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Absolute quantification of the living B

skin microbiome overcomes relic-DNA bias
and reveals specific patterns across volunteers
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Abstract

Background As the first line of defense against external pathogens, the skin and its resident microbiota are respon-
sible for protection and eubiosis. Innovations in DNA sequencing have significantly increased our knowledge

of the skin microbiome. However, current characterizations do not discriminate between DNA from live cells and rem-
nant DNA from dead organisms (relic DNA), resulting in a combined readout of all microorganisms that were and are
currently present on the skin rather than the actual living population of the microbiome. Additionally, most methods
lack the capability for absolute quantification of the microbial load on the skin, complicating the extrapolation of clini-
cally relevant information.

Results Here, we integrated relic-DNA depletion with shotgun metagenomics and bacterial load determination

to quantify live bacterial cell abundances across different skin sites. Though we discovered up to 90% of microbial
DNA from the skin to be relic DNA, we saw no significant effect of this on the relative abundances of taxa determined
by shotgun sequencing. Relic-DNA depletion prior to sequencing strengthened underlying patterns between micro-
biomes across volunteers and reduced intraindividual similarity. We determined the absolute abundance and the frac-
tion of population alive for several common skin taxa across body sites and found taxa-specific differential abundance
of live bacteria across regions to be different from estimates generated by total DNA (live + dead) sequencing.

Conclusions Our results reveal the significant bias relic DNA has on the quantification of low biomass samples

like the skin. The reduced intraindividual similarity across samples following relic-DNA depletion highlights the bias
introduced by traditional (total DNA) sequencing in diversity comparisons across samples. The divergent levels of cell
viability measured across different skin sites, along with the inconsistencies in taxa differential abundance determined
by total vs live cell DNA sequencing, suggest an important hypothesis for certain sites being susceptible to pathogen
infection. Overall, our study demonstrates a characterization of the skin microbiome that overcomes relic-DNA bias

to provide a baseline for live microbiota that will further improve mechanistic studies of infection, disease progression,
and the design of therapies for the skin.
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Introduction

The skin serves as a crucial barrier against pathogens and
moisture loss [1-3]. More than a simple physical bar-
rier, it is also a complex and spatially structured ecosys-
tem that hosts a diverse array of microorganisms across
various physiological and topographical niches [4, 5].
Research on skin microbes has evolved from culture-
based methods [6, 7], to culture-independent sequencing
techniques, revealing the skin microbiota’s unique char-
acteristics [8—11].

Due to harsh environmental conditions and nutrient
limitation on the skin’s surface, the skin microbiome is
characterized by low microbial biomass [12], complicat-
ing comprehensive culture-based studies and affecting
the quality of studies based on marker genes, i.e., ampli-
con sequencing [13, 14]. While shotgun metagenomic
sequencing with increased coverage and improved DNA
extraction protocols can partially mitigate these issues
[15, 16], the stability and prolonged persistence of extra-
cellular DNA [17, 18] can result in a significant portion
of the sequenced DNA originating from dead microbial
cells, so-called relic DNA. Consequently, most metagen-
omic studies face challenges distinguishing between relic
DNA and DNA from live, intact bacterial cells that inter-
act functionally with the host and influence disease [19].

Most sequencing-based studies are compositional,
and the majority currently rely on relative abundance
data. This introduces a mathematical bias [20, 21], where
an observed increase in one taxon’s relative abundance
must coincide with a decrease in another’s, regardless
of whether the total bacterial cell density has changed.
Though several methods have been developed to counter
this bias (e.g., DNA spike-ins prior to sequencing [22, 23]
or differential ranking post-sequencing [24]), microbi-
ome characterization is still susceptible to bias from relic
DNA, especially if its proportion in the sample is high
compared to intact-cell DNA [25]. Because of its low bio-
mass and frequent exposure to external microorganisms,
skin swab samples can contain a significant proportion
of relic DNA potentially misrepresenting the viable cell
population of the skin microbiome [26].

Current estimates of microbial biomass on the skin
range from le+4 to le+6 cells per square centimeter
[27, 28]; however, they do not discriminate between live
and dead members. On the other hand, culture-depend-
ent methods [29, 30] are limited to detecting only the
microbes that can form colonies in the laboratory [31],
whereas culture-independent methods [26, 27] can be
biased by primer selection and the quality of DNA col-
lected [32, 33]; as a result, the actual population of live
bacteria on the skin is currently unknown. One method
that has been deployed to counter this issue in several

