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Abstract

Atopic dermatitis (AD) is a complex, multifactorial, chronic pruritic inflammatory skin disease. We report the
first microbiome study and new insights on the relationship between skin microbiota variation and AD
susceptibility in a population sample from Egypt. We characterized the skin microbiome in 75 patients with
AD and 20 healthy controls using Illumina MiSeq sequencing of 16S rRNA gene. Overall, bacterial diversity
of skin microbiome in patients with AD was less than those of the healthy subjects. Genus level analysis
revealed significant abundance variations by age, disease severity, locality, or immune response. Among
these genera, Streptococcus, Cutibacterium, and Corynebacterium appeared to be specific signatures for AD
in children, adolescents, and adults, respectively, while Staphylococcus was noted as a potential biomarker
candidate for AD. Additionally, functional potential of metagenomes shifted the overall metabolic pathways
to participate in the exacerbation of disease. Total immunoglobulin E (IgE) levels were positively correlated
with relative enrichment of certain Staphylococcus aureus subspecies. Finally, AD-related differences in skin
bacterial diversity appeared to be in part linked to the serum IgE level. These new observations attest to
the promise of microbiome science and metagenomic analysis in AD specifically, and clinical dermatology
broadly.
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Introduction

Atopic dermatitis (AD) is a common, relapsing, chronic
skin condition characterized by pruritus, erythema, and

eczematous skin lesions. AD affects *10% to 20% of chil-
dren and 2% to 4.9% of adults worldwide (Barbarot et al.,
2018). The onset of AD typically extends through various
phases, including infancy, child, adolescence, and adulthood
(Mortz et al., 2015; Rajka, 2012).

Skin is the first outer shield of the human body with various
anatomical and physiological structures, harboring billions
of resident microorganisms, referred to as the microbiota.
Skin microbiota shares complex relationships with the host
varying from mutual and may extend to hostile relations in
certain conditions. Moreover, microbe–microbe interactions
orchestrate the overall microbial community composition of
skin microbiome by maintaining immune homeostasis and
inhibiting the growth of potential pathogens (Huttenhower

et al., 2012). Accordingly, several studies provided evidence
that correlated the disturbance in the human microbiota with
the etiology of allergic diseases (Iwatsuki et al., 2018; Pascal
et al., 2018; Weidinger et al., 2013).

Normally functioning skin mainly depends on collabora-
tion between crucial triad, including epidermal barrier, resi-
dent microbial communities, and immune cells in shaping
and modulation of the immune system. Consequently, im-
pairments of any of these parameters could be contributed
to clinical phenotype of AD as well as worsening of the
symptomatology of the disease (Wollenberg et al., 2018).

Pathogenesis of AD is a result of interplay between many
factors, which play pivotal roles in the development and
modulation of AD, such as genetic predisposition represented
in loss-of-function mutation in filaggrin reportedly contrib-
utes to exacerbation of the disease by barrier impairment and
loss of skin integrity (Scheerer et al., 2018; Thomsen, 2015).
Epigenetic and environmental stimuli as well as skin resident
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bacteria are also implicated in the pathogenesis of AD
(Clausen et al., 2018; Leyden et al., 1974; Rodriguez et al.,
2014; Sasaki et al., 2016).

Traditional culture-based techniques for describing the
composition of skin bacterial communities are unable to offer
optimal description of these communities. On the other hand,
the advances in next-generation sequencing have revolu-
tionized the era of microbiome revealing vastly greater bac-
terial diversity and providing deeper understanding about the
relation between community members and the degree of
symbiosis provoked on skin with AD (Byrd et al., 2017;
Metzker, 2005; Zhang et al., 2011).

Recently, AD has shown to be steadily increasing world-
wide (Clausen et al., 2018; Williams, 1992). The adverse
impact of AD on quality of life is not restricted to developed
countries and is a serious public health concern in low- and
middle-income countries as well (Goh et al., 2018; Ng et al.,
2018; Williams et al., 1999). In the case of Egypt, dermato-
logical studies in different regions have reported the inci-
dence of AD between different age groups to represent 23%
of skin lesion (Abdel-Hafez et al., 2003; Yamamah et al.,
2012).

On the other hand, metagenomic studies for AD-associated
microbiota in Middle Eastern countries, particularly in Egypt,
have been thus far limited in contrast to other world regions
(Flohr and Mann, 2014; Iwatsuki et al., 2018). The present
study aimed to describe patterns in composition, structure,
and functional potential in bacterial communities of patients
with AD in comparison to healthy subjects using 16S rRNA
microbial analysis at different ages. Additionally, we report
on the putative links between skin microbiota and serum
immunoglobulin E (IgE).

Materials and Methods

Ethics statement

This study was performed according to the principles
of the Declaration of Helsinki and approved by the Scienti-
fic Research Ethics Committee at the Faculty of Pharmacy,
Suez Canal University, Egypt (reference number of 201609
PHDH). The patient or his/her legal guardian provided full
informed consent before collection of skin swabs.

Study design and participants

This study is a case–control study of patients with AD and
healthy controls. For skin swabbing, patients with AD who
have presented to the outpatient Dermatology Clinic at Al-
Azhar University Hospital, Assiut (Egypt) were recruited.
Participants were diagnosed as AD on the basis of the Hanifin
and Rajka criteria (Hanifin and Rajka, 1980). Clinical se-
verity of AD was assessed using the Scoring AD (SCORAD)
index (Schallreuter et al., 1993). Parental questionnaires and
physical examination were included in assessment of chil-
dren group. All subjects were either male or female between
2 and 60 years of age.

