were measured both before [baseline] and
after CS). Fifteen “change” variables

were created by subtracting the baseline
values of the dynamic variables from the
values of the corresponding variables after
CS, and were also included in the cluster
analysis.
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MKKC. To identify clusters of subjects
with asthma who showed differential
responses to CS, we clustered 346 subjects
using our recently developed MKKC
methodology, MML-MKKC (15). We
assigned variables to three different groups
(also called “views” in the machine-learning
literature) based on their clinical
importance according to prior knowledge
and our previous cluster analysis (11)
(Table E1).

Assigning variables to three different
views. View 1 included 27 static baseline
variables, which have looser ties to asthma
pathobiology, including household
socioeconomic information, as well as
comorbid conditions such as diabetes and
depression. View 2 was composed of 53
baseline variables containing 38 “more
important” static variables, including
asthma clinical questionnaires, vital signs,
Asthma Quality of Life Questionnaire
(AQLQ), family history of allergy, IgE, and
biological features such as inflammatory
cell counts, which our previous study
suggested were discriminatory in asthma
clusters (11), as well as 15 dynamic
variables, including Asthma Control
Questionnaire (ACQ) scores, fractional
exhaled nitric oxide (FEno), and sputum
cell counts/differentials. View 3 contained
the “changes” of the 15 dynamic variables
(from view 2) after CS treatment, as well as
five demographic variables with importance
for asthma, including age of onset, age at
baseline, sex, race, and body mass index
(BMI) (9, 11, 17, 18).

Because the variables in views 1-3 had
increasing clinical importance, constraints
on the weights of the views in the cluster
analysis were set so that the least weight
was put on view 1, and the most was put on
view 3. An optimal number of the clusters k
was determined using the elbow method
(Figure E2). A principal component
analysis was performed to illustrate the
identified clusters (15).

Stability analysis. A stability analysis
was performed to determine the stability of
the identified clusters when variables were
assigned to different views.

Statistical Tests

To examine significant differences of the
variables among the identified clusters,
we performed one-way ANOVAs (19)
for continuous variables, Kruskal-Wallis
rank-sum tests (20) for ordinal variables,
and Pearson’s chi-squared tests (21) for
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nominal variables. To examine whether a
variable was significantly different between
any pairs of the clusters, we performed two-
sample pairwise ¢ tests for continuous
variables, Wilcoxon rank-sum tests (22) for
ordinal variables, and Pearson’s chi-
squared tests (21) for nominal variables.

P values were adjusted to control the false
discovery rate using the Benjamini-
Hochberg procedure (23). P values < 0.05
were considered significant.

Predicting Clustered Subjects Using
the Most Informative Baseline
Variables

The top predictive baseline variables were
selected for prediction using a two-step
feature selection machine-learning procedure
(11). To classify the subjects whose cluster
labels were identified by MML-MKKC, we
used a multiclass SVM algorithm with a 10-
fold cross-validation strategy to determine
the top relevant nonredundant baseline
variables. Then, SVM classification and a 10-
fold cross-validation with different splits of
the samples were used to evaluate how well
these variables predicted cluster labels of the
test samples.

Validation of the Newly Identified
Clusters Using an Independent SARP
Test Set
An independent test set of 182 adult SARP
participants without sputum data was used to
validate/replicate the clusters identified by
MML-MKKC. First, a multiclass SVM
classifier was trained using the 346 patients in
the discovery set with the 12 predictive
baseline variables, of which two were
surrogate variables [blood neutrophil and
eosinophil counts]) to replace sputum
macrophage and eosinophil percentages
because the test samples had no available
sputum data. Cluster labels of the participants
in the test set were predicted using the trained
SVM classifier. Finally, the clusters of the
patients in the test data were characterized
using the statistical tests described above.
Details regarding the methods used in
this work are provided in the online
supplement.

Results

Demographics of the Participants
Used in the Cluster Analysis

A total of 346 participants (=18 yr old) with
asthma and paired sputum data were

analyzed. Of these 346, 204 met the
ERS/ATS criteria for severe asthma (16).
The demographics of the 346 participants
did not differ from those of the complete
cohort of 528 adult participants with
asthma (Table 1).

Identification of CS Response
Patterns Using a Novel Multiview
Learning Strategy

One hundred clinical, physiological,
inflammatory, and demographic variables
were included in the cluster analysis. To
identify CS response patterns, we developed a
novel multiview learning strategy that allows
clustering of participants using our recently
developed MKKC algorithm (15), taking into
account the “change” values of the dynamic
variables as well as the baseline values of
both the static and dynamic variables.

Clustering Results from a Multiple-
Kernel k-Means Approach

Clustering 346 participants with 100
variables using our MKKC algorithm
revealed four distinct asthma clusters with
differing CS responses (Table 2), as the
elbow method determined four clusters as
the optimal cluster number identified by
MML-MKKC (Figure E2). The clusters
were well separated from one another, as
shown by a multiple-kernel principal
component analysis plots (Figure E3). The
four participant clusters had distinct
baseline and patterns of response to the
CS treatments, as detailed in Figure 1.
Summaries of the variables that differed
significantly among the clusters, as
measured by traditional statistical tests, can
be found in Tables E2 and E3.

Cluster 1. At baseline, cluster 1
participants (n = 81) were relatively
asymptomatic but highly allergic, with the
earliest age at onset, and evenly mixed
between males and females (Figures 2 and
3). They had normal lung function and the
highest sputum neutrophil percentages, but
low neutrophil and eosinophil numbers in
blood, and the lowest medication use and
urgent healthcare use (Figures 3-5, E5, and
E6). Despite this being the healthiest
cluster, 38% of the participants had severe
asthma as defined by the ERS/ATS
(Table 2).

After triamcinolone treatment, given
their relatively normal baselines, the subjects
in this cluster showed only small
improvements in FEV;, FVC, or Fexo
(Figures 4D and 4F, and Table E2). After
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Table 1. Demographics of the Adult Subjects with Asthma in the Entire SARP Cohort and the Subjects with Paired Sputum Samples

Used in this Analysis

Sample size

Age

Sex, %, F/M

BMI

Black/African American, %

Age at onset

Baseline pre-BD FVC% predicted
Maximal FEV,% predicted

Baseline pre-BD FEV4/FVC% predicted
Severe asthma, %

Subjects in the SARP Cohort

528
49.4 (37.1-57.9)
67/33
30.9 (26.5-36.9)
27
12.0 (5.0-28.0)
83.7 (73.1-97.7)
84.8 (71.5-97.8)
85.8 (75.8-93.5)
64

Subjects for Cluster Analysis

P Value (FDR)*

346
49.3 (37.0-57.9) 0.73
67/33 0.99

30.9 (26.5-37.0) 0.91
24 0.88

12 (5.0-27.0) 0.91
84.1 (74.7-97.3) 0.47
85.5 (72.9-97.6) 0.35
86 (77.1-92.9) 0.67
64 1.00

Definition of abbreviations: BD = bronchodilator; BMI = body mass index; FDR = false discovery rate; SARP = Severe Asthma Research Program.
Numerical data are presented as median (first-third quartiles).
*FDR-adjusted P value from Welch'’s t test or chi-square test among the 528 subjects in the entire SARP cohort and the 346 subjects used for the cluster

analysis.

CS treatment, this cluster had the largest
increase in macrophage percentages
(Figure 3D).

Cluster 2. The patients in cluster 2 (n =
73) were also young, mostly women, and
allergic, but they had a slightly older age at
onset than those in cluster 1 (Figures 2 and
3). Their lung function was modestly lower
and more reversible compared with the
patients in cluster 1 (Figure 4), but a larger
percentage of these patients were on
high-dose inhaled CS (ICS) and other
controllers. Perhaps because they had
received more treatment, they had low
baseline T2 biomarkers (second lowest

blood eosinophil counts, and lowest
sputum eosinophil and neutrophil
percentages), low symptoms, and a
relatively good quality of life, with low
urgent healthcare use (Figures 4 and 5).
Thus, the participants in this cluster, 55% of
whom met the ERS/ATS definition of
severe asthma, generally had severe but
well-controlled asthma (Table 2). They also
had the lowest sputum neutrophil and
highest sputum macrophage percentages
(Figures 3A and 3C).

Similar to what was observed in cluster
1, there was little change in sputum
eosinophil percentages or lung function

Table 2. Demographic Data of the Subjects in the Clusters

after triamcinolone treatment, probably
because the subjects had relatively normal
baseline values (Figures 4C-4F). However,
in contrast to cluster 1, this cluster was
characterized by the highest decrease in
sputum macrophage percentages (and
reciprocal increase in neutrophil
percentages) after triamcinolone treatment
(Figures 3A-3D).

Cluster 3. Patients in cluster 3 (n = 96)
were the oldest and least allergic, with the
latest age at onset (Figures 2 and 3). They
were generally better educated and had the
lowest lung function and low reversibility
(Figures 4C, 4E, and E5E). The participants

Cluster 1 Cluster 2 Cluster 3 Cluster 4 P Value (FDR)*

Sample size 81 73 96 96

Age 42.3 (32.1 t0 50.5) 42.1 (33.9t0 52.3) 60.5 (54.3 to 66.0) 45.1 (33.7 to 52.2)  <0.0001

Sex, %, F/M 48/52 70/30 67/33 82/18 <0.0001

BMI 29.2 (25.810 32.2) 30.6 (26.5t0 35.3) 28.1 (25.6 t0 33.6) 37.7 (31.6 to 44.9) <0.0001

Black/African American, % 20 25 7 45 <0.0001

Age at onset 8.0 (3.0 to 16.0) 11.1 (5.0 to 22.0) 30.0 (14.9 to 40.1) 8.5 (3.0 to 19.0) <0.0001

Baseline pre-BD FVC% 95.9 (87.7 to 104.7) 86.9 (79.5 to 101.0) 78.2 (70.9 to 85.2) 79.8 (72.0 to 91.1)  <0.0001
predicted

Maximal FEV;% 91.7 (83.0 to 101.4) 89.6 (79.2 to 105.7) 75.8 (63.6 t0 86.2) 84.9 (73.6 to 94.8) <0.0001
predicted

Baseline pre-BD FEV4/FVC% 86.9 (80.2t094.0) 86.5(77.8t092.4) 83.7 (73.51t091.0) 86.5(76.3 to 92.4) 1.70 x 107"
predicted

Change in pre-BD FVC% —0.5(—3.31t0 3.9) 1(—2.6t0 5.3) 3.6 (—0.6 to 7.6) 1.5 (—-1.5105.4) 4.73x1074
predicted

