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ABSTRACT

Atopic dermatitis (AD) is a frequent and heterogeneous inflammatory skin disease, for which
personalized medicine remains a challenge. High-throughput approaches have improved
understanding of the complex pathophysiology of AD. However, a purely data-driven AD
classification is still lacking. To address this question, we applied an original unsupervised
approach on the largest available transcriptome dataset of AD lesional (n=82) and healthy (n=213)
skin biopsies. Taking into account pathological and physiological state, a variance-based filtering
revealed 222 AD-specific hyper-variable genes that efficiently classified the AD samples into 4
clusters that turned out to be clinically and biologically distinct. Comparison of gene expression
between clusters identified 3 sets of upregulated genes used to derive metagenes (MG): MG-I (19
genes) was associated with IL-1 family signaling (including IL-36A and 36G) & skin remodeling,
MG-II (23 genes) with negative immune regulation (including 1L-34 and 37) & skin architecture,
and MG-III (17 genes) with B lymphocyte immunity. Sample clusters differed in terms of disease
severity (p=0.02) and S. aureus (SA) colonization (p=0.02). Cluster 1 contained the most severe
AD, highest SA colonization, and overexpressed MG-I. Cluster 2 was characterized by less severe
AD, low SA colonization, and high MG-II expression. Cluster 3 included mild AD, mild SA
colonization, and mild expression of all MGs. Cluster 4 had the same clinical features as cluster 3
but had hyper-expression of MG-III. Last, we successfully validated our method and results in an
independent cohort. Our study revealed unrecognized AD endotypes with specific underlying
biological pathways, highlighting novel pathophysiological mechanisms. These data could provide

new insights into personalized treatment strategies.
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ABBREVIATIONS

89ADGES: 89 Atopic Dermatitis Gene Expression Signatures
AD: Atopic dermatitis

AKRIB: Aldo-Keto Reductase Family 1 Member

BTC: Betacellulin

CLEC2A: C-Type Lectin Domain Family 2 Member A
DEFB4A: Defensin Beta 4A

DGAT2L6: Diacylglycerol O-Acyltransferase 2 Like 6

IL: Interleukin

EPGN: Epithelial Mitogen

FLG: Filaggrin

GJB4: Gap Junction Protein Beta 4

GO: Gene Ontology

GSTA3:Glutathione S-Transferase Alpha 3

IGH: Immunoglobulin Heavy Locus

IGK: Immunoglobulin Kappa Locus

IGL: Immunoglobulin Lambda Locus

k-NN: k-Nearest Neighbors

KRT: Keratin

KRTAP: Keratin Associated Protein

LOR: Loricrin

MAARS: Microbes in Allergy and Autoimmunity Related to the Skin
MADAD: Meta-Analyses Derived Atopic Dermatitis

MG: Metagene

MST: Minimal Spanning Tree

OGN: Osteoglycin

PCA: Principal component analysis

PI: Peptidase Inhibitor

PILAR: Proliferation-Induced Lymphocyte-Associated Receptor
PLA2G4D: Phospholipase A2 Group IVD

PM20D1: Peptidase M20 Domain Containing 1
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PRSS22: Serine Protease 22

S100A: S100 Calcium Binding Protein A

SA: Staphylococcus aureus

SCORAD: Score Atopic Dermatitis

SLC46A2: Solute Carrier Family 46 Member 2

SPRR: Small Proline-Rich Protein

UGT3A2: UDP Glycosyltransferase Family 3 Member A2
XIST: X Inactive Specific Transcript
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INTRODUCTION

Atopic dermatitis (AD), i.e. atopic eczema, is an inflammatory skin condition characterized by
chronic and recurrent episodes of pruriginous, and erythematous lesions of varying severity!.
Depending on the geographical region, AD can affect up to 20% of children and 5% of adults??.
AD is clinically very heterogeneous in terms of symptoms, severity, comorbidities, and response
to therapy.

AD pathophysiology is multifaceted, involving several biological and organizational levels,
such as dermo-epidermal architecture, water and lipid metabolism, and skin immunity*. These
interact with the patient’s genetic background as well as multiple environmental factors like the
microbiome, radiations, or allergens’. AD has been typically described as a Th2 disease®, but the
underlying cytokine networks appear more complex with inter-relationships of Thl, Th17, Th22,
or Tth polarizations’?,

The marked clinical and biological heterogeneity of AD has suggested the existence of
different disease endotypes, defined as patient subtypes with shared pathobiological mechanisms®.
Since the description of extrinsic and intrinsic AD%!9) several other endotypes have been
identified, mainly based on the age of disease onset, duration of symptoms, and patient ethnicity!!.
Selected biomarkers, including serum IgE levels, blood eosinophils, or panels of pre-defined
cytokines, have been applied to design supervised approaches allowing stratification of patient
groups'>!3 and prediction of treatment response!# without reaching a consensus regarding their
clinical applications.

Large-scale and omics approaches are increasingly used because they offer the possibility of
characterizing complex diseases based on a diversity of biological variables and pathways.
Previous AD studies have identified diagnostic molecular signatures from skin transcriptome!>:16,
and endotypes from a knowledge-driven set of blood biomarkers!>!7. However, a purely data-
driven skin transcriptomic classification of AD is still lacking.

In this study, we sought to establish a systematic, unbiased strategy for patient classification
and characterization of AD heterogeneity. We exploited the largest available AD and normal skin
transcriptomic datasets, and validate our results on an independent cohort. Our work provides new
insights into AD heterogeneity and suggests how unprecedented potential strategies for

personalized treatments could be designed.
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MATERIAL AND METHOD

Study cohort

The data were obtained from the MAARS Consortium!%1°, whose dataset is publicly available
on the Array Express interface (E-MTAB-8149). Patient recruitment and data generation
methodologies are comprehensively described in Fyhrquist et al publication'®. Briefly, AD
patients and healthy controls have been recruited in three European Dermatology departments. All
AD patients met the Hanifin and Rajka criteria?®. Sampling and data generation occurred between
2012 and 2013. A vast amount of clinical features was collected, including disease severity AD
scoring (SCORAD)?!. A 6 mm punch biopsy was performed in lesional skin of AD patients and at
two different sites for healthy controls. Skin biopsy localizations were well balanced within the
two cohorts with back (44%), or thigh (54%) for AD, and back (48%), or thigh (46%) for controls.
Bulk transcriptomic analysis was performed after mRNA extraction with Affymetrix GeneChip®
Whole Transcript Expression Arrays. SA colonization was determined by 16s rRNA amplification
and sequencing, as a fraction of next-generation total microbiome, from a non-invasive skin swab

made on the biopsy site.