Page 2 of 15

different microbiome systems is the treatment of samples
with an intact-cell-membrane impermeable dye called
propidium monoazide (PMA) prior to characterization
using DNA amplification methods. PMA exclusively
binds covalently to DNA that is exposed and unprotected
by an intact cell wall or membrane upon light activation,
effectively cross-linking it. Visible light causes the azide
group of the PMA molecule to be photolytically cleaved
and form a covalent bond with DNA [34], which frag-
ments the DNA, subsequently eliminating any exposed
DNA from downstream analysis [35]. Any excess PMA
in the sample reacts with water and becomes inert. This
cross-linking renders the DNA insoluble and non-ampli-
fiable, as it prevents the DNA polymerase from access-
ing or replicating the modified regions [36]. Additionally,
PMA crosslinking blocks the binding of DNA intercala-
tors like SYBR, making the modified DNA undetectable
in fluorescence-based assays such as in situ hybridiza-
tion or flow cytometry. This selective mechanism allows
PMA to differentiate live cells with intact membranes
from dead cells with compromised membranes, i.e., relic
DNA. This selective process has been applied to ampli-
con-based sequencing to identify viable bacterial popula-
tions in diverse sample types, including soil, wastewater,
digesters, seawater, and gut [34, 37-40], as well as in low
microbial biomass samples like saliva [41, 42] and sam-
ples with significant human contamination such as spu-
tum [43]. Amplicon-based approaches using universal
16S rRNA primers coupled with PMA treatment have
revealed that relic DNA is abundant on the skin surface
and can lead to an overrepresentation of taxa identified
via sequencing [26]. In a previous study, we combined
PMA treatment of saliva with flow cytometry to quan-
tify relic-DNA bias in amplicon sequencing and biomass
estimates of the oral microbiome [44]. Here, we used
shotgun metagenomic sequencing with PMA treatment
of skin swabs for a comprehensive assessment of the
microbiome that addresses amplicon-based underrep-
resentation of sample diversity and attains resolution at
the species level [45-47]. We combined this approach
with flow cytometry for both untreated (raw) and PMA-
treated skin swab samples to characterize and quantify
both the total and the live cell abundance across skin sites
representing distinct microenvironments (Fig. 1). This
approach allowed us to assess relic-DNA bias in shotgun
metagenomics of skin swabs, to reveal biological pat-
terns after relic-DNA depletion, and to quantify live-cell
abundances of bacterial taxa residing on the skin surface.
Notably, low counts of live skin commensals could play a
role in fighting off pathogens and thus might affect skin
disease and infection, an aspect that can be evaluated in
future studies using an approach as described here.
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Fig. 1 Study design. Twelve sets of samples from volunteers across six different body sites were collected. Each sample was collected in duplicate
and processed in parallel, with one swab being submitted to PMA treatment to eliminate signal from dead cells, while the other swab was left
untreated. Both duplicates were used for cell quantification by flow cytometry and metagenomic characterization

Materials and methods

Study cohort

Volunteers were recruited in accordance with the insti-
tutional review board (IRB) protocol number 150275.
Participant demographics are detailed in the supplemen-
tary metadata files. Eleven (11) human participants were
recruited for the study and were swabbed on defined
areas of the skin at 6 different body sites as detailed in
Fig. 1. Volunteer 1 was swabbed a second time, amount-
ing to 12 sets of samples in total. Participants were
instructed not to wash the selected regions, no excessive
workouts, and not to use cosmetics or lotions at least
12 h prior to sample collection. A short metadata ques-
tionnaire was confidentially filled in by each participant.

Sample collection

Plastic patterns were used to standardize the sampling
area for each body site between patients (Table S2). Each
site was swabbed with two sterile plastic swabs (Puri-
tan, cat. no. 3406-H) soaked in 1XPBS simultaneously
using a consistent technique. The swab head was gradu-
ally rotated while rubbing across each site for 30 s. Swab
heads were broken off into Eppendorf tubes. Swabs were
immediately vortexed for 2 min at max speed. The swab
head was then removed from solution using sterile for-
ceps while gently pressing the head against the inside
of the tube to drain all liquid from it. The solution was
then filtered in 5-pm filter (TISCH, cat. no. SF18200) to
remove human cells and swab head plastic debris dis-
lodged during vortexing. The two tubes per swab site
were pooled together and gently mixed. A total of 400
pL from this pool were transferred to a separate tube

for PMA treatment. All volunteers were swabbed by the
same individual to maintain consistency across samples.
Each sample underwent parallel processing for PMA
treatment and untreated controls, followed by quantifica-
tion with flow cytometry, and was stored at — 80 °C on the
same day to avoid bias in cell counts caused by freeze—
thaw cycles. To ensure all steps up to freezing could be
completed for each volunteer’s swabs, the number of vol-
unteers sampled per day was limited to three.

PMA treatment for relic-DNA depletion

Four microliters of 100-uM PMA (Biotium, cat. no.
40013) was added to 400 pL of bacterial extract from the
skin swabs (1-pM PMA final). Samples were then briefly
vortexed and incubated in the dark at room temperature
for 5 min. The samples were then laid horizontally on
ice 20 cm from direct light source (488 nm) for 25 min.
During this period, the PMA covalently binds to the relic
DNA and cross-links it. To ensure even distribution of
the PMA molecules, the samples were gently vortexed
(speed level 3 on the Vortex-Genie 2 Lab Genie) every
5 min during this period. At the same time, untreated
(raw) versions of the sample were stored in saline solu-
tion on ice in the dark.

Flow cytometry

A 250-pL aliquot of both PMA-treated and non-PMA-
treated samples were used for absolute microbiome
quantification by flow cytometry. Briefly, 1.25 pL of
20X SYBR Green (SYBR™ Green I Nucleic Acid Gel
Stain, cat. no. S7563) was added to the samples (final
SYBR concentration of 0.1X), and tubes were incu-

bated in the dark for exactly 15 min. Thirty microliters
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of AccuCount fluorescent particles (ACFP-70-10,
Spherotech) fluorescent sorting beads (mixed well) was
then added to the samples and mixed by vortexing.
Samples were processed on a SH800 Cell Sorter (Sony
Biotechnology) using a 100-pm chip with the threshold
set on the FL1 at 0.06% and gain settings as FSC (for-
ward scatter) =4 and BSC (side scatter) =25%. The gain
settings were set following prior studies by Props et al.
(2018) and Prest et al. (2013) [13, 48]. Briefly, the set-
tings were set using AccuCount fluorescent particles
(ACFP-70-10; Spherotech) with FSC set to the lowest
gain to avoid detector saturation, and BSC was atten-
uated to the highest level to capture the weak signal
from low-granular microbial cells. Gain settings were
lowered for FSC and raised for BSC until the beads
appeared distinct from the background (and clustered
on the lower right panel of the FL1 vs FL4 plot). Gain
settings for FL1 (channel 1 (green) for SYBR emission
detection) =43% and FL4 (channel 2 (red) for detect-
ing background signals) =50% were set using a mix of
unstained and stained beads. The gating strategy was
adapted from our earlier study [44], where, first, the
fluorescent microbial cells were gated from the back-
ground on an FL1-FL4 density plot as those with a high
FSC and low SSC signal (lower right quadrant, Fig. S8a).
Aggregates were excluded by taking the linear frac-
tion on a graph of area (FL1-A) versus height (FL1-H)
of the FL1 signal (upper left quadrant, Fig. S8b). Large
events detected on the forward scatter (FSC) versus
side scatter (BSC) plot were removed (upper left quad-
rant, Fig. S8c). Sterile phosphate-buffered saline (PBS)
(sheath fluid for flow cytometer) was run between sam-
ples to reduce cross contamination. Final cell counts
per microliter calculations were performed following
manufacturer’s instructions of the AccuCount counting
beads. Total cells per square centimeter from the sam-
pled site were computed by multiplying the estimated
concentration by the volume of the sample run (250 pL)
with the swabbed site area (Table S2).

