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Abstract

Introduction: While reliable, quantitative in vitro testing for
sensitivity to aeroallergens has been available for decades,
such information has largely been ignored in clustering anal-
yses of asthma. Our aim is to explore allergic polysensitiza-
tion as a possible marker of asthma severity and, as such, to
be considered as an integral marker in future asthma cluster-
ing analyses. Methods: We constructed a database of sensi-
tizations to the 25 aeroallergens in our geographic area
(zone 1, Northeastern US) using the ImmunoCAP® in vitro
assay. We used the Scikit-Learn® machine learning library for
model-based clustering to identify allergic polysensitization
clusters. Clusters were compared for differences in common
office-based clinical markers of asthma. Results: The data-
base consisted of 509 patients. Unbiased machine learning
identified ten clusters of increasing allergic polysensitization
of varying sizes (n = 1-339) characterized by significant in-
creases in mean serum immunoglobulin E (p < 0.001), pe-
ripheral blood eosinophil count (p < 0.001), and D o (p =
0.02). There was a significant decline in mean age at presen-

tation (p < 0.001), FEV,/FVC (p=0.01), and FEF,5_.75 (p = 0.002)
with increasing allergic polysensitization. Finally, we identi-
fied two divergent paths for the poly-atopic march, one driv-
en by perennial and the other by seasonal allergens. Conclu-
sion: This pilot study showed that allergic polysensitization,
using readily available qualitative and quantitative in vitro
sensitization data, largely ignored in cluster analyses to date,
may add further clinical precision in cluster analyses of asth-
ma. We suggest the methods used here can be applied and
tested using larger databases and aeroallergens present in
diverse geographic regions. ©2022 S. Karger AG, Basel

Introduction

Asthma is known as both one of the most common
chronic respiratory conditions as well as a highly hetero-
geneous disease [1]. An active area of research has been
characterizing the heterogeneity of asthma and assessing
how cohorts with similar characterizations can predict
more precision treatments [2, 3]. In recent years, machine
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Table 1. Major severe asthma cluster analyses and how atopy was
defined

Cluster analysis Definitions of atopy

Haldar et al. (2008) [4] Presence or absence of atopy if a weal
developed that was 2 mm larger than
saline negative control for at least one
allergen tested: cat fur, dog dander,

grass pollen, and D. pteronyssinus

Moore et al. (2010) [5] Number of positive skin prick test (12

aeroallergens, weal sized not specified)

Amelink et al. (2013) [6]  Presence or absence of atopy by at least

one positive specific IgE test

Kim et al. (2013) [7] Presence or absence of atopy based on
at least one positive skin prick test to 12
common allergens (weal size

unspecified)

Silkoff et al. (2015) [8]
Schatz et al. (2014) [10]

Atopy not assessed

Presence or absence of self-reported
allergic triggers (pollen, animals, mold,
dust)

Newby et al. (2014) [11]  Presence or absence of perennial or
seasonal rhinitis, presence or absence

of atopy via skin prick test

Zaihra et al. (2016) [12]  Presence or absence of atopy by skin
prick test if at least one weal was >3

mm

learning-derived cluster analyses have identified sub-
groups that share asthma phenotypes and endotypes.
Haldar et al. [4] from the UK was one of the first groups
to identify severe asthma clusters and would be soon fol-
lowed by the Severe Asthma Research Program [5]
(SARP) from the NIH/NHLBI. As research groups ex-
plore findings across large and diverse cohorts [6-8], a
goal is to prospectively identify markers useful to classify
patients within well-characterized clusters [9-13]. Atopic
asthmatics have been identified by independent analyses
for their high disease burden and medication usage [14,
15].

In atopic asthma, immunoglobulin E (IgE)-mediated
sensitization to an allergen(s) and subsequent allergen re-
exposures can serve as a major driver of asthmatic symp-
toms and exacerbations [16, 17]. Between 51-80% of pa-
tients will have sensitization to more than one allergen, a
state referred to as polysensitization [18]. Moreover, po-
ly-sensitized patients can experience more severe allergy
and asthma symptoms than mono-sensitized patients
[19]. To date, however, cluster analyses have largely dis-
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regarded laboratory quantitation of atopic sensitization,
or used self-reported atopy, or included atopy as a simple
touchpoint in their analysis if one or more skin prick tests
were positive over control (Table 1). These analyses have
not considered the number of positive sensitizations, the
quantitative level of sensitization that can be measured by
allergen-specific IgE, or co-sensitization/synergy be-
tween specific allergens as either variables in the cluster-
ing or as a biomarker to predict cluster assignment. Thus,
an individual with one weakly positive skin test or IgE-
allergen sensitization and an individual that is highly po-
ly-sensitized are both labeled equally atopic. The focus of
this study is the number of sensitizations, co-sensitiza-
tions, and clustering of specific IgE levels in the aeroal-
lergen panel [20, 21] from patients in our urban asthma
clinic. Moreover, we assess how demographic and pheno-
typic markers of asthma might be predictably influenced
in patients matched for similar positive allergens, co-sen-
sitizations, and levels of sensitivity to those allergens.

