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ABSTRACT

In recent years the skin microbiome has taken center stage as drug target and as disease biomarker. 
Computational analyses of microbiome sequencing data from patients with skin diseases, for example 
seborrheic dermatitis, can be performed to identify discriminative biomarkers in the microbiome 
profile. The aim of the present study was twofold, namely to employ machine learning to predict 
disease from the microbiome dataset, and to identify discriminative biomarkers in the microbiome 
of patients with seborrheic dermatitis versus healthy controls using machine learning techniques. 
The population consisted of 97 patients with seborrheic dermatitis and 763 healthy controls. Skin 
swabs were taken from naso-labial fold (lesional skin: n = 22; non-lesional skin: n = 75, controls:  
n = 763). Using an extra trees machine learning model, differences between the skin microbiome 
of patients with seborrheic dermatitis versus healthy controls were characterized. Subsequently, 
the most important microorganisms for discrimination were determined by feature analysis and 
SHapley Additive exPlanations (SHAP) values. The accuracy of the prediction models to discriminate 
between skin affected by seborrheic dermatitis and facial skin from healthy subjects was 77% and 
the ROC-AUC was 83%. Next to Cutibacterium and Staphylococcus, the most important organisms 
for discrimination had a relatively low occurrence. Our study showed that machine learning can be 
utilized to identify discriminating biomarkers in the microbiome skin. This indicates that machine 
learning can be of major importance in basic skin research, and in the discovery and development of 
new individualized therapies, involving the microbiome.

INTRODUCTION

The skin is the largest organ of the human body and is colo-
nized by a wide range of microorganisms [1]. Many of the micro- 
organisms living on the skin (its microbiome) are harmless and, 
in some cases, provide vital functions.

Despite the great interest of the skin as an ecosystem 
during the past decade, the study of the skin microbiome was 
until recently restricted by the low host-commensal cell ratio 
and the high taxonomical divergence among skin sites [2].  
This changed by the introduction of methodology to remove 
microbial DNA from low biomass skin samples such as 
described by Garcia-Garcera et al. in 2013. The authors utilized 

a combination of molecular techniques that involved standard, 
quantitative PCR and amplicon sequencing of 16S rRNA, which 
significantly improved the field of skin microbiome research. 
At present, the skin microbiome is known to be involved in  
several skin diseases [3]. This breakthrough has led to addi-
tional knowledge on specific microorganisms that play a 
role in some of these skin disorders, for instance the role of 
Staphylococcus aureus in atopic dermatitis and Cutibacterium 
acnes in acne vulgaris. However, the role of microorganisms 
that are less abundant is still largely unknown. It is plausible 
that the presence of a combination of several different organ-
isms forming a specific microbial profile might also contribute 
to the development and subtype of skin disease. A challenge 
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to explore this hypothesis is however hampered by the mag-
nitude of the data which analysis is frequently beyond con-
ventional data analyses. Machine learning may offer a solution 
because the underlying computational analyses may facilitate 
the identification of specific patterns of microorganisms that 
are discriminative for a specific type of skin diseases [4].

Machine learning has been rapidly adopted in microbi-
ome studies for diagnosing clinical diseases. Modelling of the 
human microbiome by machine learning offers the potential 
to identify specific microbial biomarkers and may aid in the 
diagnosis of many clinical diseases. For instance, machine 
learning has already shown its ability to identify key features 
(markers) and modelling predictive biomarker signature in a 
variety of fields, including oncology [5–7], neurology [5–7], 
immunology [8], gastroenterology [9], diabetes [10], and 
skin diseases [11,12]. The advantages of machine learning 
techniques over classical statistical models are to infer rela-
tionships between variables for automatic pattern discovery 
and handling with multi-dimensional data [13]. By training a 
highly accurate model it is easy to find out which features are 
most informative for classification. For a dataset with many 
different features, in this case more than 600, machine learn-
ing is therefore saving time and effort, compared to existing 
statistical methods. In addition, the benefits of machine learn-
ing comprise flexibility and scalability compared with conven-
tional statistical approaches, which makes it deployable for 
several tasks, such as diagnosis and classification, and survival 
predictions [14]. As a result, machine learning may be highly 
informative for the development of therapeutic modalities to 
ameliorate the microbial imbalance and to counteract certain 
pathogens.

The aim of the present study was twofold; to employ 
machine learning to predict disease from the microbiome data-
set, and to identify discriminative biomarkers in the microbiome 
of patients with seborrheic dermatitis versus healthy controls 
using machine learning techniques. We hypothesized that the 
microbiome-based biomarkers alone can be used to predict the 
diagnosis. These models can then be employed to identify dis-
criminative biomarkers in the microbiome.