Exclusion criteria included systemic or local antibiotic use
during 3 weeks before the sampling, topical corticosteroid
application within 2 weeks before sampling session, and
systemic steroids and immunosuppressant administration
within 1 month before sampling. Any subject who failed
these criteria was excluded. Healthy control subjects enrolled

in this study were nonatopic, with similar age to AD subjects,
normal serum IgE level, and assessed for the absence of
major skin diseases, including previous AD, psoriasis, and
rosacea, as well as other atopic manifestations.

According to the SCORAD, patients were classified to
three groups: mild (<15), moderate (between 15 and 40), and
severe (>40). To assess the patterns of microbiome during
different developmental stages, participants were grouped as
children (2–12 years), adolescents (13–18 years), and adult
(‡19 years).

Sample collection

Subjects with AD were informed to avoid bathing, using
topical medications, and emollients at sampling sites for 24 h
before sampling. Skin swabs were collected from antecubital
fossa (AF) using aseptic techniques. Briefly, sterile cotton-
tipped Catch-All swabs (Epicentre Biotechnologies, Madi-
son, WI, USA) were premoistened with a sterile solution of
0.15 M NaCl and 0.1% Tween 20. Swabs were rubbed firmly
for 20 sec over 4 cm2 areas identified as being the most rep-
resentative of affected skin. Similarly, samples were also
collected from the closest unaffected skin area of 10 AD
patients and healthy control subjects.

DNA extraction and high-throughput sequencing

Bacterial genomic DNA was extracted from swabs col-
lected from AD patients, healthy subjects, and laboratory
control that was also performed on premoistening solution
with and without swab to ascertain any potential contami-
nants, using DNeasy PowerSoil Kit cat no. 12888-100
(Qiagen, Valencia, CA) as recommended by the manufac-
turer with modifications as previously described (Ramadan
et al., 2016). For microbiota profiling, 16S rRNA gene was
amplified by polymerase chain reaction (PCR) using primers
targeting V1–V3 regions. Illumina adaptor appended to
primers (underlined), forward primer 5¢ AATGATACGG
CGACCACCGAGATCTACAC ATCGTACGTAT GGTA
ATTCAATTA CCGCGGCTGCTGG reverse primer 5¢ CAA
GCAGAAGAC GGCATACGAGAT AACTCTCGAGTCA
GTCAGCCGAGTTTGAT CMTGGCTCAG (Allen et al.,
2016).

PCR amplification products’ size and quality were verified
with a 1% agarose gel and Agencourt XP AMPure Beads
(Beckman Coulter, USA). Amplicons from negative control
were analyzed in parallel with the processing of the samples to
detect the presence of contaminants in swabs, extraction re-
agents, or during PCR mixture setup. Library preparation and
sequencing using Illumina MiSeq Platform (Illumina, USA)
were accomplished at IGA Technology Services (Udine, Italy).

Serum total IgE assay

Serum samples were collected from all participants to es-
timate the total IgE level. Total IgE levels were assayed using
the ELISA Kit cat. no. 1801-18 (Diagnostic automation/
Cortez diagnostics, Inc., USA) as per the manufacturer’s
instructions. Optical densities were measured using an
enzyme-linked immunosorbent assay (ELISA) reader and
levels of total IgE were calculated using standard curves
performed for ELISA plate. Total IgE levels are represented
as IU/mL. A value of ‡150 IU/mL was considered as raised
total serum IgE levels.
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Data analyses

Row sequence preprocessing was performed depending
on ribosomal sequence variants (RSVs), refers to sequences
that differ by >1 nucleotide, using Insights Into Microbial
Ecology 2 (QIIME2; release 2018.4) (Caporaso et al.,
2010) platform with the DADA2 plugin (Callahan et al.,
2016).

In brief, demultiplexed paired reads from study samples
and negative controls were input for trimming and filtering
of reads with a maximum of two expected errors per read
(maxEE = 2) and truncation length for forward and reverse
reads, 270 and 210, respectively, to remove low-quality
bases at the end of the reads. After word, filtered reads were
dereplicated to unique sequences, DADA2 error model pa-
rameter 1000000 was used by DADA2 inference algorithm
to denoise all sequences. Denoised forward and reverse se-
quences were merged using a minimum overlap of 20 bp and
0 mismatches.

Once RSVs were inferred, potential chimeric sequences were
removed to generate high-resolution RSVs. Representative se-
quence for each RSV was used for taxonomic classification
against the SILVA SSU Ref NR dataset v.132 (Quast et al.,
2013) using trained Ribosomal Database Project’s (RDP’s)
naive Bayesian classifier at 99% sequence similarity (Wang
et al., 2007). Alternatively taxon-independent clustering was
performed by ESPRIT-Tree software (Cai and Sun, 2011)
to bin sequences into operational taxonomic units (OTUs)
by computing k-mer distance between sequences at similarity
levels from 99% (species/strain level) to 80% (phylum level).

Staphylococcus and Streptococcus sequence
classification to species level

For species-level designations, a phylogenetic placement
method was used, whereby sequences classified as Staphy-
lococcus and Streptococcus were placed separately onto
maximum likelihood phylogeny by pplacer and guppy
(Matsen et al., 2010). Species-level assignments of V1–V3
reads using pplacer analysis was in accordance with whole
metagenome shotgun sequencing results revealing accurate
and correct species classification, especially Staphylococcus
species (Meisel et al., 2016). Specifically, a high-quality 16S
rRNA reference database packages for these genera were
created from full-length 16S rRNA gene sequences extracted
from RefSeq genomes (as of August 2018) and RDP type
species sequences (Release 11.5).

