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TO THE EDITOR:

Machine learning is a form of artificial intelligence which utilizes mathematical and
computational algorithms to identify patterns or predict outcomes within large datasets
(Safran et al., 2018). Such algorithms perform comparably to humans on a number of
different tasks, including the classification of skin cancer (Esteva et al., 2017; Safran et al.,
2018). Cluster analysis is a form of machine learning which uses individual-specific
attributes to group individuals such that individuals within the same group are more similar
to each other than to individuals in other groups (Ding et al., 2018). Since cluster analysis
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can detect latent patterns within a group, it may identify phenotypes of diseases which
would not be otherwise apparent.

Atopic dermatitis (AD) is a common chronic inflammatory skin disease for which disease
severity and persistence vary with respect to patient phenotype and genotype (Garrett et al.,
2013; Margolis et al., 2014b; Thorsteinsdottir et al., 2019). AD is increasingly recognized as
a heterogeneous disease, so there is great interest in distinguishing the clinically relevant
endotypes, which will be pivotal in the selection of future personalized therapies
(Czarnowicki et al., 2019; Paternoster et al., 2018).

Previous studies have used outcome-informed clustering to subcategorize AD based on
disease activity (Abuabara et al., 2018; Paternoster et al., 2018; Thijs et al., 2017). Our
objective was to use an unsupervised clustering approach to identify phenotypically distinct
subgroups within a cohort of children with AD and determine their associations with
longitudinal AD clearance.

Data were obtained from the Pediatric Eczema Elective Registry (PEER) study, which has
been previously described (Margolis et al., 2014a; Margolis et al., 2014b). To create clusters
in an unbiased fashion, we used computational techniques which were hypothesis-
independent. These techniques construct groups such that children within a group are more
similar to each other than to children in other groups with respect to baseline covariates.
Variables were of mixed types, so Gower’s similarity coefficient was used as the similarity
index for clustering (Ding et al., 2018; Gower et al., 1971). Clustering was implemented
with the Partitioning Around Medoids (PAM) algorithm (Kaufman et al., 1987). PAM is
analogous to k-means, another approach to clustering, but it is appropriate for use with non-
Euclidian distance metrics like Gower’s.

Clustering on all subject variables yielded poorly differentiated clusters as measured by
silhouette width, a measure of cluster differentiation. Therefore, a subset of seven variables
was used for clustering: race, age of AD onset, disease control at enrollment, AD symptom
clearance in the six months prior to enroliment, medication allergies, maternal AD, and
paternal AD. These seven variables were identified with a genetic algorithm (implemented
via the rbga.bin function in R) which iteratively selected subsets of our study variables to
identify a subset for which silhouette width was maximized. All variables were weighted
equally to maintain the hypothesis-independent nature of the methods. White, African
American, and Hispanic race/ethnicity were treated as independent binary variables.

To assess the robustness of the generated clusters, the PEER cohort was randomly divided
into two subsets. Subset A (n = 4007) and Subset B (n = 4008) were similar in all variables
studied. The PAM algorithm was independently implemented on each subset, and replication
of clusters across subsets was assessed. Five clusters were identified in both subsets. Given
the strong similarities between clusters in Subset A and Subset B, similar clusters were
combined such that each subject was placed into one of five clusters (Table).

Disease clearance was defined using a self-reported outcome of whether or not a child’s skin
was AD symptom free during the previous 6 months. To account for repeated outcome
measures for each subject, we used generalized estimating equations (GEE) for binary
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outcomes to determine the association between the clusters and these outcomes, assuming an
independence working correlation structure with empirical standard errors. All analyses
were implemented in Stata, version 15.1 and R, version 3.5.3.

Cluster 1 (African American Active at Enrollment) described a predominantly African
American group, with little AD clearance in the 6 months prior to enrollment, few
medication allergies, and little maternal history of AD. This cluster was associated with the
poorest long-term outcomes (Table). Cluster 2 (African American Indolent at Enroliment)
described a predominantly African American cohort, with late AD onset, relatively high rate
of AD clearance in the 6 months prior to enrollment, and no maternal history of AD. These
individuals had high odds of AD clearance over time. Cluster 3 (African American with
Early Onset and Atopic Family History) described a predominantly African American group
with earlier AD onset and maternal AD. These individuals had moderate odds of AD
clearance relative to the other two predominantly African American clusters. Cluster 4
(White without Atopic Family History) included only white individuals with no maternal
AD and was associated with moderate AD clearance relative to the other clusters. Cluster 5
(White with High Income and Atopic Family History) was predominantly white with early
AD onset, highest incidence of allergies, maternal history of AD, and highest income. This
group, together with Cluster 2, had the highest odds of AD clearance in the long-term. All
covariates studied were statistically significantly different across clusters (Table).

Similar to previous studies (Abuabara et al., 2018; Paternoster et al., 2018), we identified
subgroups of AD characterized by varying disease clearance. Severe disease at outset, atopic
family history, race, and low family income were associated with more persistent AD,
consistent with the literature on AD (Abuabara et al., 2018; Kim et al., 2019; Margolis et al.,
2014b; Paternoster et al., 2018; Thorsteinsdottir et al., 2019).

While previous reports used long-term outcomes to retrospectively identify subphenotypes
of AD, we constructed our clusters with only data available at enrollment, and examined
outcomes thereafter (Abuabara et al., 2018; Paternoster et al., 2018; Thijs et al., 2017). Our
clusters thus represent unbiased groupings of individuals with AD. We found that there is an
African American subgroup with disease persistence comparable to whites (Cluster 2), a
finding not observed in other reports (Abuabara et al., 2018; Kim et al., 2019). In addition,
we uncovered an early onset and highly allergic group (Cluster 5) with high odds of disease
clearance, suggesting that early AD onset and comorbid allergies are not necessarily
predictive of more severe disease course. Together, these findings suggest that predicting AD
activity based on race, AD onset age, or allergic burden alone may be inadequate, and a
more holistic approach accounting for multiple phenotypic variables is warranted.

