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Fragile skin microbiomes in megacities are assembled
by a predominantly niche-based process
Hye-Jin Kim,1* Hanbyul Kim,2* Jin Ju Kim,1 Nu Ri Myeong,1 Taeyune Kim,1 Taehun Park,2

Eunjoo Kim,3 Ji-yei Choi,3 Johnhwan Lee,4 Susun An,2† Woo Jun Sul1†

Given the higher incidence of skin diseases in more urbanized populations and its association with the skin
microbiome, we questioned how the skin microbiome differed depending on the degree of urbanization. Skin
microbiomes of 231 healthy subjects in five large cities in China varied mainly with environment and socio-
economic status of the cities in question. The differences among microbiomes could be explained by the
predominantly niche-based assembly of microbial communities, which was supported by a dominance test,
b-null deviation, and edge-length abundance distribution. Networks among microbes in larger cities were more
fragile, which may contribute to the higher incidence of skin diseases in more urbanized environments. These
results suggest that microbial ecological theory can provide a framework for understanding crucial health-associated
features of the human microbiome.
INTRODUCTION
Skin is the largest organ of the human body and functions as the first
line of defense against injury and infection by providing a physical bar-
rier and immune protection. The skin microbiome, which is composed
of various bacteria, fungi, and viruses (1), also plays a critical role in host
defense. The diversity, composition, and stability of skin microbiomes
are influenced by individual-specific qualities (2–4) and host genetics
(5, 6). Besides host intrinsic factors, environmental factors, including
the residential environment (7, 8), have been conjectured to modulate
the skin microbiome and to affect human health and cause diseases
(9–11). Assessing the impact of residential environment (for example,
living in urban versus rural areas) on skin microbes is important to ad-
dressing its association with human skin health. Thus, we focused on
addressing the skin microbial community assembly process by imple-
menting microbial ecological metacommunity theory. We questioned
whether the skin microbiome was typically assembled by a repeatable
niche-based process or a random process based on the current skin mi-
crobial community (assemblage) data. The microbial community
assembly process can be tested on the basis of the unified neutral theory
proposed by Hubbell and further developed by Sloan. This neutral
model suggests that community assembly is randomunder the assump-
tion that species are ecologically and trophically equivalent (12–15). In
contrast, the niche-based process, which may be accepted by rejecting
the neutral theory as a nullmodel, assumes that different species occupy
different niches dictated by local environmental filtering or interspecific
competition (14, 16).

Here, we determined whether the residential environments of five
Chinese cities (each with a population of more than amillion) triggered
divergent microbial community assembly processes, resulting in inter-
city heterogeneity among skinmicrobiomes. Compared to rural areas, a
higher prevalence of skin diseases (for example, atopic dermatitis and
allergy) has repeatedly been reported in urban areas (17–19). Using 16S
ribosomal RNA (rRNA) gene amplicon sequencing, we compared the
skin microbiomes of young healthy Chinese women living in three
large cities, namely, Kunming (Yunnam), Xi’an (Shaanxi), and Hohhot
(Neimenggu), and two megacities (defined as having a population of
more than 10million), namely, Beijing andGuangzhou (Fig. 1, A and B).
By applying ecological theory, our results provide an understanding of
how the skin microbiome is assembled and its possible relevance to hu-
man health.
RESULTS
The overall structure of skin microbiomes in five large cities
We designed this experiment to eliminate host-associated intrinsic
variations such as sex, age, and ethnicity by recruiting only female
subjects of the Han ethnic group between the ages of 25 and 35 years.
We collected cutaneous microbiota from the cheeks of 231 healthy
women who had resided in the same city for more than 5 years without
taking prescribedmedications used to treat skin diseases (table S1). The
included cities were located at least 409 km away from each other, with
diverse climates and differing outdoor air quality (fig. S1). For analyzing
the skin microbial communities of the 231 participants, averages of
30,768 (Beijing), 32,199 (Guangzhou), 19,656 (Kunming), 15,727
(Xi’an), and 16,550 (Hohhot) merged sequences per sample were ob-
tained and subsequently clustered using UCLUST into 51,250 distinct
operational taxonomic units (OTUs) based on 97% sequence identity.
Four predominant phyla—Proteobacteria (34%), Actinobacteria (26%),
Firmicutes (21%), and Bacteroidetes (16%)—accounted for more than
90% of the skin microbiomes (Fig. 1C). The relative abundances of
Actinobacteria and Bacteroides were inversely correlated, as were
those of Proteobacteria and Firmicutes (fig. S2). Propionibacterium
(18.5%)was themost dominant genus, followed byEnhydrobacter (6.9%),
Chryseobacterium (6.6%), Staphylococcus (6.3%), and Sphingomonas
(5.4%) (fig. S3 and table S2).

