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Abstract 

The role of the skin microbiome in human health and disease has been under investigation 

for decades. Thanks to the constant development of molecular technologies and 

bioinformatic analysis tools, we are learning more about the composition and function of the 

human skin microbiome. This study focused on optimizing methods for sampling the skin 

microbiota, sample processing and data analysis, for later purpose of sampling patients with 

atopic dermatitis. Moreover, the bacterial community composition on healthy skin was 

investigated, and the factors influencing the composition. Two sampling methods, swabbing 

and tape stripping, were assessed on ten healthy volunteers, and compared in their efficacy, 

practicality and reliability. The bacterial content of the skin was assessed by sequencing the 

V1 – V3 region in the 16S rRNA gene. Finally, a recently published R package, DADA2, which 

contains the workflow for microbiome data analysis, and offers an alternative for the 

construction of OTUs, was utilized for the sequence data analysis and characterization of the 

microbiota. Swabbing and tape stripping generated similar skin bacterial community 

profiles, but swabbing allowed for greater amount of sequence data than tape stripping. The 

skin microbiota was represented by members of mainly four phyla: Actinobacteria, 

Bacteroidetes, Firmicutes and Proteobacteria, and the skin bacterial composition was driven 

by the individual. The results of this study suggest that the optimal method for analyzing the 

skin microbiota includes swabbing for its convenience in sampling and efficacy in capturing 

microbes from the skin, followed by a combination of mechanical and enzymatic cell wall 

disruption for efficient DNA extraction, and finally sequence inference into amplicon 

sequence variants in 16S rRNA gene sequencing data analysis for fine-scale characterization 

of the skin microbes.                         

 

List of abbreviations 

Ac Antecubital fossa 
AD Atopic dermatitis 
AMP Antimicrobial peptide 
ASV Amplicon sequence variant 
DADA Divisive amplicon denoising algorithm 
FFA Free fatty acid 
HV Healthy volunteer 
NMF Natural moisturizing factor 
OTU Operational taxonomic unit 
PCA Pyrrolidone carboxylic acid 
PCoA Principal coordinates analysis 
PERMANOVA Permutational multivariate analysis of variance 
PRR Pattern recognition receptor 
rRNA Ribosomal RNA 
SC Stratum corneum 
TLR Toll-like receptor 
TNF Tumor necrosis factor 
UCA Urocanic acid 
WMS Whole metagenome shotgun (sequencing) 
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1. Introduction 

 
Human skin is a desiccated, acidic, and slightly salty environment, with the exposed regions 
of the skin directly experiencing the changing temperatures and humidity of the surrounding 

environment. What makes the skin an even more unstable environment for microbes to 

inhabit, is the constant shedding of keratinocytes, leading to complete renewal of the topmost 
layer of the skin every fourth week. That being said, it is quite impressing that still a myriad 

of microbes is able to reside in the skin, at a density of 106 per square mm (Grice and Segre, 

2011). The skin offers highly diverse habitats including folds, appendages, and sites of direct 
exposure to the surrounding environment, resulting in the presentation of unique microbial 

community compositions in distinct skin sites. Although the majority of current skin 

microbiome studies focus on the bacterial communities in the skin, it should be noted that 
the skin microbiome is a multi-kingdom unit, harboring fungi, viruses and parasites in 

addition to bacteria (Grice and Segre, 2011; Sanford and Gallo, 2013). However, this thesis 

will focus exclusively on the composition and role of the most abundant kingdom in the skin, 
the bacteria.  

 

The microbial flora residing in the skin, as well as its role in skin health and disease, has been 
studied for decades. For many years the study of the skin microbiota was restricted to the 

small number of cultivatable microorganisms, and only after the establishment of molecular 

technologies, the uncultivable members of the microbiota could be identified (Kong and 
Segre, 2012). Over the years, sequencing technologies have become faster and cheaper to 

conduct, also expanding our knowledge regarding the diversity of organisms that are able to 

colonize the skin, and our understanding of the composition and function of the human skin 
microbiome (Kong et al., 2017). However, unlike the interaction between the gut microbiota 

and the host, which human microbiome studies have mostly focused on so far, the interaction 

between the skin microbiota and its host is still not well understood (Chen et al., 2018; Lynch 
and Pedersen, 2016). The skin is a challenging site to sample because it bears a low microbial 

load. Therefore, many sampling methods have been established in search for one, that would 

effectively capture microbes from the skin. Moreover, sample processing, sequencing and 
sequence data analysis, face the problem of creating bias in the observed microbiota 

composition (Kong et al., 2017).               

 

1.1. The human skin microbiome 
 

Bacterial colonization of the skin is initiated at birth, and the acquired microbiota is highly 

influenced by the delivery mode, being either vaginal delivery or Caesarean section. That is, 
the skin microbiota in infants delivered vaginally resemble the vaginal microbiota of the 

mother, and the microbiota of Caesarean section infants is related to the maternal skin 

microbiota. The initial microbiota rapidly differentiates from the uniform composition of 
skin microbes across the infants body, into more diverse combinations of topographically 

driven microbial communities (Dominguez-Bello et al., 2010). The skin microbiota is 

composed of microbes that are relatively stable on the skin over time, termed the resident 
microbes, and transient microbes, which persist on the skin from a few hours to a few days 
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(Kong and Segre, 2012). The skin microbiota is dominated by four bacterial phyla: 
Actinobacteria, Bacteroidetes, Firmicutes and Proteobacteria, and their relative abundance 

differs between skin sites and individuals (Costello et al., 2009). 

 
1.1.1. Topography and individuality of the skin microbiome 

 

The skin is not a physiologically homogenous environment, and therefore, the microbiota 

that colonizes it is not homogenous either. Generally, the skin habitats are categorized into 

three physiologically different sites, that is, dry, moist and sebaceous sites. Anatomically 

different skin sites, that share the same physiological characteristics, represent similar 

microbiota composition (Grice and Segre, 2011). The sebaceous sites are characterized as 

sites dense with sebaceous glands, such as the face, back and chest. Sebaceous glands are 

connected to hair follicles and secrete sebum, which is rich in lipids, and creates a hydrophilic 

coating on the skin.  Partially folded areas of the skin, such as the inner elbow and the back 

of the knee, the navel, underarm and the groin, are characterized as moist sites. Lastly, dry 

sites include the forearm and hands (Grice and Segre, 2011; Sanford and Gallo, 2013). When 

assessing the taxonomic diversity of these three physiologically distinct sites, the dry sites 

appear to hold the greatest diversity, and the sebaceous sites the lowest (Grice et al., 2009). 

The sites with a highly diverse microbiota have also been recognized as sites with the 

greatest observed temporal variation in the microbiota composition, whereas the opposite 

have been observed for the sites with low diversity (Oh et al., 2016).     

 

Species of Cutibacterium (formerly known as Propionibacterium) are often the dominating 

microbes in sebaceous sites. Cutibacterium hydrolyzes the lipids in the sebum, and the free 

fatty acids (FFAs) released in the hydrolyzation process reduce the pH on the skin, making 

the skin slightly acidic, which in turn favors colonization with Corynebacterium spp. and 

species of Staphylococcus, except for S. aureus. Corynebacterium spp., Staphylococcus spp. and 

Streptococcus spp. are relatively more abundant than any other microbes in moist sites (Grice 

and Segre, 2011; Sanford and Gallo, 2013). Staphylococcus spp. withstands the high salt 

concentration of sweat, and utilizes urea present in sweat as a nitrogen source. The role of 

Corynebacterium spp. as a skin colonizing microorganism is not as well-known due to 

difficulties in cultivating it, but along with many other microbes in the skin, corynebacteria 

process apocrine sweat, contributing to the characteristic odor of human sweat (Byrd et al., 

2018; Grice and Segre, 2011). For long it was assumed that the anatomical layers of skin lying 

beneath the epidermis were sterile, and that microbes would gain entry to these layers only 

via disruption of the skin surface, such as wounding. However, Nakatsuji et. al (2013) have 

shown, that bacteria are detectable even deep in the dermis. Some of the most abundant 

species detected on the surface of the skin, Staphylococcus epidermidis and Cutibacterium 

spp., are thus detected in the dermis (Nakatsuji et al., 2013).    

