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Unravelling the interplay between a human’s microbiome and physiology is a relevant 
task for understanding the principles underlying human health and disease. With 
regard to human chemical communication, it is of interest to elucidate the role of 
the microbiome in shaping or generating volatiles emitted from the human body. In 
this study, we characterized the microbiome and volatile organic compounds (VOCs) 
sampled from the neck and axilla of ten participants (five male, five female) on two 
sampling days, by applying different methodological approaches. Volatiles emitted 
from the respective skin site were collected for 20 min using textile sampling material 
and analyzed on two analytical columns with varying polarity of the stationary phase. 
Microbiome samples were analyzed by a culture approach coupled with MALDI-
TOF-MS analysis and a 16S ribosomal RNA gene (16S RNA) sequencing approach. 
Statistical and advanced data analysis methods revealed that classification of body 
sites was possible by using VOC and microbiome data sets. Higher classification 
accuracy was achieved by combination of both data pools. Cutibacterium, 
Staphylococcus, Micrococcus, Streptococcus, Lawsonella, Anaerococcus, and 
Corynebacterium species were found to contribute to classification of the body sites 
by the microbiome. Alkanes, esters, ethers, ketones, aldehydes and cyclic structures 
were used by the classifier when VOC data were considered. The interdisciplinary 
methodological platform developed here will enable further investigations of skin 
microbiome and skin VOCs alterations in physiological and pathological conditions.
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1. Introduction

Whereas usage of chemical information has since long been acknowledged as a vital element in 
animal behavior, humans were until recently thought to only minorly rely on their chemosensory 
systems (Roberts et al., 2020). This notion is currently being revised by a constantly growing body of 
evidence demonstrating the function of human chemical signals in social contexts (Lubke and Pause, 
2015; Pause, 2017). Examples are the communication of emotions (de Groot et al., 2012), developmental 
state (Ferdenzi et al., 2010; Schaal et al., 2020; Schafer et al., 2020), or health state (Olsson et al., 2014) 
via body odors. In all these cases, chemical information emitted from the so-called sender is 
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transmitted to the so-called receiver, and consequently, the receiver shows 
adaptive behavior – for example, anxiety signals from axillary sweat have 
been shown to reduce trust and risk behavior in women (Meister and 
Pause, 2021). Body odorants and volatiles are additionally in the focus of 
current research due to their usefulness in medical and forensic 
applications, e.g., with regard to diagnostics or identification of individuals 
(Beauchamp, 2011; Cuzuel et al., 2018; Sinclair et al., 2021). Accordingly, 
several attempts have been made to elucidate the chemical composition 
of emissions and odors emanating from different sites of the human body, 
and compounds detected in the human volatilome have been compiled 
recently (Amann et al., 2014; Drabinska et al., 2021). The volatilome 
thereby describes the entity of volatiles found in the surroundings of an 
organism, including volatiles derived from endogenous metabolism and 
from exogenous sources. To sample volatiles from the human body, 
different techniques have been used, ranging from online mass 
spectrometry (Hartungen et al., 2004) over usage of dedicated adsorbent 
materials (Cuzuel et al., 2018; Uebi et al., 2019) to sampling with textiles 
(Preti et al., 1987; Haze et al., 2001). Despite progress in human chemical 
communication and volatilome research, however, the principles of the 
molecular encoding of information are still unknown for the majority of 
the suspected cases of social chemical communication so far. The 
composition of volatiles emitted by the human body and by bodily fluids 
depends on an individual’s anatomy, physiology, and genetics (Martin 
et  al., 2010), and on behavioral and environmental factors such as 
nutrition, use of cosmetics, hygienic habits or atmospheric conditions 
(Havlicek and Lenochova, 2006; Havlíček et al., 2017; Beko et al., 2020). 
Some of these influencing factors, like an individual’s skin care routine 
and dietary habits, directly determine emission profiles of skin (e.g., usage 
of deodorants or intake of garlic), but additionally also influence the 
composition of the human microbiome (Fierer et al., 2008) and thus affect 
the quality of the human volatilome via the microbiome as a mediator 
(Costello et al., 2009; Song et al., 2013). To determine such more complex 
relationships, it is necessary to characterize both the volatilome and the 
microbiome of the respective individuals, as done for instance with regard 
to axillary and vaginal odors (Yeoman et al., 2013; McMillan et al., 2015; 
Troccaz et al., 2015). Axillary odors are well understood from a chemical 
point of view (James et al., 2013; Starkenmann, 2017) and the role of 
axillary chemosignals in social communication has been demonstrated in 
several studies (Olsson et al., 2014; Pause, 2017; Smeets et al., 2020). In 
contrast, volatiles and odorants emitted from the neck have with few 
exceptions only recently been suggested to be  implicated in human 
chemical communication (Ferdenzi et al., 2020). In the present study, 
we characterize volatile organic compounds (VOCs) and the microbiome 
from the axilla and the neck, because both sites are discussed as source of 
chemical information in daily interactions between persons. On a long 
term, it is thus of interest to understand the influence of individual factors 
as mentioned above on skin microbiome and volatilome at these sites, and 
their interrelationship. With the here reported explorative investigations, 
we aimed, on the one hand, (i) to comparatively characterize the general 
composition of the volatiles and the microbiome present at these body 
sites, (ii) to determine whether individuum- or gender-specific signatures 
exist in the VOC and microbiome data, and (iii) to evaluate whether hints 
towards a microbiome-driven VOC composition exist. On the other 
hand, we aimed to evaluate several methodological aspects related to the 
sampling and the analysis of skin volatiles and the skin microbiome. These 
included (i) the effect of a standardized washing procedure, (ii) the usage 
of two different analytical columns for one-dimensional gas 
chromatography–mass spectrometry (GC–MS) analyses, and (iii) the 
usage of two different methods for determination of the skin microbiome 

(culture vs. 16S sequencing). To reach these goals, ten persons (five 
women, five men) were asked to participate in two sessions. During each 
session, microbiome and volatiles were sampled from the neck’s and the 
axilla’s skin surface. Statistical analysis was restricted to a selection of the 
most abundant bacteria and VOCs to avoid the multiple comparisons 
problem, with the exception of a classification approach where all items 
of the data set were used. Due to the explorative nature of our study, which 
included a limited number of participants, a focus was placed on only the 
most prominent differences between the individual groups in order to 
reduce the likelihood of false positives. Furthermore, our experiments 
indicated that both the ten most abundant bacteria and VOCs accounted 
for more than 99% of the total respective abundances. Insights into the 
influence of the different methodological choices on the quality of the data 
were obtained and recommendations for future research are derived 
therefrom. It was possible to classify with the different data sets the 
respective body site (axilla and neck) and the sampling round.

2. Materials and methods

2.1. Participants

2.1.1. General information
Ten volunteers (5 males, 5 females; age range: 20–30 years, M ± SD: 

24 ± 3 years) were recruited for two sampling rounds (see 2.3 for more 
detailed information). All participants were healthy, non-smokers, had 
no chronic diseases, did not intake medication or drugs and were 
neither pregnant nor breastfeeding. Ethical approval was granted by the 
Ethics Committee of the Friedrich-Alexander-Universität Erlangen-
Nürnberg (171_19B). The study took place in Erlangen and was 
conducted according to the Declaration of Helsinki for medical research 
involving human participants. The participants were informed about the 
aim and the procedure of the study in oral and written form and 
provided written consent to participate in the study.