Methods

Chart Review

We performed a retrospective chart review of adults with mod-
erate to severe asthma who presented to the Drexel University out-
patient Pulmonary/Asthma Clinic between 2008 and 2019 and
analyzed IgE levels for each positive allergen in the widely used
ImmunoCAP® 25 aeroallergen panel. In our geographic region,
we selected the zone 1 Northeastern US panel (see online suppl.
Table E1 for list; for all online suppl. material, see www.
karger.com/doi/10.1159/000526706) for identification of allergen
sensitizations. All tests were performed by either Labcorp or Quest
Diagnostics. Multiple studies have shown the ImmunoCAP® assay
to be quantitative, accurate, and reproducible [20-22]. Though we
ordered the zone 1 profile, specific allergen profiles are available
for twenty different US regions including Puerto Rico. The re-
search was approved by the Drexel Institutional Review Board in
an expedited review. Written informed consent was waived be-
cause of de-identification. Diagnosis of moderate or severe asthma
was made consistent with Step 4 or 5 GINA and/or ERS/ATS
guidelines [23, 24]. Information extracted included self-identified
demographics, smoking history, BMI, asthma and allergy medica-
tions, comorbid conditions (e.g., COPD, rhinitis), total IgE level,
pulmonary function tests (PFT), and earliest recorded peripheral
blood eosinophil count (PBEC). All extracted information came
from or was ordered at the patient’s initial specialist visit. Missing
data were not imputed. Our exclusion criteria included patients
<18 years old, those receiving allergen-specific immunotherapies,
systemic corticosteroid use within a month of blood draw, hema-
tologic malignancies, and allergic bronchopulmonary aspergillo-
sis. Patients with asthma-COPD overlap were included if there was
a history of childhood asthma or physician documented asthma
before age 30. A high poverty zip code was defined as having a pov-
erty rate higher than the national average, 10.5% [25, 26], from the
City of Philadelphia Health Dashboard [27].
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Preprocessing

During the study period, the InmunoCAP® lower detection
limit changed from “<0.35 IU/mL” to “<0.10 IU/mL” from labora-
tory providers. In either case, when the test reported less than the
lower limit, we entered a “0” into our database. If the upper limit
of detection (>100 IU/mL) was reported, we entered “100” into our
database. Though normalization is a common step in machine
learning data processing, because the sensitization data was on the
same scale (i.e., all variables were specific IgE with the same range),
this was not necessary and therefore was not done. We used the
elbow method with a scree plot [28] (online suppl. Fig. E1) for di-
mensionality reduction; the elbow occurred between 3 and 6 prin-
cipal components. We selected 4 principal components because
the resulting clustering best balanced explaining the data without
overfitting.

Dirichlet Process Mixture Models

To identify allergic polysensitization (APS) profiles, we per-
formed cluster analysis in the form of Dirichlet Process Mixture
Modeling (DPMM) [29] on the ImmunoCAP® 25 aeroallergen-
specific IgE panel by utilizing the Scikit-Learn machine learning
library [30] in Python version 3.9.0. This library uses a Variation-
al Bayes (VB) [31, 32] approach with a Dirichlet process prior to
determine the cluster number, means, and covariance matrices as
well as cluster assignment. Unlike other clustering algorithms
where the user must predetermine the appropriate cluster number,
with a DPMM, the user is only required to input an upper bound
for the appropriate cluster number. With this upper bound, some
of the clusters will be used while others will be given a weight of
zero and contain no observations/patients [33]. In this work, a
cluster number of 20 was estimated based on preliminary cluster-
ing trials to be a valid upper limit. All other parameters required
for DPMM:s were kept at the Scikit-Learn program-calculated de-
faults.

Assessment of Cluster Correlations

After visualizing the clustering results, it was hypothesized sen-
sitization to each allergen did not increase uniformly between clus-
ters. A correlation circle was plotted with the contribution of each
allergen to the first two principal components [34]. Viewing these
findings, we further hypothesized there would exist clusters of the
clusters, here called “superclusters.” To evaluate this, we created a
correlation matrix of the clusters, then ordered the matrix by hier-
archical clustering. Correlation matrix plotting was done with cor-
rplot [35], and factor analysis was done with the factoextra [36]
and FactoMineR [37] packages in RStudio version 1.3 [38].

Between-Cluster Comparison of Clinical Markers

Given the known relationship between IgE and asthma, we hy-
pothesized clusters associated with higher levels of sensitization
would be predictive of more perturbed asthmatic clinical markers.
To assess this, we first calculated an APS score for each cluster de-
fined by the overall average allergen sensitization. Simple linear
regression was then used to assess the relationship between the
cluster APS scores and common clinical markers of allergic asth-
ma, including serum IgE, PBEC, PFT results, and demographic
data. The data for serum total IgE and PBEC were linearized prior
to regression analysis. Plotting was done with ggplot2 [39] and
dplyr [40].