Validation cohort

To assess the reproducibility and robustness of both our unsupervised approach and the main
findings of our study, we applied the same clustering on an independent dataset. To reduce
technological and technical biases, we sourced independent cohorts using a comparable
transcriptomic technology on skin biopsies, with available annotation on disease severity. Among
the total number of pre-selected transcriptomic cohorts (n=48), only six studies met the above
criteria (Suppl 9). We selected the largest one, with n=51 lesional skin sample whose methodology
is described in Guttman et al study??. Bulk transcriptomic data were generated using Affymetrix
Human U133Plus 2.0® gene arrays. The expression matrix was downloaded through the Gene
expression omnibus (GEO) interface (GSE130588) using the GEOquery package® (version
2.51.1).

Expression array preprocessing
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The MAARS dataset was loaded and analyzed with R language (version 3.6.0) on the R Studio
interface (version 1.2.1335). As an exploratory step, we projected the dataset using Principal
Component Analysis and performed several clustering methods. We discarded the sample
MAARS 3 070 03 as a potential mislabeled outlier. After quality control steps, 213 samples from
the 113 healthy controls were pooled with AD samples. Thus, 82 AD lesional and 213 healthy

skin samples were used for further analyses

Variance-based feature selection

Expression variance was computed for each gene across AD lesional and healthy control
samples. Subsequently, a ratio of the corresponding variance between the two populations was
calculated for each gene. We included genes that were highly variable and specific of AD lesional
skin: variance >0.5 (corresponding approximatively to the 5™ percentile of all variances), and ratio
>2. We further term the selected genes from this step as AD-specific hyper-variable genes and use

them for subsequent steps.

Clustering method and optimal number of clusters estimation

Unsupervised clustering algorithms, such as k-means, hierarchical clustering, k-Nearest
Neighbors (k-NN) coupled with a Minimal Spanning Tree (MST) partitioning, were applied on the
expression matrix, including only AD samples (n=82). The optimal number of clusters to consider
for downstream analysis was determined by the elbow method, average silhouette width, and
MST. To assess the clustering efficiency, we calculated the clustering purity with the Dunn index,
Rand index, and Jaccard similarity coefficient, and chose the method which scored the best in the

different metrics.
Metagene construction
Differential analysis, using Student test and Bonferroni correction, was computed between

patient clusters to identify the set of genes characteristic of each sample group. Unique and

upregulated genes were further pooled to construct Metagenes (MG) using pairwise correlation.
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MG expressions correspond to the expression mean of their respective genes. Clinical and
biological parameters were compared using the Kruskal-Wallis test for continuous variables and
the Fisher test for binary variables. Sample clusters were then characterized using the most
significant features and metagene expressions. Inter clusters metagene and gene expression
comparison were performed using ANOVA test. Correlation analyses between MG, features, and
AD clusters were performed with non-parametric Spearman or parametric Pearson statistics,

depending on the nature of the data.

Functional enrichment

Pathway enrichment analysis and functional annotation of the metagenes were performed first
using g:Profiler web server (https://biit.cs.ut.ee/gprofiler/gost) with Kyoto Encyclopedia of Genes
and Genomes database (KEGG)?** and then Cytoscape (version 3.8.0)%° with ClueGO extension
(version 2.5.6)%¢ using gene ontology (GO) biological process. An extensive manual curation of
the literature through PubMed search was carried out to ensure a complete functional annotation

of identified genes.
Statistics and data visualization

Statistics were conducted with stats (version 3.6.0) package and Rquery function. Figures were
generated with ggplot2 package (version 3.3.1). Statistical differences in clinical and
transcriptomic data were considered significant at an adjusted p-value (adj.p) <0.05. For
correlation analysis, r>0.3 and p<0.05 were considered significant.
RESULTS
Variance-based gene selection revealed pathways relevant to AD pathophysiology

To identify clinically and biologically relevant AD endotypes, we exploited a large and

multicentric transcriptomic dataset containing 82 AD samples and 213 healthy skin control

samples from 113 healthy volunteers (Suppl 1a)'®. The control cohort was composed of 69
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females and 44 males with a mean age of 35 years [min-max: 19-77]. We have chosen to keep all
healthy samples to maximize statistical power. AD cohort contained different levels of AD
severity since it included mild (n=6), moderate (n=39), and severe (n=37) AD, with a mean
SCORAD (Score Atopic dermatitis) of 52 [min-max: 17-89]. It included 36 females and 46 males.
The mean age was 44 years [min-max: 20-83]. More than 90% of AD patients and controls were
Caucasian. All patients were recruited after a therapeutic wash-out of 3 months for systemic
immunosuppressive drugs, and 2 weeks for topical steroids.

Transcriptomic profiles were obtained using Affymetrix protocols, which enabled the
detection of 22,635 coding genes. We designed a feature selection strategy based on the premise
that hyper-variable genes in AD samples would contain the most discriminatory information for
the subsequent definition of patient clusters (Fig la). We applied a cut-off on variance values
(>0.5) to filter out low variable genes that resulted in a selection of 575 “hyper-variable genes”.
Next, we considered that hyper-variable genes in both AD and healthy states could represent
physiologically hyper-variable genes. Such genes would also vary across healthy skin and their
corresponding ratio would oscillate around 1, such as gender-related genes. Hence, we applied an
additional filter based on a variance ratio >2, to select highly variable genes solely in the AD state,
that would represent “AD-specific hyper-variable genes”. As expected, XIST and DGAT2L6,
which are involved in gender representation, are two of the most variable genes in AD lesional and
control skin with respective variances of 11.6 vs 11.3, and 7.2 vs 6.7. Genes not associated with
sex chromosomes may also vary among healthy skin samples for physiological reasons. This was
the case for KRTAP4-12 and PM20D1 with respective variances of 5.4 vs 8.6, and 6.7 vs 6.6. We
reasoned that such genes would not inform on the disease-specific variability that should form the
basis for characterizing putative AD clusters. Overall, the application of these two filters on the
initial dataset identified 222 AD-specific hyper-variable genes (Fig 1b, Suppl 2).