2.1.2. Instructions regarding diet and hygiene
The participants followed a hygienic and dietary protocol prior to the 

study. Spicy food, onions, garlic, leek and similar vegetables, asparagus, 
cabbage and alcohol, as well as perfume, perfumed cosmetics, and 
deodorants were not allowed within 48 h before the study. All textiles in 
direct contact with the axilla or the neck, e.g., clothes, bed linen, towels, 
should be washed with perfume-free detergent. Participants were provided 
with perfume-free products (“Balea MED Shampoo UltraSensitive,” “Balea 
MED Duschgel UltraSensitive,” “Denkmit Vollwaschmittel UltraSensitive”; 
purchased from dm-drogerie markt GmbH & Co. KG, Karlsruhe, 
Germany). Visiting a swimming bath or other public places with a 
potentially high odour background, e.g., bars or clubs, should be avoided 
within 48 h before the study. The participants further had to refrain from 
sports and close body contact on the day of the study. A log about their diet, 
sports, and hygiene was provided by the participants and a questionnaire 
was filled out to register general living conditions/demographic data and 
habits. Antiperspirant should not be used 10 days before the study.

2.2. Chemicals

1-Tetradecanol (purity: 99%) was bought from Acros Organics, part 
of Thermo Fisher Scientific (Geel, Belgium). 1-Dodecanol (98%), 
nonanal (95%), n-alkanes (C6 – C34) and tetradecanoic acid (98%) were 
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bought from Fluka, part of Sigma-Aldrich (Steinheim, Germany). 
2,4-Di-tert-butyl phenol (99%), dioctyl ether (99%), dipropylene glycol 
methyl ether (mixture of isomers), 2-ethylhexanol (99%), geranyl 
acetone (>97%), isopropyl laurate (n.a.), isopropyl myristate (98%), 
isopropyl palmitate (≥90%), methanol (≥99.8%), squalene (≥98%), 
2-ethylhexyl salicylate (99%) and erucylamide (>85%) were bought 
from Sigma Aldrich (Steinheim, Germany). Dichloromethane (DCM) 
and anhydrous sodium sulfate were purchased from VWR Chemicals 
(Darmstadt, Germany). For further information regarding CAS number 
and IUPAC nomenclature of reference compounds used for 
identification of volatiles, see Supplementary Table S1.

2.3. General procedure

Each participant took part in two sessions. All samplings were done 
from the skin’s surface. In the first session, the influence of washing was 
investigated by performing the sampling procedure of the skin 
microbiome and the VOCs before and after the participants washed the 
respective body site (axilla and neck) with disposable washcloths soaked 
in water (“ebelin Einmal-Waschlappen,” dm-drogerie markt GmbH & 
Co. KG, Karlsruhe, Germany). The order of experimental steps was: (1) 
sampling of microbiome, (2) sampling of VOCs, (3) washing the skin 
surface area, (4) sampling of VOCs, (5) sampling of microbiome. In the 
second session, which was conducted on average 5.8 ± 1.5 months after 
the first session, the sampling procedure of the skin microbiome 
followed by the sampling of VOCs was conducted only once. No 
washing step was done in the second session.

2.4. Microbiome: Sampling and 
measurement

2.4.1. Sampling procedure
Two swabs were used per body site (axilla and neck). In a first step, 

Mastaswabs MD 508 (Mast Diagnostica GmbH, Reinfeld, Germany) 
were used, which had been moistened with autoclaved water. To 
standardize the size of the sampled skin area, 2 × 2 cm foil templates 
(PrintLine Overheadfolie, Vleveka B.V., Deurne, Netherlands) were 
placed on the respective skin area. There, the swab was moved up and 
down in rotary movements and constant, light pressure for 30 s, and 
then transferred to the transport tubes (Mastaswabs, see above). The 
samples were kept at 2–8°C for transport. In a second step, DNA was 
sampled using FloqSwabs (Copan Diagnostics, Murrieta, United States) 
moistened in sterile water, which were rubbed on the participant’s skin 
for 30 s using the foil template and subsequently stored at −20°C in 
Pathogen Lysis tubes (Qiagen, Hilden, Germany). Microbiome was 
sampled from the axilla of the dominant arm and from the neck, and as 
far as possible, sampling was done on the same skin surface areas for 
both swabs by using similar positions of the foil template for 
both samplings.

2.4.2. Bacteriological cultures and identification of 
bacteria by MALDI-TOF mass spectrometry

Mastaswabs were streaked onto agar plates under sterile conditions 
in a biosafety cabinet (Thermo Scientific, Schwerte, Germany) within 
2 h after sampling. For each sample, one Columbia blood agar plate (4% 
Tryptone Soja Agar, 6% defibrinated sheep blood, in Aqua dem.; 
reagents from Oxoid GmbH, Wesel, Germany) and one blood agar plate 

containing Vitamin K (VK plates; 4% Tryptone Soja Agar, 5% 
defibrinated sheep blood, 1% Vitamin-K solution, in Aqua dem.; 
reagents from Oxoid GmbH, Wesel, Germany) were inoculated by 
streaking the swab over the entire surface of both agar plates. To provide 
optimal conditions for the growth of anaerobes, VK plates were 
pre-incubated under anaerobic conditions for at least 4 h before use. 
Columbia agar plates were incubated at 37°C in a 5% CO2 atmosphere, 
anaerobic culture of VK plates was carried out in pots (Merck KGaA, 
Darmstadt, Germany) at 37°C. After 48 h of incubation, the number of 
bacterial colonies was counted on both plates.

To identify bacterial species, representative colonies were picked 
using a toothpick, spotted onto a stainless-steel target plate and overlaid 
with 1 μl of HCCA matrix (10 mg/ml α-cyano-4-hydroxycinnamic acid 
in 50% acetonitrile/2.5% trifluoroacetic acid). After drying at ambient 
temperature, identification was performed by Matrix-Assisted Laser 
Desorption/Ionization Time-of-flight (MALDI-TOF) mass 
spectrometry on the basis of 240 cumulated spectra using a Microflex 
LT™ (Bruker Daltonik GmbH, Germany). Spectra of bacterial proteins 
were compared to the MBT Compass Library (RUO, Revision F, 2019) 
database (Bruker Daltonik GmbH, Germany) that contained 8,468 
reference spectra from 2,969 species (2,716 bacteria, 210 yeasts, 43 
filamentous fungi). Matching database entries were ranked according to 
their similarity scores, with scores >2.0 indicating reliable identification. 
Scores between 1.8 and 2.0 were accepted for identification if the 
matching database entries belonged to the same species.

2.4.3. DNA processing
Genomic DNA was isolated from the FloqSwabs using the QIAamp 

UCP DNA Micro Kit according to the manufacturer’s protocol (Qiagen 
GmbH, Hilden, Germany) and quantified with the Qubit 2.0 dsDNA HS 
assay kit (Invitrogen, Schwerte, Germany). The V4 regions (515F-806R) 
of the bacterial 16S rRNA genes were amplified using the NEBNext Q5 
Hot Start Hifi PCR Master Mix (New England Biolabs, Frankfurt 
am  Main, Germany) using protocols established in the Earth 
Microbiome  - Protocols and Standards (2022) project (Prot16S)1. 
Amplified fragments were purified with AMPure XP Beads (Beckmann 
Coulter GmbH, Krefeld, Germany), pooled in equimolar ratios and 
analyzed by 2 × 250 paired-end sequencing on an Illumina MiSeq device 
(Illumina Inc., San Diego, United  States). Raw fastq files were then 
imported and analyzed in QIIME2 v2021.2 (Bolyen et al., 2019) with 
Dada2 (Callahan et  al., 2016) as the method for quality control, 
dereplication and sub-operating taxonomic unit/amplicon sequence 
variant (sOTU/ASV) table generation. The SILVA (Quast et al., 2013) 
small subunit database release 138 was used at a 99% similarity cutoff 
for taxonomic classification.