DNA extraction and library preparation

DNA was extracted from a 150-uL aliquot of both PMA-
treated and non-PMA-treated samples using the DNeasy
PowerSoil Pro Kit (Qiagen, cat. no. 47016). The concen-
tration of extracted DNA was measured using a Qubit
dsDNA HS Assay Kit (Invitrogen, cat. no. Q33231) and
a QuBit 2.0 Fluorometer (Invitrogen). DNA-seq libraries
were prepared for samples using 1-ng DNA input follow-
ing the Nextera XT library preparation kit protocol (Ilu-
mina, cat. no. FC-131-1096). SYBR Green was added to
the libraries to follow amplification in real time, and sam-
ples that amplified were sequenced.
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Shotgun sequencing metagenomics

DNA-seq libraries were quality-checked for integrity, and
their average size was measured using a 4200 TapeSta-
tion system (Agilent). If necessary, libraries were cleaned
prior to sequencing using Select-a-Size DNA Clean &
Concentrator (Zymo Research, cat. no. D4080). Library
concentrations were measured using a Qubit dsSDNA HS
Assay Kit (Invitrogen, cat. no. Q33231) and a QuBit 2.0
Fluorometer (Invitrogen) and pooled to equal amounts.
DNA sequencing was performed on an Illumina NovaSeq
6000, PE100 platform. Controls were also sequenced
from the swab only, the DNA extraction kit only, and the
Nextera Library Prep Kit. For the swab control, a new
swab was pre-moistened with 1 XPBS and aired for 30 s
in the same room used for swabbing volunteers. For the
kits control, molecular grade (DNAse/RNAse free) water
was used as sample input.

Data processing

Adapter sequences were trimmed from metagenomic
sequencing data using TrimGalore (Cutadapt) ver-
sion 1.18 [49] and quality controlled using FastQC ver-
sion 0.11.9 [50]. Large bowtie2 indices were constructed
after concatenating the trimmed and quality-filtered
swab and blank and kit control samples. All experimen-
tal samples were first filtered for swab, blank, and kit
control reads using bowtie2 version 2.3.2 [51] in —very-
sensitive-local- mode to ensure strict filtering of direct,
end-to-end matches. Reads that passed this filter were
then filtered against the human genome (GRCh38.p14)
using —very-sensitive-global- parameters to guaran-
tee any partial matches to the human genome are also
filtered. Mapping percent to human genome is shown
in Fig. Slc. Filtered reads were then aligned to the Skin
Microbiome Genomic Catalogue [8] database using —
very-sensitive-local- parameters in bowtie2 and filtered
for 60% genome coverage using Zebra filter [52] (see Fig.
S1d for coverage density plots). Taxonomic read count
tables were obtained using Woltka version 0.1.1 [53].
Read count tables were imported in R version 3.6.3 (R
Core Team, 2020) and normalized to genome lengths and
counts per million for statistical analyses (RPKM). For
independent relic-DNA portion estimates, samples were
aligned to the Web of Life database [54].

Statistical analysis

All statistical analyses were performed in the R software.
Data are represented as median (interquartile range Q3—
Q1) unless otherwise indicated. For all box plots, black
center lines represent the median and box edges the first
and third quartiles. Spearman correlations (r) of nonzero
values were used for all correlation coefficients. The



Thiruppathy et al. Microbiome (2025) 13:65

nonparametric tests Wilcoxon rank-sum and Kruskal—
Wallis were used to determine statistically significant dif-
ferences between microbial populations, and to identify
significant inter-category comparisons, we used a post
hoc multiple comparison Dunn’s test. Unless otherwise
indicated, p-values were adjusted for multiple compari-
sons using the p.adjust function in R using “FDR” method
[55]. Statistical significance was ascribed to an alpha level
of the adjusted p-values<0.05 (***p<0.005, **p<0.01,
*p<0.05, ns non-significant). For core phylogenetic
alpha-diversity metrics, the feature table was imported as
a phyloseq object (phyloseq ver 1.38.0) [56], and the esti-
mate_richness method from the vegan package (Vegan
ver 2.6—4) [57] was used to compute “Shannon” and
“Simpson” diversity metrics. For core phylogenetic beta-
diversity metrics, we used robust Aitchison distance met-
ric from the gemelli package [58] via the QIIME2 plugin
interface [59].

Results

Study design

Sixty-six samples were collected from 6 body sites rep-
resenting 3 skin types: sebaceous (forehead and upper
back), moist (antecubital and popliteal creases), and dry
(forearm and abdomen) (full list of metadata is provided
as Tables S1 and S2). Swabs soaked in saline were used
to ensure maximal and consistent microbial biomass col-
lection with minimal invasion and minimal lysis of cells
[16]. Samples were split and subject to treatment with
or without PMA followed by flow cytometry sorting and
subsequent metagenomic sequencing. This approach
enabled us to differentiate skin microbiome signatures
originating from live cells only versus total microbial cells
(Fig. 1). Of the 144 total samples collected, 141 samples
had detectable levels of bacterial cells after gating, and
123 samples had sufficient DNA for shotgun sequencing
(see the “Materials and methods”).