In brief, extracted sequences were processed using MO-
THUR (Schloss et al., 2009), were aligned to SILVA database
v.132, screened, and clustered. Reference tree was built from
each alignment with GTRGAMMA model in RAxML v.8.0.0
(Berger et al., 2011). Reference package was created by
Taxtastic suite of tools (taxit v0.3.1; https://github.com/fhcrc/
taxtastic) using the aligned reference sequence and tree.
Taxonomic classifications were produced with guppy software
(guppy is distributed with pplacer) using a most recent com-
mon ancestor approach with likelihood score of at least 0.85
and 0.90 for Staphylococcus and Streptococcus, respectively
(Oh et al., 2013).

To predict the functional profile of skin microbiome based
on the 16S rRNA gene sequences, Phylogenetic Investigation
of Communities by Reconstruction of Unobserved States
(PICRUSt) was used (Langille et al., 2013), all denoised,

merged, and chimera-checked reads were exported from
qiime2 to fasta file using Qiime2 tools export script and used
as input by Qiime, v 1.9.1 for closed-ref OTU picking to assign
OTUs against Greengenes database (V 13.8) (McDonald et al.,
2012) at a 97% identity using UCLUST (Edgar, 2010).
Predict_metagenomes.py command in PICRUSt used biom
file, generated by closed-reference clustering, to predict met-
abolic functions through mapping the Kyoto Encyclopedia of
Genes and Genome (KEGG) Orthology Database at level 3
(Kanehisa and Goto, 2000; Kanehisa et al., 2014).

Significantly different features such as taxa or KEGG
pathways between age groups were identified by the linear
discriminant analysis (LDA) effective size (LEfSe) (Segata
et al., 2011). Only RSV or KEGG metabolic pathways with
logarithmic LDA scores >3.0 and a = 0.05 were inputted
LEfSe (ver. 1.0).

Statistical analysis

Estimates of ecological indices, which included rarefac-
tion curves, number of observed RSVs (species), and Shan-
non index, representing common measures of alpha diversity,
were analyzed within QIIME2 using a random resampling of
36,944 sequences per sample for even sampling depth. In
addition, another dataset was used for downstream analysis
using all of the quality-filtered reads per sample. Statistical
significance of differences among age groups or healthy and
diseased patients was estimated using unpaired Wilcoxon
rank-sum test and Kruskal–Wallis rank-sum test. All p-values
were adjusted for multiple comparisons in R using false
discovery rate method (Benjamini and Hochberg, 1995).

Beta diversity analyses were estimated to determine phy-
logenetic distances between communities, including both
unweighted and weighted UniFrac distance matrices (Lozu-
pone et al., 2011). Both UniFrac principal coordinates anal-
ysis (PCoA) and the Unweighted Pair Group Method with
Arithmetic Mean (UPGMA) were performed for interpreta-
tion of the UniFrac distance matrix. Phyloseq and ggpubr, R
packages were used for calculation and plotting of a and b
diversity (McMurdie and Holmes, 2013), except the robust-
ness of the UPGMA tree was estimated using jackknife based
on 1000 replicates by input QIIME and running the jack-
knifed_beta_diversity.py workflow.

Finally, significance testing of sample clustering was as-
sessed by Permutational Multivariate Analysis of Variance
(ANOVA) (Adonis R, package Vegan) (Anderson, 2001)
using the weighted UniFrac distance matrix in QIIME by
compare_categories.py script. To define the correlations
between microbiota and patient clinical metadata, Spearman
correlation coefficient was estimated for genera whose mean
relative abundance was ‡0.32% using R package, Hamsic
(Harrell and Dupont, 2008). SigFeature package was used for
selection of significant features between age group using
recursive feature elimination-support vector machine (RFE-
SVM) (Das and Roychoudhury, 2017). All plots and figures
were generated using ggplot2 and ggtree packages.

Availability of Data

The 16SrRNA raw sequence reads that support the findings
of this study have been deposited in Sequence Read Archive
under accession number PRJNA481999, and are accessible at
www.ncbi.nlm.nih.gov/bioproject/PRJNA481999.
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Results

Study cohort and sequencing of 16S rRNA gene

To identify patterns of the skin microbiome in relation to
AD, clinical specimens were collected from AF, a common
site for AD predilection. A total of 75 patients clinically
diagnosed with AD were recruited, including 33 children
(Children_AD), 12 adolescents (Adolescent), and 30 adults
(Adult_AD). As controls, samples were taken from 20 heal-
thy nonatopic volunteers (Children_H and Adult_H) and
nonlesional skin regions of 10 AD patients (Children_NL and
Adult_NL) (Supplementary Fig. S1). Demographic data as
well as clinical assessments were collected, including age
(19.25 – 15.77) (mean/standard deviation [SD]), and gender
(45 males, 50 females). The AD patients in this study had
SCORAD (37.95 – 15.11) representing moderate-to-severe
disease with total serum IgE (377.8 – 297.7). According to
geographic locality, there were 43 and 32 participants with
AD from urban and rural regions, respectively (Supplemen-
tary Table S1).