MATERIALS & METHODS

All data used in the present study were obtained from a previ-
ous study performed in participants from the Rotterdam Study 
[15]. This was a cross sectional study embedded in a popula-
tion-based study. Skin swabs were taken from naso-labial fold 
from 97 participants with seborrheic dermatitis (lesional skin: 
n = 22; non-lesional skin n = 75) and controls without skin con-
ditions on the face or scalp (n = 763). Participants with sebor-
rheic dermatitis and involvement of the nasolabial fold were 
considered lesional cases, and those without involvement of 
the nasolabial fold non-lesional cases. The median age was 
53 years in the control group, 56 years for non-lesional cases 
and 68 years for lesional cases (for further details see Sanders, 
Nijsten [15]). The Rotterdam Study has been approved by the 
Medical Ethics Committee of the Erasmus MC (registration 
number MEC 02.1015) and by the Dutch Ministry of Health, 
Welfare and Sport (Population Screening Act WBO, license 
number 1071272-159521-PG). All participants provided writ-
ten informed consent to participate in the study and to have 
their information obtained from treating physicians.

Data Collection for the Model

In all participants included in the study, the skin microbiome 
was analyzed by amplifying the V1 to V3 variable regions of the 
16S rRNA gene using the 27F-519R primer pair and dual index-
ing. The genes were annotated using the Silva database. In the 
current study, microbiome data from the three categories of skin 
from the face were analyzed; facial skin from controls, (facial) 
non-lesional and lesional skin from patients with seborrheic der-
matitis. To show the clearly visible differences between the skin 
categories, average microbiome profiles were created for each 
category of skin by taking the average occurrence of each bac-
terium present in all pertaining subjects. Subsequently, by using 
machine learning the lesional skin from patients with seborrheic 
dermatitis was characterized in order to discriminate it from the 
skin of healthy subjects. The occurrence of 686 organisms at 
genus level present in either one of both datasets were used as 
features. In addition, three well known alpha-diversity indices, 
the Simpson’s diversity index, the Shannon diversity index, and 
the Chao1 index, were used as features [16].

Data Pre-processing and Selection

As there were more observations available from healthy skin 
than from the skin affected by seborrheic dermatitis, there was 
an imbalance in the data set. A four-fold cross validation was 
used. Therefore, six microbiome profiles (close to 25 percent of 
the total number of affected profiles) were used for validation of 
the model each fold. The same number of healthy profiles were 
used to produce a balanced validation set. The remaining pro-
files were used to train the model (training set).

To create a balanced training set, the SMOTE (Synthetic 
Minority Oversampling Technique) algorithm was applied to 
produce ‘synthetic’ profiles of the skin affected by seborrheic 
dermatitis based on the values already present in these under-
represented microbiome profiles [17]. Next, the features in 
both the training and validation sets were standardized based 
on the mean and standard deviation of the features in the 
training set.

Feature Selection

As the last preprocessing step, feature selection is performed 
on all 689 features, including the diversity indices. When two 
features had a high correlation (> 0.9 or < −0.9), only the most 
important one – based upon the feature importance of fitting 
the model on the training set – was used [18]. The features were 
selected by the training set in unsupervised fashion.

Machine Learning

Several different machine learning algorithms which were 
obtained from the scikit-learn module version 1.0.1 in python 
3.7.9 were employed on the data. A DecisionTree Classifier, 
a RandomForest Classifier, a GradientBoostingClassifier, a 
Support Vector Classifier, Logistic Regression, and a Extra Trees 
Classifier were used to make an attempt to distinguish healthy 
from affected skin. Prior to training, a nested cross-validation 
(within the training set) was used to optimize the model hyper-
parameters. This process of oversampling, feature selection, 
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optimization, training, and validation was repeated in each 
fold with different training and validation data. In each fold, 
the validation was performed with profiles that had not pre-
viously been in a validation set, so that all 22 different profiles 
from skin affected with seborrheic dermatitis were tested at 
least once. Two profiles were twice in the test set. The optimal 
models were evaluated on the validation fold with the accuracy, 
sensitivity, specificity, and Area Under the Receiver Operating 
Characteristic (ROC) Curves (AUC). An overview of the machine 
learning workflow is shown in Supplementary Figure 2. The best 
performing model was used for further anylyses. The perfor-
mance of the optimized model using the selected features was 
compared with the performance of conventional logistic regres-
sion using all features.

To gain insight into the impact of the individual features on 
the predictions, SHAP (SHapley Additive exPlanations) values 
were calculated [19]. To validate the importance of the features, 
the feature values of the correctly and incorrectly predicted 
occasions were compared. The impact of the features was vali-
dated by means of the feature importance of the model.