Characterizing the living population of the skin
microbiome reveals stronger beta-diversity
patterns across volunteers

Metagenomic sequencing was performed on untreated
(raw) and PMA-treated samples (=123 samples). Data
were processed, filtered against controls and the human
genome, aligned to skin-specific [8] and general data-
bases [54], and normalized for taxa genome lengths (see
the “Materials and methods”). The principal component
analysis (PCA) of raw and PMA-treated samples con-
firmed earlier findings that the sampled site’s microen-
vironment determines clustering (Fig. S2a, b) [28, 60,
61]. Species-level taxonomy of raw samples identified
Cutibacterium acnes as the dominant taxon across all
body sites, consistent with prior shotgun sequencing
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studies [8, 60, 61]. PMA-treated, relic-DNA-depleted
samples showed no significant taxonomic differences
(paired Wilcoxon test, FDR-corrected p>0.05, n=51),
indicating relic DNA does not bias body-site or skin type
characterization (Fig. S2c). PMA-dependent taxon-level
changes were assessed using the PMA-index metric [26]
for the top 15 taxa ranked by median RPKM across sam-
ples (see the “Materials and methods”). Most taxa had a
PMA index near 0.5, suggesting minimal relic-DNA bias
in compositional estimates (Fig. S3). Relic-DNA effects
on alpha diversity and taxonomic evenness were assessed
using Shannon diversity and Simpson evenness metrics.
Both metrics were uncorrelated with sequencing depth
(Spearman r= —0.3 for both, Fig. S4a, b) and showed no
significant differences between treatments across body
sites. Raw and PM A-treated samples consistently showed
lowest diversity scores in forehead sebaceous sites, while
the popliteal crease (moist skin) had the highest evenness
and Shannon diversity, aligning with current estimates [1,
62, 63] (Fig. S4c, d, e, f). Together, these findings indicate
that relic DNA does not introduce taxon-specific bias in
the skin microbiome, and diversity and evenness trends
remain unaffected.

To address the significant sparsity characteristic of low-
biomass microbiome datasets like the skin, we employed
a weighted centered log-ratio transformation distance
metric, robust Aitchison distance metric [58], to evalu-
ate the effect of relic-DNA removal on inter- and intrain-
dividual similarities. Robust Aitchison distance does
not assume the data are dense and is robust to missing
data by treating it as unobserved through an adaptation
of centered log-ratio transformation of the data (RCLR)
[64, 65]. We calculated the distance matrix on all, raw
only and PMA-treated only samples (n=123 samples,
raw=66, PMA=67) and computed the permutational
multivariate analysis of variance (PERMANOVA),
pseudo-F statistic (F), and p-value to evaluate clustering
by sample metadata (Table 1).

Principal coordinate analysis (PCoA) of the robust
Aitchison distance matrix (RPCA) calculated on all
samples showed that PMA treatment did not affect
sample diversity (Fig. S5, Table 1), indicating no arti-
ficial bias. RPCA calculated on the raw samples was
consistent with data in current literature and showed
that clustering was strongest by volunteer compared
to any other metadata variable (Fig. 2a, b, Table 1,
PERMANOVA) [66, 67]. PMA-treated samples clus-
tered more strongly by skin type than by volunteer,
with a significant increase in intraindividual distances
(Fig. 2e). The nonsignificant decrease in inter-indi-
vidual distances in PMA-treated samples compared
to raw samples suggests that the living component of
skin microbiomes (from the same skin sites) across
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Table 1 Effect of the factor metadata on sample variability.
Results of a PERMANOVA analysis computed on RPCA distances
(see the “Materials and methods”)

Samples Factor metadata  F-statistic  p-value
All (raw + PMA-treated) Treatment 1.28 0.309 (ns)
Raw Volunteer 16.95 0.001%***
Skin type 1.72 0.13 (ns)
Body site 1.26 0.25 (ns)
Sex 143 0.007%***
PMA-treated Volunteer 5.19 0.0077**
Skin type 12.02 0.007***
Bodly site 49 0.0071%**
Sex 7.34 0.007%***

Paired Wilcoxon test
"™ p<0.001
" p<0.01, p>0.05, ns non-significant

volunteers is modestly more similar than previously
measured. Collectively, these results provide a quanti-
tative measure of relic DNA’s contribution to intraindi-
vidual similarity within the skin microbiome, showing
that its depletion significantly reduces the microbi-
ome’s apparent personalization (Wilcoxon rank-sum
test, FDR-corrected p =0.0035).

To evaluate whether the relic-DNA portion of the
samples exhibits personalization, we performed non-
metric multidimensional scaling (NMDS) on the
robust Aitchison distances computed using only the
relic-DNA proportions across all samples with both
the raw and corresponding PMA treatment condi-
tions sequenced (n=51 samples) (see the “Materials
and methods”). The NMDS results indicated no clus-
tering by individual, with the histogram of distances
not following a normal distribution characteristic of
sample-type clustering (Fig. S5c, d). Additionally, PER-
MANOVA results indicated no significant grouping by
individual or skin type (F-statistic<2, p-value>0.05).
Taken together, the overall results do not support
statistically or biologically meaningful grouping of
samples by relic DNA alone, and the personalization
observed in raw samples is absent in the relic-DNA
fraction.