APS Is a Novel Asthma Severity Marker

Table 2. Demographics of subjects in the study

Demographics of subjects

N 509

Age (SD) 50.48 (13.9)

Age groups (%)
18-35 years 84 (16.6)
36-64 years 349 (69.0)
>65 years 73 (14.4)
Missing 3(0.58)

Male:female ratio® 1:3.4

Percent male, percent female 22.9%, 77.1%

BMI kg/m? (SD) 33.0(9.3)
BMI groups (%)
<18.5 kg/m? 12 (2.4)
18.5-24.9 kg/m? 89 (17.5)
25.0-29.9 kg/m? 93(18.2)
>30 kg/m? 267 (52.4)
Missing 48 (9.4)
Race (%)
Black 315(61.9)
White 131 (25.7)
Latino 26 (5.1)
Asian 23 (4.5)
Other/not specified 14 (2.8)
In zip codes of high poverty (%) 76.2%
Black 270 (87.8)
White 61 (48.0)
Latino 22(88.3)
Asian 18(78.3)
Other/not specified 3(50)

Smoking =10 pack-years (%) 198/494 (40.1)

2 Only the latter 179 patients had their gender recorded.

Results

Chart Review

A demographic review of the 509 patients who met in-
clusion criteria is shown in Table 2. The predominant ra-
cial group was black/African American (61.9%). Most pa-
tients identified as female (77.1%). The predominant age
range was 36-64 years old (mean = 50.4 + 13.9, range of
20-88 years). BMI average was 33.0 + 9.3 kg/m? (range of
16.3-72.1 kg/m?). A large majority (76.2%) resided in
high-poverty zip codes. This was particularly evident
among black (87.8%) and Latino (88.3%) patients. Cur-
rent and past smoking history of >10 pack-years was doc-
umented in 40.1% of patients.
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Fig. 1. Cluster correlations. The ten clusters generated by the
Dirichlet model are shown and labeled with their cluster number
(@). Clusters are distinguished by both number of sensitizations
and high specific Immunoglobulin E levels. The x-axis is the first
principal component composed of primarily seasonal allergens de-
tailed in b, and the y-axis is the second principal component com-
posed of primarily perennial allergens detailed in ¢; red dashed

Ten Component Model for APS

DPMMs generated 10 clusters with a non-zero weight,
and the 10 clusters were given a weight of zero (Fig. 1a).
The demographic makeup including the number of pa-
tients with missing data within clusters is shown in Ta-
ble 3. The largest cluster was cluster one (n = 339). These
patients averaged 52.3 + 13.9 years old, had an average
BMI of 33.0 + 9.5 kg/m?, and most (73.3%) lived in high
poverty zip codes. Cluster two consisted of 61 patients
who tended to be slightly younger at 46.9 + 12.9 years old.
There were 51 patients in cluster three and they had a
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lines indicate expected value if seasonal or perennial contributions
were uniform. Principal Component Analysis (PCA) correlation
circle with percent contributions to principal components 1 and 2
is shown in d. Between-cluster correlation matrix of sensitizations
ordered by hierarchical clustering is shown in e; darker shades in-
dicate higher correlations.

similar age at 48.9 + 13.7 years old. Clusters four through
ten had 25 or fewer patients each. Though representing
rare patients, the unbiased DPMMs exposed separate,
distinct, and high-level polysensitization patterns in the 4
patients in clusters eight through ten (see below).

The spread of the sensitizations for each cluster was
right-skewed; therefore, the mean and standard deviation
(Table 4a—c) as well as the median and interquartile range
(Table 4d-f) are reported. Broadly, cluster assignment
was determined by both which allergens the patient was
sensitive to and their specific IgE levels. Assignment to
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Table 3. Demographics of each cluster

Demographic data Cluster 1 Cluster 2 Cluster3  Cluster4  Cluster5 Cluster6  Cluster7  Cluster8 Cluster9 Cluster 10
Total, n 339 60 51 25 6 16 8 2 1 1
Age (SD) 52.3(13.9) 46.9(12.9) 489(13.7) 487(11.0) 52.8(9.7) 458(124) 326(143) 30(85) 43 21
Missing, n (%) 1(0.3) 0(0) 1(4.2) 0(0) 0(0) 0(0) 0(0) 0 0 0
BMI (SD) 33.0(9.5) 339(9.1)  342(9.1) 304(85) 336(76) 33.3(107) 29.5(75) 31.1(48) 28.0 21.7
Missing, n (%) 28(8.9) 13(18.1) 2(8.3) 5(14.3) 1(8.3) 0(0) 1(10) 0(0) 0(0) 0(0)
High poverty zip code, n (%) 241 (73.3) 46 (78.0) 42 (82.4) 23 (100) 3(60) 13 (81.6) 8(100) 2(100) 0(0) 0(0)
Missing, n (%) 10(2.9) 1(1.7) 0(0) 2(8.0) 1(16.7) 0(0) 0(0) 0(0) 0(0) 0(0)
Race
Black 190 43 40 20 1 12 6 1 1 1
White 100 14 6 3 4 3 0 1 0 0
Latino 21 2 0 2 1 0 0 0 0 0
Asian 19 0 2 0 0 0 2 0 0 0
Other 9 1 3 0 0 1 0 0 0 0

Mean and standard deviation are given where appropriate.