In total, 108 samples were derived from the AF of 95
participants. Three laboratory controls were processed for
V1–V3 region of 16S rRNA gene by Illumina MiSeq, ob-
taining 8,128,581 sequencing reads (average reads per sam-
ple 77,415 – SD 15,369). Quality control checking of reads
resulted in 7,637,126 reads that were denoised, dereplicated,
merged, and cleared from chimeric sequences (21.97% of
filtered reads) obtaining 5,958,743 bacterial 16S rRNA se-
quencing reads (73.33% of the total reads) that were used in
downstream analyses.

Skin bacterial diversity in healthy controls
and patients with AD

The overall taxonomic diversity across skin microbiomes
was estimated using different alpha diversity metrics, based
on species richness estimating the number of observed RSVs.
In total 5401 RSVs were detected that ranged from 257 to
1069 (Fig. 1a). The Shannon index (combining richness and
evenness of communities) ranged from 0.926 to 5.63
(Fig. 1b). Notably, results of these measures showed signif-
icantly more diverse bacterial communities in healthy skin
than those related to AD. Although diversity indices of
nonlesional regions were relatively but not significantly
lower than those from healthy skin (Wilcoxon test, p = 0.82),
these regions showed mild but significant increased diversity
in comparison to lesions of the same patient.

For elucidation of age-specific patterns of AF micro-
biomes, alpha diversity was compared between different age
groups. Whereas healthy children had the highest alpha di-
versity followed by healthy adults with significant differ-
ences from those with AD (Kruskal–Wallis, p = 7.17 · 10-9).
However, adolescents presented intermediate diversity be-
tween children and adults with AD, it exhibited nonsignifi-
cant difference in comparison to children with AD (Wilcoxon
test, p = 0.68).

Patterns of beta diversity between samples with respect to
community membership and structure were analyzed us-
ing both weighted and unweighted UniFrac analyses. Di-
vergences among study groups were shown to be statistically
significant in a multivariate ANOVA based on dissimilarities
(adonis: r2 = 0.031; p £ 0.001). PCoA of weighted UniFrac

analyses revealed distinct significant age-dependent cluster-
ing of both healthy and patient groups (Fig. 2). Nevertheless,
the UPGMA hierarchical clustering of unweighted UniFrac
distances was not consistent with PCoA of weighted UniFrac
and showed disease-driven clustering, where samples from
AD patients were clustered away from those of healthy
subjects (Supplementary Fig. S2). These observations high-
lighted the essential role of bacterial abundance for describ-
ing relation between samples.

Comparative taxonomic profiles of healthy
and AD skin microbiomes

To compare taxonomic structure and to estimate the age-
related diversification of the AF microbiome in healthy and
AD, RSVs were assigned to taxonomy at the most resolvable
levels (phylum and genus) based on phylotypes in reference
16S rRNA gene databases. In total, 5401 RSVs were detected
in AF skin, which were taxonomically classified into 24
phyla, 53 classes, 119 orders, 285 families, and 716 genera.
At the phylum level, the dominant phyla were Firmicutes
(4.31–87.53%), Proteobacteria (1.86–53.91%), Actino-
bacteria (2.27–90.31%), and Bacteroidetes (4.21–12.79%),
which together represented 97.63% of sequences in our da-
taset (Fig. 3).

A striking tension existed between Proteobacteria and
Firmicutes in healthy group with a mean average of 42.8%
and 40.65%, respectively. The geographic locality of healthy
subjects, as a comparative parameter, has elucidated the
fluctuating predominance of these phyla, where microbiome
of rural individuals was markedly different and showed sig-
nificantly high abundance of Proteobacteria, whereas Fir-
micutes were found to be the most abundant in urban subjects.
Comparing the abundance of predominant phyla among age
groups revealed that Firmicutes showed a significantly higher
abundance in children with AD than the other age groups.
Although Actinobacteria existed with steady relatively low
abundance (1.6–12.4%) in all children (healthy and AD), it
significantly climbed in AD adults and adolescents as well.

At the genus level, 716 genera were detected in AF skin
samples. Thirteen genera were predominant in the healthy
group, also found in most of the subjects with AD (Supple-
mentary Fig. S3). Skin microbiome was dominated by
Staphylococcus, Streptococcus, Cutibacterium (formerly
Propionibacterium), Corynebacterium, Bacillus, and Kleb-
siella with the average abundance ‡1%.

Genera affiliated to Firmicutes, including Staphylococcus,
Streptococcus, Veillonella, Gemella, Clostridium, and Ba-
cillus, were detected in all samples with highly varying rel-
ative abundance ranging from 0.82% to 59.56% of all reads.
In comparisons between healthy and diseased groups, Sta-
phylococcus and Streptococcus were more significantly
abundant in diseased subjects with average mean 2.3–31.44%
and 8.92–58.46%, respectively, whereas in healthy subjects
was detected with low relative abundance 1.2–7.6% and 3.5–
12.7%, respectively. In addition, representation of Strepto-
coccus was significantly decreased in the older groups
compared with children (Supplementary Fig. S3).

Although, proteobacterial genera, including Klebsiella,
Pseudomonas, and Paracocus, were significantly abundant
in healthy controls, they were detected with lower repre-
sentation in AD patients especially urban ones. Notably, a
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significant increase in the abundance of the genus Pseudo-
monas was observed in lesions of AD rural patients (Sup-
plementary Fig. S3). Moreover, Pseudomonas showed
inverse significant correlations with other predominant gen-
era, except Staphylococcus (Spearman, r = 0.72, p < 0.01).

