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Article 91

Research Techniques Made Simple: CRISPR Genetic Screens
ABC Otten and BK Sun

Article 92

Research Techniques Made Simple: Randomized Controlled Trials for Topical Drugs in
Dermatology: When and How Should We Use a Within-Person Design?
S Leducq, A Caille, L Le Cleach, M Samimi, E Tavernier, A Maruani and B Giraudeau

Article 93

Research Techniques Made Simple: Whole-Transcriptome Sequencing by RNA-Seq for
Diagnosis of Monogenic Disorders
AH Saeidian, L Youssefian, H Vahidnezhad and J Uitto

Article 94

Research Techniques Made Simple: Optical Clearing and Three-Dimensional Volumetric
Imaging of Skin Biopsies
Y Tan, CPL Chiam, Y Zhang, HL Tey and LG Ng

Article 95

Research Techniques Made Simple: Mouse Bacterial Skin Infection Models for Immunity
Research
C Youn, NK Archer and LS Miller

Article 96

Research Techniques Made Simple: Latent Class Analysis
L Naldi and S Cazzaniga

i

Answers

xiii

Supplementary Information

COVER IMAGE
Three-dimensional (3D) volumetric imaging of tissues provides a
comprehensive view of 3D biological tissue architecture and has been
used to image innervated healthy and pruritic skin. The cover figure
shows a 3D image of immunostained healthy skin. Epidermal nerves,
green; dermal nerves, blue; traced nerves, yellow. Bar ¼ 20 mm.
Immunostained epidermal nerve signal was used for manual nerve
tracing for analysis of the epidermal nerves (reprinted from Tan et al.
2019; article 94 of this reprint collection).


 

 

 

      !  " # $%! & '(%  &

&
 )& # * ) *$$'%+ '%$$ ( , #%+
#%+ ) '(%

- & %*&%  +%% +  '''+

EDITORIAL

Research Techniques Made Simple in
2020: Great Ideas Have Lasting Impact

W

ith this editorial, we are pleased to
introduce the latest collection of
Research Techniques Made Simple
(RTMS) articles that have been published in the
Journal of Investigative Dermatology (JID) since
1 October 2019 (https://www.jidonline.org/
content/researchtecharchive).
RTMS articles were envisioned by Barbara
Gilchrest, and they ﬁrst appeared in 2012, with
Kathy Schwarzenberger as the responsible feature
editor and Barbara as JID Editor-in-Chief. RTMS
articles were intended to facilitate increased understanding of selected investigative techniques
by nonexperts and, perhaps, to get some clinical
trainees a bit excited about research. The series
was supported ﬁnancially by Eli Lilly and Company for a number of years, and Jodi Johnson
became the RTMS feature Editor in 2015.
Since 2017, editorial input into RTMS articles
has been expanded. Lu Le (University of Texas
Southwestern, Dallas, TX) and Sara Brown (University of Dundee, Scotland) now serve as RTMS
Contributing Editors, and Jodi Johnson (Northwestern University, Evanston, IL) is the RTMS
Coordinating Editor. Topics and authors of RTMS
articles are chosen deliberately, and preparation
of the manuscripts is an educational process that
includes active editorial involvement.
A total of 96 RTMS articles have been published
to date. A perusal of the tables of contents that
precede this collection and previous collections
reveals that RTMS articles cover topics that range
from basic to clinical and include those that are of
general interest as well as those that are more
esoteric. By covering a wide range of topics, we
hope to engage the broad readership of the JID.
How do we judge the success of the RTMS
series? RTMS articles are intended to be educational tools, primarily. In 2020, it is relatively
easy to determine the frequencies of link access,
page views, and downloads, and all of these
relate to content usage. We are quite happy with
the metrics of the RTMS online experience, but
utilization as formal educational content could
be increased. Please see Amy Musiek’s editorial