 

While physiologically distinct skin sites predominantly contribute to the variation seen in the 

skin microbiota composition, the colonization patterns are also affected by individual 

differences between the hosts (Costello et al., 2009). Interpersonal variation is recognized by 

differentially present low-abundance taxa, whereas high-abundance taxa account for the 
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intrapersonal variation seen between physiologically distinct skin sites (Oh et al., 2014). 

Furthermore, members of phylum Proteobacteria greatly contribute to the differences 

detected between individuals (Cosseau et al., 2016). Individuality can also be inspected by 

the presence of different bacterial strains on the skin. One such species is Cutibacterium 

acnes, as the relative abundance of distinct strains of C. acnes differ between individuals (Oh 

et al., 2014). Moreover, the temporal stability of the skin microbiota composition can be 

observed on an individual level, as some individuals are more prone to detectable variation 

in the diversity of their microbiota over time and over all skin sites, whereas others have a 

temporarily more stable microbiota composition (Oh et al., 2016).   

 

Individuals sharing a household represent similar skin microbiota composition, a similarity 

that is established through direct skin contact between the individuals, and through contact 

with common surfaces. Surprisingly, the microbial composition has been reported to be 

similar between adults and children living in the same household, without any clear 

difference explained by age (Lax et al., 2014; Song et al., 2013). However, age-related shifts 

in the microbiota composition arise at puberty, when the microenvironment at the sebaceous 

and moist sites significantly changes, due to enhanced sebum production, and activation of 

apocrine glands which start to secrete proteins, lipids and steroids. Increased sebum 

secretion positively correlates with the abundance of lipophilic organisms in the sebaceous 

sites (Grice and Segre, 2011; Sanford and Gallo, 2013).     

 

1.1.2. The skin microbiome modulates the skin immunity 
 

Constituting an interface between the host and its environment, the skin forms the first line 

of defense against external pathogens. The outermost layer of the epidermis, the stratum 

corneum (SC), creates the protective barrier of the skin. The SC is formed by skin cells, the 

keratinocytes, terminally differentiating into enucleated corneocytes, as they move towards 

the skin surface from the basal layer of the epidermis, a process that takes approximately 
four weeks to finish (Elias, 2007). As the keratinocytes differentiate into corneocytes, their 

plasma membrane is gradually replaced by an insoluble cornified envelope (O’Regan et al., 

2008). The 10-20 layers of corneocytes in the SC are bound together by a lipid matrix. This 

brick-and-mortar structure tightly keeps organisms and particles outside the body (Elias, 

2007). However, the skin is covered by appendages, including sweat glands and hair follicles, 

that lack the barrier SC. These structures become hotspots for the interaction between the 
skin microbial flora and the host immune cells (Kabashima et al., 2019).  

 

The defensive barrier formed by the SC is further supported by antimicrobial functions of the 
keratinocytes beneath it, and by the substances released from the appendages puncturing 

the SC. Keratinocytes express several pattern recognition receptors (PRR), such as Toll-like 

receptors (TLR), which are constantly stimulated by the skin commensals, through the 
microbe-specific molecular patterns expressed on their surface. PRR stimulation activates 

the production of proinflammatory cytokines, such as tumor necrosis factor (TNF) and IL-1 

family interleukins, which are essential for the activation of immune response and the 
recruitment of immune cells (Cogen et al., 2008; Kabashima et al., 2019). Eccrine sweat 

glands are distributed across the body, and contribute to the secretion of antimicrobial 
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peptides (AMPs), including β-defensins and cathelicidin, to the surface of the skin. AMPs 
disrupt the membranes of microbes, causing them to rupture. Additionally, sebaceous glands 

secrete lysozyme, which is an enzyme that degrades bacterial cell walls (Elias, 2007; Sanford 

and Gallo, 2013). Together the electrolytes secreted in the eccrine sweat, and the break down 
products of the sebum lipids, contribute to the low pH in the skin surface, making it 

inhospitable for most microbes (Sanford and Gallo, 2013). An even more important role in 

the formation of the skin acidity is represented by the lipid matrix of the SC. As keratinocytes 
differentiate into corneocytes, the phospholipids in their plasma membrane are hydrolyzed, 

resulting in a release of FFAs, which are then deposited in the lipid matrix of the SC. Another 

metabolite that lowers the pH in the skin, is urocanic acid (UCA) derived from the proteolysis 
of the filaggrin protein, which contributes to the filament compaction in the keratinocytes as 

they differentiate into flattened corneocytes (Elias, 2007; O’Regan et al., 2008).   

 
The skin commensals are capable of inhabiting the skin, even under the hostile conditions 

described above. In fact, the skin microbial flora proliferates in acidic conditions, and are 

resistant to AMPs. Many members of the resident microbes contribute to the formation of the 
hostile environment, as well as the  modulation of the innate and adaptive skin immunity 

(Belkaid and Segre, 2014; Elias, 2007). Simply by colonizing all areas of the skin, and 

consuming the available nutrients, the resident microbes inhibit pathogenic intrusion. This 
inhibition is further enhanced by the production of bacteriocins, or by contributing to the 

maintenance of low pH in the skin. S. epidermidis produces molecules with antimicrobial 

effects, such as serine protease Esp, and phenol-soluble modulins, inhibiting the growth of 
pathogenic microorganisms (Sanford and Gallo, 2013). Furthermore, resident microbes 

contribute to increased expression of the components of the complement system, and 

maintenance of AMP expression, as well as the recruitment of phagocytotic cells, through 
stimulation of the TLRs expressed in the keratinocytes. This aids in keeping the immune 

system alert and ready to fight against invasive pathogens (Belkaid and Segre, 2014; Sanford 

and Gallo, 2013).       
 

The skin commensals enhance tolerance of the immune system towards the members of the 

normal skin microbiota, ensuring that they can thrive in the skin, and not be attacked by the 

immune system (Belkaid and Segre, 2014). The skin commensals gain access to the vicinity 

of the host immune cells via the appendages, which reach down to the dermis wherein the 

immune cells reside. It is in the appendages, specifically in the hair follicles, and the dermis 
where the priming of the skin-associated adaptive immunity for tolerance towards the 

commensal microbes develops (Kabashima et al., 2019; Nakatsuji et al., 2013). This priming 

arises in infancy, when the density of regulatory T cells (Treg) in the skin is greater than later 
in life. The early interaction of the skin commensals with the lymphocytes around the hair 

follicles generates populations of Treg cells specific to the members of the normal skin 

microbial flora. This interaction is further enhanced via stimulation of the keratinocytes into 
producing CCL20, a chemotactic compound that excites Treg cells close to the hair follicles 

(Paller et al., 2019). Furthermore, production of cytokines with immunosuppressive 

properties, such as TGF-β and IL-10, as well as down-regulation of MHC class I expression 

around the hair follicles, creates an environment that repels the effective T cells from 

entering (Kabashima et al., 2019). 
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1.1.3. Diseased skin  
 

Endogenous changes in epidermal integrity, dysregulated immune responses, and dysbiosis 

in the skin microbiota composition associates with the manifestation of skin disorders, such 
as atopic dermatitis (AD), acne, and psoriasis. Skin disorders display a combination of events 

both in the skin, and the associated microbiome. Often it is unclear which of the two, the 

altered barrier integrity or the impaired microbiota composition, is the causative factor, and 
which is the consequence. Genetic predisposition to an altered skin barrier function or 

immunity, and early childhood skin colonization pattern, have been reported to play a role 

in the prevalence of skin disorders (Sanford and Gallo, 2013). Furthermore, the skin 
commensals can become pathogenic when they gain access inside the body. This is true in 

chronic wounds and burn wounds, as well as in nosocomial infections (Grice and Segre, 

2011). 
 