We exploited several databases such as the GO biological process (Fig 1c) and the KEGG
pathways (Suppl 1b) for functional interpretation and biological relevance of these 222 genes.
AD-specific hyper-variable genes were enriched in functions such as “keratinocyte
differentiation”, “type-I interferon signaling pathways”, “lymphocyte-mediated immunity” (Fig
Ic). Most of these pathways were consistent with previously described mechanisms of AD onset
and development, confirming that the selected genes were representative of AD pathophysiology.
This was a first step that revealed the biological relevance of the AD-specific hyper-variable

genes.
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AD-specific hyper-variable genes identified AD clusters with distinct clinical features

The 222 AD-specific hyper-variable genes were used to cluster the AD samples (Fig 2a). First,
we estimated the optimal number of clusters and performed clustering through different methods
like the elbow method coupled with k-means (Fig 2b), MST partitioning coupled with A-NN
(Suppl 3a), and the average silhouette width coupled with hierarchical clustering (Suppl 3b-c). All
approaches indicated four clusters. We compared the different clustering methods based on the
intra-cluster metric Dunn index, and the inter-cluster metrics Rand index and Jaccard similarity
coefficient. We selected k-means clustering because of its highest score in all metrics (Suppl 4). .-
means clustering classified samples in four AD clusters of n=12, 23, 29, and 18 samples,
respectively. Principal component analysis (PCA) showed the embedding of previously defined
clusters (Fig 2b).

Second, we asked whether clinical, biological, or bacteriological features were different
between clusters (Suppl 5a). We found that the SCORAD?!' and the 16s rRNA quantification of
skin SA colonization differed in at least one cluster compared to the others (adj.p=0.02, and
adj.p=0.02, respectively) (Fig 2c). Other variables, such as personal history of other allergic
diseases (adj.p=0.95), gender (adj.p=0.98), pediatric age at disease onset (adj.p=0.44), age
(adj.p=0.98) and raised IgE levels (adj.p=0.84) (Suppl 5a,b) did not show significant variation

among clusters.

Construction of metagenes and identification of their specific biological functions

Considering the 222 AD-specific hyper-variable genes, and the 4 AD clusters, we sought to
identify the genes with the best ability to discriminate between clusters (Fig 3a).

We performed differential expression analyses of one AD cluster versus all the others. It
revealed 3 sets of genes since AD cluster 3 did not have any differentially expressed gene (Suppl
6a). In total, 62 differentially expressed genes, and some were shared between several gene sets
(Fig 3b). To get the strongest positive signal, we considered only the 59 specific to one cluster and
upregulated genes. We then carried out a correlation analysis, and grouped genes that had the
same behavior into metagenes (Fig 3¢). We thereby defined three metagenes: MG-I, MG-II, and
MG-III containing respectively 19, 23, and 17 genes (Suppl 6b).
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Next, we wanted to functionally characterize those three metagenes. GO biological process
analysis showed enrichment in keratinization and innate immune pathways for MG-1, complement
activation, and humoral response for MG-III. Probably due to the low number of genes and their
apparent heterogeneity, it did not identify a significant association for MG-II. Hence, we turned to
manual curation and functional annotation through an extensive PubMed search for each gene in
each metagene (Suppl 7). This approach revealed more specific information about each gene and
allowed grouping into relevant biological families. MG-I had a strong enrichment in IL-1 family
signaling (DEFB4A, IL36A, IL36G, PI3, PLA2G4D, S100A7A, S100A12), and epidermal
proliferation and differentiation (EPGN, KRT6A, KRT6C, AKR1B10, SPRR2B). MG-II was
enriched in negative immune regulation (CLEC2A (=PILAR), IL34, IL37, SLC46A2), skin
architecture (FLG2, LOR, OGN), and epidermal homeostasis (BTC, GJB4, GSTA3, KRT77,
UGT3A2). Finally, MG-III was entirely composed of B lymphocyte immunity-related genes
(IGLs, IGHs, IGKs). In total, we could characterize the predominant molecular functions of the 59

most important genes in our AD clusters.

Multilayer characterization of AD clusters

We compared the metagene expression distribution across AD clusters (Fig 3d). Hyper-
expression of MG-I was associated with AD cluster 1 (p<2.0e-16), MG-II with AD cluster 2
(p<2.0e-16), and MG-III with AD cluster 4 (p=1.4e-14). AD cluster 3 was the only one with a
mild expression of all metagenes. Differential expression confirmed that metagenes could act as
discriminating variables allowing the classification of AD samples and characterization of AD
clusters at the biological level. We checked for differential expression of AD reference pathways
such as Th2 (IL4R, ILSRA, IL13RA1, IL13RA2, IL31RA, IL4R, DPP4, CCL13, CCL17, CCLI18,
CCL22, CCL26, TSLP), Th17/22 (IL17A, IL17B, IL17C, IL17RA, IL17RC, IL17RE, IL17REL,
IL19, 1L22, IL22RA1, CXCL1, LCN2), and skin barrier (CLDND1, CLDNS5, CLDNI18, IVL,
FLG), to evaluate how knowledge-based gene selection characterize the AD clusters (Suppl 8
a,b,c). While some genes were differentially expressed between clusters, they did not behave
homogeneously within clusters at the signature level, thus had a low potential to separate AD
clusters.

Then we correlated metagene expression levels with the clinical and biological features that

differed between groups (Fig 4a). This revealed a positive correlation of MG-I with the SCORAD
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(R=0.48, p=4.7¢-06), and with SA colonization (R=0.45, p=3.1e-05), and an inverse-correlation
between MG-II and those 2 parameters (R=-0.88, p=3.5e-06 and R=-0.46, p=1.8e-05,
respectively). In contrast, MG-III was not correlated with any of these parameters (Fig 4b). In
conclusion, the expression level of IL-1 family signaling & skin remodeling MG-1 was associated
with greater clinical severity and SA colonization, whereas the Negative immune regulation &

skin architecture MG-1I was associated with milder forms of the disease.