2.5. Volatiles: Sampling and measurement

2.5.1. Sampling procedure
Gazin® gauze pads (5 × 5 cm, 8 ply, 17 threads) were obtained from 

Lohmann & Rauscher International GmbH & Co. KG (Rengsdorf, 
Germany). A pre-treatment of such test fabrics is necessary to improve 
the quality of analytical measurements with gas chromatography–mass 
spectrometry (GC–MS). Based on preliminary experiments a methanol 

1 https://earthmicrobiome.org/protocols-and-standards/16s/

https://doi.org/10.3389/fevo.2023.1107463
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org
https://earthmicrobiome.org/protocols-and-standards/16s/


Haertl et al. 10.3389/fevo.2023.1107463

Frontiers in Ecology and Evolution 04 frontiersin.org

pre-treatment was selected for the Gazin® gauze pads. The pads were 
placed into a beaker, 30 ml of methanol were added and stirred at room 
temperature for 10 min. Afterwards, the solvent was decanted and the 
procedure was repeated twice. The pads were finally dried at ambient 
temperature and stored in air-tight amber glass bottles until use.

The sampling of the VOCs was conducted in the axilla of the 
dominant arm and on the neck of each participant. In each case, a Gazin® 
gauze pad was fixed with medical tape (Hansaplast®, Beiersdorf AG, 
Hamburg, Germany). The participants should relax for 20 min avoiding 
any stressful activities or sports. Then, the pads were taken off and stored 
in an amber glass at −80°C for a maximum of 30 days until work up. The 
foil template used for microbiome sampling was not used for restricting 
the sampled skin surface area during the sampling of volatiles.

2.5.2. Isolation of volatiles from Gazin® gauze 
pads and gas chromatography–mass spectrometry 
analysis

The Gazin® gauze pad was stirred at room temperature for 30 min 
with 50 ml of DCM to extract the volatile compounds. Afterwards 
solvent assisted flavour evaporation [SAFE; (Engel et al., 1999)] was 
performed at 55°C. The distillate was dried over anhydrous sodium 
sulphate and finally concentrated to a total volume of 100 μl at 50°C by 
means of Vigreux distillation and micro distillation as described by 
Bemelmans (1979). For comparison purposes, an unused Gazin® gauze 
pad was processed according to the same work-up procedure as the 
body odour samples. The distillate was then stored at −80°C for a 
maximum of 7 days until further analysis.

Gas chromatographic separation was performed using an Agilent 
7,890 A GC (Agilent, Santa Clara, CA, United States) equipped with the 
following capillary columns: DB-FFAP or DB-5 (30 m × 0.25 mm, film 
thickness of 0.25 μm, J&W Scientific, Agilent Technology, Santa Clara, CA, 
United States). Helium was used as a carrier gas at a flow rate of 1.0 ml/min 
in the constant flow mode. The distillates were injected in cold-on-column 
mode at 40°C using a multipurpose autosampler MPS2 (Gerstel GmbH & 
Co.KG, Mülheim an der Ruhr, Germany), with an injection volume of 1 μl. 
The following temperature program was used: (i) 2 min at 40°C, heating 
up to 240°C with a ramp of 8°C/min, holding 240°C for 10 min for the 
FFAP-column and (ii) 2 min at 40°C, heating up to 300°C with a ramp of 
8°C/min, holding 300°C for 5 min for the DB-5 column. Mass 
spectrometric data was recorded in scan mode (40–400 m/z) with an 
ionization energy of 70 eV using an Agilent 5,975\u00B0C MSD 
(quadrupole; Agilent Technology, Santa Clara, CA, United States). The 
retention index (RI-value) for each compound was calculated as previously 
described by Kováts using C6-C30 n-alkanes (Kováts, 1958).

2.6. Data analysis: Pre-processing and 
individual data analysis

2.6.1. DNA data analysis
To avoid inappropriate statistical inferences made from 

compositional data, we transformed data from the ASV tables with the 
centered log-ratios (CLR) transform (Aitchison, 1982), as done in prior 
work (McMillan et al., 2015). The CLR transform was chosen instead 
of the additive log transformation (alr), due to a lack of a pre-specified 
reference taxon. Zero values in the ASV table were handled by using a 
multiplicative replacement algorithm (Martín-Fernández, 2003). The 
resulting matrix DF SxA∈  was used for further analysis, where S  is 
the number of samples and A  is the number of different ASVs in DF .  

In all further experiments, alpha and beta diversity values were 
calculated according to Shannon and Bray-Curtis, respectively 
(Shannon, 1948; Bray and Curtis, 1957). As DF  consists of 
compositional data, significance analysis was performed using the 
differential abundance test analysis of compositions of microbiomes 
(ANCOM; Mandal et  al., 2015). In those cases, no p-values 
are reported.

2.6.2. Cultural data analysis
The culture data can be summarized by the matrix CF SxB∈ , 

where S  is the number of samples and B  is the number of different 
bacteria that were identified. Each value in this matrix represents the 
total number of bacteria of a specific genus or species that were found 
for the respective sample. In contrast to the ASV tables, absolute values 
of bacteria counts can be taken into account between different samples 
for the cultural data. We applied no normalization to the cultural data 
to preserve quantitative differences in bacteria count between samples. 
In all further experiments, alpha and beta diversity values were 
calculated according to Shannon and Bray-Curtis, respectively.

2.6.3. Gas chromatography mass spectrometry 
data analysis

GC–MS data were filtered with the Savitzky–Golay filter (Savitzky 
and Golay, 1964) to remove high-frequency artifacts (Lommen, 2009). 
Subsequently, baseline artifacts were removed based on mathematical 
morphology using the tophat filter (Angulo and Serra, 2003). Resulting 
signals were deconvoluted using the approach proposed by Biller and 
Biemann (1974) and aligned with reference alkane runs. The extracted 
peaks were additionally aligned between all the different samples from 
each participant according to their retention index and mass spectrum 
similarity with a dynamic programming approach (Robinson et  al., 
2007). Hyperparameters where chosen according to the original paper. 
Singular peaks that were found in only one sample and for which no 
similar peaks were found in all other samples were discarded from 
further analysis. The whole pipeline was implemented in Python using 
the PyMS library (O'Callaghan et  al., 2012). The result is a matrix 
G SxP∈ where S  denotes the number of samples and P  the number 
of peaks. Each row in S  describes the extracted peaks of a GC–MS 
sample and each cell in the columns P  either contains a peak or no 
peak. Each peak in turn consists of masses with associated intensities. 
Volatiles were initially tentatively identified by comparison to the NIST 
14 standard reference database (National Institute of Standards and 
Technology, Gaithersburg, United  States) and were subsequently 
confirmed with authentic standards if available. Volatiles that could not 
be confirmed with an authentic standard but were tentatively identified 
with the NIST 14 database are marked with a (*) symbol throughout the 
manuscript. Additionally, volatiles were only considered if the match 
factor was above 700. All volatiles that were likely to be contaminants 
(e.g., siloxanes, phthalates) were not considered in further analysis. 
Substances detected in blank samples were not subtracted from the 
samples’ data prior to statistical analysis. For statistical analysis and 
machine learning methods we calculated features from GF SxP∈ . 
Specifically, we  computed the peak area for every peak in G  and 
normalized the peak areas in each row by the sum over all the peak areas 
in the respective row (referred to as normalized peak areas in the rest of 
the manuscript). We omitted this normalization when comparing total 
peak areas of GC–MS runs between individual participants. In 
Supplementary Figure S1 an exemplified chromatogram of a DB-5 neck 
measurement is shown.

https://doi.org/10.3389/fevo.2023.1107463
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org


Haertl et al. 10.3389/fevo.2023.1107463

Frontiers in Ecology and Evolution 05 frontiersin.org

2.7. Statistical analysis

Statistical analysis was carried out in Python using the Pingouin 
package (Vallat, 2018). Plots were created using the seaborn library 
(Waskom, 2021). Significant differences were assessed using Wilcoxon-
signed-ranked test and corrected for multiple comparisons using 
Benjamini Hochberg false discovery rate. For the compositional 
sequencing data, a differential abundance test using ANCOM was 
performed (Mandal et al., 2015). Normal transformation of the data was 
performed to allow parametric statistical testing but was unsuccessful. 
Only the ten most abundant bacteria as well as volatiles associated with 
the highest peak area on average were considered for further statistical 
analysis. This was done due to the multiple comparisons problem, which 
occurs when one considers a set of statistical inferences simultaneously 
and that can lead to erroneous statistics (Miller, 1981).