cluster 1 appeared to be driven by a median of one posi-
tive sensitization (IQR 0-3, online suppl. Table E2). The
APS score was only 0.11 IU/mL. The overall mean spe-
cific IgE increased with respect to cluster number, but not
every allergen increased stepwise with each cluster. Clus-
ter 2 patients had an APS of 1.39 IU/mL with notably high
sensitizations to dogs and especially cats. Cluster 3 had a
similar APS to cluster 2 of 1.69 IU/mL and tended to have
high sensitization to D. pteronyssinus and D. farinae with
comparatively modest sensitizations to the other aller-
gens. Cluster 4 had a higher APS of 4.25 IU/mL with high
sensitizations to Timothy and Bermuda grass, birch, oak,
maple trees, as well as cats and dogs. Cluster 5 had an APS
of 7.07 IU/mL. Assignment appeared driven by high-lev-
el sensitizations to cats and dogs, as well as a general in-
crease in all seasonal allergies but low sensitization to
molds. Similar to cluster 5, cluster 6 had an APS of 7.35
IU/mL, driven by high-level sensitizations to D. pteronys-
sinus and D. farinae, as well as cats and dogs. The APS of
cluster 7 was 13.55 IU/mL, exposing prominent sensitiza-
tions to birch and oak trees, as well as cats and dogs.
Cluster 8 only had two patients with very high sensiti-
zations to perennial allergens and one of the largest read-
ings to cockroaches. Cluster 9 and cluster 10 were both
single patients. The patient in cluster 9 had an APS of
28.59 IU/mL, driven by reaching the upper limit of detec-
tion for D. pteronyssinus and D. farinae, nearly so for tim-
othy grass, and severe sensitizations to Bermuda grass,
sycamore, oak, and white ash tree. The cluster 10 patient,

APS Is a Novel Asthma Severity Marker

despite sensitizations to D. pteronyssinus, D. farinae, C.
herbarum, and P. chrysogenum, comparable to cluster 1
patients, displayed the upper limit for detection for five
allergens (combined mean =44.71 IU/mL), approximate-
ly 400-fold higher than the average cluster 1 patient.
Moreover, the patient’s highest sensitizations exceeded
all other database patients for 12 of the 25 allergens.

Seasonal versus Perennial Divergence of Clusters

The first principal component (horizontal axis) of the
correlation circle explained 47.2% of the variance and was
comprised of seasonal allergens (Fig. 1b). The second
principal component (vertical axis) explained 14.4% of
the data variance and was comprised of perennial aller-
gens (Fig. 1c). Interestingly, sensitization to birch, oak,
and white mulberry trees appeared to violate this trend.
Factor analysis of the sensitizations was plotted on a cor-
relation circle. Two groups of allergens emerged as or-
thogonal to each other (Fig. 1d). This indicated that with-
in the groups, the allergens were strongly and positively
correlated and relatively uncorrelated to the allergens in
the other group.

Knowing these group separations, we hypothesized
this would translate into polarized clusters that were in-
dividually homogenous for either perennial or seasonal
allergens. To examine this possibility, we created a cor-
relation matrix of the clusters and identified three “super-
clusters” (demonstrated in Fig. 1le). The first was com-
prised of clusters 1, 3, 6, 8, and 9; the second was made up

Int Arch Allergy Immunol 2023;184:261-272
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Table 4. Sensitizations for each cluster

a Perennial Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD)

APS 0.11(0.19)  1.39(0.89) 1.69 (0.90) 4.25 (1.60) 7.07 (2.51) 7.35(3.18) 13.55 (5.66) 17.24 (5.53) 28.59(0) 44.71(0)

D. pteronyssinus 0.26 (0.63)  1.05(2.24) 6.47(7.61)  2.78(3.20) 2.38(3.09) 49.23 (40.31) 6.02(5.93) 100 (0) 100 0.37

D. farinae 0.27(0.70)  1.66 (3.47) 7.81(8.06)  2.90(4.18) 4.75 (6.68) 54.18 (52.87) 8.44(9.14) 100 (0) 100 0.39

Alternaria 0.35(1.55) 2.86(7.69) 1.75(3.63) 4.33 (8.96) 2.98 (4.29) 0.26 (0.76) 13.33(23.87) 2.44(1.63) 1.77 1.16

Aspergillus 0.10(0.62)  0.42(1.47) 0.69 (1.95) 1.55(3.14) 0.62 (0.68) 0.50 (1.25) 6.84 (7.33) 6.96 (5.56) 11.6 1.56

Penicillium 0.07 (0.40)  0.13(0.47) 0.43(0.95)  0.66 (1.56) 0.51(0.79) 0.38(0.54) 1.46 (1.03) 5.77 (4.02) 0.84 0

C. herbarum 0.03(0.18)  0.20(0.71) 0.40 (1.08) 1.31(3.53) 0.73 (0.80) 0.11(0.20) 3.73(5.20) 4.28 (2.58) 0 0

Cat dander 0.14(042) 18.75(16.23) 1.54(246)  6.75(7.19) 79.11(28.52) 53.94 (46.60) 66.18 (38.83) 21.57 (20.40) 19.1 0.86

Dog dander 0.08 (0.28)  3.41(3.71) 0.90 (1.68) 438 13.06 (16.34) 42.83(22.69) 8.62(9.34) 76.73 (35.08) 76.65 225

(33.02)

Cockroach 0.25(1.30)  0.91(1.71) 291(5.81)  2.68(5.34) 1.45(3.01) 4.25(5.39) 13.98 (18.67) 46.29 (63.65) 11.5 218

b Grasses/weeds  Cluster1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD)