for ideas about the possible roles for RTMS articles in dermatology residency training.
Citation of RTMS articles in the peer-reviewed
literature is another objective way to assess their
value. Citation frequencies of articles that appear
in journals are carefully tracked, and they are
used to calculate a numeric ratio termed the
impact factor for all major journals. Impact factors are publicized annually. Editors and, more
importantly, authors pay quite a bit of attention
to the absolute values of impact factors and the
rank order of impact factors among competitor
journals. We are pleased to report that JID’s 2019
impact factor is 7.143, up from last year’s impact
factor of 6.29. Although anticipated citation frequency is not a major consideration when the
RTMS editors are choosing topics and authors, it
is the case that some RTMS articles are highly
cited, a signiﬁcant number enhance the JID’s
impact factor, and older RTMS articles have been
regularly cited for years.
This collection contains 12 RTMS articles that
relate to important aspects of investigative
dermatology. About half of the articles describe
techniques that relate to laboratory research and
about half relate more directly to clinical
research. Increased representation of topics that
relate to clinical research seems entirely appropriate given the increased prominence of
investigator-initiated clinical research in dermatology in 2020.
We hope that you will read these RTMS articles, incorporate their usage into your training,
and cite them as appropriate when you publish
your own papers. Finally, we welcome feedback
about the existing content and invite proposals
regarding future RTMS articles. Contact us at
JIDEditor@sidnet.org.
CONFLICT OF INTEREST
The authors state no conﬂict of interest.
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EDITORIAL

A Clinician Educator’s Perspective on
Research Techniques Made Simple
Articles

A

s an academic clinician, keeping
abreast of the fast-changing world of
science is a great challenge. This challenge is more acute for those of us who teach
medical students and dermatology residents. The
prospect of delving into the primary scientiﬁc
literature is daunting, and in the setting of a busy
clinical practice, nearly impossible. Science
changes fast, and it can be embarrassing to present outdated explanations of scientiﬁc techniques to audiences that are likely to notice.
Thus, access to concise, accurate, and updated
descriptions of scientiﬁc methodology is critical
for teaching. Research Techniques Made Simple
(RTMS) helps immensely with this process. I
routinely use content from RTMS in my educational lectures because it helps me to stay
informed, gives me conﬁdence that my lecture is
accurate and updated, and provides my audience with a background on scientiﬁc topics that
they need to fully understand my lectures.
I ﬁrst started to use RTMS articles in my
general cutaneous T-cell lymphoma (CTCL)
lectures, which I give to residents and practicing dermatologists. I often include content
from several articles, including ﬂow cytometry
(Jahan-Tigh et al., 2012), T-cell receptor gene
rearrangement detection in suspected cases of
CTCL (Chitgopeker and Sahni, 2014), and
next-generation sequencing: methodology and
application (Grada and Weinbrecht, 2013). As
I prepare for a talk, RTMS can help me solidify and refresh my own understanding of
these topics and bring me up to date with the
newest advances. This knowledge gives me
conﬁdence in speaking about and explaining
some techniques with which I may have little
actual hands-on experience. The texts are
concise and well-edited, and they are
designed for quick access and digestion.
Whereas this content is not the focal point of
my lecture, it serves to provide a background
to the audience to allow them to understand
CTCL-speciﬁc issues that might otherwise be
confusing.

Journal of Investigative Dermatology (2020) 140, 1880e1881.
doi:10.1016/j.jid.2020.08.003
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When I mentor students and residents in
journal club, I often see heads nodding with
understanding when certain research techniques are mentioned. However, I am often
concerned that these smart, motivated students
and residents may not actually fully understand
the scientiﬁc details but are too embarrassed to
admit this publicly and ask for clariﬁcation.
Indeed, some individuals in the audience may
be well-versed in the principles of ﬂow
cytometry and next-generation sequencing, but
the majority may just know these terms and
have a vague understanding of the underlying
concepts, without real literacy on the topic.
Using RTMS articles to refresh these underlying
scientiﬁc principles and methods during the
presentation takes the pressure off the medical
students and residents who often feel that they
should know about these techniques. In my
experience, there is rarely a clinical audience
who is so comfortable with and informed
about research techniques that this additional
information is unnecessary. RTMS provides a
plug-and-play resource with just the right
amount of detail to provide a strong foundation
without becoming tedious. I want my audience
to leave my lectures having learned something
about dermatology, and I do not want
that learning to be derailed by confusion
about some underlying scientiﬁc techniques.
Including content from RTMS in my lectures
gives me conﬁdence that my audience will
have the background they need to get the most
out of my lecture.
The hallmarks of a good set of lecture slides
include a paucity of text and an abundance of
interesting visuals. There is nothing worse than a
dermatology lecture ﬁlled with excellent photos
that are weighed down by several slides of text
describing some methodology or technique. The
high-quality illustrations provided in RTMS alleviate this issue, providing an excellent visual
explanation of complex topics that I myself am
often trying to remember and refresh. These illustrations come as PowerPoint-ready ﬁgures
complete with citations, and adding them to
presentations is seamless.
Although I do not want to make this sound like
a sales pitch, I have come to rely on RTMS