Psoriasis is manifested commonly in the knees, elbows, scalp, and trunk as dry scaly patches. 

Predisposition to psoriasis has been identified in many genes associated with the innate and 
adaptive immunity, but unlike in AD and acne, no specific microbial species have been 

identified with the onset of psoriasis (Sanford and Gallo, 2013; Tett, 2017). Acne is strictly 

associated with C. acnes, which is why it manifests in sebaceous skin sites known to be 
normally abundant with this microorganism. The onset of acne arises in puberty, when 

sebum secretion increases. The abundance of C. acnes correlates with the increase in 

secretion, as does the severity of the symptoms. Acne is associated with specific strains of C. 
acnes, capable of causing damage to the sebaceous glands through a number of secreted 

virulence factors, leading to the activation of the innate immunity, which results in inflamed 

skin (Byrd et al., 2018; Grice and Segre, 2011).  
 

AD is a chronic skin disorder characterized with relapsing disease flares, during which the 

affected skin site displays dryness and itchiness of the skin. Furthermore, AD patients 
possess Th2 -driven cutaneous immunity, resulting in an increased IgE production, and risk 

for developing allergies (Tsakok et al., 2019). The site of AD manifestation is age-associated, 

as it often occurs on the cheeks in infants, on the knees and elbows in toddlers, in the inner 

elbow and back of the knee in older children, and in various sites in adults, although usually 

in the inner elbow and back of the knee, just as in older children (Bjerre et al., 2017). AD 

flares are characterized with an impaired skin barrier, and a decrease in microbial diversity, 
in combination with increased abundance of Staphylococcus aureus in the skin lesions. It is 

still unclear whether S. aureus colonization leads to impaired skin barrier integrity, or vice 

versa. 90% of the AD patients are normally colonized with S. aureus, and approximately one 
third of the patients has been recognized with loss-of-function mutations in their FLG gene, 

which encodes for filaggrin protein, an important component in the formation of the SC 

(Clausen et al., 2018; Tsakok et al., 2019).  
 

Filaggrin is produced in the granular layer of the epidermis as a non-functional pro-protein. 

As the keratinocytes differentiate into corneocytes, pro-filaggrin is first cleaved into active 

filaggrin, that contributes to the skin barrier formation by compacting the keratinocyte 

cytoplasmic skeleton. As the differentiating keratinocytes reach the SC, filaggrin is degraded 

into hydrophilic amino acids, such as UCA and pyrrolidone carboxylic acid (PCA), which then 
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assist the hydration of the skin surface through the formation of the natural moisturizing 
factor (NMF) (O’Regan et al., 2008). Other breakdown products of the filaggrin, histidine and 

glutamine, lower the skin pH. Heterozygous loss-of-function mutation in FLG leads to 50% 

reduction in expressed filaggrin, followed by drier and slightly less acidic skin environment, 
resulting in impaired barrier integrity. The carriers of FLG mutations have been reported to 

have more persistent disease outcome compared to AD patients without FLG mutations 

(Irvine et al., 2011). 
 

The skin microbiota composition in AD patients is characterized by lower species diversity 

compared to healthy individuals, indicating that the microbiota composition is already 
altered between the AD flares. Moreover, the diversity decreases further during disease 

flares, especially in the skin lesions (Paller et al., 2019). The beta diversity of the skin 

microbiota differs between AD patients with and without FLG mutations, while the alpha 
diversity does not, indicating that FLG mutation carriers are colonized with different 

microbial species compared to non-carriers (Clausen et al., 2018). Specifically, FLG mutation 

carriers are characterized with relatively lower abundance of potentially beneficial Gram-
positive anaerobic cocci, which may act by reinforcing the skin epithelial barrier function 

(Zeeuwen et al., 2017). A unifying characteristic between AD patients is the presence of S. 

aureus in the skin lesions, and the correlation of the S. aureus abundance with disease 
severity (Clausen et al., 2018; Paller et al., 2019). Through the expression of several toxins 

and superantigens, S. aureus disrupts the skin barrier and induces Th2 -driven immune 

responses, contributing to the development of an allergic response. Th2 polarization in the 
skin, in turn, suppresses AMP and filaggrin expression, leading to defects in the skin barrier 

integrity, further promoting S. aureus colonization (Geoghegan et al., 2018). For example, S. 

aureus induces the degranulation of mast cells through the production of delta-toxin, causing 
the induction of Th2 type responses in the skin (Nakamura et al., 2013). Moreover, 

superantigens can directly and nonspecifically activate T cells, and are also recognized as 

allergens by the immune cells, further promoting IgE mediated allergic response, resulting 
in inflamed and itchy skin. Lastly, S. aureus expresses the highly immunogenic Protein A on 

its surface, which induces strong proinflammatory responses (Geoghegan et al., 2018).               

 

1.2. The study of the human skin microbiome 
 

The interest in studying the microbes residing on the skin emerged in the early 20 th century, 

and for decades the study was based on cultivating the microbes in the laboratory (Evans et 
al., 1950). Already the pioneers of skin microbiome studies acknowledged that only a small 

fraction of bacterial species can be cultivated, the estimated fraction now estimated to be less 

than 1% (Grice et al., 2008; Kong and Segre, 2012). In the 70’s the course of microbiome 
studies changed, as the Sanger sequencing method was established, and combined with 

Woese’s discovery of the 16S small subunit ribosomal RNA gene as a tool for inferring 

phylogenetic relationships between prokaryotes (Heather and Chain, 2016; Hugerth and 
Andersson, 2017). The rapid development of next generation sequencing, and the decreasing 

costs of sequencing, have made it possible to inspect the human skin microbiome in health 

and disease broadly (Heather and Chain, 2016; Kong et al., 2017). However, as opposed to 
culture-based identification, molecular approaches identify both viable and nonviable cells, 
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which might result in a bias regarding the identified composition of the skin microbiota. This 
is due to the terminal differentiation of keratinocytes, as new cells arise from stem cells 

residing deep within the epidermis to the surface of the skin, differentiating into enucleated 

cornified cells and eventually shedding off.  Microbes living deeper inside the epidermis 
could move to the surface of the skin together with the differentiating keratinocytes and be 

falsely associated with the surface skin microbiota (Grice et al., 2008).       

 
1.2.1. How to sample the skin – a site with low microbial load  

 

The skin bears a low mass of microbes, which is a considerable challenge when it comes to 
sampling a sufficient amount of microbes yielding enough DNA for the identification of  the 

microbial community composition by sequencing (Kong et al., 2017). Few different sampling 

methods have been established in the search for overcoming the difficulties of effective 
sampling of the skin microbiota. These methods include swabbing, cup scrubbing, skin 

scrapings, punch biopsies, and tape stripping (Kong et al., 2017). All of these methods have 

been established in the early years of the skin microbiome study (Marples, 1969).   
 

Many factors in our everyday life can alter the bacterial composition in our skin, including 

the use of soaps and emollients with antiseptic components, as well as the use of topical 
medication and systemic antibiotics (Kong et al., 2017). Many studies seek to control these 

issues by setting rules for the examinees prior to the sampling. Commonly the volunteers, or 

patients, are asked not to shower 12 - 24 hours prior to the sampling, and restrain themselves 
from using emollients for 7 days before the sampling. Moreover, people who have been using 

systemic antibiotics less than 6 months prior to the sampling, should not be included in the 

study (Grice et al., 2009; Oh et al., 2014).  
 

Swabbing is the most widely used sampling method in skin microbiome studies, being also 

the standard method in the large-scale microbiome study, the NIH Common Fund Human 
Microbiome Project, initiated in 2008 (Kong et al., 2017; Versalovic et al., 2010). The 

microbes are collected from the skin with a premoistened swab by striking the swab across, 

or rubbing it against the skin. The swabbing technique can focus on the size of the area that 

is swabbed, the duration of time that is used for swabbing, or the number of times the swab 

is stroke across the sampling site (Clausen et al., 2018; Grice et al., 2009). In cup scrubbing, a 

hollow cylinder is pressed against the skin and filled with surfactant, and the skin within the 
cylinder is rubbed with an inoculating loop, releasing microbes from the skin into the 

solution. The solution is then collected and the microbes restored from it (Chng et al., 2016).  