Principal coordinates analysis with both unweighted (Fig. 1D) and
weighted (fig. S4)UniFrac distances confirmed the heterogeneity of skin
microbiomes among the five cities [R2 = 0.47, P < 0.001 and R2 = 0.26,
P<0.001, respectively, determinedby analysis of similarities (ANOSIM)].
Themegacity and non-megacity groups showed a clear separation. A
distance-decay relationship (linear regression R2 = 0.033) (fig. S5) was
not observed, indicating little or no correlation between geographical
distance and skin microbiomes’ intercity heterogeneity. A random
forest analysis (20), which is a supervised machine-learning technique
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and a powerful classifier, confirmed that using two groups (megacities
andnon-megacities) exhibited the lowestmisclassification error [overall
out-of-bag (OOB) error rate = 0.43%] (Fig. 1, E to G) compared to that
using five groups (each city was grouped separately; OOB error rate =
22.08%) or three groups (megacities, Kunming and Xi’an, and Hohhot;
OOB error rate = 8.66%) (Fig. 1, E and F). The skin microbiomes were
grouped into megacities (Beijing and Guangzhou) and non-megacities
(other three cities). Themegacities had a higher population, population
density, gross domestic product (GDP), and urbanization index than
the non-megacities (Fig. 1, B, C, and G). We observed the greater
extent of interindividual variations within the skin microbiomes of
non-megacities than those of megacities (Fig. 1D and fig. S6). Also, the
Kim et al., Sci. Adv. 2018;4 : e1701581 7 March 2018
higher numbers of total observed OTUs (by cities) in non-megacities
than others indicated that the skin microbiomes of non-megacities are
composed of a more diverse pool of regional species.

Community assembly process measurements with
b-null deviation
Given the intercity heterogeneity among skin microbiomes, we applied
three complementary methods to determine the differences in microbial
community assembly process by cities. First, we used an abundance-
based b-null deviation method for the calculation of b diversity, which
compares between the observed microbial community and a randomly
assembled null model community based on the neutral model suggested
Fig. 1. Variation among the skin microbiomes of 231 healthy young Chinese women. (A) Geographical locations of five large cities in China, where the subjects
were recruited. These cities are at least 409 km away from each other. (B) City indices (population, density, GDP, and urbanization) of the five cities obtained from the
China Statistical Yearbook 2013 showed various differences. (C) Mean relative abundance of bacterial phyla on human skin among the five cities. (D) Principal
coordinates (PC1 and PC2) analysis of the skin microbiome derived from the unweighted UniFrac distance based on the 97% similar OTUs across the different cities.
The percentage values indicated in parentheses denote the proportion of variation explained by each ordination axis. There was a significant difference in composition
among cities [R2 = 0.47, P < 0.001, ANOSIM]. (E to G) Multidimensional plot of the proximity matrix calculated using random forest modeling of the bacterial
composition data from the 231 subjects. We conducted random forest analysis for five groups (E), three groups (F), and two groups (G) and determined that it
was most appropriate to divide all the samples into two groups based on the lowest OOB error rate of 0.43%.
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by Tucker et al. (21). Tucker devised five metacommunity types, from
niche-structured type 1 to neutral-structured type 5, using measured
b diversity of identical 25 patches and 25 species. A b diversity deviation
close to zero was interpreted as an assembly of communities based on
the neutral model, whereas values larger or smaller than zero suggested
a niche-based community assembly (22, 23). Tucker’s simulation indi-
cated that b-null deviation was not robust to differences in the abun-
dance evenness distributions or sampling of communities. Thus, we
randomly selected 32 microbiome samples (table S3) with the same
number of OTUs (19,712) from each city in Guangzhou, which had
the smallest sample set, to make the number of samples of cities equal.
Next, we performed simulations with 10 b-distance matrices and con-
firmed that the b-null deviation pattern with an abundance-based
Canberra distance was the most sensitive pattern for distinguishing
between the neutral and niche-based assembly processes in our data set.
The results showed that the b-null deviation pattern was higher in
megacities than in the non-megacities, indicating that the community
assembly of skin microbiomes in megacities was a more niche-based
process than that in the non-megacities (Fig. 2, A and B) (21).