Ragweed 0.23(0.98)  1.13(1.96) 2.92 (6.44) 6.85 (12.87) 17.46 (35.10) 1.24(2.33) 6.55(9.22) 35.75 (50.55) 16.6 100

Rough pigweed 0.02(0.09)  0.22(0.62) 0.46 (0.87) 1.34(2.25) 1.19(1.26) 0.97 (2.22) 3.13 (4.25) 2.66 (3.76) 1.64 64.4

Mugwort 0.01(0.08) 0.34(1.32) 0.97 (2.37) 1.58 (2.51) 1.93 (3.39) 0.07 (0.13) 6.90 (10.28) 0.19(0.26) 8.75 68.4

Sheep sorrel 0.01(0.06)  0.07 (0.18) 0.28(0.79)  0.94(1.44) 0.56 (0.72) 0.51(1.32) 2.18(2.63) 0.24 (0.34) 1.92 355

Bermuda grass 0.07 (0.40)  0.50(1.14) 1.59(3.67) 4.41(7.16) 1.56 (1.88) 1.14(2.31) 3.92(3.85) 2.11(2.09) 204 100

Timothy grass 0.13(0.74)  0.91(2.89) 3.17 (4.99) 7.92 (15.84) 4.15(7.87) 0.32(0.51) 5.34(7.32) 1.69 (1.84) 98.6 100

¢ Trees Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD)

White mulberry 0.006 (0.06) 0.02(0.11) 0.16 (0.51)  0.28(0.63) 0.49 (0.56) 0.70 (1.81) 1.42 (2.05) 341 (4.82) 0 5.06

Cottonwood 0.03(0.35)  0.07(0.21) 0.35(0.84) 1.59 (2.40) 1.42(1.31) 0.11(0.22) 3.08(2.92) 0.97 (0.79) 5.63 455

Mountain cedar 0.05(0.44)  0.08(0.23) 0.38 (0.80) 0.79(0.91) 0.67 (0.65) 1.03 (1.59) 2.01(1.86) 4.65 (5.85) 11.6 319

Walnut tree 0.03(0.18)  0.14(0.41) 0.63(1.33)  3.47(6.00) 1.84(2.18) 0.37(1.16) 3.75(5.27) 5.15(6.69) 13.6 100

Sycamore 0.03(0.19)  0.10(0.29) 0.60(1.37)  2.13(3.18) 1.45 (1.30) 1.26 (3.25) 5.80 (6.81) 0.63(0.21) 19.4 48.9

Maple 0.07 (0.38)  0.23(0.53) 1.53(469)  6.00(11.17) 1.30(1.23) 0.72(1.61) 4.11(3.10) 1.06 (0.82) 12.7 794

Birch 0.09 (0.47)  0.39(1.20) 1.84(3.15) 14.41(21.27)  1.50(1.79) 1.13(2.30) 35.49(32.19) 4.55 (5.86) 83 83.8

Elm 0.02(0.11)  0.22(0.69) 1.22(3.27) 3.30(5.82) 1.41(1.39) 1.03 (2.08) 9.14 (18.08) 0.95 (0.67) 20.1 63.3

White ash 0.12(0.68)  0.30(1.03) 0.89(1.86)  4.60(6.76) 2.51(2.69) 0.45 (0.94) 3.59 (4.90) 1.61(1.71) 70.9 100

Oak 0.09 (0.49)  0.55(1.56) 2.35(4.11) 10.72(14.55) 1.89(1.74) 1.23(2.51) 45.69 (38.35) 1.57 (1.61) 62.8 80.9
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Table 4 (continued)