 
While swabbing and cup scrubbing are subjected to the very surface of the skin, skin 

scrapings reaches the microbes residing underneath the layer of dead skin cells on the 

surface. Furthermore, punch biopsies would reach through the epidermis and the dermis, 
offering a full-thickness profile of the skin microbiota. Skin scrapings are carried out by 

shaving the surface of the skin inside a restricted area, and collecting the released material.  

A punch biopsy is taken with a small circular biopsy device reaching a few millimeters deep 

into the skin (Grice et al., 2008). When swabbing, skin scraping and punch biopsies were 

compared, the methods did not differ significantly in their ability to capture certain microbial 

taxa from the skin (Grice et al., 2008). However, it should be taken into account that skin 
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biopsies are the most invasive of the sampling methods and therefore cannot be conducted 
in very visible areas of the skin for aesthetic reasons (Kong et al., 2017).    

 

Tape stripping was established in hope for complete sampling of the microbes in the stratum 
corneum (Updegraff, 1964). Since then, the method has mostly been applied in skin 

transcriptomics studies, or in the investigation of the NMF components and the lipid 

composition of the SC (Clausen et al., 2016). Tape stripping has only recently gained the 
interest again in the field of skin microbiome study, as possibly being more effective than any 

previously described sampling method. Adhesive tape strip is applied on the skin, pressed 

against it and removed and attached again, repeating this a number of times, always attaching 
the tape on the exact same area (Chng et al., 2016). A study by Chng et al. (2016) is one of the 

few studies in which tape stripping was used for sampling the skin microbiota. The same 

study concluded that tape stripping was slightly more robust than other non-invasive 
sampling methods in collecting microbes from the skin.   

 

1.2.2. Sample processing and the avoidance of creating bias 
 

The inspected microbial community in the samples is greatly influenced by the choice of DNA 

extraction method, the crucial step in the molecular approach for microbial community 
composition study (Hugerth and Andersson, 2017). Efficient cell lysis is more important than 

maximal DNA recovery, when investigating the microbial diversity in the samples. Different 

DNA extraction methods are facing the challenge of lysing bacterial cells with different cell 
wall properties at an equal efficiency. Incomplete lysis of some of the cells in the sample 

would result in a biased representation of the microbial community in the sample. Cell lysis 

should be implemented with a combination of mechanical and enzymatic disruption of the 
cell walls, in order to efficiently lyse both gram-positive and gram-negative bacteria (Yuan et 

al., 2012). By adding a mock community sample, which is comprised of known proportions 

of several determined microbial strains, in the preprocessing step, the efficiency of the DNA 
extraction method can be inspected (Kong et al., 2017).   

 

Contaminating bacterial cells or DNA in samples with low microbial mass is an inevitable 

problem for culture-independent microbiome studies. The results can be greatly influenced 

by the presence of contamination, for the contaminating DNA can supersede the minute 

amount of template DNA in the samples. DNA extraction kit reagents, PCR reagents and 
molecular biology grade water have been reported as sources of contamination (Salter et al., 

2014). Contaminating strains are bacteria typically found in soil or water, such as 

Acinetobacter, Bacillus and Pseudomonas, as well as  strains belonging to the normal skin 
microbiota, such as Cutibacterium and Corynebacterium (Byrd et al., 2018; Salter et al., 2014).  

While there are ways of reducing contamination in the laboratory reagents, such as UV-

radiation and DNase treatment, there is no certainty that the contamination can be 
eliminated completely during sample processing. Therefore, it is extremely important to 

collect blank samples in each step from the sample collection to sample sequencing. This way 

contamination can be detected and eliminated in the samples later during sequence analysis 

(Kong et al., 2017; Salter et al., 2014).    
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1.2.3. Considerations when sequencing  
 

Since the development of next generation-sequencing technologies, the characterization of 

skin microbiota has greatly relied on sequencing parts of the 16S ribosomal RNA (rRNA) 
gene, the 16S sequencing. The 16S rRNA gene, found in all prokaryotes, is comprised of nine 

variable regions (V1 – V9) infused with conserved regions, which makes it a great signature 

gene for the taxonomic assignment of bacteria (Jo et al., 2016). In order to obtain an adequate 
amount of genetic material for the 16S sequencing, selected region containing at least one 

variable region should be amplified (Kong et al., 2017). The region spanning from V1 to V3 

has been recognized as the optimal region for distinguishing common skin bacterial 
sequences at genus and species level. Furthermore, the V1 – V3 region is optimal for species 

-level identification of the ubiquitous and clinically important skin microbe Staphylococcus 

(Meisel et al., 2016).  
 

While 16S sequencing still remains a common approach for the characterization of the skin 

bacterial communities, whole metagenomic shotgun (WMS) sequencing has been introduced 
as an alternative that allows the study of both taxonomic and functional properties of the 

microbiome (Meisel et al., 2016). WMS sequencing targets the entire genomic content of a 

sample, making it possible to study bacterial, fungal and viral communities of the skin 
simultaneously (Chng et al., 2016). Moreover, since WMS sequencing is not restricted to a 

short stretch of the 16S gene, it can be used also for discriminating between different strains 

within a bacterial species. Inter-strain differences are an important aspect in clinical studies, 
since different strains can have profoundly different effects on human health (Mallick et al., 

2017). Compared to 16S sequencing, the WMS approach is more expensive and the sequence 

data requires greater computational capacity for storing, processing and analysis (Meisel et 
al., 2016). While the 16S data analysis is supported by multiple, well-established 

bioinformatic tools and databases, the availability of analysis tools and taxonomic databases 

for metagenomic data is still limited (Kong, 2011).                
 

1.2.4. DADA2 – constructing OTUs is in the past 

 

Traditionally, the sequence reads that share a threshold similarity have been clustered into 

Operational Taxonomic Units (OTUs) prior to their taxonomic annotation (Hugerth and 

Andersson, 2017). Often the threshold is set to 97% similarity between the reads within an 
OTU, reasoned by the argument that at no less than 97% similarity the reads can be derived 

from the same species. This statement was proposed in 1994, and it should be taken into 

consideration that back then there was not nearly as much sequence data available as there 
is today. Instead, 99% similarity has been suggested to be a more appropriate threshold for 

OTU clustering (Edgar, 2017), however, to this date not widely accepted by the scientific 

community.  
 

OTU construction may follow one of three different approaches:  closed reference, open 

reference or de novo clustering. In the closed reference approach, sequence reads are directly 

assigned to a reference database, and the reads that do not match any sequence in the 

database with similarity above the threshold will be discarded from the data. The open 

reference approach follows the same procedure as the closed reference approach, but 
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instead of discarding reads that do not match any of the sequences in the reference database, 
the reads are submitted to de novo clustering approach. De novo approach does not rely on 

the reference databases, but compares the reads inside the sequence data, clustering the 

reads above the similarity threshold in the same OTU, later annotating the constructed OTUs 
to a reference database (Hugerth and Andersson, 2017).      

 

The construction of closed reference OTUs is limited by the incompleteness of the reference 
databases. That is, any biological variation in the sequence data that reaches outside the 

variation represented in the reference database, is lost during OTU construction. Therefore, 

the observed diversity in the samples can be lower than in reality. De novo OTUs, in their 
turn, are dependent on the set of sequences in the data that was used for their construction. 

This results in the limitation that the results of de novo-OTU -based studies cannot be 

compared with each other, since the OTUs are derived from two different datasets. As 
compared to constructing OTUs, inferring sequence data into amplicon sequence variants 

(ASVs) can restore greater diversity in the samples, make the results  reproducible in future 

datasets and reusable in other studies (Callahan et al., 2017). 
 