Community assembly process measurements with
edge-length abundance distribution
Second, we applied the phylogenetic diversity (PD) theory to confirm
microbial community assembly. PD represents the evolutionary history
defined as the sum of the branch lengths in the associated phylogenetic
tree (24, 25). O’Dwyer et al. (26) developed the edge-length abundance
distribution (EAD) method for determining the phylogenetic structure
of ametacommunity to understand themicrobial community assembly
process by applying the PD theory. EAD focuses on the phylogenetic
tree branch length, which indicates the evolutionary distance of the
given descendant tips in a clade. We investigated whether PDs of
the skin microbiomes from each city were more or less than the
expected PD of a randomly generated null-modeled local community
from a metacommunity. For each subject’s microbiome, a PD plotted
within the 95% confidence interval (CI) of the expected PD indicated
that the skinmicrobiome was assembled by a neutral process. PD lower
than the expected PD represents phylogenetic clustering as evidence of
environmental filtering of features that have been phylogenetically con-
served,whereas PDhigher than the expectedPD represents phylogenetic
overdispersion, implying competitive exclusion (27). All except 2 of 231
observed PDswere lower than the expected PD, and deviations from the
prediction (represented by the z score) indicated that the skin micro-
biomes of the five citieswere affected byniche-basedprocesses, especially
environmental filtering, regardless of the city size (Fig. 2C and fig. S7).

Community assembly process measurements with
dominance test
Third, we fitted the occurrence frequency andmean relative abundance
of the observed bacterial taxa among the individual skin microbiomes
(the so-called dominance test) into those predicted from the metacom-
munity by applying the Sloan neutral community model (28) without
considering bacterial speciation. The Sloan neutral model evaluates
whether themicrobial assembly process fromametacommunity follows
a neutral model or a niche-based process as a function of the metacom-
munity log abundance. In Fig. 3A, the outlying taxa beyond the dashed
line had frequencies higher or lower than that predicted by the model,
supporting the hypothesis that the community was assembled through
a niche-based process rather than a neutral model. As a result, Beijing,
Guangzhou, and Kunming (R2 = 0.598, 0.521, and 0.572, respectively)
Kim et al., Sci. Adv. 2018;4 : e1701581 7 March 2018
were better fitted to the niche-based models, as indicated by their lower
R2 values in dominance analysis, comparedwithXi’an andHohhot (Fig.
3A and data file S1). In addition, Hohhot [migration rate (m) = 0.178]
was under a greater influence of dispersal, whichmay be correlatedwith
the assembly of microbial communities in Hohhot by the neutral pro-
cess. The discord in fitting to a neutralmodel and theminimal influence
of dispersal suggested that neutral processes play a lesser role in the skin
microbiome assembly process in megacities than in non-megacities.

Characteristics of microbial networks
To examine the overall structure and connectivity of skin microbes’
network, OTUs networks were constructed by SParse InversE Co-
variance estimation for Ecological Association Inference (SPIEC-EASI)
analysis (29–31). Network density (D) of the skin microbiome,
calculated using the ratio of the number of edges, was lower in mega-
cities (D=0.016 and 0.012 inBeijing andGuangzhou, respectively) than
in non-megacities (D = 0.019, 0.022, and 0.019 in Kunming, Xi’an, and
Hohhot, respectively) (Fig. 3B). We also calculated the network transi-
tivity (T) (that is, the probability that the close nodes of a node are
connected), termed as the clustering coefficient, and found that micro-
bial networks of non-megacities (T=0.112, 0.155, and 0.153 inKunming,
Xi’an, and Hohhot, respectively) had more complex structures than
those of megacities (T = 0.101 and 0.064 in Beijing and Guangzhou,
respectively).