Change in maximal FEV,% 0.4 (—2.3t0 3.1) 0 (—2.8t0 3.5) 37(-1.0t0o8.1) —-0.7(—-3.61t03.5) <0.0001
predicted

Change in pre-BD FEV4/FVC% 1.3 (—1.7 to 3.1) 0.5(—1.2t0 3.3) 1.4 (-1.3t04.7) 1.1 (—2.1 to 4.8) 3.89x 107"
predicted

Severe asthma, % 38 55 77 79 <0.0001

Definition of abbreviations: BD = bronchodilator; BMI = body mass index; FDR = false discovery rate.
Numerical data are presented as median (first to third quartiles).
*FDR-adjusted P value from the ANOVA or chi-square test among the 528 subjects of the total Severe Asthma Research Program cohort and the 346

subjects used for the cluster analysis.
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Figure 1. Heatmap of the four clusters identified among 346 patients by the multiple-kernel k-means clustering method. Rows represent the patients, and
columns represent the variables in each view (for an ordered list of variables, see Table E1).

in cluster 3 were characterized by high
lung and blood T2 biomarkers (highest
sputum and blood eosinophil percentages/
counts and Feyp), the most gastroesophageal
reflux disease, high blood pressure, and the
highest percentage of nasal polyps (33%)
and sinus disease (Figure 4A and Table E2).
Although they reported low asthma
symptoms, they had the second highest
exacerbations and oral CS use, and 77% had
severe asthma (Table 2). To support the
relationship with T2 inflammation, we
compared T2 gene mean (T2GM) RNA
levels in a post hoc analysis (see Figure E7).
In support of these higher eosinophil levels,
the post hoc analysis of a subgroup with
RNA from sputum showed that patients in
this cluster had the highest baseline T2GM
(Figure E7A).

Perhaps related to their lower lung
function and high T2 biomarkers, the
participants in this cluster had the biggest
improvements in lung function and sputum
eosinophils, accompanied by the second
biggest improvement in symptoms (Figures
4B, 4D, and 4F). Additional small
improvements in FEV; and FVC after
albuterol after triamcinolone (Table E4)
suggest that triamcinolone did not
completely correct the airflow limitation.
Despite these improvements, T2 biomarker
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levels were still higher than in other clusters
after the CS injection.

Cluster 4. Cluster 4 participants (n =
96) were primarily young, obese females
with early-onset asthma, 45% of whom
were black/African Americans (Figure 2).
They reported the worst asthma control,
with the most symptoms and severe
exacerbations, and low but highly
reversible lung function (Figures 5A and
5E). They had low T2 biomarkers (the
lowest FEno, low sputum eosinophils, and
moderate elevations in blood eosinophils)
but more comorbidities, including
diabetes, anxiety, depression, and sleep
disorders than all other clusters (Figure 4A
and Table E2). These patients reported the
highest use of biologics and oral CSs, and
had high blood neutrophils; 79% of the
participants in this cluster had severe
asthma (Table 2).

After triamcinolone treatment, these
patients had only a small decrease in sputum
eosinophil percentages (Figure 4B). These
improvements were not accompanied by
improvements in ACQ scores, FEV,, or
FVC. In fact, after triamcinolone treatment,
the bronchodilator (BD) response (percent
change) in both FEV, and FVC decreased
compared with the pretriamcinolone
baseline (Figure 5F and Table E4). This

decrease in BD response occurred

even in the absence of any CS-induced
improvement in pre-BD FEV; or FVC
(Table E4). This suggests that high-dose
systemic CSs may have contributed to
worsening the BD response.

Prediction of the Identified Clusters
Using Baseline Variables

We developed a classification strategy with
SVM that enables prediction of the
cluster label (and subsequent CS response)
for a given patient using only the
baseline variables. Using a 10-fold cross-
validation, we identified the top 12 baseline
variables with an INFOGAIN filter and the
Markov blanket algorithm (Table E5).
These top 12 variables included (in order)
age, activity limitation AQLQ, age at onset,
BMI, baseline pre-BD FVC% predicted,
sputum macrophage percentages, number
of specific IgE, FVC albuterol response,
baseline pulse, total white blood cell
count, black/African American racial
background, and sputum eosinophil
percentages.

Using these 12 baseline variables and
SVM with 10-fold cross-validation, we
predicted the cluster labels of the test
samples (10% of the participants in the
discovery set) with 81% overall accuracy,
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Figure 2. Five demographic variables differed by cluster. (A and E) Cluster 3 had the oldest subjects
(A) with the latest age at onset (). (B) Cluster 1 had the largest percentage of males, and cluster 4 had
the lowest. (C) Cluster 4 had the highest body mass index (BMI). (D) Cluster 4 had the highest
percentage of black/African Americans, and cluster 3 had the lowest percentage.

62% sensitivity, and 87% specificity (see
the online supplement). For individual
clusters, the respective sensitivity for
clusters 1-4 was 64%, 32%, 77%, and
70%, and specificity was 87%, 89%, 90%,
and 84%.

Validation of the Newly Identified
Clusters Using an Independent SARP
Test Set

The 12 slightly modified baseline variables
were used to predict cluster labels of the 182
SARP participants in the test set with SVM

Wu, Bang, Bleecker, et al.: Asthmatic Corticosteroid Response Phenotypes

(see the online supplement). The
demographics of the 182 participants did
not differ from those of the participants

in the discovery set (Table E6). The
participants clustered similarly to those in
the discovery set. Clusters 1 (n=52) and 2
(n = 35) included subjects with mild allergic
asthma and early age at onset. Patients in
cluster 3 (n = 57) were older, with the latest
age at onset, the most nasal polyps, and
high blood eosinophils, and after CS
treatment, their lung function increased the
most. In addition, the small subsequent
increases in FEV, and FVC after albuterol
after CS treatment were also observed in
this test set (Table E4).

Cluster 4 (n =38) included primarily
obese females with early-onset asthma,
about half of whom were black/African
Americans. After CS treatment, there was
minimal improvement in lung function,
with no incremental benefit of triamcinolone
on maximal lung function compared with
that of albuterol alone (Table E4).

Together, these results suggest that the
top 12 baseline variables and an SVM
classifier trained using patients with known
cluster labels could eventually allow clinical
prediction of cluster assignment and
response to systemic CSs.

Discussion

To investigate differential CS responses
among participants with asthma, and the
various factors that contribute to them,
we analyzed 70 demographic, clinical,
physiological, and inflammatory variables at
baseline, as well as an additional 15 variables
both before and 2-3 weeks after an injection
of triamcinolone. For this purpose, we
used our newly developed multiple-kernel
k-means approach, MML-MKKC (15), which
integrates data with distinct features and
allows for evaluation of changes over time
or with treatment. This approach identified
four distinct patient clusters with variable
CS responsiveness. Using feature selection
techniques, we identified the top 12
predictive baseline variables, including
easily identifiable variables such as age and
age at disease onset, BMI, and baseline lung
function. Using SVM and the 12 variables
with the two surrogate variables, mandated
by the absence of sputum data, the test set
clusters replicated the discovery set clusters.
Our study has similarities and
differences in comparison with an earlier,
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Figure 3. Distinguishing features of clusters 1 and 2. (A-D) At baseline, clusters 1 and 2 had opposite
sputum neutrophil (A) and macrophage (C) percentages and reciprocal changes after triamcinolone
treatment (B and D). (E and F) They also had the highest number of specific IgE (E) and the highest

percentage of patients with perennial allergy (F).

more directed study of CS responses in these
patients from the SARP cohort (8). In that
study, responses to triamcinolone were
assessed with traditional generalized linear
mixed effects models followed by receiver
operating characteristic curve analyses to
identify the best predictors of CS response
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(specifically defined as a 10% improvement
in FEV| after triamcinolone). Using the
much smaller number of variables in the
models, baseline BD response and Feyo
were identified as predictors of response.
Blood and sputum eosinophils were only
slightly worse predictors, but BMI and race

were identified as poor predictors. Rather
than focusing on a limited number of
baseline variables, in the current study we
identified subphenotypes of asthma
encompassing many baseline variables and,
for a large number of variables, their
change over time. Thus, these results
integrate both types of variables, greatly
expand on the original analysis, and reveal
novel new relationships.

There were two major challenges to our
approach. The first was to incorporate both
baseline and “change” variables in one
analysis, and the second was to combine
different types of baseline variables that
affect asthma in a single analysis. To
address these issues, we used our multiple-
kernel k-means approach, MML-MKKC, to
1) incorporate both static and dynamic
baseline variables, as well as the dynamic
“change” variables, into a single cluster
analysis, and 2) assign variables to different
views based on their clinical importance for
asthma according to general prior
knowledge and our previous cluster
analysis. This MML-MKKC approach
identified four clusters of patients who
exhibited not only distinct CS response
patterns but also distinct baseline
characteristics.

Of the four clusters identified, only
one cluster, cluster 3 (28% of the overall
population), would be widely recognized as
highly CS responsive. Not surprisingly, the
patients in this cluster had the highest
baseline eosinophilia, markedly obstructed
lung function, and the most nasal polyps.
They also had the highest values of T2GM
by post hoc analysis. Despite their
significantly older age and later age at
onset, they had the greatest improvements
in obstruction and inflammation.
Although they had small improvements in
lung function after albuterol treatment,
their ACQ6 scores did not improve with
triamcinolone. This cluster was previously
identified in our cross-sectional cluster
analysis (in a different population) and is
well recognized clinically (11, 24, 25). In
contrast, clusters 1 and 2 were only
modestly CS responsive and showed no
improvement in ACQ6 scores, most likely
because the subjects in these clusters had
near-normal baselines. It is impossible to
predict how responsive these patients
might be during an acute episode of
worsening, when their lung function
would likely be lower. On the other hand,
this analysis identified the participants in
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Figure 4. Distinguishing features of cluster 3. (A, C, and E) At baseline, cluster 3 had the

highest sputum eosinophil percentages (A) and lowest lung function (C and E). (B, D, and F) After
triamcinolone treatment, cluster 3 had the greatest decrease in sputum eosinophil percentages
(B) and the largest improvement in lung function (D and F). The box plots in this figure are shown
without outliers. See Figure E5 for box plots showing all data points for the same variables. BD =

bronchodilator.

cluster 4 as the least CS responsive, even
though they had rather severe baseline
airflow limitations. After CS treatment,
they were still worse than the subjects in
the other clusters, with almost no change

in lung function, and even a small decrease
in maximal (after albuterol) lung function,
particularly in the change in FVC.
Although the explanation for this is
uncertain, this finding was consistent in

Wu, Bang, Bleecker, et al.: Asthmatic Corticosteroid Response Phenotypes

cluster 4 for both the discovery and

test sets. Thus, the CS responses in
cluster 4 are likely complex. In these
patients, CS could detrimentally “stiffen
the lungs/airways” to decrease BD
responses. Although it is not typically
thought of in relation to asthma, CSs can
increase the stiffness of the extracellular
matrix, particularly in the eye in relation
to CS-induced glaucoma (26-28). A
similar effect could occur in the airway
matrix, which could decrease BD
responses in susceptible patients. Although
further confirmation is needed, the
implications of this finding could be
important.