Inference of sequence data into ASVs is part of a data analysis workflow provided in an open-

source R package DADA2 (https://github.com/benjjneb/dada2). The central function in the 
DADA2 package is the DADA2 algorithm (shortened from Divisive Amplicon Denoising 

Algorithm). The DADA2 algorithm is an error learning algorithm, that utilizes the input 

sequence data in learning the errors introduced to the sequences during gene amplification 
and sequencing. These learned errors are cleaned from the data, that is, the data is denoised, 

as the reads are inferred into ASVs. The inference of sequencing reads into ASVs follows a 

divisive partitioning algorithm, after the data has been dereplicated, that is, grouping all 
identical reads into unique sequences. Simply, the divisive partitioning begins with one 

partition to which all unique sequences are grouped. The most abundant unique sequence is 

assigned as the centroid sequence of that partition. Next, the rest of the unique sequences are 
compared to the centroid sequence, and the unique sequences with abundance p-value that 

falls below a set threshold will form a new partition. This formation of new partitions 

continues until there is no unique sequences outside the partitions with an abundance p-

value below the threshold. The abundance p-value is the probability of a sequence deriving 

from a real template sequence in the sample. The sample inference algorithm is able to 

distinguish sequence variants differing by as little as one nucleotide, that is, the algorithm is 
capable of resolving fine biological variation in the sequence data, which relates to the 

differentiation between distinct bacterial strains within the same species (Callahan et al., 

2016).  
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1.3. Aim of the study 
 

This study was initiated in search for an optimal method for sampling the skin microbiota, 

the sample processing as well as sequence data analysis. Two sampling methods were 

compared for their practicality and efficacy in capturing microbes from the skin. The 
sampling methods compared were swabbing, which has been primarily used in the study of 

human skin microbiome, and tape stripping, which has just recently stepped into the field as 

an alternative sampling method. The method for DNA extraction was optimized to overcome 

the challenge of efficiently lysing bacterial cells, and extracting their DNA in samples 

containing bacteria with different cell wall properties. Furthermore, the study aimed to 

investigate the bacterial composition in healthy skin by using the latest data analysis tools 
for the analysis of 16S rRNA gene sequencing data. 
 

 
 

2. Materials and methods 

 
Study population 
The study was conducted in 10 healthy volunteers (HV). The volunteers were sex- and age-

matched, with 5 females and 5 males aged between 24 – 53. All of the volunteers were 

currently living in Sweden, but had different countries of origin (Table 1).   

 
Table 1. Information on the volunteers who participated in the study 

 

 HV1 HV2 HV3* HV4* HV8 HV9 HV10 HV11 HV12 HV13 

Age 49 24 26 23 52 52 24 23 23 26 

Sex F F M F M M F F M M 

Country of origin FI FI MX IT FI SE NL BE BH BD 

 

F = female; M = male 

BD = Bangladesh; BE = Belgium; BH = Bahrain; FI = Finland; IT = Italy; MX = Mexico; NL = Netherlands; SE = Sweden 

* Had lived in Sweden < 1 year by the time of sampling. 

  

 

Sampling the skin 

The volunteers were asked to avoid bathing 24 hours prior to the sampling. The sampling 

area was restricted to the inner elbow (antecubital fossa [Ac]). Systematically, the right arm 

was swabbed and the left was tape stripped. A total of 28 samples were taken. The samples 

were stored in – 20 °C.      

  

Swabbing 

A sterile swab (FLOQSwabs, COPAN Italia S.p.A., Brescia, Itlay) was soaked in the sampling 

solution (0.15M NaCl + 0.1% Tween20 in 2 ml Eppendorf tube) and rubbed against the skin 

at the sampling site for one minute. While rubbing, constant pressure was applied and the 
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swab was turned a few times. The swab was then transferred into a 3 ml cryotube, and placed 

on ice. Two swab control samples were taken during each sampling occasion by soaking a 

swab in the sampling solution and immediately placing it inside a cryotube.  

 

Tape stripping 

Round-shaped adhesive tape discs 2.2 cm in diameter (D-squame Standard Sampling Discs, 

Monaderm, Monaco) were used for tape stripping. The sheet of tapes discs was sprayed with 

70% ethanol prior to removing a tape disc for sampling. The tape disc was applied to the skin, 

shortly pressed against the skin, removed and attached again, repeating this for 50 times. 

The tape disc was attached to slightly different sites inside the sampling area. After sampling, 

the tape disc was transferred into a 3 ml cryotube by rolling the disc inwards, so that the 

edges of the disc did not touch each other, and the sticky side of the disc did not touch the 

walls of the tube, and placed on ice. Two tape control samples were taken during each 

sampling occasion by removing a disc from the sheet, and transferring it immediately into a 

cryotube.     

 
DNA extraction 

Two different DNA extraction protocols were tested for optimal DNA yield. The following 

protocol, which is modified from the DNA extraction protocol by Grice et al. (Grice et al., 

2009), was chosen over FastDNA SPIN Kit for Soil (MP Biomedicals, Solon, Ohio, USA), 

because when the latter protocol was used, the majority of the samples yielded such a low 

DNA concentration, that they were not detected on the gel after PCR amplification.   

 

A mixture of 600 µl Yeast Cell Lysis Solution (MasterPure Yeast Cell DNA Purification Kit, 

Lucigen) and 10 000 units of lysozyme (Ready-Lyse Lysozyme Solution, Epicentre) was 

added to the samples and incubated at 37°C for 60 minutes while shaking. Samples were 

transferred into 0.5 mm zirconium bead tubes (BeadBug Tubes, Sigma-Aldrich) and bead-

beaten with TissueLyser II (Qiagen) at the frequency of 30 times per second for 60 seconds. 

Samples were incubated at 60°C for 30 minutes while shaking. Protein was precipitated with 

MPC Protein Precipitation Reagent (MaterPure Yeast DNA Purification Kit) and cellular 

debris was pelleted by centrifugation at 14 000 x G for 10 minutes. 500 µl isopropanol was 

added to the samples before DNA was extracted using the PureLink Genomic DNA Mini Kit 

(Invitrogen). As a positive control, DNA was extracted from a microbial mock community 

(Microbial Community Standard II, ZymoBIOMICS) on two separate times. The bacterial 

species in the mock included Listeria monocytogenes, Pseudomonas aeruginosa, Bacillus 

subtilis, Escherichia coli, Salmonella enterica, Lactobacillus fermentum, Enterococcus faecalis 

and Staphylococcus aureus. The abundance of these species logarithmically decreased in the 

order of the species listed above (Table 2). DNA concentration in the samples was measured 

using the Qubit 1X dsDNA HS Assay Kit (Invitrogen). DNA was stored at – 20 °C.  
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Table 2. Defined microbial composition in 1 ml of the mock community.  

 
Species Cell number * Cell number (%) 16S only (%) 

Listeria monocytogenes 1.4 x 109 94.9 95.9 

Pseudomonas aeruginosa 6.3 x 107 4.2 2.8 

Bacillus subtilis 1.05 x 107 0.7 1.2 

Escherichia coli 8.7 x 106 0.058 0.069 

Salmonella enterica 8.85 x 106 0.059 0.07 

Lactobacillus fermentum 2.25 x 105 0.015 0.012 

Enterococcus faecalis 1.5 x 104 0.001 0.00067 

Staphylococcus aureus 1.5 x 103 0.0001 0.0001 

* The theoretical cell numbers were calculated from the theoretical cell composition and the total cell 

concentration with the formula: the fraction of cells (%) x the cell concentration (1.5 x 109/ml).   

Modified from: 

https://files.zymoresearch.com/protocols/_d6310_zymobiomics_microbial_community_standard_ii_(log

_distribution).pdf 

 

Amplification of microbial DNA 

The V1 – V3 region in 16S rRNA sequence was amplified with PCR using primers with 

[Illumina Truseq overhangs], the forward primer being 5’ - [ACA CTC TTT CCC TAC ACG ACG 

CTC TTC CGA TCT] AGA GTT TGA TCM TGG CTC AG – 3’ and the reverse primer 5’ – [AGA CGT 

GTG CTC TTC CGA TCT] GTA TTA CCG CGG CTG CTG – 3’. PCR was run following the Phusion 

High-Fidelity DNA Polymerase protocol (Thermo Scientific) with a modified primer volume 

(0.6 µl) and DMSO volume (0.5 µl). PCR conditions were as follows: initial denaturation at 98 

°C for 30 s, 30 cycles of denaturation at 98 °C for 10 s, annealing at 65 °C for 30 s, extension 

at 72 °C for 15 s and final extension at 72°C for 5 min. PCR products were checked on a 2 % 

agarose gel, with the size of a correct PCR product being approximately 600 nucleotides. The 

gel was run at 160 V for 40 minutes. 