Factors affecting skin microbiomes
All these analyses (the three complementary analyses of skin micro-
biomes) suggested that the skin microbiome of megacities was formed
by a more niche-based process as compared to that of non-megacities
(Fig. 4A). The microbial network was more fragile in megacities, show-
ing lower network density than in non-megacities (Fig. 4A). Our findings
sufficiently support the hypothesis that skin microbiomes were affected
and controlled by certain environmental factors (including climatic
variables), the socioeconomic status of the city, and host-associated in-
trinsic factors (Fig. 4B). We calculated the mean square error (MSE)
based on random forestmodeling to identify themost influential factors
for themicrobial assembly process–associated index from the b-null de-
viation value, R2, migration rate (m) in the dominance test, and density
and transitivity in the microbial network analysis (table S4). Higher
MSE values for environmental and socioeconomic status factors indi-
cated their higher importance in the skinmicrobiome assembly process
rather than host-specific factors such as pH, moisture, oil, transepider-
mal water loss, and keratin substances (Fig. 4B and fig. S8) (20). Fur-
thermore, on the basis of a Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analysis, genes assigned to the environmental
information processing category were more prevalent in the inferred
metagenomes frommegacities, as obtained using the Phylogenetic In-
vestigation of Communities by Reconstruction of Unobserved States
(PICRUSt) algorithm (Fig. 4C and fig. S9) (32, 33). This finding sug-
gested that the niche-based assembly process (which is especially in-
fluenced by environmental filtering) of the skin microbiomes of
megacities required more genes and pathways to detect and respond
to environmental signals.
DISCUSSION
Influenced by the immune system, genetic diversity, host lifestyle, hy-
giene factors, and environmental changes, the human microbiome is
associated both with many diseases and with immunity to disease (34).
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Fig. 2. Assessment of the community assembly process using abundance-based b-null deviation measures and EAD. Abundance-based b-null deviations were
measured for the five models of metacommunity assembly, ranging from niche-structured (type 1) to neutral (type 5) comprising 19,712 OTUs in 32 patches (microbiomes)

by comparing the b diversity of the observed microbial community and the null-modeled community using the Canberra distance metric. (A) b-Null deviations measured for
the five community types designed by Tucker et al. (B) Calculated deviations separated the community assembly processes into niche- or neutral-based models. (C) Stan-
dardized difference, in units of SDs (z score), between the observed and expected phylogenetic diversities (PD). The scatterplot and boxplot graph show the distribution of
z scores in each region. The dashed line indicates the 95% CI. The black line and whiskers in the boxplot represent the median and range of the minimum and maximum
z score among the communities, excluding outliers.
Kim et al., Sci. Adv. 2018;4 : e1701581 7 March 2018 4 of 10
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Thus, understanding the assembly process of microbial community is
fundamental for comprehending the relationships between the human
microbiome andhealth features. Decrease in diversity of the skinmicro-
biome and collapse of community structuremay be associatedwith skin
diseases (35, 36). Noninfectious diseases such as atopic dermatitis, pso-
riasis, and acne have been associated with large-scale changes in skin
microbial communities (1). Network collapse of the microbiome and
decrease in the bacterial community diversity with an overabundance of
specific pathogenic bacteria have also been reported in studies involving
patients with atopic dermatitis (35), psoriasis (37), and dandruff/seb-
orrheic dermatitis (36). We hypothesized that the skin microbiomes
of megacities were assembled bymore niche-based processes than those
of non-megacities, which could be associatedwith the higher prevalence
of certain skin diseases in megacities. This may be explained by the dif-
ferences in the regional species pool within cities (that is, smaller species
pool observed in megacities) (table S5). Then, given that the compo-
sition of a local (individual) microbial community is largely derived
from the regional (city) species pools by environmental selection, skin
microbial community assembly in megacities by niche-based processes
is considered to originate selectively from regional species pools (38). As
a consequence of the assembly process, compared to non-megacities,
skin microbiomes of megacities showed lower richness (indicated by
Chao 1) and network density. Although specific factors that could pre-
dict the network fragility of the microbiomes assembled by niche-based
processes remain unidentified, the overall environmental and residen-
tial characteristics, trends in community assembly processes, andnetwork
structure stability revealed in this study provided novel insights into skin
microbial community resilience. In an ecosystem, several factors deter-
mine resilience, which is the capacity of an ecosystem to recover from
a perturbation or disturbance by withstanding damage and recovering
quickly of the microbial community without collapsing into a different
state. These results also serve as factors supporting the prediction of a
microbiome’s fragility. Kong et al. (35) reported that as the level of atopic
dermatitis [scoring atopic dermatitis (SCORAD) in Fig. 2A] increased
(that is, the severity of the disease increased), a diversity of the skin mi-
crobiome decreased, which supports our point of view.
Kim et al., Sci. Adv. 2018;4 : e1701581 7 March 2018
Application of ecological theory to understanding human micro-
biomes was highlighted with introduction of the basic steps required
for the management of ecosystem services (38). Also, the general ec-
ological framework would work equally well in ecosystems related to
human health. Human microbiome studies could accelerate the im-
plementation of an ecological approach tomanipulate the humanmi-
crobiome and eventually help in the development of medicines (that
is, pharmabiotics). An improved understanding, based on ecological
theory, of how microbiomes are assembled, could alter clinical
practices by changing the perspective of clinicians toward treating in-
fectious diseases and chronic inflammatory disorders. If pathogen in-
fection in humans is hindered or modulated by particular kinds of
microbial community assembly processes, this approach may also
provide a solution for treating infectious diseases. The ecological the-
ory approach for studying the skin microbiome that we have adopted
in the present study can be applied as the cornerstone for themanage-
ment of human ecosystem services. Thus, it is essential to know how a
microbial community is assembled. An in-depth knowledge of the
dominant processes of community assembly could directly change
the way clinicians treat disease.