Validation on an independent cohort

We set out to validate the contrasting association of the IL-I family signaling & skin
remodeling MG-1, and the Negative immune regulation and skin architecture MG-I1 with disease
severity. To do so, we screened independent datasets from Affymetrix® microarray AD skin
biopsy studies that included annotations about disease severity. Six cohorts with 12 to 51 lesional
AD skin samples met these criteria in the GEO database (Suppl 9). We selected the largest
dataset?? containing 51 mild-to-severe adult Caucasian AD samples. We used our reference AD-
specific hyper-variable genes (Suppl 2) with the same analysis pipeline by clustering the patient
samples in four groups using the k-means method. We then built metagenes with the same genes
as in our study (Suppl 6b) to compare the metagene expression and the AD severity among
clusters (Fig 4c).

SCORAD significantly differed between AD clusters (p=0.04), as well as for the 3 metagene
expressions (with respectively p=5.9¢-06, p=1.1e-06, p=0.004). As in our cohort, the most severe
AD cluster was associated with MG-I hyper-expression, and the less severe AD cluster was
associated with the hyper-expression of MG-II. Finally, we calculated the correlation of metagene
expression and disease severity (Fig 4d) and confirmed the significant positive association of /L-/
family signaling & skin remodeling MG-1 with disease severity (R=0.35, p=0.013) and the
significant negative association of Negative immune regulation and skin architecture MG-II with
disease severity (R=-0.42, p=0.0019).

This analysis, based on the largest independent dataset available, validates the existence of

four AD clusters characterized by different disease severity and underlying mechanisms.
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DISCUSSION

The question of how to evaluate and interpret human disease heterogeneity? is difficult to
assess. Since the beginning of the high-throughput data era, the duality between supervised and
unsupervised approaches prevails. Practically, both strategies are complementary. Because they
are less difficult to design, supervised approaches are mainly used. The idea is to compare
different patient groups with pre-defined clinical or biological characteristics with the scope of
identifying specific pathological mechanisms. Thus, AD disease signatures as MADAD (Meta-
Analyses Derived Atopic Dermatitis)'> and 89ADGES (89 Atopic Dermatitis Gene Expression
Signature)'®, have been robustly designed comparing AD patients to healthy skin transcriptomes.
In AD and other complex diseases, such as systemic lupus erythematosus, supervised approaches
on disease severity score were able to highlight particular pathways?’-2°. Unsupervised approaches
are more rarely used and consist in using data structure to generate new hypotheses independently
of clinical and biological annotations. They require a higher number of samples compared to
supervised methods to maximize their statistical robustness. We decided to design a purely data-
driven unsupervised strategy using the largest AD and controls microarray cohort. Our method is
novel and therefore able to reveal original findings. It also consolidates previous discoveries

because of its complementarity to published studies3-32.

Feature selection is an essential step in complex data analysis. It consists in reducing data
dimension and complexity by removing redundant and irrelevant features to reduce noise and
improve classification performance. Differential expression and machine learning wrapping are
the most commonly used method in the supervised approach®. As genes with high expression
variance could drive phenotypical diversity, we hypothesized that their study is important for the
success of unsupervised approaches. The variance could be used directly to select genes®*3> or
through variance-based methods like PCA3. Considering that important gene expression
differences have been reported between healthy individuals 37 we elaborate an original strategy of

gene selection using their variances in AD versus physiological context.
Recent studies discovered!” and validated'? prospectively the existence of four AD endotypes

using unsupervised clustering based on a knowledge-driven set of blood biomarkers. These are

efficient strategies for endotyping patients using low invasive and cost-effective procedures. Our
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study differs from the above ones on two main points. First, we used skin transcriptomic data
considering that the skin microenvironment would be more representative of AD pathophysiology.
Second, we did not follow preconceived ideas for selecting the genes of interest, in order to be
able to identify original genes and new mechanisms. This may explain why important genes in AD
pathophysiology were nor retained in our analyses. Low variance genes were excluded (e.g. IL4R
= 0.24, TSLP = 0.05, IL17A = 0.03, IL22RA1 = 0.096, FLG = 0.34, CLDN1 = 0.12), and only
upregulated genes in one cluster versus others were used for functional signature (which excluded

IL19 and IL22, as an example).

While down-regulation of IL-34 and IL-37 expressions have already been described in AD in
comparison to controls®'32, the role of IL-37 as a negative immune regulator3®, especially in a Th2
context has just been reported’®. Also, IL-34 can lead to a pro- or anti-inflammatory state,
depending on the context®?, and has been recently described as inversely-correlated with AD
severity?8. FLG2 and LOR are part of the epidermal differentiation complex, they act as important
mediators of skin architecture. As a reflection of skin reconstruction defects, they are also
downregulated in comparison to healthy skin*!. In our study, IL-34 and IL-37 are part of MG-II
that groups skin architecture genes such as FLG2, LOR, OGN, and skin homeostasis genes. We
showed that MG-II expression is strongly inversely-correlated with AD severity and is the
functional signature of the less severe endotype. This supports the notion that co-expression of

anti-inflammatory and skin reconstruction signals may be responsible for a protective effect.

The more severe SCORAD and SA colonized endotype was characterized by the up-regulation
of MG-I that was enriched in IL-1 family signaling, epidermal proliferation, and differentiation.
This metagene shows a high level of overlap with the molecular signature of psoriasis, in
particular Th17 immunity*>. Although it is often described as downregulated in AD compared
with psoriasis®?, it could be upregulated according to the endotype** and participate in AD
development®. As part of Thl7 polarization, upregulated 1L-36 pathway is responsible for
mendelian monogenic psoriasis*®, besides IL-36G and IL-36A have been described as upregulated
in AD*. In contrast with MG-II, pro-inflammatory IL-1 signaling is grouped with genes of
keratinocyte proliferation (such as KRT6A and C) and proteases (such as PRSS22 and PI15)
which could reveal a disorganized tissue response. As in asthma, where a Th17 endotype has been

described*’, our findings could suggest the IL-36 blockers use in the AD therapeutic arsenal.
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Unexpectedly, one endotype was strongly enriched in B cell immunity (MG-III) whose role in
AD is not well delineated. While circulating B lymphocytes do not differ in AD patients compared
to controls, they do differ quantitatively and qualitatively at the skin level*®#°. In addition, B-cell-
targeted therapeutics showed disappointing results in AD>°. Association with allergic
comorbidities or high IgE levels could have been expected, but MG-III expression was not
associated with any clinical or biological features. In further studies, a higher number of samples
and a deeper clinical characterization may specify the role of B cell immunity in AD endotypes.
These preliminary findings could suggest the use of B cell-targeting therapies for a minority of

AD patients.