d Perennial Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) IQR)
Median APS 0(0-0) 0(0-0.43) 0(0-1.15) 0.61(0-4.03) 0.87(0-3.02) 3.21(0-0.95) 3.41(047-86) 17.24(5.53) 28.59(0) 44.71(0)
D. pteronyssinus 0(0-0.1) 0(0-1.1) 4.31(0-10.4) 1.81(0.3-3.9) 0.86(0.4-3.7) 53.4(8.4-84.1) 5.43 (1.6-7.2) 100 (100-100) 100 0.37
D. farinae 0(0-0.1) 0.13 (0-1.3) 5.34(0-12.6) 0.98(0.2-3.0) 0.82(0.5-8.6) 73.1(8.5-91.9) 5.79(0.9-12.1) 100 (100-100) 100 0.39
Alternaria 0(0-0) 0(0-1.8) 0(0-0.9) 0(0-3.7) 0.45 (0-6.1) 0(0-0.2) 3.96 (2.2-9.8) 244 (1.9-3.0) 1.77 1.16
Aspergillus 0(0-0) 0(0-0) 0(0-0.3) 0.38(0-14)  0.52(0-1.3) 0(0-0.1) 4.5(0-14) 6.96 (5.0-8.9) 11.6 1.56
Penicillium 0(0-0) 0(0-0) 0(0-0.3) 0(0-0.2) 0(0-1.1) 0.14 (0-0.6) 1.76 (0-2.4) 5.77 (4.4-7.2) 0.84 0
C. herbarum 0(0-0) 0(0-0) 0(0-0) 0(0-0.6) 0.71(0-1.5) 0(0-0.2) 0.31(0-7.7) 4.28 (2.58) 0 0
Cat dander 0(0-0) 13(6.1-27.5) 0.38(0-1.7) 4.48(1.1-10.4) 92.55(65-100) 72.5(3.2-98.2) 76.1(39.5-100) 21.57(20.40) 19.1 0.86
Dog dander 0(0-0) 2.05(0.8-4.6) 0.14(0-0.8) 2.85(0.9-23.1) 44.15(31.4-57.1) 4.96(0.7-18.6) 99.1(57.6-100) 76.65 (65.0-88.3) 22.5 4.38
Cockroach 0(0-0) 0(0-0.4) 0.13(0-23) 0.6(0-2.7) 0(0-0.9) 1.76 (0.4-6.4) 5.9 (3.6-14.2) 46.29 (23.8-69.8) 11.5 218
e Grasses/weeds  Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR)
Ragweed 0(0-0) 0.22(0-1.4) 0.58 (0-3.0) 2.5(0.3-8.4) 3.9(2.4-5.6) 0(0-0.8) 2.27 (1.3-8.0) 35.75(17.9-53.6) 16.6 100
Rough pigweed 0(0-0) 0(0-0.1) 0(0-0.5) 0.25(0-1.3)  0.91(0.1-2.3) 0(0-0.4) 1.26 (0.7-3.0) 2.66 (1.3-4.0) 1.64 64.4
Mugwort 0(0-0) 0(0-0.02) 0(0-0.6) 0.1(0-2.5) 0.75(0.1-1.3) 0(0-0.1) 5.00 (0-6.9) 0.19(0.1-0.3) 8.75 68.4
Sheep sorrel 0(0-0) 0(0-0) 0(0-0.2) 0.42 (0-0.9) 0.29 (0-0.9) 0(0-0.4) 1.67 (0-2.7) 0.24 (0.1-0.4) 1.92 355
Bermuda grass 0(0-0) 0(0-0.4) 0(0-1.2) 0.82 (0-8.6) 1.2(0.2-1.9) 0.07 (0-04)  1.91(1.4-6.6) 2.11(1.4-2.9) 204 100
Timothy grass 0(0-0) 0(0-0.03) 0.54 (0-4.9) 1.4(0-6.3) 1.32(0.2-2.1) 0.07 (0.1) 1.61(1.1-7.1) 1.69 (1.0-2.3) 98.6 100
f Trees Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster9  Cluster 10
(IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR) (IQR)
White mulberry 0(0-0) 0(0-0) 0(0-0) 0(0-0.2) 0.39 (0-0.9) 0(0-0.2) 0.79 (0.2-1.6) 3.41(1.7-5.1) 0 5.06
Cottonwood 0(0-0) 0(0-0) 0(0-0.2) 0.47 (0-2.2) 1.16 (0.7-1.6) 0(0-0.1) 3.21(0-5.3) 0.97 (0.7-1.3) 5.63 455
Mountain cedar 0(0-0) 0(0-0) 0(0-0.5) 0.57 (0-0.9) 0.64 (0.1-1.1) 0.29(0-1.2) 1.7 (1.1-2.4) 4.65 (2.6-6.7) 11.6 319
Walnut tree 0(0-0) 0(0-0) 0(0-0.4) 0.61(0-4.8) 1.43(0.2-2.3) 0(0-0.2) 1.69 (0-4.6) 5.15(2.8-7.5) 13.6 100
Sycamore 0(0-0) 0(0-0) 0(0-0.4) 039(0-3.1)  0(0-04) 0(0-0.4) 4.42(0.3-8.2) 0.63 (0.6-0.7) 19.4 48.9
Maple 0(0-0) 0(0-0.3) 0(0-1.0) 1.12(0-7.2) 0.16 (0-0.4) 0.16 (0-0.4)  4.23(1.5-6.6) 1.06 (0.8-1.4) 12.7 794
Birch 0(0-0) 0(0-0.1) 0.14(0-2.2) 4.55(0.8-24.9) 0(0-0.3) 0(0-0.3) 31.75(13.6-49.3) 4.55(2.5-6.6) 83 83.8
ElIm 0(0-0) 0(0-0.1) 0(0-1.2) 0.92 (0-4.6) 0.78 (0.6-2.6) 0.07 (0-0.4)  2.65(1.3-4.6) 0.95(0.7-1.2) 20.1 63.3
White ash 0(0-0) 0(0-0.03) 0(0-0.7) 1.12(0.1-7.7)  1.91(0.8-3.1) 0(0-0.3) 2.11(0-4.0) 1.61(1.0-2.2) 70.9 100
Oak 0(0-0) 0(0-0) 0.17 (0-4.2)  4.67 (0.5-18.5) 1.58(0.6-3.1) 0(0-0.4) 43.65(14.1-786) 1.57 (1.0-2.1) 62.8 80.9

a-c Means and standard deviations (in parentheses) of each cluster’s allergic polysensitization (APS) score, calculated by the average
specific immunoglobulin E (IgE) for each patient in the cluster, and within cluster specific IgE. d-f Median and interquartile range (in pa-

rentheses).