According to the World Health Organization (WHO), more than
80% of urban residents are exposed to higher levels of pollution than
theWHO limits, and 98%of low- andmiddle-income cities donotmeet
the WHO air quality guidelines (39). Several studies have reported that
air pollution can not only have a harmful impact on general skin health
but also exacerbate skin diseases (40, 41). A study conducted in China
revealed the correlation between skin problems and ambient pollution
exposure. Notably, skin diseases such as urticaria, eczema, and contact
dermatitis were observed to increase with higher levels of ozone (42).
Improving potable water distribution to larger populations is a signifi-
cant challenge in megacities, in addition to reducing wastewater and
improving water quality. Owing to environmental and ecocultural
variations (or city-dependent environmental differences), which are
not solely determined by simple geographical differences, compared
to non-megacity inhabitants, the skin health of residents in megacities
is presumed to be influenced more by microbiomes that assembled
Fig. 3. Assessment of skin microbiome assembly process and network of skin microbes. (A) Fit of Sloan’s neutral model for analysis of microbial community
assembly. The solid green line represents the best-fitting neutral model. The dashed line represents the 95% CIs around the best-fitting neutral model. OTUs within the
CIs (black points) follow the neutral process, and OTUs that occur more frequently than predicted by the model are shown in red, whereas those that occur less
frequently than predicted are shown in blue. (B) Network analysis of bacterial OTUs of the skin microbiome. Color markings indicate the major taxa at phylum level.
The T and D values shown in the box represent the transitivity (clustering coefficient) and density, which was calculated using the ratio of the number of edges. Each
node represents the OTUs, and the size of each node is proportional to the relative abundance.
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through niche-based processes. Consequences of the niche-based
assembly process may be represented not only in the skin, which is
the organ that is most exposed to the environment, but also in other
human organs hosting microbiota (for example, the gastrointestinal
tract). However, urban environment and living conditions affect skin
microbiome formation. High overall diversity and PD of skinmicrobial
communities in cities with better environmental standards and higher
socioeconomic status may be advantageous for human skin health. An
individual’s residential environment and lifestyle have a significant
impact on the formation process of skin microbiome. We also suggest
that dermatological therapy and cosmetic applications might require
location-specific approaches based on the differences in skinmicrobiota
(for example, the abundance and species diversity of Staphylococcus,
which is known to be important for human health and disease, is higher
in megacities; fig. S10) associated with the influence of residential
surroundings.
MATERIALS AND METHODS
Subject recruitment and sample collection
A total of 231 subjects without chronic skin diseases were recruited for
this study, with 50 residing in Beijing (Hebei), 33 in Guangzhou
(Guangdong), 50 in Hohhot (Neimenggu), 48 in Xi’an (Shaanxi), and
Kim et al., Sci. Adv. 2018;4 : e1701581 7 March 2018
50 in Kunming (Yunnan). All subjects were women aged between 25
and 35 years who had lived in the sampling regions for at least 5 years
and provided written consent before participation. In addition, we
also conducted a simple survey on the use of cosmetics such as usage,
frequency, and type and personal information such as occupation
and highest level of education. For microbiological sampling, no facial
cleansing or cosmetic use was permitted within 24 hours of sample col-
lection. Samples were collected in temperature- and humidity-controlled
rooms in April 2015 (Kunming, Xi’an, and Hohhot) and April 2016
(Beijing and Guangzhou). For collection, a 4-cm2 area from the cheek
of each subject was swabbed with un-premoistened Catch-All sample
collection swabs (QEC091H; Epicentre). Sampling regions were swabbed
approximately 5230 times for at least 1 min. All swabs were stored at
−80°C before being used for genomic DNA extraction. Swabbing has
been reported as a suitable sampling method for microbial population
analysis in the skin (8). For all cases, the collected sampleswere analyzed
in accordance with protocols approved by the Chung-Ang University
College of Medicine Institutional Review Board (P1504-034).