LEfSe analysis was performed for further determination of
age-associated differences in bacterial communities and de-
fining taxa that drive taxonomic shifts in healthy and diseased
subjects at different developmental stages (Fig. 4 and Supple-

mentary Fig. S4). At the phylum level, Proteobacteria and
Actinobacteria served as strong discriminants for the skin mi-
crobiome of AD lesions in children and adolescents, respec-
tively. While at genus level, besides significantly abundant
genera in AD, LEfSe also identified discriminative signatures
for different health states as well as age-associated microbial
profile. In healthy subjects, Neisseria, Paenibacillus, Granuli-
catella, Porphyromonas, and Enhydrobacter were identified as
potential biomarkers in adult, whereas Lactococcus in children.

FIG. 1. Alpha diversity indices of cutaneous microbiota. Box plots of Alpha diversity indices were estimated by (a)
bacterial richness measured as observed species, and (b) Shannon diversity index for each age group in healthy controls and
subjects with AD. The line in each box plot defines the median, the box delimits the interquartile range (IQR) between the
25th and 75th percentile, and the whisker represents the range. The x-axis shows age groups and the y-axis shows the
observed species (RSVs) in (a) and Shannon index in (b). Statistical testing of pairwise comparisons using the nonpara-
metric Wilcoxon rank-sum test. Significant differences within (a, b) are displayed with either (ns <1), *p < 0.05, **p < 0.01,
or ***p < 0.001. Color of boxes correspond to each age group plotted on x-axis (Adult_AD, adult with AD; Adult_H,
healthy adult; Adult_NL, adult with nonlesional sample; Children_AD, children with AD; Children_H, healthy children;
Children_NL, children with AD nonlesional sample) (c) Dot plot represent association between bacterial diversity measured
as Shannon index (y-axis) and disease severity (SCORAD) as well as total IgE level in all samples (x-axis). SCORAD of
each AD patient is indicated by circle size. Nonlesional samples were excluded. The indicator value index represents the
serum total IgE level of each patient. AD, atopic dermatitis; IgE, immunoglobulin E; ns, non-significant; RSVs, ribosomal
sequence variants; SCORAD, scoring AD.
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On the other side, skin microbiome of AD subjects showed
noticeable shifts emerging in the detection of Acinetobacter,
Pseudomonas, Staphylococcus, and Rothia that might be
candidates as biomarkers for AD in adults. Moreover, Cuti-
bacterium and Prevotella were identified as microbial sig-
nature for AD in adolescents.

Although among the abundant species in healthy rural
subjects were Klebsiella pneumoniae, Klebsiella variicola,
and Bacillus licheniformis, their proportions were underrep-
resented in rural patients. On the other hand, Pseudomonas
species, especially Pseudomonas aeruginosa displayed dif-
ferent patterns away from other members of Proteobacteria.
In healthy subjects, there were faint representation of P.
aeruginosa, whereas in AD patients its abundance was sig-
nificantly increased with positive correlations to Staphylo-
coccal species (Spearman, r ‡ 0.68, p < 0.01).

Although Streptococcus pneumoniae and Streptococcus
anginosus were identified as significantly abundant species in
healthy and diseased children, their abundance significantly
dropped in adolescents and adults. In contrast to Strepto-
coccal species, Cutibacterium acnes was detected with low
proportions in both healthy and diseased children subjects,
while exerted significant elevated abundance in adolescents
and adults.

For further studying differences in AD-associated micro-
biome, similarity distances between lesional and nonlesional

region of the same person showed specific microbial signa-
tures. Specifically, Staphylococcus aureus showed strongly
significant enrichment in AD subjects than healthy controls.
In contrast, Staphylococcus epidermidis and C. acnes were
underrepresented in AD lesions compared with nonlesional
skin regions.

Although Staphylococcus genus was significantly more
abundant in AD patients than in healthy controls, classifica-
tion of Staphylococcus to species level highlighted the dis-
tinct disease-dependent composition of Staphylococcal
communities, where 20 and 35 unique RSVs were assigned to
S. aureus and S. epidermidis, respectively. Interestingly,
healthy groups harbored diverse Staphylococcal communi-
ties, including S. epidermidis, S. haemoliticus, S. cohnii, S.
aureus, S. caprae, and S. hominis (Fig. 5a). On the other hand,
AD lesions were primarily colonized with S. aureus in ad-
dition to S. caprae, which was detected with enriched
abundance in all samples and inversely correlated with other
Staphylococci.

For understanding the role of microbe–microbe interaction
on microbial community composition as well as pathogenesis
of AD, correlations between top 35 genera, present above
0.32% of the total community, were estimated using Spear-
man correlation coefficient (r ‡ – 0.6, p £ 0.01). In sum, four
clusters were identified representing members of the major
phyla that significantly correlated in proportion (Fig. 6).