The most striking differences between
clusters 1 and 2 were the nearly opposite and
marked differences in macrophage and
neutrophil percentages in sputum at
baseline and their reciprocal changes after
CS treatment. Cluster 1, with low starting
sputum macrophage percentages, had
a large increase after CS treatment, and
cluster 2, with low neutrophil percentages,
had the largest macrophage increase
after CS treatment. In each case, and
not surprisingly, as neutrophils and
macrophages make up the vast majority of
sputum cell types, there were decreases in
the “other” cell type. In the INFOGAIN
approach, these changes in sputum
neutrophil percentages and macrophage
percentages had the highest and third
highest INFOGAIN values, suggesting that
these two variables are highly
discriminatory in cluster separation.
Despite these marked changes, clinically
and physiologically perceivable changes did
not occur in response to CSs. Thus, the
actual biological importance associated
with this “yin-yang” response is unknown.
Longer-term studies of chronic CS dosing
are necessary to better determine the
relevance (or mechanisms) of these
differences.

These results also have implications
for treatment in line with the recent
guidelines (29, 30). Clusters 1 and 2 can
likely be well controlled with low to high
doses of ICS. Cluster 3 may require higher
doses of ICS and even systemic CSs, but is
likely an excellent group in which to
consider the use of targeted T2 biologic
therapy. Finally, cluster 4, the poorly CS
responsive group, may require novel
approaches, perhaps with lesser benefit
(and even detriment) from escalating
doses of CSs.
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Figure 5. Distinguishing features of cluster 4. (A-E) At baseline, cluster 4 had the worst activity
limitation Asthma Quality of Life Questionnaire (AQLQ) (A); highest pulse (B), total white blood cell
(WBC) count (C), and healthcare use (D); and largest increase in FVC after albuterol treatment (E). (F)
After triamcinolone treatment, the increase in FVC after albuterol treatment decreased the most
among cluster 4 patients. The box plots in this figure are shown without outliers. See Figure E6 for box
plots showing all data points for the same variables. ER = emergency room.

With the concept that a tool could be
developed to help physicians determine
which cluster a new patient belongs to, we
identified the top 12 predictive baseline
variables using feature selection techniques.
With the use of SVM and a cross-validation
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strategy, these variables predicted subjects in
all clusters in the discovery set with high
accuracy. Given the very distinct baseline
characteristics of cluster 3, it is not surprising
that the highest prediction sensitivity and
specificity were achieved for cluster 3.

The identified clusters were
validated/replicated using an independent
SARP test set without sputum data.
Using the 12 predictive baseline variables
with the two surrogate variables (blood
neutrophil and eosinophil counts) for the
unavailable sputum variables, the cluster
labels of the patients in the test set were
replicated with SVM and showed
characteristics remarkably similar to those
in the discovery set, confirming our results.
The development of publicly available
software would enable clinicians to
input these variables, manually or (more
likely) in an automated format direct from
the electronic medical record, to help them
determine the likelihood of a response to
systemic CSs.

Our study was limited to a single dose
of systemic CSs (without placebo) and a
single point in time. As shown previously
(31, 32), physiological markers can be
highly dynamic and change over time;
hence, a robust longitudinal study
design is required to assess the stability of
these clusters. These patterns cannot
be extrapolated to longer-term effects
of chronic CS use, or the use of higher
doses.

In summary, we identified four
asthma clusters with differential CS
responses using a multiview learning
approach. These findings give insight
into clinical, biological, and physiological
determinants of CS response patterns
that could be used mechanistically to
better link molecular responses to
clinical responses. The identification
of small numbers of highly predictive
nonredundant variables (using feature
selection techniques) suggests that software
could be developed to predict responses not
only to CSs but also to expensive biologic
therapies, which would help to improve
the application of precision medicine.
These machine-learning approaches are
providing new insights into CS
responsiveness in asthma and could
ultimately lead to improved asthma
management. M
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Methods:

Participants

All the participants were from the SARP. Severe asthma was defined according to the
European Respiratory Society-American Thoracic Society (ERS-ATS) definition criteria
(E1). All others were termed non-severe asthma, with further severity classification of
these patients limited to forced expiratory volume in one second (FEV1) % predicted and
inhaled corticosteroid (ICS) dose criteria (E2). The subjects in this work were limited to
the 346 participants (age > 18 years old) with paired (pre and 2-3 weeks post triamcinolone

40mg IM) sputum cell counts.

PCR-based measures of the type 2 gene mean (T2GM) in a post hoc analysis: Real-time
quantitative PCR was performed to measure the values of the T2GM, which is a composite
metric of gene expression for IL4, IL5, and IL13, in sputum cells obtained from 219 SARP
participants before and after triamcinolone. The detailed procedure were previously

described in (E3).

Cluster analysis using multiple kernel k-means clustering
In recent years, multiview learning methods, particularly multiple kernel learning (MKL)
methods, have been developed to integrate different types of data in the biological field

(E4, 5). These MKL methods take advantage of the recent advances in kernel-based

E2



methods which can project data points in the input space to a high-dimensional feature
space via nonlinear mapping; as such, different classes of the data points—which are
inseparable by linear discriminant boundaries in the original input space—can now be
separated in the feature space (E6, 7). Despite many supervised MKL approaches have
developed, only a few unsupervised MKL algorithms which are mainly multiple kernel k-
means clustering (MKKC)-based methods have been proposed (Figure E1) (ES8, 9). The
MKKC methods have demonstrated advantages over traditional single-view clustering
approaches, such as k-means and hierarchical clustering, in that they find clusters by
integrating different types or sources of data, e.g., they have been employed to identify
cancer subtypes using different omics data, including DNA copy number profiling, mRNA
gene expression, and DNA methylation data (ES).

Multiple kernel #means Clustering: The MKL approach calculate similarity of
data points by using different kernel functions for different types of data (or views), which
are then integrated into a combined kernel matrix Kg, usually by a linear combination
weighted by non-negative coefficients 0. The non-negative coefficients guarantee Kg to be
a positive semidefinite matrix which ensures inner products of the feature map to be
defined in the Hilbert space (E6) .

The multiple kernel k-means clustering is a type of unsupervised MKL approach.
The MKKC methods aim to utilize complementary information collected from different
sources and determine cluster labels for different data points by iteratively optimizing
kernel coefficients ® and a matrix H containing information about clustering assignment

(E8-11).
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To identify asthma clusters showing differential responses to the CS treatment, we
clustered the 346 subjects using a multiple kernel k-means clustering method, MML-
MKKC, we recently developed (see details in (E9)). MML-MKKC finds clusters by 1)
taking advantage of the complementary signals in multiple views, even when some views
have statistically weak signals, with a ming-maxyg framework, and ii) avoiding sparse
solutions that may dismiss the sources which are valuable but having weak statistical
signals by imposing an 1, constraint on the kernel coefficient 8. The details of the MML-
MKKC method can be found in (E9). Briefly, in order to integrate signals obtained from p
multiple views, it constructs a combined kernel matrix Ko by linearly combining the kernel
matrices using non-negative kernel coefficients 0 as follow: Ky = X,,0,K,,, where K,, is a
kernel matrix of view v and @ is a p-dim vector of kernel coefficients for the p multiple
views. The MML-MKKC method alternatively learns the kernel coefficient @ and a matrix

H containing information about the clustering index as follow:

min max tr (K, ~HK H) subject to H'H =1,

HeR™ 0
0'60<1,0>0
AO<Db

where A and b are constraint matrices pre-defined based on biological prior knowledge.

Since the variables in Views 1-3 had increasing clinical importance, we used the following
constraints on the weights of these views: 20D < 0@ and 20 < 03, As such, the least
weight was put on View 1, while the most weight was on View 3. Each variable was
standardized to have zero-mean and unit-variance. A linear kernel was used to construct a

kernel matrix for each view.
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Determining the number of the clusters: The elbow method was employed to
choose an optimal number of clusters k identified by MML-MKKC. This method
determines K by testing whether adding an additional cluster improve much the total
variance explained by the clusters (E12). The elbow method decided four clusters as the
optimal number of the clusters identified by MML-MKKC when the tested numbers of

clusters varied from one to ten (See Figure E2).

Ilustrating cluster results using principal component analysis: To illustrate the
results of multiple kernel #~means clustering, we performed principal component analysis
(PCA) on the combined kernel matrix Kg. As proved in (E13), principal components of
kernel PCA are the continuous solutions to the discrete cluster indices in kernel £~-means
clustering, and hence the clusters identified by kernel k-means can be best illustrated using
kernel PCA. In the setting of multiple kernel 4-means clustering, the combined kernel
matrix Ky is the Gram matrix of a vector of the combined non-linear maps, therefore
performing PCA on Ky is equivalent to perform PCA of the maps in the combined feature

space.

Stability analysis

In order to determine the stability of our identified clusters when the variables were
assigned into different views, we performed a stability analysis. In order to perform this
analysis systematically (rather than randomly), we first matched the variables in this study
with those used in our earlier SARP1/2 study (E2), then we continuously changed the
INFOGAIN cutoff value 6 of the variables we calculated in the SARP1/2 to determine

which and how many variables should be assigned to Views 1 and 2, respectively. For any

ES



specific cutoff value 8, the matched variables (48 in total) were assigned to View 2 if their
INFOGAIN values were >= J; otherwise, the matched variables were assigned to View 1.
After the new variable assignment, the multiview cluster analysis were performed with
MML-MKKC using the same 346 asthma subjects. Finally, the Adjusted Rand Index (ARI)
proposed in (E14) was used to compare the similarity between the resulting clusters and

the clusters we showed in Figure 1.

The stability analysis was also performed to test how the view assignment of the five
demographic variables (i.e., sex, black/African American, BMI, age, and age at asthma
onset) affected the clustering. By changing the INFOGAIN cutoff value, the demographic
variables were moved from View 3 to View 2 or View 1. Then, the cluster analysis was
performed with MML-MKKC, and ARI was calculated to compare the resulting clusters

with the identified clusters shown in Figure 1.