Skin parameter measurement
Skin hydration was measured using Corneometer CM 825 (Courage +
Khazaka Electronic GmbH) and was expressed in arbitrary units (43).
The sebum level was measured using Sebumeter SM 815 (Courage +
Fig. 4. Interpretation of the skin microbiome signatures in five large cities in China. (A) Outline of the characteristics of the skin microbiome in five cities. Three
complementary analyses and microbial network analysis were conducted to compare the robustness of the community assembly process and network. (B) Iden-
tification of the influencing factors that determine the characteristics of the skin microbiome for the b-null deviation values using random forest modeling.
Asterisks indicate the significance level of each factor (**P < 0.001, *P < 0.05). The color or pattern of each box represents the following factors: red, value
of a diversity; dark blue, atmospheric environmental factors; blue, climatic environmental factors; diagonal line pattern, city indices; and yellow, host-specific
factors. (C) Heat map for the functional pathway of “environmental information processing,” which showed a significant difference between the two groups. UV
index, ultraviolet index. PM, particulate matter; TEWL, transepidermal water loss; PTS, phosphotransferase system.
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Khazaka Electronic GmbH) and was expressed in arbitrary units. Skin
surface pH was measured using Skin-pH-Meter PH 905 (Courage +
Khazaka Electronic GmbH), and transepidermal water loss was
measured with VapoMeter (Delfin Technologies).

Bacterial DNA extraction
Skin genomic DNA was extracted from swabs using the Invitrogen
PureLink Genomic DNAMini Kit (Life Technologies). Each swab head
was transferred to a 1.5-ml screw-capped tube, and lysis buffer [20 mM
tris (pH 8), 2 mMEDTA, and 1.2% Triton X-100] containing lysozyme
(20 mg/ml; Sigma-Aldrich) was added to each tube. Next, proteinase K
(20mg/ml) was added to the lysis buffer at a ratio of 1:9. Equal volumes
of the lysis binding buffer and two stainless steel beads (5 mm; Qiagen)
were added to each tube.Amechanical bead beating stepwas performed
usingMini-BeadBeater 16 (BioSpec Products) for 1min. The tubeswere
chilled on ice for 10min and subsequently incubated at 55°C for 30min.
Negative swab samples were included in the genomic DNA extraction
step to confirm possible contamination. The extracted genomic DNA
was obtained by elution with 30-ml PureLink Genomic Elution Buffer,
quantitated using the NanoDrop 2000 spectrophotometer (Thermo
Fisher Scientific), and stored at −80°C until sequencing.

Genomic DNA amplification via polymerase chain reaction
and sequencing
For each sample, we amplified the v4-v5 region of 16S rRNA gene using
the following barcoded fusion primers: amplicon polymerase chain re-
action (PCR) by 518F-927R and index PCR by N7XX-S5XX. The for-
ward primer (5′-TCG TCG GCA GCG TCA GAT GTG TAT AAG
AGACAGCCAGCAGCYGCGGTAAN-3′) contained the Illumina
sequencing primer, and the reverse primer (5′-GTC TCG TGG GCT
CGG AGA TGT GTA TAA GAG ACA GCC GTC AAT TCN TTT
RAG T-3′) contained the Illumina preadapter. The thermal cycling
conditions were as follows: initial denaturation at 95°C for 3 min, 25
cycles of amplification comprising denaturation at 95°C for 30 s, an-
nealing at 55°C for 30 s, elongation at 72°C for 30 s, and a final extension
at 72°C for 5min. The amplified PCR products from each triplicate were
purifiedusing theAMPureXPbeads. IndexPCRwas performed, and the
obtained products were purified under the same conditions, except that
eight cycles of amplification were used. DNA quality was measured using
the PicoGreen dye (Thermo Fisher Scientific) and NanoDrop spectro-
photometer. All purified products were quantified by quantitative
PCR (qPCR) according to the qPCR Quantification Protocol Guide
(KAPA Library Quantification Kits for Illumina sequencing platforms)
and were qualified using the LabChip GX HTDNAHigh Sensitivity Kit
(PerkinElmer). Paired-end (2 × 300 base pair) sequencing was per-
formed by Macrogen using the MiSeq platform (Illumina).