FIG. 2. PCoA for weighted UniFrac distance matrix of cutaneous microbial community structures. Each point on the
PCoA plot corresponds to a skin microbiome sample (Adult_AD, adult with AD; Adult_H, healthy adult; Adult_NL, adult
with nonlesional sample; Children_AD, children with AD; Children_H, healthy children; Children_NL, children with AD
nonlesional sample). The x- and y-axes are indicated by the first and second coordinates, respectively. The percentages of
the community variation explained are depicted by the percentages in parentheses on each axis 21.5% and 14.3%, re-
spectively. Ellipses denote significant clustering ( p-value <0.001, PERMANOVA) according to age. Color legend indicates
age groups in both healthy and AD subjects. PCoA, principal coordinates analysis.
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Surprisingly, although members of each cluster were
positively correlated to each other, Staphylococcus was in-
versely correlated to Streptococcus. Correlations between all
RSVs in our dataset were also evaluated to define the pair-
wise relations; altogether 69,423 pairs of significant positive
correlations were identified. The strongest positive correla-
tions were noted between RSVs mapped to S. aureus and
Anaerococcus; while 2163 significant negative correlations
were detected the strongest were found between RSVs
assigned to Staphylococcus species (Spearman, r ‡ -0.82,
p < 0.01). Strikingly, S. aureus RSVs totally inversely correlated
to other Staphylococcus species, especially S. epidermidis and
S. caprae.

Although Staphylococcus genus was strongly correlated to
the disease severity (SCORAD), members of genus Staphy-
lococcus exhibited distinct correlations, where S. aureus
positively correlated with disease severity in contrast to other
Staphylococci, especially S. epidermidis.

RFE-SVM analysis was performed on OTUs clustered by
ESPRIT-Tree at the 0.03 distance level (OTUs 0.03) to define
OTUs that discriminate between AD and healthy microbiota
as well as age-specific taxonomic profile. At genus level,

most of predictive OTUs between AD and healthy subjects
belonged to Staphylococcus, Acinetobacter, and Pseudomo-
nas, whereas OTUs affiliated to Streptococcus, Cutibacter-
ium, and Corynebacterium were distinctive for children,
adolescents, and adults, respectively.

Species-level results were in accordance with genus-level
analysis, where most discriminative OTUs, clustered by
ESPRIT-Tree, were annotated to S. aureus that clustered to
115 OTUs at 97% similarity. Phylogenetic tree, based on V1-
V3 identity between representative sequences of S. aureus
clusters, showed distinct clustering of each cluster to 22
clades. Representative sequences of both RSVs and ESPRIT-
Tree clusters mapped to S. aureus were reclassified produc-
ing 20 RSVs that were used for creation of another phylo-
genetic tree (Fig. 5b).

For further dissecting association between S. aureus pro-
portion and total IgE levels, correlation matrix was created
between abundance of RSVs mapped to S. aureus and total
IgE levels (Fig. 5c, d). Total IgE levels remarkably showed
positive correlation with relative abundance of six RSVs,
whereas the rest of other S. aureus RSVs showed positive but
not significant correlations to total IgE levels.

FIG. 3. Phylum taxa level abundance in cutaneous microbiota. Bar charts represent relative proportions of most pre-
dominant phyla detected in skin microbiome of patients; with AD at different age groups (a) and in healthy nonlesional
regions of children and adult subjects (b).
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Function prediction of bacteria

PICRUSt was used to infer bacterial functions using ge-
nomic composition of closely related organisms to the 16S
rRNA composition of studied communities. In particular,
21and 58 pathways were significantly enriched in AD pa-
tients at level 2 and level 3, respectively (Fig. 7). To a great
extent, cutaneous microbiomes in AD patients promoted
protein expression of genes associated with amino acid
metabolism, lipid metabolism, and pathogenesis-associated
proteins as bacterial secretion systems, ribosomes, DNA
repair and recombination proteins, and peptidases. Amino
acid metabolism included histidine metabolism; alanine,
aspartate, and glutamate metabolism; glycine, serine, and
threonine metabolism; and arginine and proline metabolism
pathways.

Intriguingly, marked lowered levels of potentially beneficial
pathways were identified in AD samples, including xenobiotic
biodegradation and metabolism, fatty acid biosynthesis, ste-
roid hormone biosynthesis, regulation of actin cytoskeleton, as

well as membrane transport and transporters. Otherwise,
adolescent-associated bacterial communities showed upregu-
lation of genes related to fatty acid metabolism.

Discussion

AD is a relapsing inflammatory skin disorder affecting
both children and adults with increasing prevalence over the
world. Thus, more efforts are needed to reveal the etiology
and predisposing factors of AD, including cutaneous micro-
biota. Over the past decade, the advances in high-throughput
sequencing platforms have led to comprehensive under-
standing about the microbial communities that share human
body space.

The effective treatment of AD comprises multipronged
approaches that aim to alleviate symptoms, decrease in-
flammation and the recurrence of flare-ups, and combating
infection. Furthermore, they involve restoration of normal
skin barrier function as well as cutaneous microbial diversity
(Wollenberg et al., 2018). The present work was launched to

FIG. 4. LEfSe results of cutaneous bacterial communities. Taxonomic cladogram showing significantly abundant taxa that
differentiate between AD patients and healthy individuals at different developmental stages. Only taxa with LDA values of
3.0 or higher are shown. Microbial taxa are colored according to age groups in both healthy and AD states (Adult_AD, adult
with AD; Adult_H, healthy adult; Adult_NL, adult with nonlesional sample; Children_AD, children with AD; Children_H,
healthy children; Children_NL, children with AD nonlesional sample). LDA, linear discriminant analysis; LEfSe, linear
discriminant analysis effective size.

254 RAMADAN ET AL.

D
ow

nl
oa

de
d 

by
 U

N
IV

 O
F 

L
IV

E
R

PO
O

L
 f

ro
m

 w
w

w
.li

eb
er

tp
ub

.c
om

 a
t 0

5/
18

/1
9.