3. Results

3.1. Influence of washing

Washing the sampling site as a means to standardize the donation 
of body odorants and volatiles was used in several studies (Curran et al., 
2007; Hara et  al., 2015; Hierl et  al., 2021). Here, we  evaluated the 
influence of washing the respective skin site with a moistened disposable 
washcloth (without detergent) individually for the body sites armpit and 
neck, considering the microbiome and VOCs. Sampling of the 
microbiome and the VOCs was carried out once before, and once after 
washing the respective body site, during the first sampling round. 
Statistical comparison was restricted to the ten most abundant bacteria 
and VOCs. This was done to avoid reporting falsely significant results 
which would result from multiple comparisons. Given the exploratory 
nature and small sample size of our study, we have deliberately chosen 
to focus on the most prominent differences between the groups in order 
to minimize the likelihood of obtaining a false positive result.

3.1.1. Microbiome – Cultural data
The individual results for each participant are shown in Figure 1. For 

armpit samples a significant difference between the total abundance of 
all bacteria from samples obtained before vs. after washing was observed 
(p < 0.01, Common-Language Effect Size (CLES) = 0.67; Figure  1A). 
Neck samples showed no significant difference in total bacteria 

abundance between the washing conditions (data not shown). To avoid 
excessive multiple testing and correction for it, only the ten most 
abundant bacterial taxa in both neck and axilla samples were considered 
for further statistical analysis. No significant difference for any of the ten 
most abundant individual bacterial taxa was found (data not shown).

3.1.2. Microbiome – DNA data
We observed a significantly lower alpha diversity of the ASVs after 

washing for neck samples (p < 0.01, CLES = 0.64; Figure 1B) and no 
significant difference for the armpit samples (data not shown). The 
centered-log ratio transformed values of the ASV abundances before 
and after washing showed no significant differences for the ten ASVs 
that showed the highest relative abundance over all samples (data 
not shown).

3.1.3. Volatiles – GC–MS data
Only the ten peaks with the highest normalized peak area over all 

participants were considered for statistical analysis due to the 
multiple comparisons problem. We  did not find any significant 
differences between the normalized peak areas of the ten peaks before 
and after washing, irrespective of the column type used during GC 
(FFAP or DB-5). As the differences in alpha diversity were not 
substantial and differences in the absolute bacteria count should not 
be  relevant for the experiments, all further experiments were 
conducted on samples obtained without washing the respective skin 
site before sampling.

3.2. General description of the detected 
microbiome and volatiles

An overview of the relative abundances of the overall ten most 
abundant bacterial taxa (at the genus level) and volatiles detected in both 
the armpit and neck samples of individual participants is given in 
Figures 2, 3.

3.2.1. Microbiome – Cultural data
The bacterial composition of both the axillary and neck samples 

was dominated by the Gram-positive genera Staphylococcus and 
Cutibacterium. We analyzed alpha diversity, beta diversity and bacteria 
count. We did not observe any significant differences between the 
body sites for alpha and beta diversity. However, the total bacteria 
count was significantly higher for axillary samples compared to neck 
samples (p < 0.01, CLES = 0.96; as shown in Supplementary Figure S2A). 
The ten most abundant bacteria at the species level across all samples 
were considered for further statistical analysis (we show bacteria on 
the genus level in Supplementary Figures S3A,B) to enable the 
comparison to the DNA data. We  observed a significantly higher 
abundance of Staphylococcus epidermidis (p < 0.05), Staphylococcus 
hominis (p < 0.05), and Cutibacterium avidum (p < 0.05) in axillary 
samples than in neck samples and significantly more Cutibacterium 
acnes (p < 0.05) in neck samples compared to axillary samples 
(Figure 4A).

3.2.2. Microbiome – DNA-data
The axillary samples were dominated by Staphylococci and 

Corynebacteria, whereas the neck samples were more diverse, with 
Staphylococci and Cutibacteria being the most abundant genera. 
We analyzed alpha diversity, beta-diversity, and relative abundance of 

A B

FIGURE 1

Illustration of the difference before and after washing for total bacteria 
counts of axillary samples of the cultural data (A) and the Shannon 
alpha diversity of neck samples of the ASV data (B). Each dot represents 
the bacteria count (A) or the alpha diversity (B) of one participant.
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ASVs. The alpha diversity of neck samples was significantly higher 
compared with armpit samples (p < 0.05, CLES = 0.77; see 
Supplementary Figure S2). The ten most abundant genera over all 
samples were considered for further statistical analysis. Neck samples 
showed a significantly higher abundance of Lawsonella (p < 0.05) than 
axillary samples (Figure 4B).

3.2.3. Volatiles – GC–MS data
The compounds with the highest normalized peak areas in axillary and 

neck samples, respectively, are shown in Supplementary Figures S3C–F. The 
peaks occurring in both axillary and neck samples with the highest 
normalized peak areas and their relative areas in individual participants are 
shown in Figure 3.

Among neck samples, the ten highest, normalized peak areas on 
overall average were, on both columns, related to dioctyl ether, isopropyl 
laurate, isopropyl myristate, 2,4-di-tert-butylphenol and geranyl acetone. 
For the FFAP column, 2-ethylhexanol, hexadecane, heptadecane, eicosane 
and 1-dodecanol were additionally amongst the ten molecules with the 
highest normalized area, whereas for the DB-5 column this was the case 
for erucylamide, squalene, tetracosane, pentacosane and heptacosane.

The highest normalized peak areas in the axilla samples were related 
to dioctyl ether, isopropyl laurate, isopropyl myristate and 

2,4-di-tert-butylphenol on both columns. On the FFAP column three 
different isomers of dipropylene glycol methyl ether (RI FFAP: 1456, 
1,467 and 1,506), 1-dodecanol, 1-tetradecanol and 2-ethylhexanol were 
furthermore among the ten peaks with the highest normalized areas, 
whereas on the DB-5 column erucylamide, squalene, isopropyl 
palmitate, myristic acid, farnesyl acetaldehyde* and 2-ethylhexyl 
salicylate additionally occurred with high normalized peak areas.