of clusters 2, 4, 5, and 7; and the third was just the single
patient in cluster 10. The sensitizations in the first super-
cluster tended to be low for the perennial allergens but
progressively higher for seasonal allergens. In contrast,
the second supercluster showed progressively higher se-

APS Is a Novel Asthma Severity Marker

lect perennial allergen sensitizations (i.e., mold, dust,
cockroach) while comparatively modest sensitizations to
seasonal allergens. While the patient in cluster 10 was in
their own supercluster, this person was qualitatively like
the first supercluster (i.e., seasonal > perennial), though
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Fig. 2. Linear regression plots. a-i APS for each sequential cluster
is plotted left to right (clusters 1 through 10), along the x-axes by
their APS score and clinical variables are plotted along y-axes. APS
is calculated by average sensitization level to all allergens for all
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patients in the cluster. Points are mean + SD. Overlaid is the best
fit (blue line) from regression analysis and 95% confidence interval
of regression line.
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seasonal specific IgEs were far greater. Sensitizations to
cats and dogs appeared comparable in all three superclu-
sters and non-compartmentalized.

Significant Demographic Trends with Higher APS

Regression analysis was performed to assess the rela-
tionship between APS and common clinical markers of
asthma. Findings are reported in online supplementary
Tables E3 and E4 and plots are reported in Figure 2, each
sequential point in the plot (left to right) represents clus-
ters 1 through 10. A simple linear regression evaluated the
relationship between age and APS cluster assignment
(Fig. 2a). There was a significant negative correlation be-
tween APS and age (p = 3.98 x 107°). The R? for age was
0.045, indicating 4.5% of the variability in the age a pa-
tient presented to a subspecialty clinic was explained by a
linear regression model containing APS as a predictor.
No relationship between APS and BMI was predicted by
simple linear regression (p = 0.197, Fig. 2b). We did not
find any significant differences when comparing clusters
for differences in gender, race, or smoking history.

APS Correlated with More Severe Clinical Markers of

Allergic Asthma

Overall, higher APS was associated with higher ob-
struction on PFTs (Fig. 2c-g). There was a statistically
significant negative correlation between APS and
FEV,/FVC (p = 0.01, Fig. 2c), a statistically significant
positive correlation between APS and Dico (p = 0.02,
Fig. 2d), and a significant negative correlation between
APS and FEF,s ;5 percent predicted (p = 0.002, Fig. 2e).
The R? for these metrics was 0.01 and 0.02, therefore
1-2% of the variability of these metrics could be explained
by a linear regression model containing APS as a predic-
tor. There were no statistically significant correlations be-
tween APS and RV/TLC (p = 0.14, Fig. 2f) or FEV, per-
cent predicted (p = 0.26, Fig. 2g).

The data for serum IgE and PBEC were highly non-
linear and therefore required transformation prior to lin-
ear regression analysis. The data for serum IgE was log-
transformed prior to regression analysis (not shown).
There was a small percentage of patients (<5%) who had
0 to “<50/uL” PBEC recorded. Therefore, the square root
was used to best achieve linearity. A significant regression
equation was found between APS and the logarithm of
serum IgE (p < 2.2 x 107'%, Fig. 2h) and between APS and
the square root of PBEC (p = 0.01, Fig. 2i).

APS Is a Novel Asthma Severity Marker

Linear Regression after Outlier Removal

After plotting the regression analysis, we considered the
possibility that the 4 patients in clusters 8, 9, and 10 were
acting as outliers and affecting the results. To assess this, we
repeated simple linear regression after removing these pa-
tients. The repeat analysis led to a significant regression
equation between FEV, percent predicted and APS (p =
0.01, online suppl. Table E3). The regression equations after
removal of the outliers for the above variables were un-
changed with respect to statistical significance.

Discussion

Our study population consisted of patients with spe-
cialist-diagnosed, moderate to severe asthma mostly from
zip codes below the federal poverty line. The majority
were racial minorities (Table 3). Vulnerable patients in
low-resource areas have well-documented deficiencies in
health outcomes [41], underscoring the need for tools to
improve care that are low-cost and accessible [42]. Previ-
ous cluster analyses have relied in-part on clinical mark-
ers not available in many practitioner’s offices including
exhaled nitric oxide, skin prick testing, and sputum eo-
sinophilia versus neutrophilia [4, 5, 43]. Furthermore, no
previous cluster analysis (Table 1) has used state-of-the-
art quantitative allergen identification methods to exam-
ine if clusters matched for allergens, their levels of sensi-
tization (0.1-100 IU/mL), and expressions of co-sensiti-
zations would yield meaningful and clinically actionable
insights. Atopy, when considered, was a uniform binary
metric (any positive skin test vs. no skin test positive),
failing to capture potential heterogeneity [44]. We turned
to Dirichlet Process mixture modeling [29], a well-estab-
lished machine learning approach, to impartially analyze
our dataset of zone 1 Northeastern US ImmunoCAP® 25
aeroallergen profiles. In multiple studies, ImmunoCAP®
assays are shown to be highly reproducible and accurate
[20, 21]. We probed APS clusters and found retrospective
assignments to predict several important clinical markers
of asthma.