Phylogenetic analysis
The resulting sequences were processed using the meren/illumina-utils
(https://github.com/meren/illumina-utils) (44) and QIIME (Quantita-
tive Insights intoMicrobial Ecology) pipeline (version 1.9.1) (45), which
included alignment with PyNAST (46), taxonomic assignment with
RDP (Ribosomal Database Project-II; http://rdp.cme.msu.edu), tree
building with FastTree (47), subsampling to an equal sequencing depth,
and diversity computations. Cyanobacteria of healthy skin are generally
considered to be contaminants because of their sequence similarity to
chloroplast DNA sequences, sometimes due to the use of herbal skin
cosmetics (48). In our research, however, there were no reports of vol-
unteers using these skin cosmetics. For further analysis, we removed
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cyanobacterium sequences from our raw data. Paired-end sequence
reads weremergedwith quality-based filtering using default parameters
(P = 0.3,Q score value = 10, and quality filtering =Q30). Sequences that
did not contain the primer or an uncorrectable primer sequence were
removed from the analysis. The merged sequences were clustered into
OTUs according to a sequence similarity threshold of 97% byUCLUST
(49). Representative sequences ofOTUswere used to identify taxonomy
assignment through the RDP classifier (50), which was performed with a
50%minimumsupport threshold. FromtheOTUs,a-diversity valueswere
analyzed (chao1andPDwhole tree)withanormalizeddepthof 4860reads
per sample in QIIME (alpha_rarefaction.py and alpha_diversity.py).
UsingQIIMEscript (beta_diversity.py), the unweightedUniFrac distance
matrices were calculated. Principal coordinates analysis was conducted
on the unweighted UniFrac distance matrices to evaluate differences in
community composition among regions.

Linear discriminant analysis effect size and random
forest analysis
To identify specificOTUs that showed regional variation, we performed
linear discriminant analysis effect size (LEfSe) and random forest analy-
ses for each sample. LEfSe on filtered data sets (51) was performed at the
OTU level to identify features differentially represented between different
city groups. LEfSe incorporates the standard tests to determine statistical
significance [the Kruskal-Wallis test among classes was performed at
the 0.05 significance level, and the threshold of the logarithmic linear
discriminant analysis (LDA) score for discriminative features was set
at 3.0]. Random forest analysis was conducted with 16S rRNA gene
sequence data using the randomForest R package with 100 trees (52).
Scripts, required packages, and instructions for processing data are
available at https://gist.github.com/walterst/2222618976a66b3fc8dd.

Assessment of community assembly processes:
b-Null deviation
Abundance-based b-null deviation indicates the deviation between the
observed b diversity and null-expected b diversity of a randomly
assembled pair of communities. We applied Tucker’s method for the
metacommunity analysis of 25 species and 25 communities (patches)
with some modifications to fit the microbial communities of our
samples. Our microbial metacommunity consisted of 32 randomly
selected communities and 19,712 OTUs, which were rarefied to 4860
reads per sample of each of the five cities. We applied various distance
metrics such as Bray-Curtis, Euclidean, Canberra, Gower, Jaccard,
Kulczynski, Manhattan, Morisita-Horn, Mountford, and Yue-Clayton
for the analysis of microbial communities in our samples. Among these
metrics, the Canberra distancemetricwas identified as themost suitable
for our microbial community because it had the best resolution to
separate communities into the niche- and neutral-based assembly
models. Modeling was computed with a global migration rate (m) =
0.05 and competition coefficient (a) = 1/600, and the simulations began
with 150 individuals of each species in the community and took 50 gen-
erations according to Tucker’s modeling conditions. To determine the
null-expected b diversity, we calculated the pairwise b diversity between
999 randomly assembled pairs of samples to produce a distribution of
null b diversity.We also conducted an analysis of five community types
simulated by Tucker et al. (21) as a control by the same methods.

Assessment of community assembly processes: EAD
To evaluate the estimated PD of a total assembled community, we
used QIIME to construct a phylogenetic tree with 16S rRNA sequences
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based on species-level taxonomy assignments. The tip and total PD
were computed after rarefaction to 4860 sequences per sample. The
total assembled phylogenetic tree contained 19,221OTUs. The expected
PD was calculated using the R package picante (26). The variance
among phylogenetic trees of the exact and upper bound was also
calculated using the R package picante. The SD (z score) distribution
of each community was expressed as a boxplot. In the plot, the dashed
lines (±1.96) represented the 95%CIs of the expected PD from the total
assembled community. All cities had a negative z score, and only one
sample from each Kunming and Xi’an fell within the CI.