The analysis of an unused Gazin® gauze pad showed that several of 
these compounds were also present there. Evaluating the results on the 
FFAP-column, 2-ethylhexanol and geranyl acetone were part of the 
volatiles found, whereas for the DB-5 column this was the case for 
erucylamide, dioctyl ether, isopropyl laurate, isopropyl myristate, 
2,4-di-tert-butylphenol and heptadecane. We nonetheless statistically 
compared the normalized peak areas of individual volatiles associated 
with the ten peaks with the highest normalized peak area on the whole 
dataset. For the FFAP column, octadecane (p < 0.01) and eicosane 
(p < 0.05) showed significantly higher normalized peak areas in neck 
samples than in axilla samples. For the DB-5 column isopropyl laurate 
(p < 0.001), geranyl acetone (p < 0.01), pentacosane (p < 0.05), 
heptadecane (p < 0.01) showed significantly higher normalized peak 
areas in neck samples compared with axilla samples whereas the 
normalized peak area of erucylamide (p < 0.05) was significantly higher 

A

B

FIGURE 2

Stacked bar plots of the analyzed microbiome with the cultural (A) and DNA approach (B), showing the relative abundances of the ten most abundant 
bacteria in the neck (left) and armpit (right) samples. The difference of sampling day 1 and 2 is represented by the two stacked bar plots connected to each 
participant. Note that only the ten most abundant bacteria are shown and the relative/normalized abundance on the y-axis is given with respect to those 
ten only (i.e., 100% abundance refers to the top ten and not to all bacteria found for the respective participant). In the cultural approach, abundance of 
several genera was so low that they are not visible in the bar plot.
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in axilla samples. The differences in normalized peak areas between 
armpit and neck samples are shown in Figures 4C,D.

3.3. Multi-omic analysis of microbiome and 
VOCs

We performed a distance correlation analysis to find general 
associations between the microbiome and VOCs. The distance 
correlation test is a non-parametric approach and thus makes no 
distributional assumptions about the data and can be used to detect 
non-linear dependencies between high-dimensional variables. We found 
significant correlations between the relative bacteria abundance of the 
sequencing data and the normalized peak areas of all peaks from the 
FFAP column (p < 0.01, r = 0.83).

We further analyzed multi-omic interaction in the data on the level 
of individual bacterial taxa and volatiles in Figure 5. Here, we use the 
mmvec (microbe-metabolite vectors) method proposed to analyze 
microbiome-metabolome interactions by calculating co-occurrence 
probabilities between individual bacterial taxa and volatiles, which has 
been shown to outperform statistical methods for multi-omic analysis 
(Morton et al., 2019). Further details about the approach are given in the 
supplementary additional information S1. We  applied the mmvec 
method without prior normalization since preprocessing is already 
included into the mmvec pipeline. Data from armpit and neck samples 
were combined to increase the total amount of data and explore 

potential general relationships independent of the sampling site. 
Additionally, we restricted our analysis to volatiles that occurred in at 
least 50% of all samples. This resulted in a total of 16 different volatiles 
on the DB-5 that fulfilled the condition, whereas on the FFAP column 
only 2 volatiles fulfilled the condition. Among these, ten compounds 
(tetradecane, hexadecane, heptadecane, octadecane, dioctyl ether, 
isopropyl laurate, isopropyl myristate, erucylamide, 2,4-di-tert-
butylphenol and 13-epimanool*) were also detected in the blank samples 
(unused Gazin® gauze pads) measured on the DB-5 column. No 
overlaps with the blank, measured on FFAP-column, were found. 
Further, we  considered only those bacteria, where a considerable 
co-occurrence with any of the 16 volatiles on the DB-5 column or the 2 
volatiles on the FFAP column could be  found, respectively. This 
amounted to the six most abundant bacteria for the ASV data and the 
three most abundant bacteria for the cultural data (these make up for 
over 90 and 99% of the total relative abundance, respectively).

3.3.1. Multi-omic analysis: Cultural data
We found a high co-occurrence between Staphylococci and 

Anaerococci. For the DB-5 column, we found no co-occurrence for the 
volatiles hexadecane, eicosane, geranyl acetone, squalene and 
erucylamide. The strongest interaction with Staphylococci had 
13-epimanool*. 2,4-di-tert-butylphenol, dioctyl ether, isopropyl laurate, 
isopropyl myristate, isopropyl palmitate, tetradecane, heptadecane, 
octadecane and farnesyl acetaldehyde* showed a moderate interaction 
with Cutibacteria and Anaerococcus. For the FFAP column, we found no 

A

B

FIGURE 3

Stacked bar plots of volatiles detected by using a FFAP (A) and DB-5 (B) analytical column, showing the normalized relative peak area of the ten most 
abundant volatiles in the neck (left) and axilla (right) samples. The difference of sampling day 1 and 2 is represented by the two stacked bar plots connected 
to each participant. Note that only the ten most abundant volatiles are shown and the relative/normalized abundance on the y-axis is given with respect to 
those ten only (i.e., 100% abundance refers to the top ten and not to all volatiles found for the respective participant).
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co-occurrence for hexadecane and a moderate co-occurrence for 
octadecane and Cutibacteria.

3.3.2. Multi-omic analysis: DNA data
We found a high co-occurrence between Staphylococci and 

Cutibacteria and Peptoniphilia and no considerable co-occurrences 
for Anaerococcus, Corynebacterium and Lawsonella. For the DB5 
column, we  found no co-occurrences for squalene, 2,4-di-tert-
butylphenol, eicosane, farnesyl acetaldehyde*, erucylamide and 
isopropyl laurate. We  found co-occurrences between 
Corynebacterium, Staphylococcus and tetradecane, hexadecane, 
heptadecane, octadecane, dioctyl ether, isopropyl myristate, 
isopropyl palmitate and geranyl acetone. We  further found a 
co-occurrence between nonadecane and Anaerococcus and 
Peptoniphilus as well as a moderate co-occurrence between 
13-epimanool* and Lawsonella. For the FFAP column, we found no 

co-occurrence for octadecane and moderate co-occurrence for 
hexadecane and Corynebacteria and Lawsonella.

3.4. Classification of different metadata 
categories

We evaluated whether different metadata categories can 
be  classified using the individual data sources. We  considered 
gender, subject identity, and body sites as metadata categories. 
We trained a random forest classifier on the first sampling round 
and evaluated the performance on the second sampling. We chose 
this setup as it most closely represents real-world classification 
conditions where data is continuously collected and classified. The 
setup of the training procedure is explained in detail in 
Supplementary additional information S2.

A B

C D

FIGURE 4

Relative bacteria abundance for culture data (A) and DNA data (B) as well as normalized peak areas from FFAP (C) and DB-5 (D) samples of armpit and neck. 
In total 40 samples were compared (10 armpit and 10 neck samples from each sampling round). The value in each cell is determined by the relative 
abundance of the respective bacteria, DNA data, or normalized peak areas averaged over all the subjects. Significant differences are highlighted with 
asterisk(s) (*) in the same column where *** denotes p < 0.001, ** denotes p < 0.01, and * denotes p < 0.05. For ASV data (B) significant differences calculated 
with differential abundance test using analysis of compositions of microbiomes (ANCOM) (Mandal et al., 2015) are shown with an asterisk (*).
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Moreover, we explored if it is possible to classify whether a sample 
is from sampling round one or two. Therefore, we evaluated the accuracy 
for identifying the different samplings with a leave-one-out cross-
validation on all 40 subjects and averaged the results. More detail is 
given in  Supplementary additional information S3.

For the data sources we used the culture data CF , the DNA data 
DF , and the GC–MS data GF . Here we used all the features (i.e., all 

the volatiles and bacteria) from every data source. For the GC–MS data 
we considered both the FFAP and DB-5 column and either used the 
relative normalized peak areas or the peak areas directly. Furthermore, 
we  explored if combining the individual data sources improves the 
classification accuracy. Therefore, we trained a logistic regression on the 
classification decisions of the individual models on the first sampling 
round to combine the data sources. The results are summarized in 
Table 1.