 F
or

 p
er

so
na

l u
se

 o
nl

y.
 



profile cutaneous microbiota from patients with AD in dif-
ferent ages in comparison to healthy subjects, with a view to
achieve a deeper understanding of disease pathophysiology.

In accordance with previous microbiome studies, a higher
bacterial diversity was reported in cutaneous microbiota of
healthy subjects than in the AD patients at different disease
stages (Byrd et al., 2017; Kong et al., 2012; Shi et al., 2016).
The lowered diversity in AD could be attributed to a major
factor; pathophysiological alterations in the skin eventually
interfere with functions of epidermal barriers. For instance,
AD leads to diminished expression of antimicrobial peptides

as well as proliferation of keratinocytes, subsequently lead-
ing to compositional changes in skin bacterial community
(Kong et al., 2012).

Another interesting finding is the intrapersonal variations
in patient group, where AD lesions showed significantly
lower bacterial diversity than nonlesional regions. These
findings were previously linked to AD-associated global al-
teration in physicochemical properties of skin barrier, such as
altered epidermal differentiation, water loss, lipids, and skin
pH (van Smeden et al., 2013; Werner and Lindberg, 1985).
Furthermore, a strong inverse correlation between disease

FIG. 5. Average taxonomic composition of Staphylococcal species and correlations of Staphylococcus aureus clusters
with total IgE. (a) Bar chart represents the mean relative abundance of staphylococcal species within staphylococcal
communities in antecubital fossa of healthy subjects and AD patients at different age groups. (b) Dendrogram based on 16S
rRNA similarity of representative reads assigned to S. aureus in all samples, each tip is labeled with a number designating
corresponding RSV. (c) Bar chart represents the relative abundance of RSVs assigned to S. aureus, especially in S. aureus-
enriched AD samples that is plotted on x-axis, bar color is corresponding to colored label of each tip in the dendrogram. (d)
Correlation plot of Spearman coefficient of the relative abundance of RSVs mapped to S. aureus and total IgE levels.
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severity and microbial diversity was found, which matched
with previous reports (Byrd et al., 2017; Kong et al., 2012;
Shi et al., 2016).

Distinct age-specific shift in skin microbiota is one of the
most important findings that was previously reported, prob-
ably as a consequence of human developmental stages that
extend over maturation-dependent events generating various
cutaneous microenvironments with varied physicochemical
properties, such as diverse composition and level of sebum
production, lipid content, pH, and hair growth (Cotterill et al.,
1972; Oh et al., 2012; Shi et al., 2016).

Surprisingly, many studies in the field of AD focused on
children, who in spite of AD often continue in adulthood and
even in old age (Abrahamsson et al., 2012; Kong et al., 2012;
Wang et al., 2008). For further explanation for how age might
directly impact the microbiota, adolescent patients were
included in this study. The main notable difference between
age groups is that the increased representation of genera
belonged to Actinobacteria, especially Cutibacterium and
Corynebacterium, and was directly linked with progress in
age, probably related to physiological and endocrinological
changes that accompany maturation. For example, AF has
delayed maturation of sebaceous glands and sebum produc-
tion into adolescence and adulthood.

Among the most abundant phylum in the entire dataset was
Proteobacteria. It has been previously overrepresented on
the skin of rural individuals revealing spatial divergences in
the skin microbiome. Furthermore, urban patients with AD
showed lower biodiversity than those from rural locations. As
a result, surrounding environmental biodiversity has the po-
tential to contribute to variation in skin microbial community
(Grice et al., 2008; Hanski et al., 2012; Ramadan et al., 2016;
Ying et al., 2015). Moreover, our results revealed significant
increase in proportion of B. licheniformis in healthy rural
controls. This suggests that B. licheniformis spores might be
an important allergy-protective factor through activation of a
TH1 cytokine expression profile (Vogel et al., 2008).

One of the major observations in the current study is the
significant overall difference in the representation of the
genus Pseudomonas between study groups. Additionally, P.
aeruginosa abundance was correlated to S. aureus. In support
of our results, in vitro wound model reported synergetic bi-
directional interplay between them, where P. aeruginosa
promotes biofilm formation by S. aureus as well as inhibiting
its phagocytosis (Fugere et al., 2014), while secretion of
protein A by S. aureus protects P. aeruginosa from phago-
cytosis and interferes with its recognition by neutrophils
(Armbruster et al., 2016).

FIG. 6. Correlation plot of pairwise Spearman correlations between the top 35 bacterial genera. The heat map scale is
color coded by dark red for strong positive correlations to dark blue for negative correlations.
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FIG. 7. LEfSe analysis of differentially abundant metabolic pathways between AD and healthy bacterial communities.
Histogram of LDA scores computed for metabolic pathways, differently enriched in AD (red) and healthy (green).
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To the best of our knowledge, our findings present the first
announcement of Staphylococcus caprae in the context of
AD. This is rather surprising since S. caprae is well described
as an animal-associated bacterium, commensal in healthy
human skin, and human pathogen especially in nosocomial
infections as well (d’Ersu et al., 2016; Moroni et al., 2005;
Shuttleworth et al., 1997). It is not clear which mechanism
drives the enrichment of S. caprae in our AD subjects;
however, most likely it is due to the impact of surroundings in
shaping microbiota in healthy as well as diseased subjects.
Moreover, S. caprae has virulent factors which may have a
potential role in AD pathogenesis.