RESULTS

The three skin categories showed many similarities in the micro-
biome. As expected, Staphylococcus and Cutibacterium showed 
the highest relative abundance (range 20–50%); Cutibacterium 
was highest on average in healthy profiles and in profiles of 
the non-lesional skin of patients with seborrheic dermatitis. 
Staphylococcus was highest in the skin affected by seborrheic 
dermatitis. Figure 1 shows the average skin microbiome profiles 
of lesional and non-lesional facial skin of patients with sebor-
rheic dermatitis and of healthy skin. The non-lesional skin shows 
an average microbiome profile which is in between healthy and 
affected skin.

From all the models tested, the extra trees classifier per-
formed best. The results of the employment of this model type 
are shown below.

Figure 2 shows the true labels (clinical diagnosis) versus the 
predicted labels for seborrheic dermatitis versus controls based 
on the skin microbiome. The models predicting seborrheic der-
matitis had an overall accuracy of 77% (range 73–81%, compared 
to 48 ± 14% with conventional binary logistic regression). Out of 
the 24 profiles with seborrheic dermatitis, 18 were correctly pre-
dicted, indicating a sensitivity of 75% (range 65–85%). Of the 24 
healthy profiles, 19 were correctly predicted, indicating a spec-
ificity of 79% (range 71–87%). The average AUC of the models 
was 83% (range 77–89%, Figure 3).

Figure 4 shows the impact of the occurrence of each organ-
ism on the predictions of seborrheic dermatitis versus healthy 
control. A low occurrence of Cutibacterium and a high occurrence 
of Staphylococcus was shown to be most predictive for the diag-
nosis of seborrheic dermatitis. It can be observed that the other 

Figure 1| Average microbiome profiles of the facial skin of 
healthy subjects and of the non-lesional and lesional (facial) 
skin of patients with seborrheic dermatitis. The y-axis shows 
the relative occurrences in percentages. The profiles show 
organisms at genus level that had on average an occurrence of 
more than 1%. Other organisms are combined as ‘other’.

Figure 2 | Confusion matrix (predictive analysis tool) of the 
predicted diagnoses based on the skin microbiome profile 
of patients with seborrheic dermatitis by means of machine 
learning. The x-axis shows the predicted labels. The y-axis shows 
the true labels.

Figure 3 | Receiver Operating Characteristic (ROC) curve of the 
models predicting seborrheic dermatitis where the black line is 
the mean curve and the gray area is the standard deviation.
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micro-organisms, which had any impact in the discrimination of 
seborrheic dermatitis, showed a relatively low occurrence.

The boxplots of the standardized values of the most import-
ant organisms for the correct and wrongly predicted profiles are 
shown in the Supplementary Material. These figures confirm the 
findings of the SHAP values.

DISCUSSION

In the present study we demonstrated that machine learning- 
based models may facilitate the identification of discriminative 
biomarkers in the microbiome of patients. These findings are 
particularly important for skin diseases, in which the microbi-
ome has not been fully elucidated. Modulations of skin micro-
biome composition to restore host–microbiome homeostasis 
could become important future strategies to treat or prevent 
skin disease [3]. This highlights the potential important role of 
machine learning in the discovery of targets for new medical 
therapies.

Machine learning has been recently applied in microbiome 
studies for diagnosing clinical diseases in various fields, such as 
oncology, neurology, immunology and dermatology [4]. In the 
present study we aimed to employ a machine learning model 
to predict the diagnosis using skin microbiome profiles from 
patients with seborrheic dermatitis. The created models pro-
vided a unique insight into the types and complex patterns of 
micro-organisms involved this skin condition. Although many 
data are available on the skin microbiome in seborrheic der-
matitis, our results show that bacteria with a low abundance 
are also valuable for disease discrimination. The factor of low 
Cutibacterium contributes to our models, being consistent with 
previous reports [20].

Many factors are known to significantly affect the skin micro-
biome, including weather conditions and washing behaviour, 
but also skin diseases and the use of therapeutic agents [21–24]. 
The current study showed that, based on the microbiome alone, 

machine learning models could predict a diagnosis of sebor-
rheic dermatitis with an accuracy of 77%. The area under the 
curve from our models was 83%. There was a strong predictive 
correlation between the microbiome profile and the specific 
dermatologic disease. Given the large number of influencing 
factors that can affect the microbiome (although excluded as 
much as possible in the clinical trial) perfect predictive power 
using the microbiome cannot be expected. But, because of their 
high performances, these models could potentially be used to 
identify discriminative disease biomarkers in the microbiome.