(See figure on next page.)
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Total and live cell quantification shows divergent live
fraction across the body

Absolute bacterial quantification (bacteria/cm?) was meas-
ured using flow cytometry on raw (total bacteria) and
PMA-treated (live bacteria only) samples (Table S3). Anal-
ysis included samples meeting sequencing and flow cytom-
etry gating criteria (n=135: 67 PMA treated, 68 untreated).
Method verification across technical replicates from the
same volunteer at different time points showed strong cor-
relations for raw (Spearman r*=0.89) and PMA-treated
samples (Spearman 7*=0.56) (Fig. S7a, d; see the “Materials
and methods”).

PMA treatment significantly reduced bacterial counts
across all samples (paired Wilcoxon, FDR-corrected
p<0.001). Body site grouping also showed significant
decreases in bacteria/cm?, except for forehead sites, where
the live fraction (%) remained high at~88% (Table 2). This
elevated viability likely reflects the abundance of nutrient-
rich sebum on the forehead (highest density of piloseba-
ceous units across all body sites [68]), which promotes
bacterial proliferation, including C. acnes [69]. The larger
secretion rates from the abundant pilosebaceous units on
the forehead may also contribute to greater live and total
cells collected from these sites via swabbing over other
sites. Live fraction computed across all individuals showed
no significant difference for any given volunteer (Fig. S6a,
b), indicating no set of samples affected observed viabil-
ity across samples (Kruskal-Wallis multiple group com-
parisons, F 16.65, p 0.12). The interquartile range (IQR) of
estimated bacteria/cm?® dropped between raw and PMA-
treated samples for all body sites but was only significant
for popliteal crease from the moist site (Levene’s test for
homogeneity of variance, F-stat 4.62, p<0.05), with most
body sites still having high variance in measured live cell
densities. This suggests that the live cell burden across body
sites may be an individual trait.

Relic-DNA depletion reveals a genuine preferential
abundance of bacteria across skin sites

The live fraction (%) of each taxon across different sam-
pling sites was computed by combining results of metagen-
omics analysis (corrected for read length and genome size)
and flow cytometry (see the “Materials and methods”). This
analysis was limited to body sites from individuals whose
samples met gating criteria and minimum DNA sequenc-
ing requirements for both raw and PMA-treated versions

Fig. 2 Characterizing the living population of the skin microbiome reveals stronger beta-diversity patterns across individuals. Robust Aitchison
principal component analysis (RPCA) plots of samples either a, ¢ untreated (raw) or b, d PMA-treated prior to sequencing. Plots are colored
either by a, b individual or by ¢, d skin type. e Average distances between samples either from the same individuals or between samples

from the same skin type but from different individuals (Wilcoxon test for all individuals (multiple test correction “FDR"). ***p < 0.001, **p < 0.01,

*p <0.05, ns: not significant)
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Table 2 Absolute number of live bacteria per square centimeter of the skin. Numbers equal median (IQR (Q3-Q1)) flow cytometry

measurements
Body site Total cells (cells per square Live cells (cells per square Live fraction (%) p-value
centimeter) Median (IQR) centimeter) Median (IQR) Median (IQR) (Wilcox_

paired)

Abdomen (n=11) 5155(11,528-919) 905 (2695-50) 1647 (31-5) *

Antecubital crease (n=12) 10,111 (23,988-3905) 814 (7615-61) 12.6 (35-6) *

Forearm (n=12) 3729 (5603-1792) 247 (1363-49) 6.31(33-3) o

Forehead (n=11) 33,508 (115,790-5019) 29,088 (114,620-4251) 87.72 (115-73) ns

Popliteal crease (n=11) 2527 (3082-2062) 288 (513-91) 10.23 (19-3) *

Upper back (n=12) 83,508 (180,906-13,171) 37,047 (87,649-4096) 48.86 (64-32) **

Paired Wilcoxon test
™ p<0.005
"p<0.01

" p<0.05, ns non-significant

(n=102, 51 raw+51 PMA). Consistent with previous
shotgun metagenomic surveys of the skin microbiome [8,
60-62], we found C. acnes to be the most abundant taxa
across all body sites swabbed for all individuals (Fig. 3a,
b, c). However, the live percent of C. acnes varied signifi-
cantly depending on the site swabbed, and we observed
that even this most dominant taxa exhibited a reduction
of more than 90% in bacterial density when comparing raw
and PMA-treated samples in both moist (1658 total bacte-
ria/cm?® to 136 live bacteria/cm? median, #=18) and dry
(2903 total bacteria/cm? to 90 live bacteria/cm?, median,
n=11) sites (Table S3). Owing to the high viability of cells
from the forehead (Fig. 4a), and the large variance observed
across individuals, several Staphylococcus taxa, like Staphy-
lococcus epidermidis and S. capitis, had median live frac-
tions higher than 100%. However, most bacterial species
had absolute counts below five detectable bacterial cells/
cm? across all skin types from all individuals. These counts
were even lower when considering only the live bacterial
cells from PMA-treated samples (average paired Wilcoxon
p-value<0.001 for all taxa in all samples raw vs PMA).
Next, we evaluated site-specific composition of
the skin microbiome, differentiating between total
cells and live cells. Sequencing results and corre-
sponding absolute abundance enumerations from
raw samples supported earlier findings that report

(See figure on next page.)

preferential abundance of Micrococcus, Staphylococ-
cus, and Corynebacterium species, such as Micrococcus
luteus, S. capitis, and Corynebacterium pseudogeneta-
lium, in moist, humid regions like the antecubital fossa
and popliteal crease (Fig. 4a, Table S3) [1, 60, 61]. How-
ever, measurements from corresponding PMA-treated
samples suggest that this preferential abundance may
be influenced by the presence of relic DNA, since live
cell counts of Staphylococcus and Corynebacterium
species were always higher in forehead sites, while M.
luteus had similar live counts between upper back and
antecubital crease sites (Fig. 4b). Similarly, measure-
ments of raw samples bacteria density from dry sites
confirmed previously reported preferential abundance
of Streptococcus mitis at these sites [1, 60]; however,
corresponding PMA-treated swabs demonstrated a
clear dominance of live S. mitis cells in sebaceous sites
compared to all other regions (Fig. 4a, b). A complete
record of the absolute abundance, live%, and standard
deviation of the common skin microbiome taxa identi-
fied in this study is provided in Table S4. These findings
suggest there may be variable detection of certain spe-
cies at different sites across individuals due to host-spe-
cific behavior and activity, but the levels of live bacteria
are mainly consistent with their survival biased toward
the more lipid-rich sebaceous sites.