Samples of the first and second sampling round could be classified 
with 90% accuracy with models trained on the GC–MS or DNA  

data. This confirms that the collected data between the two  
samplings differ for these data, but not the cultural data (see 
Supplementary additional information S4 and Supplementary Figure S4). 
Nevertheless, discrimination of the different metadata categories was 
considerably better than random guessing for all categories. This 
suggests that while there are systematic differences between the two 
sampling rounds, the main differences in relation to body sites, gender, 
and identity remain in both sampling rounds. For all metadata 
categories the model trained on the DNA data achieved the highest 
accuracy. For the GC–MS data, the highest accuracy was achieved with 
the DB-5 column and no normalization. Combining the different data 
sources improved the accuracy for all meta data categories except for 
participant identity, where it remained the same. Figure 6 shows the 
average feature importance to differentiate between body sites of the 
random forest models for the individual data sources based on Shapley 
Additive exPlanations (SHAP) values (Lundberg et  al., 2020). In 
contrast to a statistical analysis, SHAP values are a game theoretic 
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FIGURE 5

Microbe-metabolite vectors (mmvec) embedding of bacteria identified with the cultural approach and volatiles identified on the FFAP column (A) and DB-5 
column (C) and mmvec embedding of bacteria identified with the sequencing approach and volatiles identified on the FFAP column (B) and on the DB-5 
column (D). The bacteria are visualized by blue arrows and volatiles by colored dots. Bacteria that often occur together show a small angle between their 
respective arrows (e.g., Staphylococcus and Anaerococcus). Volatiles that show a high co-occurrence exhibit a low Euclidean distance to each other (e.g., 
tetradecane and octadecane). Arrows pointing toward the same direction as volatiles indicate microbe-volatile co-occurrences.

TABLE 1 Classification accuracy for different meta data and data sources in %. Results are from a random forest classifier trained on the first sampling and 
evaluated on the second sampling. To evaluate the accuracy for identifying the different samplings a leave-one-out cross-validation was performed on all 
40 subjects (right-most column). The results from a random classifier are shown for context.

Gender Identity Body site Sampling

Random classifier 50% 10% 50% 50%

GC–MS (FFAP) 45% 30% 85% 97.5%

norm. GC–MS (FFAP) 50% 25% 85% 95%

GC–MS (DB-5) 45% 25% 90% 87.5%

norm. GC–MS (DB-5) 55% 10% 85% 87.5%

ASV data 65% 45% 90% 95%

Culture data 55% 20% 90% 50%

Combined (DB-5 culture and ASV data) 70% 45% 95% 100%
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explanation approach to show non-linear relations in the data that can 
be used to differentiate the different body sites. Additionally, features 
(e.g., volatiles, bacteria, or ASVs) that are not among the ten most 
abundant are considered in this analysis. A summary of the findings is 
given in the following (features are ordered according to their SHAP 
value with decreasing relevance from top to bottom).

3.4.1. Microbiome – Cultural data
The analysis showed that high abundances of Cutibacterium avidum, 

Staphylococcus haemolyticus, and Staphylococcus hominis were most 
important to identify axilla samples. In contrast, high abundances of 
Cutibacterium acnes, Staphylococcus capitis, and Micrococcus luteus 
indicated neck samples.

3.4.2. Microbiome – DNA data
Here, the three most important bacteria to separate neck and axilla 

samples were Streptococcus, Cutibacterium, and Lawsonella. All were 
substantially more abundant in neck than in armpit samples. However, 
high abundance of Anaerococcus and Corynebacterium were indicative 
for axilla samples.

3.4.3. Volatiles – FFAP data
High peak areas of isopropyl laurate, hexadecane, heptadecane, and 

octadecane were pointing to neck samples. In contrast, high abundances 
of α-methylstyrene*, dipropylene glycol methyl ether (RI 1456), and 
heneicosane were indicatory for armpit samples. Note that from the 
features shown in Figure 6C, α-methylstyrene*, geranyl acetone as well 
as nonanal were also detected in the blank measurements obtained with 
unused Gazin® gauze pads.

3.4.4. Volatiles – DB-5 data
High peak areas of hexadecane, octadecane, isopropyl laurate and 

nonadecane were suggestive for neck samples, whereas high abundances 
of 9-hexylheptadecane* and 13-epimanool* indicated axilla samples. 
Note that from the features shown in Figure  6D, hexadecane, 
heptadecane, octadecane, dioctyl ether, isopropyl laurate as well as 
13-epimanool* were also part of the volatiles found on the blank Gazin® 
gauze pads.

Additionally, we  projected the individual data sources into  
a two-dimensional manifold with the PCoA algorithm. 
Supplementary Figure S5 shows how the samples cluster according to 
the body sites for the DNA, cultural data, and GC–MS.

3.5. Comparison of methods: Sequencing 
and cultural approach

To assess if the measured bacteria are similar using a cultural or 
sequencing approach, we compared the relative abundance of bacteria 
counts of the ASV tables and culture data on a genus level. We did not 
compare species level abundances as the used sequencing method only 
gives reliable matches on the genus level. In Figure 7 all bacteria found 
with both the cultural and sequencing approach are ranked according 
to their relative abundance for armpit and neck samples individually. For 
both data sources and axilla as well as neck samples the most abundant 
bacteria observed were Staphylococci. For armpit samples (Figure 7A), 
Staphylococci (rank 1) and Micrococci (rank 5) were ranked equally for 
both data sources. The relative ranking of all other bacteria differed at 
least two ranks except for the Anaerococcus, Cutibacterium and Pantoea. 

A B
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FIGURE 6

Feature importance of the individual data sources [culture data (A), ASV data (B), GC–MS FFAP (C) and DB-5 (D)] of a random forest classifier to differentiate 
between axilla and neck samples. GC–MS data was not normalized with the total peak area, as this resulted in a higher accuracy for the classifier trained on 
DB-5 data. The abundance of the features is color coded where low abundance is shown with blue colors and high abundance with red colors. Features 
that indicate armpit samples are in the left half of the plot while features that indicate neck samples are on the right. Example: High abundance of 
octadecane in (D) is indicative of neck samples (considerable number of red dots), whereas low abundance is indicative of axilla samples (considerable 
number of blue dots). The individual features are shown on the y-axis. Every point in the plot is the abundance value of a feature from a single participant.
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For neck samples (Figure 7B), the ranking between the cultural and 
sequencing approach was more similar. Here Staphylococci (rank 1) and 
Cutibacteria (rank 2) were ranked equally. Furthermore, Micrococcus, 
Kocuria, Pseudomonas, Pantoea, Actinomyces, and Dermabacter differed 
only by one rank.

4. Discussion

In this study, we investigated whether samples from different body 
sites, namely axilla and neck, can be distinguished by training a linear 
and nonlinear classifier using VOC and microbiome data. By including 
in total 40 samples of VOCs and microbiome obtained from the neck 
and axilla of 10 participants within two study rounds, we successfully 
achieved a classification of these two different body parts with an 
accuracy rate up to 90%.

The analysis of the skin microbiome revealed mainly bacteria of a 
normal, healthy skin flora, such as Staphylococci, Corynebacteria or 
Cutibacteria, in agreement with previous work (Grice and Segre, 2011; 
Byrd et  al., 2018; Lam et  al., 2018). Not surprisingly, we  found 
significantly higher absolute bacterial colony counts in the axilla than 
the neck. This could be due to, amongst others, the high density of 
apocrine sweat and sebaceous glands in the axilla which leads to a good 
medium for microorganisms (Leyden et al., 1981; Grice et al., 2008). 
Moreover, we observed that the identification of bacteria at the genus 
level, as done in the sequencing approach, was in some cases not 
sufficient to draw a clear conclusion about the body site, since high 
abundances of the same genus level (e.g., Staphylococci) occurred both 
in the axilla and in the neck. Only the analysis at species level (cultural 
approach) allowed a precise conclusion about the respective body site. 
For example, a high abundance of Cutibacterium avidum was 
characteristic for axillary samples and Cutibacterium acnes for samples 
of the neck.