Unlike other clustering algorithms, the mixture mod-
eling used here is a probabilistic approach and allows for
the prospective assignment of new patients with novel
APS patterns. Although we applied modeling to the zone
1 Northeastern US ImmunoCAP® in this pilot study, the
collaborative development of mixture models at the pop-
ulation level for each ImmunoCAP® zone could be used
to translate previously transactional sensitization reports
into more clinically predictive and applicable informa-
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tion. We also aimed to have our approach serve as a mod-
el for future work where APS clustering could enhance
comprehensive databases and be available in any con-
nected location. APS clustering may lead to further un-
derstanding of how specific sensitization patterns are in-
fluenced by additional asthma risk factors (e.g., genetics,
microbiome). Insights into pharmacologic outcomes, es-
pecially for biologic therapies [44], may be gained if ex-
amined in relation to APS clusters. Lastly, recognition
that atopy is not a single metric, APS as a biomarker may
prove important as a standardized variable in future asth-
ma cluster analyses (Table 1) and could enhance data-
bases for understanding other respiratory conditions
(e.g., asthma-COPD overlap) [45].

We used Dirichlet Process mixture models, which are
an example of Bayesian non-parametric mixture models.
Cluster number, size, shape, and cluster assignment were
determined by a VB approach with a Dirichlet process
prior, allowing these to be independent, unbiased, ma-
chine algorithm-driven and determined “automatically.”
Bayesian non-parametric in this context means these
models can have unbounded, growing, or infinite num-
ber of parameters (cluster number or complexity). There-
fore, the Dirichlet Process has applications in many fields
(46, 47] where potentially new observations represent a
novel cluster rather than a prior one. With 25 aeroaller-
gens in zone 1 ImmunoCAP® assays where specific IgEs
range from 0.10 to 100 IU/mL, there are almost a googol
(10%) possible qualitative and quantitative sensitization
and co-sensitization profiles. To account for the possibil-
ity that our datasets areincomplete, we turned to DPMMs,
though this, along with clustering in four principal com-
ponents, led to a large low APS cluster (cluster 1) and sev-
eral small, high APS clusters including two “clusters” of n
= 1. We acknowledge that clustering in fewer dimensions
(see scree plot, online suppl. Fig. E1) led to fewer and, in
certain cases, larger clusters. This approach, in favor of
limiting dimensions, likely resulted in the identification
of less rare and unique profiles. However, it did success-
fully identify seasonal versus perennial trends. Our ex-
pectation is that beyond this pilot study, incorporating
multifold larger patient databases would lead to the high
APS, small atopic clusters expanding.

Overall, cluster analysis for APS yielded several nota-
ble clinical findings. We show clusters with higher spe-
cific IgE presented to the asthma subspecialty clinic at
significantly a younger age. Another finding was the
strong positive correlation between APS and the Th2
asthma severity markers, total IgE and the PBEC. Finally,
there was a significant negative correlation between the
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obstructive severity markers FEV/FVC ratio and
FEF,5 75 percent predicted with a higher APS score. Sur-
prisingly, the correlation between APS score and FEV,
percent predicted was not statistically significant, how-
ever, we found by elimination, this unexpected result was
influenced by the 4 patients in clusters 8 through 10.

Hierarchical clustering indicated three major distin-
guishable classes of APS superclusters (Fig. 2), which may
represent divergent manifestations of the poly-atopic
march. The first was made up of patients who tended to
have progressively increasing perennial sensitization,
while the other tended to have progressively increasing
seasonal sensitization. Interestingly, the hierarchical clus-
tering algorithm segregated the one cluster 10 patient
profile as representing a third supercluster, though we
tend to favor the view that they belong to the seasonal su-
percluster (see allergen profile, Table 4).

Cluster analyses to date have been heavily weighted on
Euro-American Caucasian populations and not on urban
black and Hispanic (Latino) patients. However, both a
strength and limitation of our study is our demographic
makeup. The limited diversity, particularly the low num-
ber of Caucasians and the preponderance of middle-aged,
female, Afro-Americans from high poverty zip codes,
should be considered when extending our findings to the
moderate to severe asthma populations at large. The in-
clusion of diverse populations, particularly Euro-Ameri-
can Caucasians, is needed in future studies of APS. We
recognize other limitations. Our study population is
medically vulnerable and access to medications may have
influenced PFT results. Medication access also confounds
the relationships between APS clusters and precise as-
signment to GINA steps (4 or 5) or ATS/ERS steps (4
through 6). Lastly, this study does not assess how clusters
predict exacerbations, emergency department visits, or
hospitalizations. Future work is needed to define these
relationships.

To date, clustering approaches in asthma have not
considered which allergen sensitizations are positive, the
numbers of positive allergens, potential interactions of
allergens affecting phenotypes, and levels of sensitization.
Our work represents the first detailed attempt to define
polysensitization and how it may affect and refine asthma
cluster analyses. Our clustering approach may lead to in-
tuitive clinical questions including if treatment can be
predictably tailored to each cluster, if the seasonal super-
cluster patients are indeed at an increased risk for sea-
sonal exacerbations, and many others. Our studies show
significant heterogeneity in the poly-atopic population,
which should be considered in future approaches to clus-
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tering. Understanding the importance of APS will also
help physicians understand the spectrum of sensitivities
that drive patients’ symptoms, the poly-atopic march,
and possibly optimize treatment strategies.
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