Fig. 3 Absolute abundance of taxa across all sites reveals differential live cell levels across all skin types. a, b, ¢ Stacked bars: cells per square
centimeter of species identified across all samples at an RPKM > 0.05%, arranged in descending order of median relative abundance, in either raw
samples (hollow bar) or corresponding PMA-treated samples (overlaid solid bars), grouped by a sebaceous sites (n=23), b moist sites (n1=17), or c
dry sites (n=11). Paired Wilcoxon test computed by taxa and treatment (raw vs PMA) with multiple testing “FDR” correction: ***p <0.001, **p <0.01,
*p<0.05, ns non-significant. Heatmaps: Percentage of live population, and median total cell and live cell counts shaded by coefficient of variance

across individuals, for all taxa
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Fig. 4 Relic-DNA depletion reveals a genuine preferential abundance of bacteria across skin sites. Heatmap of median (left grid) relative abundance
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Discussion

We characterized and quantified the absolute abundance
of the live skin microbiome by combining relic-DNA
depletion, load determination using flow cytometry, and
metagenomic sequencing. Using PMA treatment and
parallel processing with and without PMA, we assessed
the impact of relic DNA on the characterization and
quantification of the microbiome in low-biomass samples
using skin swabs. We measured live bacterial cells across
6 skin sites spanning 3 different skin types, ie., seba-
ceous, moist, and dry, from 12 individuals.

In sebaceous regions like the forehead and upper
back, we counted a median (interquartile range Q3-
Q1) cell density of 2.91e+04 (11.5e+04—-0.4e+04) and
3.70e+04 (8.76e+04—0.41e+04) live bacteria/cm?,
respectively, aligning with previous cultivation-based
estimates that described le+04-le+05 CFU/cm? [28,
70]. Moist sites like antecubital and popliteal crease har-
bored 8.14e+02 (7.62e+03-0.6e+02) and 2.88e+02
(5.13e4+02-0.9e+02) live bacteria/cm? respectively.
Note that this is an order of magnitude lower than prior
estimates of le+04 CFU/cm? [28]; however, this dis-
crepancy is likely due to the inclusion of axilla sam-
ples in these studies, which can contain as many as

le+06 CFU/cm? [30]. Dry sites like forearm and abdo-
men contained only 2.5e+02 (1.36e+03-0.5e+02)
and 9.0e+02 (2.69e+03-0.5e+02) live bacteria/cm?,
respectively, similar to the lower range of these prior
culture-based estimates [7, 29, 30]. To avoid exposing
intact cells to lytic substances, swabbing for this study
was performed without detergents unlike other swabbing
studies, and the surface areas of the sampled body sites
were expanded (Table S2) to ensure sufficient microbial
cell collection. This difference in sampling methodology
could also account for the variations between our cal-
culated abundances and some levels reported in previ-
ous studies. This variability can also be attributed to the
larger sampling area and the inherent inconsistencies
between studies in the swabbing method, such as the
pressure applied during swabbing or the number of swab
rotations performed. To minimize these variations in our
study, the same individual swabbed all volunteers, and all
the swabbing was completed over three consecutive days
(see the “Materials and methods” for more details). Fur-
ther robustness can be achieved by incorporating rigor-
ous negative controls and blanks with sequencing, along
with repeated collections from volunteers to normalize
variations arising from sampling [9].
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Metagenomic analysis of raw and PMA-treated sam-
ples recapitulates prior reports that skin microbiomes
are specific to individuals [61, 67]. Our approach with
PMA-treated samples also showed clustering by individ-
uals; however, PERMANOVA measured this clustering
to be much lower than by skin type, with intraindividual
samples significantly increasing for PMA-treated sam-
ples. Analyzing the relic-DNA portion only in samples
found no clustering by individuals (Fig. S3c), suggesting
that personalization of the microbiome is still a trait of
the live skin microbiome, albeit not as significant as seen
from samples biased with relic DNA. However, a signifi-
cant portion of personalization in the microbiome can
come from microbial dark matter, which could not be
resolved from either skin-specific [8] or general data-
bases [54] used in this study [71]. Relic DNA has been
shown to serve as a nutrient source for microbes in deep-
sea marine systems [72], as well as promoting biofilm
formation in clinical isolates of common skin taxa like
Staphylococcus aureus taken from paranasal sinuses of
patients with chronic rhinosinusitis [73]. Thus, the nature
of relic DNA and its difference between individuals may
impact the overall diversity of the live microbiome, an
aspect that could be evaluated in future studies.

The compositional analysis of PMA-treated and
untreated samples revealed modestly significant differ-
ences based on the PMA-index metric only for a few, low
abundant taxa, only at certain body sites (Fig. S3), sug-
gesting that relic DNA on the skin surface does not sub-
stantially under- or overrepresent most taxa or groups
of species. In contrast, prior studies using amplicon
sequencing have reported large PMA-index values with
significant compositional differences between raw and
PMA-treated samples [26]. This highlights a key dis-
tinction between shotgun sequencing and amplicon-
based approaches, which has been well characterized
for microbiome studies [45, 46, 74]. While both methods
consistently identify the top taxonomic members, shot-
gun sequencing captures significantly greater diversity
within samples compared to amplicon-based sequenc-
ing [46, 75]. However, the technical differences in the two
methods, such as size of reads sequenced (~75-90 bp
vs ~400 bp) and sequencing platforms used and sequenc-
ing strategy (2x 150 bp vs 2x 300 bp), limit a direct com-
parison between either approach.