Application of patient stratification based on transcriptomic data in daily care is still very rare.
The validation step of those data is critical and should be carried out in each study, at least on
independent and ideally prospective cohorts. However, validation of a transcriptomic signature
could be a long process. Breast cancer is currently the only situation in which a transcriptomic
signature is routinely used in patient management>!>2. In our study, we decided to validate our
main biological findings taking advantage of a large independent skin biopsy dataset, with a
comparable transcriptomic technology. However, the question of technologies and the observation
scales remains. While RNA sequencing offers a better resolution than microarray, the latter is still
commonly used in the largest skin biopsy AD cohorts and remains robust for bulk transcriptomic
analyses®. In addition, classification studies require large cohorts. Those are limited by the fact
that sampling AD patients and control volunteers involve invasive skin biopsies that are not
common practice in AD management, especially in children. This could be addressed by
implementing recent non-invasive and validated methods such as skin tape strippings?%>1°4, In
addition to innovative sampling techniques, newer high-throughput approaches could allow the
detection of gene expression with higher resolution. Indeed, the first studies using single-cell RNA
sequencing have been recently published>—® and have begun dissecting AD heterogeneity at the

cellular level.
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PERSPECTIVES

Our logical and intuitive method selected biologically relevant genes from a large amount of
data. Combined with a data-driven unsupervised clustering, it enabled reproducible AD endotype
identification. This pipeline could be applied in other complex diseases for which classification
remains challenging. Regarding AD, endotypes were characterized by distinct disease severities
and conflicting biological mechanisms. This could help to better understand AD heterogeneity as

well as develop new and personalized therapeutic approaches.

World count: 3832
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FIGURE LEGENDS

Figure 1: AD-specific hyper-variable genes are representative of known AD mechanisms.

(a) Workflow of feature selection and functional annotation. First, we selected only hyper-variable
genes in AD lesional skin (variance > 0.5). Second, we kept genes that were twice more variable
than in healthy skin (ratio: variance AD / Control skin > 2) (Fig 1b). From the 222 AD-specific
hyper-variable genes, we performed several functional enrichments that highlighted known AD
mechanisms (Fig 1c, Suppl 1b).

(b) AD-specific hyper-variable gene selection. Among AD lesional skin, n = 575 genes were
highly variable (variance > 0.5). Among them, n = 222 were twice more variable than in healthy
skin and called AD-specific hyper-variable genes.

(¢) Functional enrichment of all AD-specific hyper-variable genes with GO biological process. It
confirmed the AD-specific hyper-variable gene role as representative of AD known
pathophysiology. Network representation of significative terms (adj.p>0.05). Nodes represent
main GO terms. Edges symbolize interactions between nodes.

AD: atopic dermatitis, GO: gene ontology

Figure 2: Unsupervised clustering of samples in four AD clusters with distinct clinical features,
using AD-specific hyper-variable genes.

(a) Workflow of sample clustering and clinical characterization. The 222 AD-specific hyper-
variable genes have been used to cluster samples. The optimal number of clusters was estimated at
four by all the different methods (Fig 2b and Suppl 3). The different clustering methods have been
compared to choose the most consensual and  consistent  (Suppl  4).
(b) k-means clustering using 4 as the optimal number of clusters according to the elbow method.
K-means  clusters are represented in a  dimension reduction PCA  plot.
(¢) Variable distribution comparison between clusters: disease severity (SCORAD) and SA
colonization are statistically different. Student tests have been used for inter-cluster comparisons.
AD: atopic dermatitis, PCA: principal component analysis, MST: Minimal Spanning Tree, SA:
Staphylococcus aureus, SCORAD: score AD
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Figure 3: Metagene expression in sample clusters reveal exciting molecular and functional
signatures.

(a) Workflow of discriminant genes final selection, grouping, and functional annotation to build
molecular signature of AD clusters. We used the four AD clusters made from the 222 AD-specific
hyper-variable genes. We compare gene expression in one AD cluster versus the others (Fig 3b).
Significantly upregulated genes were grouped in metagenes (Fig 3c) that acted as AD cluster
molecular signatures (Fig 3d).

(b) Heatmap representation of differentially expressed genes expression among samples and AD
clusters. Genes as part of a unique metagene had the same behavior according to sample clusters.
(c) Metagenes construction by correlation analysis using Pearson statistic. We select unique and
up-regulated genes from the differential expression analysis and grouped correlated genes into
their respective metagenes.

(d) Metagene expression among sample clusters. ANOVA test showed differential expression of
metagenes between clusters.

AD: atopic dermatitis, ANOVA: Analysis of variance, MG: Metagene

Figure 4: Data integration for multiscale AD cluster characterization and external validation.
(a) Workflow of the data integration step. The different phases were independent of each other.

(b) Correlation between metagene expressions and clinical features using Spearman statistics.
Significant positive correlations were shown between MG-I, SCORAD, and SA colonization.
Opposingly, significant negative correlations were found between MG-II, SCORAD, SA
colonization. No significant results were found between metagenes expression and raised IgE
levels (binary variable) or age (continuous variable).

(c) Metagene expression and disease severity disparities among clusters in an independent dataset
(GSE130588). AD cluster colors have been chosen relatively to their mean severity score.
ANOVA test showed metagenes as differentially expressed between clusters. As in our cohort, the
AD cluster with the more severe SCORAD had an upregulation of MG-I, and the AD cluster with
the less severe SCORAD had an upregulation of MG-II.