Statistical tests

To examine significant differences of the variables among the identified clusters, we
performed one-way analysis of variance (ANOVA) tests (E15) for continuous variables,
Kruskal-Wallis Rank Sum tests (E16) for ordinal variables, and Pearson’s Chi-squared
tests (E17) for nominal variables. The continuous variables were log2-transformed to make
the variables more normally distributed. If a nominal variable had only a few samples in
any of the categories, the Fisher’s Exact test (E18) was used instead of the Pearson’s Chi-
squared test. To examine whether a variable was significantly different between any pairs

of the clusters, we performed two-sample pair-wise t-tests for continuous variables,

E6



Wilcoxon rank-sum texts (E19) for ordinal variables, and Pearson’s Chi-squared tests
(E17) for nominal variables. The p-values were adjusted to control the false discovery rate
(FDR) using the Benjamini-Hochberg procedure (E20). P-values < 0.05 were considered

significant. Data presented in the text and figures are on the original scale.

Selecting top predictive baseline variables using feature selection techniques

Top relevant and nonredundant baseline variables were selected for prediction using a two-
step feature selection procedure with an information gain (INFOGAIN) filter and a Markov

blanket algorithm (E21). The detailed description of the procedure can be found in (E2).

Relevant baseline variables were first selected using an INFOGAIN filter.
INFOGAIN can be used to measure how well a feature separates different clusters of
samples (E22). In order to calculate INFOGAIN, continuous variables and categorical
baseline variables with more than K values, where K is the number of the clusters, were
discretized using a simple unsupervised equal-width algorithm (E23). To select relevant
baseline variables which can predict well the labels of the identified clusters, the
INFOGALIN of each baseline variable included in the cluster analysis given the cluster label
was calculated as described in (E2, 22). The variables were selected as relevant variables
if their INFOGAIN values were equal to or greater than a cutoff value 6. The optimal 6

was determined by a 10-fold cross-validation procedure as described below.

Relevant nonredundant baseline variables were then selected using a Markov
blanket algorithm. The redundant variables were removed from the list of the relevant

baseline variables using the Markov blanket algorithm as described in (E2).
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Prediction of the labels of the clustered subjects using a Support Vector Machine

(SVM) classification algorithm

In order to determine the number of the top relevant nonredundant baseline
variables which can be used to classify the subjects whose cluster labels were identified by
the MML-MKKC method, we employed a multi-class support vector machine (SVM)
algorithm with a 10-fold cross-validation strategy to choose an optimal cutoff value 6 for
the INFOGALIN filter. The SVM classifier was trained with the top selected variables using
the training set (90% of the samples), and then evaluated on the test set (10% of the
samples). This process was repeated for 10 times to obtain an accurate estimate of the SVM
prediction for different 6. Average accuracy was used to evaluate the performance of the
multi-class prediction (E24). The ¢ achieving the highest prediction accuracy was chosen

to be the optimal o.

Once the top relevant nonredundant baseline variables were determined using d, a
10-fold cross-validation with different splits of the samples and SVM classification were
employed again to evaluate how well these variables predict the cluster labels of test
samples. The average prediction accuracy by SVM over 10 times of the cross-validation

was reported in the Results section.

Validation of the newly identified clusters using an independent SARP test set

An independent test set of the 182 adult asthma SARP participants without sputum data

were employed to validate the clusters identified by MML-MKKC. While all patients in



SARP were encouraged to provide a sputum sample, these 182 patients were either 1) too
severely obstructed to undergo hypertonic saline administration, 2) could not produce a
spontaneous sputum sample, or 3) unable to produce a quality sputum sample with <80%

squamous cells.

Since 182 SARP participants did not have sputum data and were excluded from the
discovery set, to validate the original clusters, we slightly modified the 12 predictive
baseline variables by substituting two blood variables, neutrophil and eosinophil counts,
for the two (unavailable) sputum variables among the 12 predictors (sputum macrophage
and eosinophil percentages). While blood eosinophils are an obvious surrogate variable for
sputum eosinophils (E25), blood “macrophages” do not exist. However, sputum
macrophage percentages strongly inversely correlated with sputum neutrophils (r = -0.8),
and are also a reasonable surrogate variable for sputum neutrophils (E26). We therefore
substituted blood neutrophil counts for sputum macrophage percentages as sputum

neutrophil percentages is a redundant variable for sputum macrophage (Table ES5).

In order to validate the identified clusters, first, a multi-class SVM classifier was trained
using the 346 patients in the discovery set with the 12 predictive baseline variables (of
which two were surrogate variables blood neutrophil and eosinophil counts as described
above), then cluster labels of the participants in the test set was predicted using the trained
SVM classifier. Finally, the clusters of the patients in the test data were characterized using

the statistical tests described above.
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Results:

Stability of the identified clusters with respect to the variable assignment to different

views

In order to show how stable our identified clusters were when variables were assigned to
different views, we performed a stability analysis. As shown in Figure E4 in Online
Supplement, when we moved more variables to View 2 from View 1 by setting the
INFOGAIN cutoff value & to a lower value 0.06 which results in change of the view
assignment for 4 variables (baseline systolic BP, baseline diastolic BP, diagnosed with
osteoporosis (% yes), blood monocyte count), we found that the ARI is near 1, which means
that the resulting clusters are highly similar to the identified clusters. Similarly, when we
set the INFOGAIN cutoff value 0 to a higher value of 0.15 which results in change of the
view assignment for 8 variables [blood neutrophil count, History of GERD (% yes), blood
eosinophil count, mother or father with asthma (% yes), asthma provoked by NSAIDs (%
yes), use LABA in last 3 mos (% yes), history of biologic therapy (% yes), serum IgE
(log)], our results showed that the ARI is near 0.9, indicating that the resulting clusters are

also very similar to the identified clusters.

On the other hand, our results show that when we set the INFOGAIN cutoff value to 0.26
or higher, and thus moved more variables from View 2 to View 1, the values of the ARI of
the resulting clusters dropped dramatically to ~0.4, agreeing with the general understanding

that the affected variables, including age asthma onset, AQLQ scores, take high dose
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inhaled CS, prebronchodilator FEV1/FVC, and have history of nasal polyps, are important

for asthma pathology.

Moreover, the stability analysis was performed by moving the 5 demographic variables in
View 3 to View 2 or View 1. The results showed that when sex was first moved from View
3 to View 2 or 1, the resulting clusters were very similar to the identified clusters (Figure
E4), however that, when more demographic variables, particularly age at asthma onset,
age, and BMI, were moved to View 2 or 1, the values of the ARI of the resulting clusters
dropped dramatically to below 0.4. These results are also consistent with the understanding

that age at asthma onset, age, and BMI play key roles in asthma.

Thus, overall, the identified clusters were stable over a modest range of the view
adjustment of the variables. But moving variables with high importance [based on
INFOGAIN calculated in (E2)] from View 2 to View 1, or from View 3 to View 2 or 1

does, as expected, destabilize the clusters.

Supplemental Text:

In this study, we employed the multiview cluster analysis to identify patterns of the asthma
participants which exhibited differential response patterns to CS treatment. Even though
the multiview approach is a popular approach used in the machine learning community for
integrating different types of data (e.g., imaging, text, and video data) in a single analysis,

as far as we know, this is the first time this approach has been applied to analyze clinical
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data to identify differential CS response patterns among patients. Some questions that can
arise from our multiview cluster analysis include: 1) the number of views that should be
included the analysis; and ii) the stability of the identified clusters are if variables are

assigned to different views.

Regarding the first question, the variables in our analysis were assigned into the three
different views using a supervised approach, based on previous data as 1) there is strong
prior knowledge of the likely greater importance of some baseline variables [e.g., asthma
clinical questionnaires, vital signs, and asthma quality of life questionnaire (AQLQ)], as
compared to others (e.g., household socioeconomic information, as well as comorbid
conditions including diabetes and depression), suggesting they should be assigned to
different views; ii) there were two different types of variables — baseline and change

variables which should be assigned into two different views.

In order to find out how stable our identified clusters were when the variables were
assigned to different views, a stability analysis was performed. Even though the identified
clusters were quite stable with respect to the view assignment of the variables, they were
sensitive to the view assignment of a few more critical variables including age at asthma
onset, age, and BMI, AQLQ scores, take high dose inhaled CS, prebronchodilator
FEVI1/FVC, and have history of nasal polyps, agreeing with the general understanding that

these variables are of greater importance for asthma pathology.
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Table E1: The 100 variables used in the cluster analysis.

View

Variable

1

History of eczema (% yes)

Highest household education (score)

Annual income (score)

Have sibling with asthma (% yes)

Asthma provoked by emotions (% yes)

Asthma provoked by cigarette smoke (% yes)

Epwoth sleepiness scale (score)

HADS anxiety (score)

HADS depression (score)

Insomnia (score)

Diagnosed with clinical depression (% yes)

Baseline pulse (beats/min)

Baseline body temperature (Fahrenheit)

Blood basophil count (cells/uL)

Blood monocyte count (cells/uL)

History of Immunotherapy (% yes)

Take GERD medications in last month (% yes)

Diagnosed with osteoporosis (% yes)

Diagnosed with diabetes (% yes)

Medication adherence report scale (score)

Baseline systolic BP (mm Hg)

Baseline diastolic BP (mm Hg)

Diagnosed with hypertension (% yes)

Waist circumference (cm)

Hip circumference (cm)

Diagnosed with sleep apnea (% yes)

Use CPAP for sleep apnea (% yes)

Activity limitation AQLQ (score)

Environmental score AQLQ (score)

Emotion score AQLQ (score)

ACT (score)

Symptoms AQLQ (score)

Maximal FEV1 (% pred)

Baseline pre-BD FVC (% pred)

Baseline pre-BD FEV1/FVC (% pred)

History of allergy in spring (% yes)

Mother or father with asthma (% yes)

N RN R N R R R R R N N e e e e e e P e e e N L e L e R R R R R R R RS

Serum IgE (log10)

E17



History of perennial allergy (% yes)

Number of specific IgE

History of seasonal allergy (% yes)

Sputum squamous cell (%)

Sputum epithelial cell (%)

Sputum macrophage (%)

Sputum lymphocyte (%)

FeNO (ppb)

Blood eosinophil count (cells/uL)

Sputum eosinophil (%)

FEV1 albuterol response (% pred)

FVC albuterol response (% pred)

Asthma provoked by NSAIDs (% yes)

History of nasal polyps (% yes)

History of nasal polyps removed (% yes)

History of sinus surgery (% yes)

History of chronic sinusitis (% yes)

Admitted to ER for asthma (% yes)

Hospitalized for breathing problem (% yes)