For instance, intercellular adhesion genes (ica), are involved
in biofilm formation, in addition to atlC gene encoding auto-
lysin that is responsible for binding to fibronectin (Allignet
et al., 2001, 2002). In the current study, negative co-occurrence
between S. aureus and S. caprae could be contributed to
blocking of agr-mediated quorum sensing of S. aureus by
S. caprae autoinducing peptide (Paharik et al., 2017).

As perturbation in skin pH is one of the most important
factors interfering with epidermal functions (Cork et al.,
2009), a significant enriched representation of genes related
to nitrogen, arginine, and proline metabolism pathways were
observed in AD patients. These pathways promote elevation
in skin pH through ammonia production, sequentially less
acidic skin pH accelerates cascade of changes in epidermal
barrier contributing to the phenotype of AD.

A dominant human cutaneous bacterial species is S. aureus
has been considered as a major player in AD. Increased
overall levels of S. aureus accompanied with disease severity
as well as reduced bacterial diversity due to diminished
representation of stabilizer species are in agreement with
previous reports (Byrd et al., 2017; Totte et al., 2016; Wil-
liams and Gallo, 2015). The second well-defined skin colo-
nizer is S. epidermidis. It was detected with retracted
abundance in AD patients with nonsignificant association
with disease severity in contrast to healthy controls.

Another remarkable finding is the nonsignificant asso-
ciation between total IgE and bacterial diversity (Shannon
index) (Fig. 1c). Thus, in the light of this finding, correla-
tion between abundance of total IgE was examined and
showed S. aureus strain (clade)-dependent elevation in
total IgE levels (Fig. 5d). Finally, future studies should
be conducted for addressing skin immune response to
S. aureus strains using animal models and metagenomic
approaches.

Conclusions

We have studied skin microbiome associated with AD in
comparison to healthy controls. Patients with AD had lower
microbial diversity relative to healthy control that may be
related to overrepresentation of certain taxa. Taxonomic
profiling revealed age-specific microbial signature associ-
ated with AD at different ages. Intriguingly, S. aureus was
detected to be more abundant in both nonlesional and
lesional skin of AD subjects. Functional potential in-
vestigations of bacterial communities explained shifts in
microenvironment and how they directly influence the patho-
genesis of AD. Finally, AD-related differences in serum
IgE level appeared to be in part linked to certain S. aureus
subspecies.
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Abbreviations Used

AD ¼ atopic dermatitis
Adult_AD ¼ adult with AD

Adult_H ¼ healthy adult
Adult_NL ¼ adult with AD nonlesional sample

ANOVA ¼ analysis of variance
Children_AD ¼ children with AD

Children_H ¼ healthy children
Children_NL ¼ children with AD nonlesional sample

ELISA ¼ enzyme-linked immunosorbent assay
IgE ¼ immunoglobulin E

KEGG ¼ kyoto encyclopedia of genes
and genome

LDA ¼ linear discriminant analysis
LEfSe ¼ linear discriminant analysis effective size

NA ¼ non-applicable
ns ¼ non-significant

OTU ¼ operational taxonomic unit
PCoA ¼ principle coordinate analysis

PCR ¼ polymerase chain reaction
PICRUSt ¼ Phylogenetic Investigation

of Communities by Reconstruction
of Unobserved States

QIIME2 ¼ quantitative insights into microbial
ecology 2

RDP ¼ Ribosomal Database Project
RFE-SVM ¼ recursive feature elimination-support

vector macine
RSV ¼ ribosomal sequence variant

SCORAD ¼ scoring AD
SD ¼ standard deviation

UPGMA ¼ unweighted pair group method
with arithmetic mean
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Supplementary Data

SUPPLEMENTARY FIG. S1. Study design chart ex-
plaining the number of collected samples from each study
group.



SUPPLEMENTARY FIG. S2. UniFrac-based UPGMA cluster dendrogram of cutaneous microbiota. Skin samples
showed disease-based clustering, where samples from subjects with AD (Ad, adult samples; Ch, children samples; T,
adolescent samples), clustered together away from both healthy (HA, healthy adult; HC, healthy child) and nonlesional skin
regions (NLA, nonlesional adult sample; NLC, nonlesional sample from children). AD, atopic dermatitis.
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SUPPLEMENTARY FIG. S4. Histogram of discriminative taxa between microbiome in healthy and diseased subjects
based on LEfSe analysis. LDA scores calculated for bacterial taxa that significantly differed in healthy and AD subjects at
different age groups (Adult_AD, adult with AD; Adult_H, healthy adult; Adult_NL, adult with nonlesional sample;
Children_AD, children with AD; Children_H, healthy children; Children_NL, children with AD nonlesional sample). LDA,
linear discriminant analysis; LEfSe, linear discriminant analysis effective size.



Supplementary Table S1. Demographic Data

and Clinical Assessment of Healthy Controls

and Patients with Atopic Dermatitis

Parameter
AD

patients
Control
subjects

Subjects analyzed 75 20
Mean age – SD (years) 19.25 – 15.77 20.2 – 16.4
Male 35 10
Female 40 10
Male/female 0.875 1
Geographic location

Urban 43 10
Rural 32 10

Objective SCORAD (median)
(mild/moderate/severe)

0/36/39 NA

Family history
Yes 19 NA
No 56 20

IgE in IU/mL (median) 550 41

AD, atopic dermatitis; IgE, immunoglobulin E; NA, non-applicable;
SCORAD, scoring AD; SD, standard deviation.
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