(d) Correlation of metagene and disease severity in an independent dataset (GSE130588).
Spearman statistics confirmed the positive correlation between MG-I expression and disease

severity as well as the negative correlation between MG-II expression and disease severity.
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AD: atopic dermatitis, ANOVA: Analysis of variance, MG: metagene, SA: Staphylococcus aureus,
SCORAD: score AD
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SUPPLEMENTARY FIGURE LEGENDS

Supplementary 1:

(a) Demographical data of AD and control cohorts.

(b) Functional enrichment of all AD-specific hyper-variable genes based on the KEGG database.
The top 5 statistically significant biological processes are ranked by adjusted p-value.

Supplementary 2: The 222 AD specific hyper-variable genes with their respective variance in the

pathological and physiological states. Genes are ranked by ratio.

Supplementary 3: Cluster number optimization.

(a) Sample k-NN and MST clustering in four clusters. The number written within each circle
refers to the sample identity.

(b) The highest average silhouette width corresponded to four sample clusters.

(c¢) Hierarchical clustering: Euclidian distance has been used to constitute four clusters.

Supplementary 4: Clustering methods comparison. k-means clustering method has been chosen
for sample clustering because of its highest intra-cluster (Dunn index) and inter-cluster (Rand

index and Jaccard similarity coefficient) metrics.

Supplementary 5: Clinical features representation within AD clusters.

(a) Table of clinical, biological, and demographical variables among clusters. The statistically
different clinical parameters were: SCORAD, and SA colonization (adj.p<0.05). Kruskal Wallis
test has been used for continuous, and Fisher test for Boolean variables. Medians and interquartile
ranges are provided for quantitative variables, except for SA colonization for which the mean is
provided.

(b) Important non-significant clinical features: early age of disease onset, IgE concentration,
gender, age.

OTU: Operational taxonomic unit, SA: Staphylococcus aureus, SCORAD: score AD

Supplementary 6: AD clusters transcriptomic signature.

(a) Differentially expressed genes in one cluster versus the others.
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(b) Unique and upregulated differentially expressed genes grouped in their metagenes.

AD: atopic dermatitis

Supplementary 7: Literature mining manually curated signature revealed interesting and distinct
metagene functions. Computational approaches were not suitable for this analysis due to the low
number of genes per metagene. Thus, a manually curated approach was favored. Genes belonging

to one metagene shared common biological functions.

Supplementary 8: Expression comparisons, between AD clusters, of important genes already
described in AD studies. Classical functional groups such as Th2, Th17 polarizations, and skin
barrier did not show homogeneous expression profiles within AD clusters.

(a) Th2 immunity genes.

(b) Th17 immunity genes.

(c¢) Skin barrier genes.

AD: atopic dermatitis, Th: T-lymphocyte helper
Supplementary 9: Comprehensive list of independent skin AD transcriptomes with available

clinical annotations on disease severity. The largest expression matrix (GSE130588) was used to

validate our main findings.
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Supplementary 1

Demographical data of AD and control cohort

AD patients Controls
Individual (nb) 82
Sample (nb) 82 213
Age mean (yo) [min-max] 44 [20-83] 35[19-77]
Gender (F/M) 36/46 69/44
Ethnicity Caucasian 91% Caucasian 88%
SCORAD 52 [17-89]

Functional enrichment of all AD-specific hyper-variable genes with KEGG database

Term name Terme ID adj.p

Cytokine-cytokine receptor interaction KEGG:04060 34e9
Viral protein interaction with cytokine KEGG:04061 14e-8
IL-17 signaling pathway KEGG:04657 2.8e4
Influenza A KEGG:05164 3.3e-3
AGE-RAGE signalling pathway in diabetic complications KEGG:04933 39e-3



ENSG00000175426
ENSG00000197915
ENSG00000127318
ENSG00000196611
ENSG00000162892
ENSG00000142224
ENSG00000254651
ENSG00000244057
ENSG00000108702
ENSG00000105641
ENSG00000169429
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ENSG00000143520
ENSG00000185962
ENSG00000162891
ENSG00000123496
ENSG00000182585
ENSG00000103569
ENSG00000134028
ENSG00000166509
ENSG00000212556
ENSG00000153802
ENSG00000136694
ENSG00000163661
ENSG00000182566
ENSG00000175592
ENSG00000188293
ENSG00000181617
ENSG00000236481
ENSG00000158859
ENSG00000206384
ENSG00000203782
ENSG00000110347
ENSG00000171889
ENSG00000223872
ENSG00000189433
ENSG00000248329
ENSG00000198074
ENSG00000162040
ENSG00000204936
ENSG00000170465
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ENSG00000184330
ENSG00000205362
ENSG00000105205
ENSG00000213886
ENSG00000227471
ENSG00000115758
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ENSG00000104368
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ENSG00000211966
ENSG00000163221
ENSG00000138135
ENSG00000163600
ENSG00000211791
ENSG00000157368
ENSG00000243466
ENSG00000211653
ENSG00000134827
ENSG00000163638
ENSG00000103888
ENSG00000102970
ENSG00000227300
ENSG00000166869
ENSG00000169385
ENSG00000188404
ENSG00000119457
ENSG00000124731

GeneSymbol
PCSK1
HRNR
1L22
MMP1
1L24

IL19
RP11-430H10.3
LCE3C
CcCL1
SLC5AS5
L8

CCL18
MMP3
IGHV4-4
FLG2
LCE3A
1L20
IL13RA2
EPGN
AQP9
ADAMDEC1
CLEC3A
Y_RNA
TMPRSS11D
IL36A
PTX3
CLECAG
FOSL1
IGFL1
FDCSP
AC002331.1
ADAMTS4
COL6A6
LOR
MMP12
MIR31HG
AC006372.5
GJB4
RP11-366M4.3
AKR1B10
HS3ST6
CD177
KRT6C
OLFM4
S100A7A
MT1A
CLC

UBD
AKR1B15
oDC1
HTR3A
PLAT
HAS3
IGHV5-51
S100A12
CH25H
1COS
TRAV13-2
L34
IGKV1-5
IGLV1-40
TCN1
ADAMTS9
KIAA1199
CCL17
KRT16P2
CHP2
RNASE2
SELL
SLC46A2
TREM1