History of ICU stay (% yes)

Asthma provoked by respiratory infection (% yes)

Diagnosed with bronchitis>1 time/yr (% yes)

Total WBC count (K/uL)

Blood neutrophil count (cells/uL)

History of GERD (% yes)

Asthma provoked by routine activities (% yes)

ACQ6 (score)

Number of weekly SABA puffs or nebulizer in last mo

Hospitalized for breathing problems in last 12 mos (% yes)

Urgent care visit (doctor office or ED) for breathing problems in last 12 mos (% yes)

Urgent care visit (doctor office or ED) or systemic corticosteroid burst for breathing
problems in last 12 mos (% yes)

Number of asthma exacerbations in last 12 mos

Daily dose of oral steroid in last 3 mos

Has asthma prevented ability to work (% yes)

Level of inhaled CS in last 3 mos (score)

Takes high dose ICS Regularly (% yes)

Use LABA in last 3 mos (% yes)

Use long acting anti-cholinergic in last 3 mos (% yes)

Total sputum cell count (x10°4/ml)

Total sputum cell count without squamous cells (x1074/ml)

NINININDINININDINININ N (NN INDINDINDINDINDINDINDINDINDINDINDINDINDINDINDINDINDINDINDINDININDININD NN

Sputum neutrophil (%)
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History of biologic therapy (% yes)

BMI

Black/African American (%)

Age at onset (age)

Age (age)

Change in maximal FEV1 (% pred)

Change in pre-BD FVC (% pred)

Change in pre-BD FEV1/FVC (% pred)

Change in sputum squamous cell (%)

Change in sputum epithelial cell (%)

Change in sputum macrophage (%)

Change in sputum lymphocyte (%)

Sex (% females/males)

Triamcinolone-related change in FEV1 albuterol response (% pred)

Triamcinolone-related change in FVC albuterol response (% pred)

Change in ACQ6 (score)

Change in FeNO (ppb)

Change in sputum eosinophil (%)

Change in total sputum cell count without squamous cells (x10°4/ml)

W W WW W W W W W W WwW([WWwW([Www|ww|w|w N

Change in total sputum cell count (x1074/ml)

3

Change in sputum neutrophil (%)

Abbreviations used: ACQ: asthma control questionnaire; ACT: asthma control test; AQLQ: asthma quality of life

questionnaire; BMI: body mass index; BD: bronchodilator; BP: blood pressure; CS: corticosteroid; ED: emergency

department; ER: emergency room; FeNO: exhaled nitric oxide; FEV1: forced expiratory volume in one second; FVC:

forced vital capacity; GERD: gastroesophageal reflux disease; HADS: hospital anxiety and depression scale; ICS:

inhaled corticosteroid; ICU: intensive care unit; IgE: immunoglobulin E; LABA: long-acting beta agonist; NSAID:

nonsteroidal anti-inflammatory drug; SABA: short-acting beta agonist; WBC: white blood cell.
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Table E2: Summary of the data from the 100 variables in the four identified clusters in the

discovery set.

Variable* Cluster 1 Cluster 2 Cluster 3 Cluster 4 P-value INFO
(n=81) (n=73) (n=96) (n=96) (FDR)® | GAIN
Change in sputum 97/ . : 2Rl )
neutrophil (%) 9.7 (-21.0,-2.4) | 27(16.9,43.1) | 0.4(-14.4,11.3) | -3.6(-12.7,5.4) | 2.71E-36 | 0.37
Age (age) 42.3(32.1,50.5) | 42.1(33.9,52.3) | 60.5(54.3,66.0) | 45.1(33.7,52.2) | 1.56E-21 | 0.25
Change in sputum ] -16.9 (-30.2, - : : )
macrophage (%) 6.6 (-0.8, 12.6) 8.2) 1.8 (-3.8,11.0) 2.4 (-4.1,133) | 474E-23 | 0.20
Activity limitation
AOLO (score) 6.2 (5.4, 6.5) 5.8 (4.6, 6.5) 5.5(4.8,6.2) 43(3.4,49) | 211E-19 | 0.18
ACT (score) 21 (17.0, 22.0) 19 (15.0,21.0) | 17.5(14.0,21.0) | 14(10.0,17.2) | 2.82E-16 | 0.18
Age at onset (age) 8 (3.0, 16.0) 11.1(5.0,22.0) | 30(14.9, 40.1) 8.5(3.0,19.0) | 6.84E-11 | 0.18
Triamcinolone-related
change in FVVC albuterol 0.5(-1.6,3.1) -14(-3.1,1.2) -1.2(-4.7,3.3) -5.9 (-8.9, -1.5) 1.58E-12 0.17
response (% pred)

BMI 29.2 (25.8,32.2) | 30.6 (26.5,35.3) | 28.1(25.6,33.6) | 37.7 (31.6,44.9) | 7.08E-18 0.17
Symptoms AQLQ (score) | 5.8 (5.0, 6.4) 5.4 (4.2,6.2) 5.1 (4.2,5.9) 4(2.9,5.1) 6.21E-14 | 0.15
Baseline pre-BD FVC (% 95.9 (87.7, 86.9 (79.5, i

pred) 104.7) 101.0) 78.2(70.9,85.2) | 79.8(72.0,91.1) | 2.18E-11 0.15
Sputum macrophage (%) | 22.8 (10.0,35.9) | 40.9(29.1,54.4) | 17.6(9.0,28.5) | 29.4 (14.5,45.0) | 5.97E-07 0.14

Waist circumference 92.5 (80.0, 95.8 (81.0, 97.5 (89.0, 109.8 (99.1, i
(cm) 104.0) 109.0) 108.2) 124.3) 2.88E-13 | 014
Sputum neutrophil (%) 62.3 (42.5,81.9) | 34.5(22.9,48.3) | 62.5(47.0,80.8) | 50.1(31.2,74.3) | 2.12E-09 | 0.13
Change in Sputum
epithelial cell (%) 3.6(0.3,9.9) 5.4 (-16.3, -1.2) 1(-2.4,6.1) 05(-4.4,55) | 821E-11 | 0.3
EmO“O’(‘;‘(‘)‘?S AQLQ | 58(5.0,6.6) 5.4 (4.2, 6.4) 5.2 (4.0, 6.2) 38(24,52) | 251E-12 | 013
Environmental score
AQLO (score) 5.8 (5.0, 6.5) 5.2 (4.0,6.2) 5.2 (4.2,6.2) 4.2 (3.0,5.0) 2.08E-10 | 0.12
HADS depression (score) 1 (0.0, 3.0) 2(1.0,4.0) 2 (1.0,5.0) 5 (2.0, 8.0) 2.57E-09 0.12
Asthma provoked by 31769 52/ 48 68 /32 83/17 5.47E-11 | 0.12
routine activities (% yes)
ACQB6 (score) 0.8 (0.5, 1.3) 1.2(0.7,2.2) 1.3(0.8,2.2) 2.2(1.3,30) | 2.01E-10 | 0.12
L 109 (100.2, 106.5 (97.4, 122 (110.4, )
Hip circumference (cm) | 105 (96.0, 117.0) 120.5) 115.6) 135.5) 2.88E-13 0.11
Number of specific IgE 5 (3.0, 9.0) 5 (2.0, 8.0) 1 (0.0, 3.0) 4(1.8,6.2) 2.71E-15 | 0.11
History of perennial 91/9 84/ 16 49/51 81/19 2.23E-10 | 0.10
allergy (% yes)
Fve a"();:egf; dr)es'oo”se 35(1574) | 71(38125 | 79(46,120) | 105(59 16.3) | 2.45E-08 | 0.10
Baseline pulse
(beats/min) 70 (63.0, 76.0) 70 (64.0, 80.0) 71 (63.0,80.0) | 79(70.0,88.0) | 5.08E-08 | 0.10
. 91.7 (83.0, 89.6 (79.2,
0, -
Maximal FEV1 (% pred) 101.4) 105.7) 75.8 (63.6, 86.2) | 84.9(73.6,94.8) | 9.52E-08 | 0.10
Total WBC count (K/uL) | 6.4 (5.5, 7.4) 6.7 (5.6, 8.3) 7.5 (5.9, 8.6) 8.1(6.2,10.9) | 4.60E-07 | 0.09
Number of weekly
SABA puffs or nebulizer 2(1.0, 6.0) 4(1.0, 14.0) 5.5 (1.0, 15.5) 14 (3.8,42.0) | 1.61E-07 | 0.08
in last mo
B'aCk/Af“g)Z’; American 20/80 25/75 7/93 45/55 111E07 | 0.08
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Level of inhaled CS in