Sampling skin volatiles from the two different body sites using 
Gazin® gauze pads in combination with solvent extraction allowed the 
detection of various volatile compounds, among which the most 
abundant peak areas were obtained for esters (isopropyl laurate, 
isopropyl myristate, isopropyl palmitate, 2-ethylhexyl salicylate), ethers 
(dioctyl ether, isomers of dipropylene glycol methyl ether), phenols 
(2,4-di-tert-butylphenol), alcohols (2-ethylhexanol, 1-dodecanol, 
1-tetradecanol), ketones (geranyl acetone), aldehydes (farnesyl 
acetaldehyde*, nonanal), a triterpene (squalene), amides (erucylamide), 
fatty acids (myristic acid) and alkanes/hydrocarbons (C16-C27). Most of 
these compounds have been detected in previous studies on human 
skin emanations (Bortz et al., 1989; Zeng et al., 1991, 1996; Haze et al., 
2001; Curran et  al., 2005; Penn et  al., 2007; Gallagher et  al., 2008; 
Vaglio et  al., 2009; Brown et  al., 2013; Martin et  al., 2014; 
Rathinamoorthy and Thilagavathi, 2016; Duffy et al., 2018; Tavares 
et al., 2019; Vautz et al., 2020). Some of the identified volatiles are 
known as naturally occurring VOCs, such as squalene and its 
degradation products geranyl acetone and farnesyl acetaldehyde. 
Squalene, as one of the main components in human sebum (Greene 
et al., 1970; Picardo et al., 2009) is affected by oxidative degradation 
due to the ozone concentration in ambient air. Thereby different stages 
of degradation occur: geranyl acetone is one of the most prominent 
ozonolysis products whereas farnesyl acetaldehyde (C17-trienal) is a 
major precursor (Wisthaler and Weschler, 2010). In our study, 
we observed significantly higher peak areas for geranyl acetone in neck 
samples, whereas farnesyl acetaldehyde belonged to the most abundant 
peaks in axilla samples. This observation may be explained by a higher 
exposition of the neck towards ozone in ambient air, whereas the axilla 
is covered with clothes most of the time. At this point, it should 
be  mentioned that farnesyl acetaldehyde has not been reported in 
axillary samples, yet. As an authentic standard was not commercially 
available, in the next steps the identification has to be confirmed with 
a synthesized standard.

A B

FIGURE 7

Comparison of relative ranking between the bacterial genera in culture and DNA data (highest abundant bacterium denoted as rank 1 and lowest as rank 12) 
for armpit (A) and neck (B) samples.
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Besides, several of the identified compounds might be placed in the 
category of artificial contaminations since they are used as cosmetic 
ingredients, e.g., in soaps, shampoos, detergent or crèmes (see also 
Supplementary Table S1). However, some ingredients that are used to 
moisture the skin may be adopted from naturally occurring components on 
the skin – in these cases it is difficult to evaluate where the compounds stem 
from. As the use of skin care products differs for body parts as axilla and 
neck, different (amounts of) residues can be expected on different skin 
areas. For example, in axillary samples, erucylamide had a significantly 
higher peak area and dipropylene glycol methyl ether was important to 
identify the body part inter alia. These substances are opacifying and 
viscosity controlling and are used for perfuming and as solvents in cosmetics 
as defined in the European Commission Database for Information on 
Cosmetic Substances and Ingredients (2022) (CosIng).2 Isopropyl laurate 
and alkanes in the range of C16–C25 had a significantly higher abundance in 
neck samples and were used by the random forest classifier to identify neck 
as the body part, respectively. According to CosIng these compounds are 
used for skin conditioning and as emollient. Further, 2-ethylhexanol, 
detected in axillary as well as neck samples, is used as a perfuming agent and 
dioctyl ether is also used as a cosmetic ingredient according to CosIng1. 
Thus, several of these substances should be  considered as exogenous 
compounds of the human volatilome. Regarding alkanes, investigations of 
Bortz et  al. (1989) indicate that alkanes in human surface lipids are 
environmental contaminants. Intake of substances via the food may also 
lead to excretion of exogenous compounds via the skin. For instance, 
2,4-di-tert-butylphenol is known as a compound migrating from food 
contact materials and therefore has been included in the first Total Diet 
Study in Germany (BfR-MEAL-Study) to assess possible risks related to 
food intake (Kolbaum et al., 2022). In human urine, 2,4-di-tert-butylphenol 
has been reported (Liu and Mabury, 2019), and excretion via human skin 
may also be conceivable. To sum up, our results suggest that the here used 
method to sample skin volatiles led to the detection of various exogenous 
contaminants from different origins as part of the human volatilome. In this 
respect, it must also be noted that several of the mentioned compounds were 
also detected in the blank measurements. Thus, it cannot be ruled out that 
part of the substances reported here are originating from Gazin® gauze pads 
themselves, either due to insufficient extraction during the pre-treatment or 
due to further adsorption of compounds from the environment after 
extraction. Puzzlingly, however, compounds that were found within the 
blank measurement were not present in all body odor samples. In additional 
experiments performed after the two sampling rounds, it was found that 
reproducible results were obtained for blank measurements with unused 
Gazin® gauze pads when they were measured directly after workup. The 
comparison with the previously obtained results from unused Gazin® gauze 
pads, however, showed that substances which had originally been detected 
in the blanks, such as 2-ethylhexanol and geranyl acetone, were not present 
in the newly prepared blanks. In contrast some substances such as isopropyl 
myristate, 2,4-di-tert-butylphenol and eicosane, which did not appear in the 
blank during the first work-up, were detected on the FFAP column. A 
similar result was obtained for the DB-5 measurements. Substances such as 
dioctyl ether, isopropyl laurate and 2,4-di-tert-butylphenol could no longer 
be detected in the second work-up of unused Gazin® gauze pads. These 
discrepancies could arise from different storage duration or a variation in 
the batch of the gauze pads. To further resolve this issue, a quantitative 
analysis of the respective compounds should be performed and more than 

2 https://ec.europa.eu/growth/tools-databases/cosing/

one blank should be analyzed to assess potential quantitative variation of the 
respective compounds in blank samples. In addition, the gauze pads should 
be covered during sampling to prevent adsorption of volatiles from the 
room air, and a room air blank should be measured in parallel. For future 
studies, it is recommended to evaluate whether better suited methods for 
sampling of volatiles from skin can be used.

To evaluate the potential modulating role of the microbiome on 
volatile profiles of body sites, it is essential to identify relationships 
between the two. Indeed, the influence of the skin microbiome on body 
odours and emissions is a commonly known fact (Fredrich et al., 2013; 
Kusano et al., 2013; Byrd et al., 2018; Jaiswal et al., 2021). Especially the 
ongoing development of next generation culture independent DNA 
sequencing techniques opens up an enormous amount of data regarding 
taxonomic composition of the human skin microbiome. The combination 
of microbiome data with VOC data and their joint evaluation is a complex 
task. In this study, we used a statistical approach which was recently 
proposed by Morton et al. (2019) to investigate in an explorative way 
potential correlations between the microbiome and VOC data obtained 
in this study. Four different data sets (DNA data, culture data, GC–MS 
data on FFAP and DB-5) were used for this analysis and four mmvec 
analyses were conducted, combining the different data sets with each 
other. Theoretically, the results should depict a similar pattern in terms of 
co-occurrences for volatiles and bacteria. However, this was only partly 
the case, whereas the majority of co-occurences were significant only in 
one of the four analyses, which is most probably related to the different 
types of methods used, and the method of feature selection. The insights 
gained from the mmvec analysis within this study could not be connected 
to co-occurrences of bacteria and volatiles in literature. Several limitations 
of the present study prevent us from interpreting the obtained results 
further. The microbiome data used in the mmvec approach was at genus 
classification level. Since the metabolism of two species of the same genus 
can differ, it could lead to false assumptions for the co-occurrences of 
bacteria and volatiles. Further limitations relate to the low number of 
participants, lack of an internal standard, the partly ambiguous origin of 
the identified volatiles (see above), and combined analysis of different 
body sites. In order to overcome the limitations in a follow up study it 
would be advisable to increase the number of samples, put the focus on a 
single sampling site, use internal standard(s) for quantitative 
determination of volatiles, identify bacteria on a species level and use 
advanced analytical techniques like two-dimensional gas chromatography.