Variance in AD Variance in controls Ratio

0.695
1.534
0.772
5.05
0.822
0.842
0.554
1.391
1.255
0.76
1.201
1.102
2.109
0.936
0.729
2.139
0.554
0.784
2.173
1.082
1.256
0.559
0.781
1.343
2.499
0.89
0.736
1.564
1.939
0.606
0.51
0.6
1.181
0.757
2.275
0.904
0.601
0.836
1.114
1.277
0.706
1.006
4.139
1.787
3.221
1.137
1.598
1.315
0.699
0.584
0.603
0.663
0.605
0.997
2.652
0.743
0.57
0.638
0.543
1.263
1.367
2.844
0.525
0.661
0.509
0.638
0.681
0.681
0.598
0.744
0.669
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0.022
0.05

0.026
0.17

0.029
0.032
0.025
0.064
0.059
0.041
0.071
0.067
0.134
0.065
0.051
0.154
0.04

0.06

0.168
0.086
0.101
0.045
0.063
0.112
0.211
0.076
0.063
0.144
0.181
0.057
0.048
0.058
0.115
0.076
0.241
0.096
0.065
0.093
0.126
0.145
0.081
0.116
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0.211
0.383
0.136
0.193
0.161
0.089
0.076
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0.085
0.143
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0.191
0.209
0.44
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0.102
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0.109
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0.099
0.126
0.116

31.2
30.8
29.8
29.7
27.9
26.5
22.5
21.6
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18.7
16.8
16.5
15.7
14.4
14.2
13.9
13.7
13.0
12.9
12.5
12.5
12.4
12.3
12.0
11.8
11.7
11.6
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10.0
9.4
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9.2
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8.8
8.7
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8.6
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8.3
8.1
7.9
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7.2
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7.0
6.9
6.9
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6.6
6.5
6.5
6.5
6.5
6.4
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6.3
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5.9
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IGKV4-1
AC022596.6
DEFB4A
ABHD12B
NR4A3
PLA2G4D
FGFBP1
RAB3B
CXCL11
RNUS5A-8P
CDCé

IL37
TMPRSS4
IGHJ6
KRT77
TRAJ52
KIF20A
UGT3A2
IGKV1-6
PAMR1
HSD11B1
HERC6
MX1
DLGAPS
PRSS27
IGHV4-31
DEFB4B
COL4A1
ComP
PI15
SERPINE1
STC1
TNFRSF12A
RP11-98L5.5
TRBV28
RSAD2
LTF
PRSS53
NELL2
BEST2
IGHJ2
PRSS22
LILRA5
AC103563.2
OAS2
TRAJ23
IGHV4-28
TRAJ9
IFI44L
ALOX15
SPON1
IGHV1-24
IGHV4-34
TGM6
CD1B
SOCS3
CCR4
SLAMF6
IGHV3-23
CYP27B1
RHCG
TNC
TECRL
GDA
VCAM1
CD207
1L36G
TRAJ14
MT1M
TRAJ36
IGKV1-17
IGKV1D-16

0.565
0.876
4.897
0.755
0.514
0.679
0.755
0.788
1.113
2.442
0.523
1.276
0.8
4.605
0.743
0.578
0.527
1.614
1.566
0.516
1.358
0.65
0.669
0.56
0.673
1.065
1.41
0.542
1.706
1.494
0.803
0.856
0.7
1.059
0.618
0.572
2.873
0.617
0.834
0.643
1.09
0.512
0.688
0.74
0.711
0.721
0.754
0.508
1.052
1.047
0.552
0.616
0.683
0.563
0.923
0.656
0.515
0.62
0.718
0.612
1.252
0.654
0.763
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0.527
0.63
0.73
0.542
0.581
0.539
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0.546

0.098
0.153
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0.134
0.092
0.122
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0.16
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0.117
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0.119
0.316
0.153
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0.206
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0.209
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0.186
0.207
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0.201
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0.204
0.238
0.377
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GBP1
IGHV1-18
CCL22
SLC26A9
SELE
RP11-35612.2
IGHV3-30
TICRR

U6
FABPS
TRAJ29
MIR21
IFIT1
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DKK1
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IGHV1-2
IGKV1-16
CLDN8
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IFIT3
GPR174
TRAJ30
P2RY12
HIST1H2AK
TRAJ22
IGHJ3
RNUSF-1
IGHV3-15
PLA2G2A
IGLV3-1
PI3
IGHV3-33
SLC6A14
TRAJ31
IGHV3-9
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0.524
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1.052
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Supplementary 3

k-NN/MST sample clustering in four clusters

Average silhouette width in all samples

o
Ty — 0 —0
—_ o]
0.30 o0 1 ~.
S 0.25 -
©
'Z 0.20
2 015 —
(]
S 0.10
o)
< 0.05
wn
0.00 4 ©
I 1 | I |
2 4 6 8 10

Numbers of clusters

Hierarchical clustering of samples in four clusters
1
: ﬁ

30
]

20
1

10
1

Euclidian distance

o -

Samples



Supplementary 4

Intra and inter-cluster metrics used to select the more consensual method

Intra-cluster metric

. Hierarchical k-NN k-means
Clustering methods . . .
clustering clustering clustering
Dunn Index 0,42 0,34 0,43

Inter-cluster metrics

Clustering methods Hierarc-hical k-NN . k-mear?s
clustering clustering clustering
Rand Index
Hierarchical clustering 0,68 0,79
k-NN clustering 0,68 0,73
k-means clustering 0,79 0,73
Jaccard similarity coefficient
Hierarchical clustering 0,30 0,44
k-NN clustering 0,30 0,38

k-means clustering 0,44 0,38
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Supplementary 5