last 3 mos (0-2 score) 1(1.0, 2.0) 2(1.0,2.0) 2(1.0,2.0) 2 (1.0, 2.0) 6.36E-07 | 0.08
Triamcinolone-related
change in FEV1 albuterol 0.8 (-1.7,4.6) -1(-4.0,2.1) 0.4 (-4.2,4.4) -5.2(-9.8,-1.2) | 1.51E-12 0.08
response (% pred)
Sputum eosinophil (%) 0.6 (0.2,1.7) 0.4 (0.0, 2.0) 3.4 (0.4, 13.6) 0.8 (0.2,2.0) 5.24E-07 | 0.08
Number of asthma
exacerbations in last 12 0(0.0,1.0) 0 (0.0, 1.0) 1 (0.0, 3.0) 1 (0.0, 3.0) 3.88E-10 0.08
mos
History of seasonal
allergy (% yes) 1 (0.0, 1.0) 1 (0.0, 1.0) 0(0.0,1.0) 0.5 (0.0, 1.0) 1.04E-06 | 0.08
Urgent care visit (doctor
office or ER) for 31/69 33/67 57/43 68 /32 5.24E-07 | 0.07
breathing problems in
last 12 mos (% yes)
Insomnia (score) 4(2.0,9.0) 6 (3.0, 12.0) 8 (3.8, 12.0) 10.5 (5.0, 16.2) | 5.01E-05 0.07
Change in sputum
eosinophil (%) -0.2 (-0.6, 0.2) 0(-0.8,0.3) -1(-6.8, 0.0) -0.2(-0.8,0.4) | 6.32E-08 | 0.07
Has asthma prevented
ability to work (% yes) 21/79 26/74 26 /74 57143 5.24E-07 0.07
Highest household
education (0-8 score) 6 (5.0, 7.0) 6(4.0,7.0) 6(5.0,7.0) 4 (4.0,6.0) 3.26E-06 | 0.07
Takes high dose ICS 38/62 53/ 47 72128 75125 1.38E-06 | 0.07
Regularly (% yes)
Urgent care visit (doctor
office or ER) or systemic
corticosteroid burst for 21/79 32 /68 52148 56 /44 3.28E-06 0.07
breathing problems in
last 12 mos (% yes)
Use LABA in last 3 mos 60/40 68/32 90/10 88/12 2.69E-06 | 0.06
(% yes)
Change in sputum
squamous cell (%) 8(-5.0,22.4) -5.6 (-21.5, 4.5) 3(-7.2,15.0) 6.5(-7.8,20.0) | 2.06E-04 | 0.06
History of nasal polyps 7193 8/92 33/67 10/90 1.38E-06 | 0.06
removed (% yes)
History of sinus surgery 7193 7/93 32/68 11/89 2.94E-06 | 0.06
(% yes)
Diagnosed with sleep
apnea (% yes) 11/89 41796 24176 31/69 3.41E-05 | 0.06
Serum IgE (log10) 2.2(1.7,2.6) 2.2(2.0,2.6) 1.9 (1.4,2.3) 2.4(1.8,2.7) 3.03E-03 | 0.06
Diagnosed with 22/78 21/79 52/ 48 41759 2.15E-05 | 0.06
hypertension (% yes)
FEVI a'(?,ztg;‘e’:j)r“p"”se 82(49,123) | 127(77,165) | 9.1(6.7,140) | 133(80,19.4) | 5.18E-07 | 0.05
Hospitalized for
breathing problem (% 41759 4258 46 /54 73127 3.30E-05 | 0.05
yes)
Change in maximal
FEV1 (% pred) 0.4 (-2.3,3.1) 0(-2.8,35) 3.7(-1.0,8.1) -0.7(-3.6,3.5) | 1.12E-05 | 0.05
Change in sputum
lymphocyte (%) 0(-0.3,0.7) -0.5(-1.4,-0.1) 0.1 (-0.4, 0.6) 0(-0.5, 0.6) 1.41E-07 | 0.05
Admitted to ER for 69/31 68 /32 70130 93/7 205E-04 | 0.05
asthma (% yes)
Asthma provoked by 41159 45/55 58/ 42 74126 5.33E-05 | 0.05
emotions (% yes)
History of GERD (% yes) 27173 32/68 56 / 44 54/ 46 5.33E-05 | 0.05
Sex (% females/males) 48 /52 70/30 67/33 82/18 6.02E-05 | 0.05
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Blood monocyte count

482.4 (408.0,

491.4 (379.2,

526 (443.0,

533 (386.0,

(cells/ul) 508.5) 602.0) 682.0) 739.3) N.S. | 005
Sputum e(‘(’,/':)he"a' cell 38(20,109) | 115(52,255) | 5.1(L6, 9.6) 6.4(3.2,184) | 3.17E-05 | 0.05
Blood neutrophil count | 3596 (2898.0, | 3933 (29110, | 42575(32000, | 46997 (34132, | ,oc oc | 005

(cells/uL) 4556.0) 4559.0) 5247.8) 6443.5) : :

Baseline body
temperature (Fatrenheity | 98(977:982) | 98.1(97.7,985) | 97.9(976,98.2) | 982(97.9,984) | 431E-03 | 0.5
HADS anxiety (score) 5(2.0,7.0) 5 (3.0, 8.0) 5(3.0,7.0) 6.5(4.0,9.0) | 2.89E-03 | 0.04
Sputum S‘(](}‘Agmous cell | 358(19.3,55.6) | 46.6 (30.0,62.5) | 28.2(14.9,52.6) | 40 (23.0,52.4) | 8.66E-04 | 0.04
History of nasal polyps 10/90 12/88 3466 22/78 2.97E-04 | 0.04
(% yes)
Sputum lymphocyte (%) 0.8 (0.5, 1.4) 1.2(0.8,2.1) 0.8(0.4,1.4) 0.8(0.2,1.3) 2.62E-03 | 0.04

Change in

ore-BD FVC (b pred) | 05 (33.38) 1(-2.6,5.3) 3.6 (-0.6, 7.6) 15(-15,54) | 4.73E-04 | 0.04
Use CPAP for sleep 6/94 3/97 15/85 20/80 2.80E-03 | 0.03
apnea (% yes)
Change in ACQ6 (score) | -0.2(-0.3,0.0) | -02(-05,03) | -03(-0802) | -03(-0.7,0.2) N.S. 0.03
B'°°d((t:’:|5|2fuhli')°°“”t 37.6 (0.0,54.0) | 47(12.4,70.0) | 54.5(20.8,78.0) | 28 (6.3,67.2) N.S. 0.03
Daily dose of oral steroid 0(0.0, 0.0) 0(0.0,0.0) 0(0.0,2.9) 0(0.0, 2.5) 2.91E-05 | 0.03
in last 3 mos
Diagnosed with 1/99 4196 16/ 84 6/94 2.25E-03 | 0.03
osteoporosis (% yes)
A””“a'sgcrg;“e (0-4 3(2.0,4.0) 3(2.0,3.0) 3(2.0,4.0) 2.5 (1.0, 4.0) N.S. 0.03
History of chronic 2575 29/71 51/49 36/ 64 229E-03 | 0.03
sinusitis (% yes)
Base"[‘n‘?]r‘:]'ajg“c BP | 74(69.0,820) | 79(70.0,850) | 77(68.0,83.0) | 80.5(71.8,85.2) | 3.34E-02 | 0.03
Total sputum cell count 199 (121.0, 236.5 (143.5, 178.5 (107.8, )
Caomiml) 2470) 145 (81.0, 249.0) 245.0) 263.2) 5.25E-04 | 0.03
Epwoth S('Secfﬁgess scale | 4 (4.0,10.0) 6 (4.0, 9.0) 7(4.0,9.2) 8(5.0,120) | 4.74E-02 | 0.03
Take GERD medications 23177 29/71 48152 41759 4.43E-03 | 0.03
in last month (% yes)
Hospitalized for
breathing problems in 2/98 5795 9/91 18/82 4.61E-03 | 0.03
last 12 mos (% yes)
Baseline systolic BP (mm 120 (110.0, 122 (112.0, 125.5 (115.8, 126.5 (112.8, 161E-02 | 0.03
Hg) 131.0) 131.0) 140.2) 138.2) : :
Total sputum cell count
. 136.5 (64.2, 70.7 (317, 162.7 (86.8, 104.8 (54.1,
without squamous cells 9.36E-05 | 0.03
oaonaiml) 203.3) 140.6) 279.0) 245.9)
Medication adherence
report scale (score) 23(21.0,24.0) | 22(20.0,240) | 23(20.0,24.0) | 23(21.0, 24.0) N.S. 0.02
Diagnosed with diabetes 5/95 3/97 14/86 15/85 207E-02 | 0.02
(% yes)
Diagnosed with
bronchitis>1 time/yr (% 17/83 26/ 74 38/62 35/65 1.89E-02 | 0.02
yes)
Blood eosinophil count 180 (120.0, 201.6 (112.1, 334.5(190.5, 227.6 (130.8, 1.62E-04 0.02
(cells/uL) 281.2) 370.0) 504.9) 350.3) : :
Change in pre-BD
FEVLRVC (% pred) 1.3(-1.7,3.1) 0.5(-1.2,3.3) 1.4 (-1.3,4.7) 1.1(-2.1,4.8) N.S. 0.02
i 0,
History °fy£)u stay (% 15/85 18/82 15/85 30/70 2.97E-02 | 0.02
FeNO (ppb) 23(14.0,34.0) | 23(12.0,47.0) | 26.5(16.0,43.2) | 19(12.0,29.2) N.S. 0.02
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Use long acting anti-

cholinergic in last 3 mos 2/98 81792 15/85 8/92 N.S. 0.02
(% yes)
Baseline pre-BD
FEV/FVC (% pred) 86.9 (80.2,94.0) | 86.5(77.8,92.4) | 83.7(73.5,91.0) | 86.5(76.3,92.4) N.S. 0.02
Asthma provoked by
respiratory infection (% 84/16 85/15 88/12 95/5 N.S. 0.01
yes)
Asthma provoked by 78122 79/21 81/19 91/9 N.S. 0.01
cigarette smoke (% yes)
Have sibling with asthma 43/57 26/74 41/59 35/65 NS, | 001
(% yes)
Asthma provoked by
NSAIDs (% yes) 4796 41796 11/89 9/91 N.S. 0.01
History of biologic 5/95 1/99 6/94 9/91 N.S. 0.01
therapy (% yes)
Change in FeNO (ppb) -4 (-9.0, 1.0) -4 (-12.0, 0.0) -5.5(-13.0, 1.0) -3 (-9.0, 4.0) N.S. 0.01
Diagnosed with clinical
depression (% yes) 0(0.0, 0.0) 0(0.0, 0.0) 0(0.0, 0.0) 0(0.0, 1.0) N.S. 0.01
History of
Immunotherapy (% yes) 43 /57 37/63 52 /48 43 /57 N.S. 0.01
History OJeigzema (% 35/65 30/70 26174 36/ 64 NS, | 001
Change in total sputum -20.5 (-84.0, : -4 (-102.5, na
cell count (x10"4/ml) 61.0) 22 (-30.0,133.0) 117.2) 4(-91.8,50.0) N.S. 0.01
Change in total sputum
cell count without -22.8 (-95.0, 21.1 (-18.7,
squamous cells 28.5) 93.4) -8.3(-95.3,94.0) | -15(-53.8, 33.8) N.S. 0.01
(x10"4/ml)
History of allergy in 49/51 56/ 44 45/55 51/49 NS, | 000
spring (% yes)
Mother or father with 31/69 32/68 27/73 36/ 64 N.S. 0.00

asthma (% yes)

* The variables in this table are ordered by their INFOGAIN values; » The FDR-adjusted p-value from the

ANOVA, Kruskal-Wallis rank sum test, or Chi-square analysis for continuous, categorical ordinal and categorical

binary variables, respectively, between the four clusters. # N.S. stands for ‘not significant.” Numerical data are

presented as median (first, third quartiles).
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Table E3: The 100 variables used in the cluster analysis and their differences between the

identified clusters in the discovery set.