 

16S sequencing and sequence data analysis 

The PCR products were sequenced using paired-end sequencing in Illumina MiSeq with 

version 3 (2x300bp) chemistry in the National Genomics Infrastructure, Stockholm Node in 

Science for Life Laboratory. The sequence data was demultiplexed, and the primer sequences 

were removed from the reads by the sequencing center (above). The data was analyzed in R 

with the help of the packages DADA2, phyloseq, metagenomeSeq, and vegan 

(https://github.com/benjjneb/dada2; https://github.com/joey711/phyloseq; 

https://github.com/HCBravoLab/metagenomeSeq; https://github.com/vegandevs/vegan, 

respectively). 

 
The DADA2 pipeline was utilized for filtering out low quality reads, correcting the errors 

introduced by PCR amplification and sequencing, inferring the data into amplicon sequence 

variants (ASVs), merging the forward and reverse reads, and for removing chimeric 

sequences from the data. The quality of the reads was inspected, and the ends of the reads 

with low quality were trimmed. The sequencing quality is indicated with the Phred quality 

score (Q score) which measures the base-call accuracy of the sequencer, that is, the 
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probability for the sequencer calling an incorrect base in each position of the synthetized 

reads. For example, Q3 indicates that the base was called incorrectly at a probability of 50%, 

and Q20 indicates the probability to be 1% (Edgar and Flyvbjerg, 2015). After trimming, the 

forward and reverse reads were filtered according to a set threshold of expected sequencing 

error, and the reads that exceeded the threshold were discarded. Expected sequencing errors 

are inferred from the average Q score of the reads, that is, the lower the average Q score is, 

the higher is the number of expected errors in the read (Edgar and Flyvbjerg, 2015; Callahan 

et al., 2019). The trimmed and filtered reads were then dereplicated, that is, identical reads 

were compressed into unique sequences. By dereplicating the data, the later computation 

times are reduced. The unique sequences were introduced to an error learning algorithm, 

the DADA2 algorithm, which estimates the errors introduced by PCR amplification and 

sequencing in the input data, and then uses these estimations in building a parametric error 

model, which is later utilized for correcting the introduced errors. Next the reads were 

inferred into ASVs, with the help of the error model, making the sequence inference more 

accurate. Only after the sequences are inferred into ASVs, the forward and reverse reads will 

be merged into the full size V1-V3 region of the 16S gene. The reads that are not merged will 

be discarded. After merging, chimeric ASVs are identified and removed from the data. Finally, 

the merged, error-free and non-chimeric ASVs were combined into a table, representing the 

samples, the ASVs inferred in the samples, as well as the number of reads corresponding to 

each ASV in each sample (Callahan et al., 2019).      

 

The phyloseq package was used for further processing and creation of the graphics on the 

sequence data. Taxonomy was assigned to the ASVs by aligning the sequence data to the 

SILVA rRNA database release 132 (https://www.arb-silva.de/). Next, ASVs ranked as 

eukaryotic, mitochondrial or chloroplast origin were discarded from the data, as well as 

possible false positive ASVs, which were considered as ASVs that appeared not more than 

three times in the whole data. Contaminating sequences in the data were classified as ASVs 

that were present only in the swab and tape controls and not in any of the swab and tape 

samples, or as ASVs present in most of the controls with multiple times higher than in the 

samples. Contaminating ASVs were discarded from the data. The sequence counts were 

normalized with Cumulative Sum Scaling (CSS), provided in the metagenomeSeq -package, 

and the normalized counts were log transformed. Normalization removes sample-specific 

amplification bias from the data (Paulson et al., 2013). The relative taxon abundance between 

the swab and tape samples was inspected by running a differential abundance test with the 

fitFeatureModel -function provided in the metagenomeSeq -package. Next, the dissimilarities 

between the swab and tape samples were tested with permutational multivariate analysis of 

variance (PERMANOVA), with the adonis -function in the vegan -package. The microbiota 

composition in healthy skin, and the differences between individuals, sex and age, were 

inspected using only swab samples. The correlation between individuality and the 

microbiota composition was inspected in principal coordinates analysis (PCoA) plot, and the 

sex- and age-associated dissimilarities were tested with a differential abundance test, and 

PERMANOVA.   
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3. Results 

 
DNA concentration 
The mean concentration of total DNA in the swabs was 0.083 ng/µl (sd=0.061), whereas the 

mean concentration in the tape discs was 0.018 ng/µl (sd=0.007). The DNA concentration in 

tape discs from HV1 and HV11 was too low to be measured with the Qubit fluorometer (< 

0.01 ng/ µl), but generated a band on the gel after PCR amplification of bacterial DNA. 

Swabbing as a sampling method resulted in significantly higher yield of total DNA compared 

to tape stripping (Fig. 1).  

 
Table 3. Total DNA yield in the samples. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Volunteer DNA concentration 

(ng/µl) 

swab tape 

HV1 .0500 < .0100 

HV1* .0310 < .0100 

HV2 .0732 .0232 

HV2* .0790 .0172 

HV3 .0858 .0146 

HV3* .0430 .0114 

HV4 .1000 .0144 

HV4* .1010 .0164 

HV8 .2740 .0390 

HV9 .0768 .0168 

HV10 .0554 .0130 

HV11 .0438 < .0100 

HV12 1.1900 .2160 

HV13 .0670 .0184 

Fig. 1. Comparison of the total DNA yield 
between the two sampling methods. The 
concentration of total DNA was compared 
between swab and tape samples. The P -
value was calculated using the Mann-
Whitney test.  

 

* The volunteer was sampled twice, the time 
between the sampling occasions being ~35 
days   
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PCR and gel electrophoresis  

All samples produced a band on the gel at the size of approximately 600 base pairs. The swab 

samples consistently gave a brighter band on the gel compared to the tape samples, with few 

exceptions (HV8 and HV2). A very faint band, of approx. size 600 bp, was seen in all swab and 

tape controls (Fig. 2). 

 

 

 

Sequence data analysis and sample inference 

The mock community sample was used as a guide when setting the parameters for trimming 

and filtering the reads, because the content of the mock sample was known, and the 

parameters that let through the filtering as many members of the mock community as 

possible, would be the most applicable ones.  After inspecting the quality profiles of the 

forward and reverse reads, the forward reads were trimmed at 280 bp, and the reverse reads 

at 250 bp. The Phred quality score was >Q20 for all called bases after the trimming, meaning 

that the base-calling was >99% accurate in both forward and reverse reads. The trimmed 

reads were then filtered with the maximum allowance of expected errors set to 2. After 

filtering the reads, the DADA2 -algorithm was set to pick 108 bases randomly from the 

sequence data to learn the error rates in the forward and reverse reads, separately. The built 

error models were then used for inferring the reads into ASVs. Next, the forward and reverse 

ASVs that overlapped in their sequence by >20 bp, were merged together, forming the full 

size V1 – V3 region of the 16S gene. Finally, chimeric sequences were removed from the data. 

The DADA2 -pipeline generated altogether 2230 unique ASVs from the swab and tape sample 

sequences.  