AD cluster1 ADcluster2 AD cluster 3 AD cluster4 adjusted p

Patient number (/82) 12 23 29 18 -
Personal history

Age (years) 51([31-57] 44([34-52] 46[39-53] 48.5[35-57] 0.98

Gender (M|F) 7|5 14|9 14|15 11]7 0.95

Early age of AD onset 75% 83% 55% 72% 0.44

Allergies 83% 74% 72% 78% 0.95
Familial history

Allergies 83% 52% 69% 72% 0.52
Clinical features

SCORAD (/103) 55 [46-73] 39([31-45] 52[43-60] 57 [38-63] 0.02

Biopsy localization (back/tigh) 2|10 1419 12|17 10|18 0.21
Biological features

SA colonization (mean OTU) 4801 1420 3286 4914 0.02

Raised serum IgE level 58% 70% 79% 72% 0.84

Gender disparity in AD clusters AD age of onset in AD clusters
adj.p=0.95 adj.p=0.44

1
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B Male M Child
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Supplementary 6

a Differentially expressed genes in one cluster vs the others
Cluster 1 Cluster 2 Cluster 3 Cluster 4
vs2,3and4 [ vs1,3and4 | vs1,3and4 | vs1,2 and3
AKR1B10 ABHD12B No gene AKR1B10
DEFB4A AQP9 HAS3
IL36A BTC IGLV2-18
IL36G CD207 IGLC7
EPGN CLDN8 IGHG4
KRT6A CLEC2A IGHG2
KRT6C CHP2 IGHG3
KRT16P2 HS3ST6 IGHM
PI3 HSD11B1 IGHJ2
PI15 FLG2 IGHV1-2
PLA2G4D GJB4 IGHV3-15
PRSS22 GSTA3 IGHV3-30
PRSS27 IL34 IGHV3-33
RHCG IL37 IGKV1-6
S100A7A KRT77 IGKV3-20
S100A12 LOR IGKV1-17
SLC6A14 OGN IGKV1-16
SPRR2B PAMR1 IGHJ3
TCN1 RAB3B IGKV1-5
TNC RP11-35612.2 KRT6A

RP11-98L5.5 MIR21

SLC46A2 PI3

UGT3A2 PRSS27
S100A12
TCN1

b

Upregulated differentially expressed genes grouped in corresponding metagenes

Metagenes
1 2 3

AKR1B10 ABHD12B IGLV2-18
DEFB4A AQP9 IGLC7
EPGN BTC IGHG4
IL36A CD207 IGHG2
IL36G CHP2 IGHG3
KRT16P2 CLDNS IGHM
KRT6A CLEC2A IGHJ2
KRT6C FLG2 IGHV1-2
PI15 GJB4 IGHV3-15
PI3 GSTA3 IGHV3-30
PLA2G4D HS3ST6 IGHV3-33
PRSS22 HSD11B1 IGKV1-6
PRSS27 IL34 IGKV3-20
RHCG IL37 IGKV1-17
S100A12 KRT77 IGKV1-16
S100A7A LOR IGHJ3
SLC6A14 OGN IGKV1-5
SPRR2B PAMR1
TCN1 RAB3B

RP11-35612.2

RP11-98L5.5

SLC46A2

UGT3A2




Supplementary 7

Metagene | (19 genes) — IL-1 family signaling & skin remodeling

Th17 : DEFB4A, IL36A, IL36G, PI3, PLA2G4D, S100A7A, S100A12

Epidermal proliferation and differentiation : EPGN, KRT6A, KRT6C, AKR1B10, SPRR2B
Protease activity: PRSS22, SLC6A14, PI15, TCN1

Poorly described : KRT16P2, PRSS27, RHCG

Metagene Il (23 genes) — Negative immune regulation & skin architecture

Negative immune regulation: CLEC2A (=PILAR), IL34, IL37

Skin architecture: FLG2, LOR, OGN

Epidermal homeostasis: BTC, GSTA3, GJB4, KRT77, UGT3A2,

Water metabolism: AQP9, CLDN8

Langerhans cell marker: CD207

Lipase: ABHD12B

Endogenous steroid activation: HSD11B1

Poorly described : CHP2, HS3ST6, PAMR1, RAB3B, RP11-35612.2, RP11-98L5.5, SLC46A2

Metagene Il (17 genes) — B lymphocyte immunity

Immunoglobulin recombination: IGLV2-18, IGLC7, IGHG4, IGHG2, IGHG3, IGHM, IGHJ2, IGHV1-2,
IGHV3-15, IGHV3-30, IGHV3-33, IGKV1-6, IGKV3-20, IGKV1-17, IGKV1-16, IGHJ3, IGKV1-5



Supplementary 8
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ARRAY SCOR
TITLE DOI GEO EXPRESS AUTHOR YEAR TECH_MICROARRAY SAMPLES AGE AD
Dupilumab progressively improves systemic and E. Guttman-
cutaneous abnormalities in patients with atopic 10.1016/j.jaci.2018.08.022 | GSE130588 NA «mmmz ot al 2018 Affymetrix Human U133Plus 2.0 gene arrays 51 Adult | YES
dermatitis
Cyclosporine in patients with atopic dermatitis
modulates activated inflammatory pathways and 10.1016/j.jaci.2014.03.003 | GSE58558 | E-GEOD-58558 | S. Khattriet al 2014 Affymetrix Human U133Plus 2.0 gene arrays 12 Adult | YES
reverses epidermal pathology
Dupilumab improves the molecular signature in skin of L JD. Hamilton et .
patients with moderate-to-severe atopic dermatitis 10.1016/j.jaci.2014.10.013 | GSE59294 | E-GEOD-59294 al 2014 Affymetrix Human U133Plus 2.0 gene arrays 18 Adult | YES
Progressive Activation of Th2/Th22 characterizes acute | 1 151610 9012.07.012 | GSE36842 NA JK. Gittleretal | 2012 | Affymetrix Human U133Plus 2.0 gene arrays 17 Adult | YES
and chronic atopic dermatitis
Reversal of atopic dermatitis with narrow-band UVB e ) .
) - 10.1016/j.jaci.2011.05.042 | GSE27887 | E-GEOD-27887 | STintleetal 2011 Affymetrix Human U133Plus 2.0 gene arrays 12 Adult | YES
phototherapy and biomarkers for therapeutic response
Nonlesional atopic dermatitis skin is characterized by M Susrez-Farifa
broad terminal differentiation defects and variable 10.1016/j.jaci.2010.12.1124 | GSE32924 NA 2011 Affymetrix Human U133Plus 2.0 gene arrays 12 Adult | YES

immune abnormalities

etal
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