Assessment of community assembly processes:
Dominance test
To validate the potential impact of neutral processes on community
assembly, we assessed our data for the suitability of the Sloan neutral
model (28), which predicts relationships between the occurrence fre-
quency of taxa in local communities and their abundance across a broad
metacommunity. Because rare taxa in ametacommunity are likely to be
lost from individual hosts because of ecological drift, the model gener-
ally predicts that abundant taxa will bemore widespread in ametacom-
munity. Microbial speciation and diversification are sure to generate
microbial diversity; however, because we focused on the assembly of
skin microbial communities region-wise, in contrast with many other
neutral models for biodiversity, we used a neutral model that does not
include speciation processes. In addition, because our samples were
not time-series collections, the occurrence of microbial diversification
that affects diversity among communities over time was excluded from
the model used here. Thus, the Sloan neutral model was fit for ob-
serving the occurrence frequency of OTUs in local communities and
their abundance in ametacommunity with themigration rate (m), which
was interpreted as the influence of dispersal. This analysis was per-
formed using nonlinear least-squares fitting and the minpack.lm
package inR. Calculation of 95%CIs for themodel predictionswas con-
ducted using the Wilson score interval in the Hmisc package in R (53).

Ecological network construction
For the network analysis of skinmicrobiota, OTUs that had frequencies
of at least 50% were collected. Next, OTUs that were not present in all
five citieswere excluded. In total, 121, 120, 222, 224, and 224OTUswere
used in the network analyses for Beijing, Guangzhou, Xi’an, Kunming,
and Hohhot, respectively. We performed the statistical method SPIEC-
EASI, which enables the inference of microbial ecological networks
from OTU data sets. Our data sets contained hundreds to thousands
of OTUs and tens to thousands of samples. Notably, there were more
OTUs than samples, whichwas sufficient for constructing ameaningful
interaction inference scheme (54). After transforming the OTU count
data, we performed network analysis using the neighborhood algorithm
(55) and StARS (Stability Approach to Regularization Selection) selec-
tion method (56) with a minimum l threshold of 0.01. All steps were
computed using the R package SpiecEasi (version 0.1.2) (54).

Functional predictions
Functions of skin bacteria were predicted using the PICRUSt algorithm
(32) to predict themetagenome functional contents withQIIME.OTUs
with a similarity of 97% were selected, and those corresponding to
chloroplasts and mitochondria were removed from the normalized
OTUs. Three steps, namely, “normalize by copy number,” “predict
metagenome,” and “categorize by function,” were performed with
PICRUSt tutorial 7 (http://picrust.github.io/picrust/) and the command
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predict_metagenomes.py. KEGG pathways were used to categorize the
predicted metagenome functions. To analyze the PICRUSt results, we
conducted the measurement of functional abundances in metagenome
and performed random forest modeling to classify the samples culmi-
nating in the construction of 100 trees in R package stats. LEfSe was
applied with an LDA score > 3.0. An a value of <0.05 was considered
significant during LEfSe. The pathways predicted by PICRUSt were
normalized as abundance over the entire pathway of each sample and
represented as a heat map.

Statistical analysis
To find statistically significant causes for regional differences, we per-
formed statistical analyses [analysis of variance (ANOVA)] for pH,
moisture, oil, and transepidermal water loss data, but no significant
relationship was identified. The ANOSIMmethod was applied to com-
pare two ormore groups depending on the distribution of location data
inQIIME (compare_categories.py –method anosim). ANOVA for the
distribution of skin parameter data and diversity significant tests was
performed using the aov function in R-package stats. To determine
the significance of a-diversity values, we performed nonparametric
Mann-Whitney test for two groups and Kruskal-Wallis test for three
groups using the wilcox.test function and kruskal.test functions in R,
respectively. We performed a random forest analysis to identify the
main factors influencing the microbial assembly process and microbial
network among the following variables: environmental factors, socio-
economic status factors, and host-specific factors (tables S1 and S3).
The environmental and socioeconomic status data used in the analysis
were obtained from the National Bureau of Statistics of China and China
Statistical Yearbook (2014 and 2015). This analysis was performed using
the randomForest package forR (http://cran.r-project.org/), and the sig-
nificance of the model was confirmed with 5000 permutations of the
response variables (environmental and socioeconomic status factors)
using the rfPermute package for R (52).
SUPPLEMENTARY MATERIALS
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fig. S10. The richness (observed OTUs) of the genus Staphylococcus in five cities.
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