PMA treatment can introduce biases toward certain
bacterial species due to differences in cell wall properties
and biochemistry [76]. However, since skin swab sam-
ples are low in diversity and biomass, this bias should be
minimal, as demonstrated by studies using mock multi-
member or co-culture communities [77] or other low
abundant sample studies [78]. Furthermore, concord-
ance between PMA flow cytometry and CFU plating for
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overnight cultures of the skin bacteria S. epidermidis and
Escherichia coli (Fig. S9), as well as that seen for other
skin species in other studies [26, 79], suggests that PMA
treatment does not significantly bias the quantification
of live cells for these species. That said, crucial differ-
ences exist between lab-cultivated, in vitro, and in situ
conditions versus the natural skin surface environment,
which promotes biofilm formation and enhanced aggre-
gation. To this end, we also compared concordance
between flow cytometry estimates between samples col-
lected from the same individual at different time points
(designated as volunteer 1 and volunteer 12 throughout
the study). A positive correlation between the raw sam-
ples (Spearman, R=0.83, p 0.058) and the PMA samples
(Spearman, R=0.9, p 0.083) suggests heterogeneities
of PMA interactions with the microbes due to cell wall
biochemistries are minimal. The forehead sample lies
just outside of the 95% confidence interval, but this
could be a sign of the high temporal instability of the
forehead microbiome [60]. We also measured high cor-
relation between the relative (Spearman R for raw: 0.97,
p<0.001; PMA: 0.96, p<0.001) and absolute (Spearman R
for raw: 0.86, p<0.001; PMA: 0.73, p<0.001) abundance
of taxa obtained from the volunteer on the two separate
sampling times (Fig. S7b and c, e and f). Taken together,
PMA bias and/or inefficiencies could be present in the
skin swab samples despite not showing up in cultivated
and/ or mock community controls, but these biases are
likely minimal due to the low diversity and low biomass
nature of skin swabs.

We also estimated cell counts for some of the com-
monly found skin taxa from both raw and the corre-
sponding PMA-treated samples. Our measurements
confirmed C. acnes to be the most abundant taxa across
all the six different body sites measured, with the high-
est live-cell burden of 2.5e+04 (1.01e+04-0.37e+04)
live cells per cm? measured from the forehead. Given that
there are roughly 400-900 sebaceous pores per cm?® on
the forehead for the general adult population [80], our
results suggest that there are at least 28 live cells of C.
acnes on average per sebaceous pore, which aligns with
recent findings that pores are colonized by unique C.
acnes lineages [81].

Precise quantification of the total number of live cells
is crucial for our understanding of the skin microbiome’s
impact on health and disease and for developing effec-
tive treatments. Disease severity has often been cor-
related with pathogen density [32, 82]. However, there
have been several reports where microbiome data and
disease progression seem to be contradictory. For exam-
ple, studies on atopic dermatitis (AD) have reported non-
changing levels of commensals in AD samples pre- and
post-flares [83]. Others have reported no difference in
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diversity between healthy sites and sites with seborrheic
dermatitis (SD) despite differences in live cell counts [84].
Raw and PMA-treated swabs collected from the flexure
regions of the inner elbow and behind the knee (moist)
and forearm (dry) in our study showed no significant dif-
ferential abundance of the top bacterial taxa at those sites
(Fig. S3) nor a significant drop in diversity (Fig. S4). How-
ever, quantification of the absolute abundances revealed
significantly lower live cell densities, especially at moist
and dry sites, with less than 10% of the total cells alive for
most taxa (Table S3). This low percentage of live bacte-
rial cells, i.e., commensals, may explain why flexure sites,
hands, and general extremities (dry) are more prone to
infection by pathogens competing for the same niche as
commensals [85, 86], a fact that will be explored in future
studies.

Skin microbiome studies incorporating relic-DNA
depletion can successfully discriminate between dead
and live cells, elucidating disease progression in a quan-
titative way. Furthermore, the approach could guide the
design of therapies focused on supporting the live bacte-
rial cell population. With dry sites like the forearm being
the lowest in bacterial cell viability with a live fraction of
just 5%, our study may provide a plausible explanation for
why certain skin sites have such a high susceptibility to
infection, which would be crucial for guiding the design
of skin microbiome therapeutics founded on a better
understanding of host-microbe interactions.

Abbreviations

PMA Propidium monoazide

PCR Polymerase chain reaction

RPCA Robust Aitchison principal component analysis
PERMANOVA  Permutational multivariate analysis of variance
FDR False discovery rate

AD Atopic dermatitis

SD Seborrheic dermatitis

IGM Institute of Genomic Medicine

IRB Institutional Review Board

FSC Forward scatter

BSC Backward scatter

FL Fluorescence filters

HS High sensitivity

CPM Counts per million

OGU Operational genomic units
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Supplementary Material 1: Figure S1. Mapping parameters and relative
abundance of all samples sequenced part of the study. a) Box plot of
percentage of reads mapped to the reference human genome (GRCh38.
p14) after quality and swab + blank control filtering. b) Bar plot of average
total reads per sample that passed quality filtering for swab/blank filtering,
then to host genome filtering, and then for mapping to the database and
the reads that mapped (bacterial genomes only in SMGC). ¢) Box plot

of percentage of reads mapped to the reference database (SMGC) after
quality, swab and blank and human filtering. d) Density plot of the ratio