There are several limitations of this report. First, the PEER cohort is not a random sample of
individuals with AD, so it is possible that our clusters are not generalizable to the greater
AD population. The PEER population has slightly more males than the general AD
population (46.7% vs. 38% in US AD population), is enriched for individuals with asthma
(45.8% vs. approximately 30% in US AD population) and may be skewed towards
individuals with more severe AD (Fuxench et al., 2019; Garrett et al., 2013; Margolis et al.,
2014b). Second, all children enrolled in PEER had to receive at least 6 weeks of
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pimecrolimus cream in the 6 months prior to enrolling in the study (Margolis et al., 2014). It
is possible that this therapy and any other concomitant treatments for AD may have had
differential effects on the subgroups we identified, thus modifying the association between
different subgroups and disease outcomes. However, 45% of PEER participants were no
longer using pimecrolimus by the third year of follow-up, so we think this is unlikely
(Margolis et al., 2014a).

To our knowledge, this is one of the first studies to use hypothesis-independent statistical
techniques to identify distinct clusters of patients with long-term AD outcome differences in
a data set of more than 8000 children. Because our subgroups are defined by phenotypic
characteristics available early in the AD course, they may be useful for disease
prognostication. These clusters could also be used in genetic analyses to reduce the number
of relevant variants examined, by removing variants that are evenly distributed across
clusters. This study demonstrates that hypothesis-independent clustering can be used to
differentiate patterns in the presentation and clinical outcomes of children with AD. Similar
methodology may be valuable in the study of other skin diseases.

DATA AVAILABILITY

The PEER data (source) is not currently publically available. The PEER study is an ongoing
study sponsored by Valeant in response to a post marketing commitment with the FDA.
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dichotomous variables indicate number of individuals followed by percent in that cluster. Values for non-
binary variables (age of onset, disease control, and income) represent the mean followed by standard deviation

in that cluster.

Variables Cluster 1: African | Cluster 2: African | Cluster 3: Cluster 4: Cluster 5: p value

American Active American African White without | White with

at Enrollment Indolent at American with Atopic Family | High Income

Enrollment Early onset and History and Atopic
Atopic Family Family
History History

N=2054 N=1931 N=975 N=2325 N=730

n (%) n (%) n (%) n (%) n (%)
male sex 885 (43.1) 862 (44.6) 435 (44.6) 1199 (51.6) 360 (49.3) <0.001
African American race 1755 (85.4) 1636 (84.7) 781 (80.1) 87 (3.7) 41 (5.6) <0.001
white race £ 0(0) 2(0.1) 100 (10.3) 2325 (100) 724.(99.2) <0.001
Presence of flexural AD 1107 (53.9) 818 (42.4) 560 (57.4) 1557 (67) 512 (70.1) <0.001
age at AD onset 7, <0.001
years, mean (SD) 2.196 (2.99) 2.696 (3.26) 1.918 (2.84) 2.399 (3.26) 2.123 (2.80)
AD disease control at <0.001
enrollment "L*, mean
(SD) 3.019 (0.59) 2.071 (0.50) 2.658 (0.73) 2.453 (0.75) 2.332(0.69)
complete AD clearance <0.001
in 6 months prior to
enrollment # 237 (11.5) 1593 (82.5) 415 (42.6) 1220 (52.5) 494 (67.7)
history of wheezing, <0.001
asthma, or whistling 810 (39.4) 841 (43.6) 489 (50.2) 1097 (47.2) 434 (59.5)
seasonal allergies 1067 (51.9) 1128 (58.4) 630 (64.6) 1524 (65.5) 585 (80.1) <0.001
pet allergies 302 (14.7) 196 (10.2) 205 (21) 723 (31.1) 255 (34.9) <0.001
medication allergies 7 148 (7.2) 125 (6.5) 82 (8.4) 360 (15.5) 190 (26) <0.001
food allergies 409 (19.9) 294 (15.2) 234 (24) 656 (28.2) 227 (31.1) <0.001
child’s mother has <0.001
eczema ¥ 3(0.1) 0(0) 975 (100) 0(0) 730 (100)
child’s father has <0.001
eczema ¥ 243 (11.8) 160 (8.3) 168 (17.2) 299 (12.9) 146 (20)
child’s mother has <0.001
asthma 256 (12.5) 273 (14.1) 320 (32.8) 391 (16.8) 283 (38.8)
family income %, USD, <0.001
mean (SD) 1.444 (0.88) 1.387 (0.86) 1.643 (1.07) 2.498 (1.38) 2.822 (1.45)
Odds Ratio (95% Cl) of 3.52(3.20, 3.87) 1.65 (1.48, 1.84) 2.54 (2.33, 3.22 (2.84,
AD clearance * reference 2.77) 3.66)

’tvariable used for clustering

*

measured on a scale of 1 to 4, with 1 denoting “complete disease control” and 4 denoting “uncontrolled disease”

'measured on a5 point scale, with 1 = “<24,000 USD”, 2 = “25,000-49,999 USD”, 3 = “50,000-74,999 USD”, 4 = “75,000-99,999 USD", 5 =

*>100,000 USD”
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o

Generalized estimating equations comparing longitudinal clearance of AD among individuals within a cluster to that among individuals in Cluster
1.
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