Value of Machine Learning

Machine learning methods are being actively and widely 
used to elucidate the composition of microbiome and to 
investigate how they affect host phenotypes [23,25]. Various 
studies have already explored the power of machine learning 
to use microbiome patterns to predict host characteristics 
[23,26–28]. In addition, machine learning has earlier been 
applied on the skin microbiome to predict the postmortem 
interval [29]. In the current study we have shown that dis-
ease biomarkers can also be found using machine learning in 
the skin microbiome. Some of the parameters, such as a high 
abundance of Staphylococcus, and the diversity are already 
known to play a role in seborrheic dermatitis [30–32].

Moreover, machine learning identified distinctive organisms 
that are not initially considered important to investigate based 
on high occurrence rates. As shown in Figure 4, the occurrence of 
Corynebacterium 1, Anaerococcus, and Finegoldia also play a role 
in the distinction between facial skin from healthy individuals 
and subjects with seborrheic dermatitis. While the above-noted 
three organisms might have been identified through occurence 
alone (Figure 1), Gemella, Prevotella and Granullicatella would 
not have been identified as they occurred at less than one per-
cent and are included in “other”. Use of machine learning iden-
tified organisms which would otherwise have been overlooked. 
Future studies, including some association analysis or text anal-
ysis to describe the biological function mechanism of these bio-
markers could be very interesting.

Using the same dataset, conventional binary logistic regres-
sion produced results with lower discrimination ability.

The results of this proof of concept study indicate that 
machine learning can be a valuable tool to find organisms that 
distinguish diseased skin from healthy skin. While the micro-
biology of seborrheic dermatitis has been thought to be fairly 
well elucidated, the importance of low occurrence organisms 
was shown. This suggest that in skin diseases with a less known 
and/or more complex microbiome profile machine learning 
could be a valuable investigative tool.

Limitations

Some limitations of the study should be noticed. Apart from a 
relatively low number of patients, DNA from microbial eukary-
otes, such as yeast or fungi, could unfortunately not be classi-
fied meaning by this 16S gene screening method and limited 
primer set, only prokaryotic DNA, known in the database, could 
be recognized. This precludes recognition of fungi, such as yeast 
and bacteria not known in the database, while the fungal genus 
Malassezia is also known to be a potential biomarker for sebor-
rheic dermatitis [33,34]. For future studies, sequencing of the 

Figure 4 | SHAP values of the 10 features with the highest 
impact on the prediction of disease diagnosis for seborrheic 
dermatitis. A relatively high occurrence of a microorganism 
is shown in red, whereas a relatively low occurrence of a 
microorganism is shown in blue. The predicted diagnosis 
of control is on the left side of the x-axis, and of seborrheic 
dermatitis on the right side of the x-axis. Shorter bars mean less 
impact on diagnosis.
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internal transcribed spacer (ITS) region [35], would enable the 
possibility of identifying fungi as potential biomarkers.

There is an age difference between the control group and 
lesional cases. This could be a factor of disease. Future studies, 
linking the organisms to an age group would be very interesting.

Genus level was the deepest screening level in this study, 
indicating a second limitation of screening by means of 16S 
DNA sequencing with a limited set of primers. Therefore, it has 
to be taken into account that the exact distribution of species 
within the genus is unknown. For example a large part of the 
16S DNA recognized as Staphylococcus might not originate from 
the species S. aureus but from S. epidermidis, a species which is 
very common on healthy skin [36]. This should be investigated in 
future studies with novel techniques that have the ability to give 
deeper insight on species or even strain level.

CONCLUSION

In recent years, various elements in the skin microbiome have 
become of high interest for pharmaceutical companies as new 
drug targets. Despite the challenges and hurdles yet to over-
come, it seems very likely that microbiome modulation will play 
a future role in the treatment of skin disease. From our study it 
has become clear that machine learning can be instrumental 
for the identification of biomarkers in the microbiome of skin. 
Consequently, machine learning can be of major importance 
in basic skin research, and in the discovery and development of 
new individualized therapies, involving the microbiome.
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Supplementary Figure 2 | Machine learning workflow (four-fold cross validation).

SUPPLEMENTARY MATERIALS

Supplementary Figure 1 shows which of the 10 microorganisms caused skin profiles affected with seborrheic dermatitis to be wrongly 
predicted (a large difference between bars 1 and 2), and healthy profiles to be wrongly predicted as seborrheic dermatitis (a large 
difference between bars 3 and 4).

Supplementary Figure 1 | Boxplots of the standardized values of the 10 most important features for distinguishing seborrheic 
dermatitis from healthy skin based on the microbiome in order of importance of the models. On the left side are the healthy 
profiles and right are profiles affected by seborrheic dermatitis. Visualized in blue are the profiles predicted as healthy and the 
profiles predicted as affected are shown in orange. The y-axis shows the values of the standardized occurrences. The p values of an 
independent t-test between the right an wrong predicted profiles are shown.