In this study, we were furthermore interested in assessing the impact 
of different methodological approaches. One aspect here was to test 
whether washing the sampling site as a way of standardizing probes leads 
to different results compared to sampling an unwashed skin area. 
Different standardization procedures have been used so far before 
sampling of skin emanates. Body parts were washed with water or 
additionally with soap just before sampling (Brown et al., 2013; Mochalski 
et al., 2014; Grabowska-Polanowska et al., 2017; Duffy et al., 2018). Our 
sampling procedure included wiping the body region with a moist 
disposable towel, so only water was used. This procedure had no effect on 
the ten most abundant VOCs. Regarding the culture data, washing had 
an influence on the absolute bacterial colony counts of the axilla, but not 
of the neck. In other studies using different washing regimes, a reduction 
but sometimes also an adulteration of bacterial taxa was found (Fierer 
et al., 2008; Steglińska et al., 2019). Future studies are needed to further 
elucidate the impact of different washing procedures, e.g., with or without 
soap, on the quality of microbiome and VOC samples.

A second methodological aspect addressed here was the choice of the 
analytical column used for GC. In general, comprehensive 
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two-dimensional gas chromatography can be considered state of the art 
in the field of volatilomics (Pani, 2006; Winnike et al., 2015). Nonetheless, 
such instruments may not always be available. Using a suited column in 
one-dimensional systems is then even more important. In the present 
study, we therefore aimed at evaluating the influence of the selection of 
the analytical column on the obtained results. Considering the ten peaks 
with the highest peak areas, partly divergent results were obtained with 
the two columns. Whereas some substances were in the top ten on both 
columns, like isopropyl myristate, isopropyl laurate, dioctyl ether, 
2,4-di-tert-butylphenol and geranyl acetone (in neck samples), the 
remaining substances differed. On the FFAP column especially ethers and 
alcohols were present in the top ten, whereas on the DB-5 column next to 
the highly abundant erucylamid and squalene, n-alkanes or long-chain 
isopropyl esters dominated. The results from the random forest classifier 
used in this study showed that in general the classification worked better 
for the data obtained from the DB-5 measurements in comparison to the 
FFAP data. For future one-dimensional GC–MS analyses, one may also 
consider using more than one column type. Suited data analysis methods 
could be established to use the additional degree of information (e.g., 
retention indices) for facilitated automated substance identification.

The third methodological aspect considered in this study was the type 
of microbiological analysis used. When comparing the results obtained 
with the cultural and the DNA sequencing approach, it was noticeable that 
Staphylococcus spp. and Cutibacterium spp. predominated in the evaluation 
of the culture data, whereas Staphylococcus spp. and Corynebacterium spp. 
in particular were predominantly found in the DNA data. A possible 
explanation is that Corynebacteria grow less well in culture and were 
therefore underestimated by this method. Byrd et al. indeed reported that 
cultivation of Staphylococci is easier than that of Corynebacteria (Byrd et al., 
2018). On the other hand, the significantly lower occurrence of Cutibacteria 
in the DNA samples could be due to the primers used in sequencing. 
Especially the use of primers to sequence the V4 regions, which is common 
when working with the MiSeq platform, often leads to problems in the 
identification of Cutibacteria (Meisel et al., 2016; Castelino et al., 2017). For 
this reason, the culture-dependent approach has an advantage here. In line 
with this notion, Namdari et al. (2020) addressed poor identification of 
Cutibacterium acnes in shoulder surgery using next generation sequencing 
(NGS) compared to classical culturing (Namdari et al., 2020). On the other 
hand, Lawsonella were found by DNA analysis to be more abundant in the 
neck than the axilla samples, but not detected by culture, which can 
be explained by the absence of database entries and the unreliable growth 
in culture (Goldenberger et al., 2019). Such well-known differences in the 
methodological approaches should be considered when planning further 
studies aiming to characterize individual skin microbiomes. In the future, 
host DNA removal, e.g., by using benzonase (Amar et  al., 2021), in 
combination with shallow shotgun sequencing has the potential to be a 
highly relevant alternative to Illumina-based characterizations of skin 
microbiomes. However, at the moment in many cases low microbial 
biomass from skin samples, together with high host DNA “contamination” 
and high costs, are the main reasons preventing the more frequent use of 
shotgun sequencing (Ranjan et al., 2016; Knight et al., 2018).

Finally, the choice of data analysis methods has played a central role 
when conducting this study. We analyzed the composition of volatiles 
and the microbiome for different body sites, subjects, genders, and 
sampling procedures. The resulting amount of data that can be compared, 
combined with the relatively small number of study participants make 
valid statistical analysis on a feature level problematic (i.e., significant 
correlations between individual bacteria and volatiles; Miller, 1981). 
Previous studies overcome this problem through a pre-selection of 

features, thereby reducing the number of comparisons (Trivedi et al., 
2019; Huang et al., 2021). We followed this approach and limited feature-
level statistical comparisons to the ten most abundant volatiles and 
bacteria from the different samplings. Therefore, part of our analyses 
only informed about this selection of volatiles and bacteria. Nevertheless, 
we chose this approach because we expected the relationship between 
signal and noise to be most stable for the most common features, and 
thus the most consistent correlations will be found. Further, possible 
co-occurrences between features (i.e., VOC and microbiome 
interactions) are also most probable for features that occur often in the 
data. Alternatively, features can also be selected using supervised models 
and bootstrapping (Trivedi et  al., 2019). Here, a large number of 
supervised models is trained, whereby each model uses only a random 
subset of the total features. Afterwards, the performance of each model 
is assessed. This results in a population of the statistic of interest (e.g., 
classification accuracy) from which feature importance scores and 
non-parametric confidence intervals can be  calculated for each 
individual feature. Lastly, the most important features can be considered 
for further statistical processing. However, this approach can lead to a 
selection of highly discriminative features that are only present in a small 
subset of the participants and does not consider later analysis on 
co-occurrences between data sources. We will explore the combination 
of bootstrapping and abundance-based feature selection in future work.

5. Conclusion

In conclusion, this study adds evidence on the composition of 
microbiome and VOC samples obtained from the neck and the armpit. 
It demonstrates that samples from these two body sites can 
be differentiated and confirms and extends the range of bacteria and 
volatiles known to be  indicative for these body sites. While for the 
microbiome, the genus level information was not enough to classify 
different body parts, the species level information was sufficient to 
classify between axilla (e.g., Staphylococcus epidermis and Cutibacterium 
avidum) and neck (e.g., Cutibacterium acnes). Important features for the 
differentiation of body parts were next to erucylamide and dipropylene 
glycol methyl ether (axilla) also octadecane, geranyl acetone and 
eicosane (neck). Future studies with a higher number of participants, 
microbiome analysis on a species level, and more advanced VOC 
sampling and GC techniques are necessary to further advance our 
understanding of potential interrelationships between microbiome and 
volatilome at these body sites, and the underlying mechanisms related 
to individual characteristics, and cosmetic and dietary habits.
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