View Variable (PF\éaél)Ji Significantly Different Clusters
(FDR p-value < 0.05)*
1 History of eczema (% yes) N.S.
1 Highest household education (score) 3.26E-06 | ClI1-Cl4; CI2-Cl4; CI3-Cl4
1 Annual income (score) N.S.
1 Have sibling with asthma (% yes) N.S.
1 Asthma provoked by emotions (% yes) 5.33E-05 | ClI1-Cl4; CI2-Cl4
1 Asthma provoked by cigarette smoke (% NS
yes) -
1 Epwoth sleepiness scale (score) 4.74E-02 | CI1-Cl4
1 HADS anxiety (score) 2.89E-03 | CI1-Cl4; CI2-Cl4; CI3-Cl4
1 HADS depression (score) 2.57E-09 g:i-CB; CI1-Cl4; CI2-Cl4; CI3-
1 Insomnia (score) 5.01E-05 | CI1-CI3; CI1-Cl4; CI2-Cl4
1 Diagnosed with clinical depression (% yes) N.S.
1 Baseline pulse (beats/min) 5.08E-08 | CI1-Cl4; CI2-Cl4; CI3-Cl4
1 Baseline body temperature (Fahrenheit) 4.31E-03 | CI1-Cl4; CI3-Cl4
1 Blood basophil count (cells/uL) N.S.
1 Blood monocyte count (cells/uL) N.S. CI1-CI3
1 History of Immunotherapy (% yes) N.S.
— 5
1 Take GERD medlc;a/g:)ns in last month (% 4.43E-03 | CI1-CI3: CI1-Cl4
1 Diagnosed with osteoporosis (% yes) 2.25E-03 | CI1-CI3
1 Diagnosed with diabetes (% yes) 2.07E-02 | CI2-Cl4
1 Medication adherence report scale (score) N.S. Cl2-Cl4
1 Baseline systolic BP (mm Hg) 1.61E-02 | CI1-Cl4
1 Baseline diastolic BP (mm Hg) 3.34E-02 | CI1-Cl4
1 Diagnosed with hypertension (% yes) 2.15E-05 g:i—CIS; CI1-Cl4; Cl2-CI3; Cl2-
1 Waist circumference (cm) 2.88E-13 g:i—CB; CI1-Cl4; Cl2-Cl4; CI3-
1 Hip circumference (cm) 2.88E-13 | ClI1-Cl4; CI2-Cl4; CI3-Cl4
1 Diagnosed with sleep apnea (% yes) 3.41E-05 | CI1-Cl4; CI2-CI3; CI2-Cl4
1 Use CPAP for sleep apnea (% yes) 2.80E-03 | ClI1-Cl4; CI2-Cl4
2 Activity limitation AQLQ (score) 211619 | Gy C13 CIL-Cle Cla-Cl CI3-
2 Environmental score AQLQ (score) 2.08E-10 | CI1-Cl4; CI2-Cl4; CI3-Cl4
2 Emotion score AQLQ (score) 2.51E-12 g:i'CB; CI1-Cl4; Cl2-Cl4; CI3-

E24



CI1-CI2; CI1-CI3; CI1-Cl4; Cl2-

2 ACT (score) 2.82E-16 Cla: CI3-Cla
Cl1-ClI2; CI1-CI3; CI1-Cl4; ClI2-

2 Symptoms AQLQ (score) 6.21E-14 Cla: CI3-Cla
2 Maximal FEV1 (% pred) 9.52E-08 g:},"CB; Cl1-Cl4; cl2-Cls; Cis-
2 Baseline pre-BD FVC (% pred) 2.18E-11 g:zll-us; CI1-Cl4; CI2-CI3; Cl2-
2 Baseline pre-BD FEV1/FVC (% pred) N.S.
2 History of allergy in spring (% yes) N.S.
2 Mother or father with asthma (% yes) N.S.
2 Serum IgE (log10) 3.03E-03 | CI1-CI3; CI2-CI3; CI3-Cl4
2 History of perennial allergy (% yes) 2.23E-10 | CI1-CI3; CI2-CI3; CI3-Cl4
2 Number of specific IgE 2.71E-15 g:i—CB; CI1-Cl4; CI2-CI3; CI3-
2 History of seasonal allergy (% yes) 1.04E-06 | CI1-CI3; CI2-CI3; CI3-Cl4
2 Sputum squamous cell (%) 8.66E-04 | CI2-CI3; CI3-Cl4
2 Sputum epithelial cell (%) 3.17E-05 g:i'c'z; CI1-Cl4; CI2-CI3; CI3-
2 Sputum macrophage (%) 5.97E-07 g:i—CIZ; CI2-CI3; CI2-Cl4; CI3-
2 Sputum lymphocyte (%) 2.62E-03 | CI1-Cl2; CI2-CI3; CI2-Cl4
2 FeNO (ppb) N.S. CI3-Cl4
2 Blood eosinophil count (cells/uL) 1.62E-04 | CI1-CI3; CI2-CI3; CI3-Cl4
2 Sputum eosinophil (%) 5.24E-07 | CI1-CI3; CI2-CI3; CI3-Cl4
2 FEV1 albuterol response (% pred) 5.18E-07 g:i'CIZ; CI1-CI3; CI1-Cl4; CI3-
2 FVC albuterol response (% pred) 2.45E-08 g:i—CIZ; CI1-CI3; CI1-Cl4; CI3-
2 Asthma provoked by NSAIDs (% yes) N.S.
2 History of nasal polyps (% yes) 2.97E-04 | CI1-CI3; CI2-CI3
2 History of nasal polyps removed (% yes) 1.38E-06 | CI1-CI3; CI2-CI3; CI3-Cl4
2 History of sinus surgery (% yes) 2.94E-06 | CI1-CI3; CI2-CI3; CI3-Cl4
2 History of chronic sinusitis (% yes) 2.29E-03 | CI1-CI3; CI2-CI3
2 Admitted to ER for asthma (% yes) 2.05E-04 | CI1-Cl4; CI2-Cl4; CI3-Cl4
2 Hospitalized for breathing problem (% yes) 3.30E-05 | ClI1-Cl4; CI2-Cl4; CI3-Cl4
2 History of ICU stay (% yes) 2.97E-02 | CI1-Cl4; CI3-Cl4
5 Asthma provoked by respiratory infection (% NS

yes) -
2 Diagnosed with bronchitis>1 time/yr (% yes) | 1.89E-02 | CI1-CI3; CI1-Cl4
2 Total WBC count (K/uL) 4.60E-07 g:},"CB; Cl1-Cla; Cl2-Cl4; CI3-
2 Blood neutrophil count (cells/uL) 2.72E-05 | CI1-CI3; CI1-Cl4; CI2-Cl4
2 History of GERD (% yes) 5.33E-05 g:i'c'& CI1-Cl4; CI2-ClI3; Cl2-
2 Asthma provoked by routine activities (% 5 47E-11 CI1-CI3; CI1-Cl4; CI2-Cl4; CI3

yes)

Cl4
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CI1-CI3; CI1-Cl4; CI2-Cl4; CI3-

2 ACQ6 (score) 2.01E-10 cla
Number of weekly SABA puffs or nebulizer Cl1-CI3; CI1-Cl4; CI2-Cl4; CI3-
2 ; 1.61E-07
in last mo Cl4
2 Hospitalized for breathing problems in last 461E-03 | cli-cla
12 mos (% yes)
2 Urgent care visit (doctor office or ED) for 5 24E-07 Cl1-CI3; CI1-Cl4; CI2-CI3; Cl2-
breathing problems in last 12 mos (% yes) ' Cl4
Urgent care visit (doctor office or ED) or ~la Al ~la i
2 systemic corticosteroid burst for breathing 3.28E-06 CI1-CI3; Cl1-Cl4; CI2-Cl3; CI2
: Cl4
problems in last 12 mos (% yes)
Number of asthma exacerbations in last 12 CI1-CI3; CI1-Cl4; CI2-CI3; Cl2-
2 3.88E-10
mos Cl4
2 Daily dose of oral steroid in last 3 mos 2.91E-05 g:i-CIB; CI1-Cl4; CI2-CI3; Cl2-
2 Has asthma pre"e“)fgg)ab'"w towork % | 52407 | Cl1-Cl4; CI2-Cl4; CI3-Cl4
2 Level of inhaled CS in last 3 mos (score) | 6.36E-07 g:i'c'& CI1-Cl4; CI2-Cl3; Cl2-
2 Takes high dose ICS Regularly (% yes) | 1.38E-06 g:i'm; CI1-Cl4; CI2-Cl3; Cl2-
2 Use LABA in last 3 mos (% yes) 2.69E-06 g:i'c's; CI1-Cl4; CI2-ClI3; Cl2-
2 Use long acting anti-cholinergic in last 3 mos NS, CI1-CI3
(% yes)
2 Total sputum cell count (x10°4/ml) 5.25E-04 | CI1-CI2; CI2-CI3; CI2-Cl4
2 Total sputum cell count without squamous 9.36E-05 | CI1-CI2: CI2-CI3: CI2-Cl4
cells (x1074/ml)
. Cl1-CI2; CI1-Cl4; CI2-CI3; ClI2-
2 Sputum neutrophil (%) 2.12E-09 Cl4: CI3-Cl4
2 History of biologic therapy (% yes) N.S.
3 BMI 7.08E-18 | CI1-Cl4; CI2-Cl4; CI3-Cl4
3 Black/African American (%) 1.11E-07 g:i—CM; Cl2-CI3; CI2-Cl4; Cl3-
3 Age at onset (age) 6.84E-11 g:i—CIZ; CI1-CI3; CI2-CI3; Cl3-
3 Age (age) 1.56E-21 | CI1-CI3; CI2-CI3; CI3-Cl4
3 Change in maximal FEV1 (% pred) 1.12E-05 | CI1-CI3; CI2-CI3; CI3-Cl4
3 Change in pre-BD FVC (% pred) 4.73E-04 | CI1-CI3; CI1-Cl4; CI2-CI3
3 Change in pre-BD FEV1/FVC (% pred) N.S.
3 Change in sputum squamous cell (%) 2.06E-04 | ClI1-CI2; CI2-CI3; CI2-Cl4
3 Change in sputum epithelial cell (%) 8.21E-11 g:i'c'z; CI1-Cl4; CI2-CI3; Cl2-
3 Change in sputum macrophage (%) 4.74E-23 | CI1-CI2; CI2-CI3; CI2-Cl4
3 Change in sputum lymphocyte (%) 1.41E-07 | CI1-CI2; CI2-CI3; ClI2-Cl4
3 Sex (% females/males) 6.02E-05 g:i-CIZ; CI1-CI3; CI1-Cl4; CI3-
3 Triamcinolone-related change in FEV1 151E-12 CI1-CI2; CI1-Cl4; CI2-Cl4; CI3-
albuterol response (% pred) ' Cl4
3 Triamcinolone-related change in FVC 1.58E-12 CI1-CI2; CI1-CI3; CI1-Cl4; Cl2-

albuterol response (% pred)

Cl4; CI3-Cl4
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3 Change in ACQ6 (score) N.S.
3 Change in FeNO (ppb) N.S.
3 Change in sputum eosinophil (%) 6.32E-08 | CI1-CI3; CI2-CI3; CI3-Cl4
3 Change in total sputum cell count without NS, CI1-Cl2: Cl2-Cl4

squamous cells (x10"4/ml)
3 Change in total sputum cell count (x10*4/ml) N.S. Cl1-Cl2; ClI2-Cl4

. . Cl1-CI2; CI1-CI3; CI1-Cl4; ClI2-

3 Change in sputum neutrophil (%) 2.71E-36 CI3: Cl2-Cl4

The order of the variables (from top to bottom) in this table are the same as that in S1 Table and in Fig 1 (from left to
right). * The FDR-adjusted p-values from the ANOVA, Kruskal-Wallis rank sum test, or Chi-square analysis for
continuous, categorical ordinal and categorical binary variables, respectively, between the four clusters. > Clusters
with significant differences determined by the pairwise t-test, Wilcoxon rank sum test, or Fisher's exact test for
continuous, categorical ordinal and categorical binary variables (FDR adjusted p-value < 0.05). # N.S. stands for ‘not

significant.’
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Table E4: Lung function changes before and after bronchodilator and/or CS in Clusters 3

and 4 patients in the discovery and the test set.