 

When assigning taxonomy, most of the ASVs were annotated to the genus – level, with only a 

fraction of the ASVs annotated down to the species -level. Contamination in the samples was 

readily identified and filtered out, since the contaminating ASVs were either only present in 

the swab and tape controls, or when present in both the samples and the controls, the ASV 

sequence counts in the controls was clearly higher than in the samples. Major contaminating 

ASVs were well known laboratory contaminants such as Escherichia coli, Pseudomonas and 

Fig. 2. PCR products on a 2 % agarose gel. 
Representative gel image after running the PCR 
products on a 2% agarose gel. L: 100 bp DNA 
ladder; S: swab with the digits indicating the 
volunteer; T: tape with the digits indicating the 
volunteer; SC: swab control; TC: tape control. 
 



19 
 

Acinetobacter. The sequence data revealed five of the eight expected bacterial genera in the 

mock samples, i.e. Listeria, Pseudomonas, Bacillus, Escherichia and Salmonella, with Listeria 

having the greatest relative abundance and Salmonella the lowest (Fig. 3). The three least 

abundant genera in the mock community, Lactobacillus, Enterococcus and Staphylococcus, 

were not observed in the sequence data. Similar sequencing results on the mock community 

have been reported earlier (“ZymoBIOMICS Microbial Community Standard II (Log 

Distribution),” n.d.).    

 

 

 

Comparison between the two sampling methods 

Swabbing and tape stripping were compared by their relative efficiency in capturing 

microbes from the skin, and by the microbiota composition each swab and tape sample 

represented. Swabs allowed significantly greater sequencing depth (Mann-Whitney, P = 

0.05), resulting in greater number of inferred ASVs. However, the dissimilarity in the 

microbiota composition between the swab and tape samples was not significant (differential 

abundance analysis P > 0.4; PERMANOVA P = 0.76). Interindividual differences in the 

microbiota composition were more prominent than any differences between the two 

sampling methods (Fig. 4).  

Fig. 3.  Genera observed in the two 
mock community samples and 
their relative abundance. Five 
taxonomically different bacterial 
species were observed in the 
sequence data from the two mock 
community samples.  
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Fig. 4. Comparison of the sequence data between swabbed and tape stripped samples.  A. The sequencing depth in 
the samples acquired with swabbing and tape stripping. The dots represent single samples, and the colour indicates 
each volunteer. The boxplot beneath indicates the 1st quartile, the mean and the 3rd quartile as well as standard 
deviation. B. The distribution of the ASVs inferred from the sequence data compared between the swab and tape 
samples. C. Relative abundance of different phyla observed in the swab and tape samples.   

1118 
ASVs  

576 
ASVs  

536 
ASVs  

SWAB 

TAPE 

A. B. 

C. 
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The bacterial composition in the antecubital fossa and interpersonal variation 

The bacterial community composition in the Ac, and the interpersonal variation in the 

composition was further investigated using only the swab samples. The microbiota 

composition was not affected by age (PERMANOVA P = 0.32), or sex (PERMANOVA P = 0.29), 

but driven by the individual. Volunteers living in the same household, that is HV1 and HV9, 

as well as HV3 and HV4, were clearly more similar to each other, than any other volunteer, 

and clustered close to each other in the PCoA plot (Fig. 5). A total of 17 bacterial phyla were 

identified on the skin, however, the majority of the reads belonged to four phyla: 

Actinobacteria, Bacteroidetes, Firmicutes and Proteobacteria. The relative phylum 

abundance differed between the volunteers, with some volunteers sharing a very similar 

bacterial composition (HV1 and HV9), and others representing greatly differing composition. 

Bacteroidetes was the least abundant phylum in each volunteer. HV3 and HV4 represented 

greater abundance of Proteobacteria than any other volunteer, and remarkably high 

abundance of genera Acinetobacter, Enhydrobacter and Pseudomonas. These volunteers were 

living in the same household, and had, in contrary to the rest of the volunteers, just recently 

settled in Sweden (less than 1 year ago). Genera typically sampled from the skin, were 

present in the skin of each volunteer, that is, Corynebacterium, Cutibacterium, Staphylococcus 

and Streptococcus (Byrd et al., 2018). Staphylococcus aureus was detected in two out of the 

ten volunteers, corresponding to the known skin S. aureus carrier frequency (20 – 30%) 

(Cogen et al., 2008) (Fig. 6).  

 

Fig. 5. Principal coordinate analysis of 
Ac bacterial community composition 
between the volunteers. The PCoA 
shows the Bray-Curtis distance 
between the HVs. The distance in the 
x-axis accounts for 17.6% of the 
variation observed between the HVs, 
and the y-axis 12.7%.    
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Fig. 6. Composition of the Ac bacterial community in healthy volunteers. The community composition is presented 
as relative abundance of each taxonomic member in the sample. The representation of the bacteria in the plot is a 
mix of four different taxonomic ranks; phylum, class, genus and species. The bacteria plotted at phylum -level are 
marked in bold in the legend labels, class -level in plain text and genus and species -level in italic. Proteobacteria are 
presented in proteobacterial classes. The genera are members of the phylum, or class, listed above them. 
Staphylococcus spp. and Streptococcus spp. are plotted at species and at genus -level, with the genus -level 
containing all the members that were not classified down to the species -level.    
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4. Discussion  

 
The aim of this study was to establish the most reliable, effective, and convenient sampling 

method for sampling the skin microbiota, for the later purpose of sampling atopic dermatitis 

patients. Therefore, the main objective was to establish a method which reliably recovers 

sufficient amount of high-quality DNA from a typical site of the AD disease manifestation. 

This study focused on the choice of sampling method between swabbing and tape stripping 

in 16S sequencing -based approach. The sampling methods compared here were inspired by 

the fact that, so far, swabbing has been used primarily in the study of human skin 

microbiome, whereas tape stripping has recently emerged as an alternative sampling 

method, and in fact been proposed by Chng et al. (2016) to be the most robust sampling 

method. Additionally, microbes, natural moisturizing factor components, and the skin 

transcriptome could be sampled with tape stripping (Clausen et al., 2016; Kezic et al., 2009). 

Moreover, this study sought to optimize a method for efficient DNA extraction from bacterial 

cells in skin microbiota samples, and find optimal data analysis tools for skin microbiota data. 

The skin microbiota composition in the antecubital fossa in healthy volunteers was 

investigated, as well as factors influencing this composition.    

 

A total of 10 healthy volunteers were sampled both by swabbing and tape stripping, and two 

different DNA extraction protocols were tested for obtaining optimal DNA yield from the 

samples. The method modified from Grice et al. (2009) utilized a combination of bead beating 

and enzymatic disruption of the cells, whereas the FastDNA SPIN Kit for Soil utilizes only 

bead beating. When DNA was extracted using the FastDNA SPIN Kit for Soil (MP Biomedicals) 

protocol, the yield was so low, that the majority of the samples did not generate a band on 

the gel after PCR amplification. This indicated that a combination of mechanical and 

enzymatic disruption of the cells is more effective when lysing bacteria with different cell 

wall properties, than only using mechanical disruption. Similar results have been reported 

by Yuan et al. (2012). The total DNA yield was significantly higher in the swab samples 

compared to the tape samples. However, the total DNA contained, as expected, also human 

DNA derived from the skin cells that attached to the swab or the tape together with the 

microbes. Therefore, it is impossible to judge to what extent the amount of measured DNA 

actually reflected the yield of microbial DNA.   

 

The V1 – V3 region in the 16S gene was PCR amplified, and the relative amount of bacterial 

DNA was visualized and compared between the swab and tape samples on an agarose gel. 

The amount of bacterial DNA appeared to be greater in the swabs than the tapes. Even if the 

DNA concentration in some tape samples was too low to be detected with the Qubit 

fluorometer, they were detected on the gel after PCR amplification, indicating that 

undetectable amount of total DNA can generate enough bacterial DNA for further sample 

processing and analysis when amplified. Moreover, amplification of bacterial DNA in the 

controls highlights the importance of obtaining blank samples during all steps of the study; 

sampling, DNA extraction and PCR amplification. It is impossible to avoid contamination in 

samples with low microbial mass, and impossible to exclude contaminating organisms 



24 
 

without the guidance of blank samples. Typically, the contaminating organisms in the DNA 

extraction kits and PCR reagents are abundant in the environment as well as on the skin of 

the researchers (Salter et al., 2014). In addition, next-generation sequencing techniques are 

known to generate cross-talk, that is, assigning some reads to wrong samples. Approximately 

2% of the reads in a sample originate from the cross-talk between parallel samples in a 

sequencer (Edgar, 2016). Cross-talk derived contamination is impossible to evaluate in this 

study, since skin samples share many of the identified microorganisms.  