of the reference genome in SMGC database covered in all samples in the
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dataset, which was used to constrain alignment and read assignment
using Zebra. Figure S2: Principal component analysis of Raw and
PMA-treated samples. a) PCA of Raw samples. b) PCA of PMA-treated
samples. ¢) Relative abundance bar plots of identified taxa across all
samples sequenced as part of the study. Identified species with median
RPKM > 0.05% reported. Figure S3: PMA index and alpha diversity index
shows no significant change between Raw and PMA-treated samples.
a) Heatmap of the PMA_index (formula above) computed on top taxa
identified across all samples averaged by body site (FH: forehead, UB:
upper back, AC: antecubital crease, PC: popliteal crease, FA: forearm,
Abd: abdomen). Heatmaps are shaded by the PMA-index score, where
a score greater than 0.5 indicates an underestimation of that taxa in
samples, and lesser than 0.5 suggests an overestimation of that taxa in
samples. Inset values represent the standard deviation in the computed
PMA_index across individuals and the paired Wilcoxon test with
multiple testing“fdr” corrections computed for each taxa by body site :
**¥* p<0.005, ** p<0.01, * p<0.05, ns non-significant. Body Site acronyms:
FH (forehead), UB (upper back), AC (antecubital crease), PC (popliteal
crease), FA (forearm), Abd (abdomen). Figure S4: Alpha diversity of
samples reveals no significant bias from relic-DNA in skin microbiome
samples. a) Correlation plots between sequencing depth of all samples
(library size) and a) Shannon diversity or b) Simpson evenness alpha
diversity metrics. Spearman correlation of -0.323 for both a) and b),
suggesting no effect from sequencing depth on the computed alpha
diversity. ¢) Box plot of Shannon diversity of all samples in Raw vs
PMA-treated samples grouped by body site and colored by skin type.
Both Raw and PMA-treated samples retain similar patterns for cross
skin-type diversities. (Kruskal-Wallis multi-group non-parametric test
computed on Skin Type, n = 57 (PMA) and n = 66 (Raw)). d) Box plot of
Shannon diversity comparisons between samples from the same body
site between raw and PMA treatments shows no significant difference
(Wilcoxon rank-sum test, multiple comparisons “fdr” correction). e) Box
plot of Simpson evenness of all samples in Raw vs PMA-treated samples
grouped by body site and colored by skin type. Both Raw and PMA-
treated samples retain similar patterns for cross skin-type diversities.
(Kruskal-Wallis multi-group non-parametric test computed on Skin
Type, n =57 (PMA) and n = 66 (Raw)). f) Box plot of Simpson evenness
comparisons between samples from the same body site between raw
and PMA treatments shows no significant difference (Wilcoxon rank-
sum test, multiple comparisons “fdr” correction). Figure S5: relic-DNA

in samples is not personalized. a) PCoA (Principal Coordinate Analysis)
on the robust aitchison distances between all samples (n = 123) in the
dataset, colored by treatment. b) Histogram plot of the robust aitchison
distances between all samples (raw + PMA). ) NMDS plot of the robust
aitchison distances between the relative abundance of the relic-DNA
proportion only in all samples aligned to Web Of Life database (Zhu
etal. 2019) colored by volunteer. d) Histogram plot of the robust aitch-
ison distances between samples calculated using only the relic-DNA
portion of the samples. e) PERMANOVA results computed on robust
aitchison distances between the relic-DNA proportion in samples only
to test grouping by Volunteer, Body Site or Skin Type. (p values >0.05,
ns (not significant)). Figure S6: Comparison of total cells vs live cells

and percentage live across all volunteers. a) Box plot of cell per sq cm
enumerated from all body sites in an volunteer indicates no volunteer
had a significant drop in cell counts between treatments. (Wilcoxon
paired test, FDR multiple test corrections. P> 0.05 ns) b) Live fraction
(%) computed across all samples from an volunteer (Kruskal-Wallis
multiple group comparisons test and Dunn'’s pairwise comparison). Fig
S7: Correlation plots between Volunteer 1 time-point 1 and time-point
2 (Volunteer 12 in sample sheet) sampling. a)-c) Correlation plots with
95% confidence intervals for all matching raw samples from Volunteer

1 and Volunteer 12 based on a) flow cytometry, b) relative abundance
(rpkm) and c) absolute abundance of taxa. d) - f) Correlation plots with
95% confidence intervals for all matching PMA_treated samples from
Volunteer 1 and Volunteer 12 based on d) flow cytometry, ) relative
abundance (rpkm) and f) absolute abundance of taxa. Figure S8: Repre-
sentative example of the gating strategy applied to all flow cytometry
samples. Flow cytometry gating strategy adapted from Marotz et al.
and Props et al. Skin swab samples collected in 1X PBS were vortexed
at maximum speed. 400 ul of this was filtered across a 5-um filter to
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remove human cells and swab lint, stained with SYBR green (0.1X final),
and processed on a Sony SH800 instrument with Spherotech counting
beads. The threshold was set on the FL1 detector. a) The first gate selects
for events with enhanced 525-nm specific emission to select DNA-positive
events. b) Doublets were excluded by selecting only events following a
linear trend between FL1 height and area. ¢) Human cells are excluded by
their large size on forward (FSC-A) and side (SSC-A) scatter area. d) Repre-
sentative example of cell counts obtained from Raw (blue) vs PMA-treatd
(red) samples across the body sites sampled using the gating strategy. Fig-
ure S9: Correlation between an overnight control of (a) Escherichia coliand
(b) S. epidermidis CFU counts and counts estimated from flow cytometry
of PMA-treated aliquots of the cultures. Supplementary Table S1: Metadata
of individuals involved in the study. Supplementary Table S2: Bodly site
metadata and dimensions of plastic patterns.

Supplementary Material 2: Table S3. Median (IQR) absolute abundance of
total and live cells of all taxa across all skin types and body sites.

Supplementary Material 3: Table S4. Alignment statistics and mapping
rates for all samples.
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