(A) Discovery set:

Variable Cluster 3 Cluster 4 P-value*
(n=96) (n=96) (FDR)

Baseline pre-BD FEV1 65.5 (54.5,75.8) | 69.4 (59.9, 79.4) 8.9E-09
Baseline maximal FEV1 75.8 (63.6,86.2) | 84.9(73.6,94.8) 9.5E-08
%\ Baseline FEV1 albuterol response 9.1 (6.7, 14.0) 13.3 (8.0, 19.4) 5.2E-07
§ Post-CS, pre-BD FEV1 69.9 (57.2,80.0) | 73.9(63.2,85.3) 6.9E-04
E Change in pre-BD FEV1 3(-0.9,8.9) 3.5 (-0.3, 10.6) 1.4E-06
m Post-CS maximal FEV1 81.9 (69.5,91.7) | 86.5(72.3,96.1) 4.2E-05
Change in maximal FEV1 3.7 (-1.0,8.1) -0.7 (-3.6, 3.5) 1.1E-05

Post-CS FEV1 albuterol response 9 (4.8, 14.4) 8.1 (3.5, 14.8) N.S.
Baseline pre-BD FVC 78.2(70.9,85.2) | 79.8(72.0,91.1) 2.2E-11
Baseline maximal FVC 86.7 (79.2,94.9) | 93.3(83.2, 103.6) 5.6E-08
= Baseline FVC albuterol response 7.9 (4.6,12.0) 10.5 (5.9, 16.3) 2.5E-08
q’é Post-CS, pre-BD FVC 81.7 (71.6,93.4) | 80.8(71.8,94.1) 3.8E-04
E’ Change in pre-BD FVC 3.6 (-0.6, 7.6) 1.5 (-1.5,5.4) 4.7E-04
i Post-CS maximal FVC 89.0 (79.0,99.8) | 90.3(76.9, 100.1) 7.8E-06
Change in maximal FVC 2.5(-2.1,7.6) -3.5(-8.0,-0.3) 2.9E-08

Post-CS FVC albuterol response 6 (3.1, 10.9) 4.1 (1.3, 10.5) N.S.

(B) Test set:
Variable Cluster 3 Cluster 4 P-value*
(n=57) (n=38) (FDR)

Baseline pre-BD FEV1 59.3 (43.6,74.2) | 70.3(59.4,80.7) 3.4E-07
Baseline maximal FEV1 70.6 (51.6,84.0) | 80.8 (65.6, 89.8) 9.9E-08
§ Baseline FEV1 albuterol response 7.9 (4.5, 15.8) 8.1(5.4,14.2) 1.2E-03
O\"E Post-CS, pre-BD FEV1 66.7 (47.7,83.3) | 71.3(60.1,82.5) 6.0E-06
E Change in pre-BD FEV1 3.5(-2.4,12.6) 0.3(-2.0,4.1) 9.0E-02
m Post-CS maximal FEV1 75.8 (55.0, 87.3) 81 (67.6, 90.9) 2.3E-06
Change in maximal FEV1! 1.7 (-2.7,7.8) 0.2 (-2.1, 2.4) 5.3E-02

Post-CS FEV1 albuterol response 7.3(3.4,12.2) 7.8 (4.1, 11.6) N.S.
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FVC (% pred)

Baseline pre-BD FVC 73 (58.0, 80.5) 78.5 (71.7,90.2) 6.5E-10
Baseline maximal FVC 81 (68.1, 90.2) 84.7 (78.6, 97.9) 3.0E-10
Baseline FVVC albuterol response 7.9 (3.0, 12.6) 6.3 (3.6, 11.4) 1.9E-05
Post-CS, pre-BD FVC 77.6 (61.3,89.3) | 79.4(72.1,90.4) 4.8E-08
Change in pre-BD FVC! 3.8(-2.2,10.7) 0.3(-2.3,4.2) 3.6E-02
Post-CS maximal FVC 83.5(70.1,92.8) | 84.1(77.8,94.8) 1.8E-08
Change in maximal FVC' 0.9 (-1.8, 6.5) -0.3(-3.3,2.1) 1.2E-02
Post-CS FVC albuterol response 5.9 (2.3, 8.9) 6.6 (2.4,10.3) 2.5E-03

Numerical data are presented as median (first, third quartiles).

* The FDR-adjusted p-value from the ANOVA, Kruskal-Wallis rank sum test, or Chi-square analysis for

continuous, categorical ordinal and categorical binary variables, respectively, between the four clusters. # N.S.

stands for ‘not significant.” T The ‘change’ variables were created by subtracting the baseline values of the variables
from the values of the corresponding variables after CS.
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Table E5: A list of the top 12 predictive nonredundant baseline variables.

Baseline Predictive Nonredundant
Variables (INFOGAIN)

Redundant Variables

Age (0.25)

NULL

Activity limitation AQLQ (0.18)

ACT score, symptoms AQLQ, emotion score AQLQ,
environmental score AQLQ, HADS depression score,
asthma provoked by routine activities, ACQ6 score,
number of weekly SABA puffs or nebulizer in last mo,
level of inhaled CS in last 3 mos, number of asthma
exacerbations in last 12 mos, urgent care visit (doctor
office or ER) for breathing problems in last 12 mos,
insomnia score

Age at onset (0.18)

History of perennial allergy

BMI (0.17)

Waist circumference, hip circumference

Baseline pre-BD FVC (0.15)

Maximal FEV1

Sputum macrophage (0.14)

Sputum neutrophil

Number of specific IgE (0.11)

History of seasonal allergy

FVC albuterol response (0.1) NULL
Baseline pulse (0.1) NULL
Total WBC count (0.09) NULL
Black/African American (0.08) NULL
Sputum eosinophil (0.08) NULL

The predictive nonredundant variables are shown in the first column, while their corresponding redundant variables

are shown in the second column. The variables are ordered by their INFOGAIN values in a descending order.
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Table E6: Demographics of the adult asthmatic subjects in the cluster analysis (discovery

set) and the subjects in the independent SARP test set.

Subjects for Subjects for P-value*
Cluster Analysis Validation (FDR)

Sample Size 346 182
Age 49.3 (37.0,57.9) 495 (37.3,57.8) 0.83
Sex (% females/males) 67 /33 66 / 34 0.92
BMI 30.9 (26.5, 37.0) 31(27.0, 36.8) 0.90
Black/African American 24 30 035

(%)
Age at onset 12 (5.0, 27.0) 12 (4.0, 29.8) 0.90
i - 0,
Baseline p;fe'g)D FVC (% 84.1(74.7,97.3) 82.7 (71.3, 97.9) 0.51
Maximal FEV1 (% pred) 85.5(72.9, 97.6) 83.2 (64.5,98.2) 0.35
Baseline pre-BD FEV1/FVC

(% pred) 86 (77.1, 92.9) 86.3 (74.7,94.9) 0.90
Severe Asthma (%) 64 60 0.83

Numerical data are presented as median (first, third quartiles).

* The FDR-adjusted p-value from the Welch’s t-test or Chi-square test between the 346 subjects used for the cluster
analysis and the 182 subjects in the independent test set.
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Figure E1: A schematic illustration of the multiple kernel k-means clustering (MKKC)
approach. Kernel matrices from different views are integrated into a combined kernel

matrix before clustering is performed.

E32



Optimal number of clusters
Elbow method

37000 1

36000 -

35000 -

34000 1

33000 -

Total Within Sum of Square

32000 1

310001

N I e i I

5 6 7 8 9 10
Number of clusters k

Figure E2: The optimal number of clusters in our cluster analysis was determined

using the elbow method.
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Figure E3: Illustrations of separation of the four clusters identified by the MKKC

method using 3D PCA plots. Two different angles of the PCA plots are shown. (A)

Separation of Clusters 1 and 3 from the other clusters is shown. (B) separation of Clusters 2

and 4 from the other clusters are shown (with Cluster 3 in the back). Dots represent patients

used in the cluster analysis which were color-coded by clusters.
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Figure E4: Stability of the identified clusters when variables were assigned into different views.
Adjusted Rand indexes were shown (A) when different numbers of variables were moved from View 1 to
View 2; or (B-C) when demographic variables were moved from View 3 to View 2 (B) or View 1 (C), with
different INFOGAIN cutoff values. The numeric value near each symbol in each plot shows the
INFOGAIN cutoff value.
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Figure E5: Distinguishing features of Cluster 3 (with all data points shown). At baseline, Cluster 3 had
the highest sputum eosinophil percentages (A), lowest lung functions (C, E). Post triamcinolone, Cluster 3
had the most decrease in sputum eosinophil percentages (B), and the largest improvement in lugg; function
(D, F). The box plots in this figure are shown with all data points (including outliers).
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Figure E6: Distinguishing features of Cluster 4 (with all data points shown). At baseline, Cluster 4 had
the worst Activity limitation AQLQ (A), highest pulse (B), total WBC count (C), and health care
utilization (D), with the largest FVC albuterol response (E). Post triamcinolone, the FVC aIbuteEr307I change
decreased the most. The box plots in this figure are shown with all data points (including outliers).
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Figure E7: The T2 gene mean (T2GM) RNA levels at baseline and change before and after
triamcinolone (with all data points shown). At baseline, Cluster 3 had the highest T2GM values (A).
After triamcinolone, Cluster 3 showed the largest decrease in the T2GM values (B).
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