 

In addition to the negative controls, running a positive control in parallel with the samples is 

equally important. ZymoBIOMICS Microbial Communtiy Standard II, including Gram-positive 

and Gram-negative organisms, was used as a positive control in this study. The five most 

abundant bacterial genera in the mock community were observed in the sequence data, but 

the least abundant genera, Lactobacillus, Enterococcus and Staphylococcus, were absent. The 

absence of these organisms in the sequence data has been reported earlier (“ZymoBIOMICS 

Microbial Community Standard II (Log Distribution),” n.d.). Failing to sequence these specific 

organisms indicates that cells present at a relatively low abundance in a microbial 

community can be lost during sample processing or sequencing. Lactobacillus contributes to 

0.015% of all of the cells in the mock community, whereas Enterococcus and Staphylococcus 

represent an even lower fraction. In contrast, Listeria contributes to 94% of all of the cells in 

the mock community (Wang, n.d.).  

 

Concerning the sequencing depth and the number of ASVs generated by the two sampling 

methods, swabbing performed better. However, no significant difference in the microbiota 

composition between the swab and tape samples was observed. Thus, even if swabbing 

generates a greater amount of data, similar representation of microbiota composition could 

be observed by tape stripping. Indeed, multiple ASVs were assigned to the same genera, and 

the same species. As reported by Callahan et al. (2016), the differences between ASVs can be 

as fine as one nucleotide, which in some cases corresponds to strain-level variation within 

the same bacterial species. However, current marker-gene reference databases are largely 

incomplete for such fine resolution taxonomic profiling (Mallick et al., 2017). Therefore, as 

long as the reference gene databases lack strain-level information within the 16S gene, 

having a greater amount of ASVs assigned to the same organisms does not provide additional 

information, but increases the computation time in data analysis. The identification of strain-

level differences has relied on the WMS sequencing approach, since WMS sequencing is not 

restricted to a short stretch of the 16S gene. Distinct strains often differ from each other by 

the carriage of different genes and, in sometimes by complete genomic regions, thus such 

great-scale differences can only be identified outside the 16S gene (Mallick et al., 2017). 

When analysis pipeline has been advanced to include strain-level information, swabbing 

might prove to be the method of choice, especially when the aim is to explore the diversity of 

bacterial strains on the skin.  

 

As the second part of this study, the skin microbiota composition in the Ac of the volunteers 

was characterized, using information only from the swab samples. The microbiota 
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composition was dominated by four phyla; Actinobacteria, Bacteroidetes, Firmicutes and 

Proteobacteria. The difference in the composition between the samples was driven by the 

individual. Members of the same household represented a similar microbiota composition, 

an observation that has been reported previously (Lax et al., 2014; Oh et al., 2014; Song et al., 

2013). Interestingly, HV3 and HV4 differed from the other volunteers by carrying a relatively 

greater amount of Proteobacteria in their skin. Many members of Proteobacteria are typical 

soil- or water-associated organisms, such as Acinetobacter and Pseudomonas. Individual 

differences have been shown to depend greatly on the abundance and diversity of 

Proteobacteria on skin, which has led to a speculation that the skin Proteobacterial 

community membership is regulated by the environment, with individuals living in distinct 

environments differing greatly in the representation of Proteobacteria on their skin (Cosseau 

et al., 2016). The effect of the surrounding environment on the skin microbial composition 

has also been indicated in a study by Ruokolainen et al. (2017), in which the correlation 

between the skin microbiota composition and the occurrence of allergies was investigated in 

children from regions that were geographically adjacent, but greatly differing in socio-

economic status. The children living in rural regions represented a greater relative 

abundance and diversity in members of the genus Acinetobacter, together with significantly 

lower prevalence of allergies, compared to the children living in the urbanized region 

(Ruokolainen et al., 2017).       

 

The bacteria sampled from the skin of the healthy volunteers corresponded to the microbiota 

composition associated with moist skin sites observed previously, with Corynebacterium, 

Cutibacterium, Staphylococcus and Streptococcus being abundantly represented (Byrd et al., 

2018). Finegoldia, Cutibacterium and Staphylococcus, which are known to enhance host 

defense against pathogens, were observed in all volunteers. S. epidermidis and F. magna, for 

instance, are able to induce the expression of AMPs in human keratinocytes through TLR2 

stimulation. Moreover, S. epidermidis is able to specifically inhibit skin colonization by the 

pathogen S. aureus, through the production of Esp serine protease, which actively degrades 

biofilm formation -associated proteins in S. aureus (Sanford and Gallo, 2013; Zeeuwen et al., 

2017). Further, FFAs, released through the lipid metabolism by C. acnes, reduce the skin pH, 

inhibiting the growth of pathogens on the skin (Elias, 2007). Finally, Lactobacillus was 

sampled from five out of the ten volunteers, with a greater relative abundance seen in HV3 

and HV4 compared to the other carriers. The positive effects of probiotic treatment with 

intestinal Lactobacillus on skin diseases have been reported in several studies. These studies 

have shown that Lactobacilli in the gut aid the recovery of impaired skin barrier integrity, 

and modulate the skin Th1/Th2 -balance via activation of the T helper specific cytokine 

production (Baquerizo Nole et al., 2014).    

 

S. aureus was observed in the skin in two out of the 10 volunteers. Since many of the ASVs 

assigned to the genus Staphylococcus were not assigned down to the species level, this finding 

cannot be fully trusted, that is, more than two of the subjects might actually be carriers of S. 

aureus. However, it has been estimated that 20-30% of the human population are colonized 

by S. aureus (Cogen et al., 2008). Many S. aureus strains are potentially pathogenic, expressing 
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various virulence factors that contribute to host cell invasion and tissue damage. Virulent 

strains of S. aureus express several superantigens, which can trigger toxic shock when 

encountered by the host immune system. Importantly, S. aureus is also highly capable of 

evading the host immune system by various mechanisms, such as inhibition of neutrophil 

chemotaxis, and becoming resistant to phagocytosis and host derived AMPs via the 

production of inhibitory molecules as well as biofilm formation, making infection with S. 

aureus more persistent (Geoghegan et al., 2018). S. aureus is a major cause of various 

infections ranging from minor skin infection and food poisoning to a toxic shock syndrome. 

Moreover, it is also the major causative factor of the AD flare worsening (Paller et al., 2019). 

Nevertheless, the skin commensal S. aureus strain, that peacefully co-exists with the host, 

produces bacteriocins that inhibit the growth of the pathogenic strains of S. aureus (Cogen et 

al., 2008).   

 

To conclude, the results derived from the sampling method optimization suggest that 

swabbing and tape stripping perform equally well for the investigation of the microbiota 

composition in the antecubital fossa of healthy volunteers. However, swabbing allows for 

higher DNA yield, and greater sequencing depth, resulting in a larger quantity of inferred 

ASVs from the sequence data. The benefit of this feature, however, is limited, as the greater 

number of ASVs did not necessarily translate into increased number of taxonomically distinct 

organisms, but rather, multiple ASVs represented the same genera. The fine-scale differences 

between these ASVs could account for strain-level variation, which is partly impossible to 

characterize from 16S gene sequence data, due to the currently limited information in the 

marker-gene reference databases. Instead, strain-level differences can be more accurately 

identified with WMS sequencing (Mallick et al., 2017). The ability to capture sufficient 

amount of DNA is important, if attempting to perform WMS sequencing, therefore, swabbing 

should be the sampling method of choice for this sequencing approach. Finally, swabbing is 

a more convenient sampling method, because the swabs are easier to handle, and swabbing 

is faster to carry out than tape stripping.    
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