ª 2020 The Author. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.
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articles for my lectures. It is reassuring to me that the articles
are readily accessible and created by leaders in their ﬁelds. I
know that in the midst of my busy practice, I can quickly
access reliable, presentation-ready material to explain scientiﬁc methods without spending hours searching through
the literature for that perfect review ﬁgure. The content can
be helpful as continuing education, as a refresher on cuttingedge techniques, or as a component of educational lectures.
These thoughtfully prepared, well-organized articles are
something that can be incorporated into your practice with
ease.

Amy C. Musiek1,*
1

Division of Dermatology, Washington University School of
Medicine, St. Louis, Missouri, USA

*
Correspondence: Amy Musiek, Mid Campus Center, 4590 Children’s Place,
Suite 10100, St. Louis, Missouri 63110, USA. E-mail: amusiek@wustl.edu
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RESEARCH TECHNIQUES MADE SIMPLE

Research Techniques Made Simple: Feature
Selection for Biomarker Discovery
Rodrigo Torres1 and Robert L. Judson-Torres1,2,3
Molecular biomarkers can be powerful tools for aiding in the efficiency and precision of clinical decisionmaking. F eature selection methods, machine-learning, and biostatistics have been applied to discover subsets of molecular markers that identify target classes of clinical cases. F or example, in the field of dermatology,
these approaches have been used to develop predictive models that identify skin diseases, ranging from
melanoma to psoriasis, based upon a variety of biomarkers. However, a continuous increase in the variety and
size of datasets from which candidate biomarkers can be derived, and limitations in the computational tools
used to analyze them, have hindered the interpretability of biomarker discovery studies. I n this article, the
various methods of feature selection are described along with the important steps needed to properly validate
the performance of the selected methods. L imitations and suggestions toward uses of these methods are
discussed.
Journal of Investigative Dermatology (2019) 139, 2068e2074; doi:10.1016/j.jid.2019.07.682

CME Activity Dates: 19 September 2019
Expiration Date: 18 September 2020
Estimated Time to Complete: 1 hour
Planning Committee/Speaker Disclosure: All authors, planning committee members, CME committee members and staff
involved with this activity as content validation reviewers
have no ﬁnancial relationships with commercial interests to
disclose relative to the content of this CME activity.
Commercial Support Acknowledgment: This CME activity is
supported by an educational grant from Lilly USA, LLC.
Description: This article, designed for dermatologists, residents, fellows, and related healthcare providers, seeks to
reduce the growing divide between dermatology clinical
practice and the basic science/current research methodologies on which many diagnostic and therapeutic advances are
built.
Objectives: At the conclusion of this activity, learners should
be better able to:
 Recognize the newest techniques in biomedical research.
 Describe how these techniques can be utilized and their
limitations.
 Describe the potential impact of these techniques.

INTRODUCTION
Is bigger data always better data?

Biomarkers play an important role in helping to improve
early diagnosis of disease and prognosis of treatments. For
diseases where early diagnosis greatly improves survival
rates, such as melanoma, the identiﬁcation of improved
biomarker-based predictive models that are quantitative,

CME Accreditation and Credit Designation: This activity has
been planned and implemented in accordance with the
accreditation requirements and policies of the Accreditation
Council for Continuing Medical Education through the joint
providership of Beaumont Health and the Society for Investigative Dermatology. Beaumont Health is accredited by
the ACCME to provide continuing medical education
for physicians. Beaumont Health designates this enduring
material for a maximum of 1.0 AMA PRA Category 1 Credit(s). Physicians should claim only the credit commensurate
with the extent of their participation in the activity.
Method of Physician Participation in Learning Process: The
content can be read from the Journal of Investigative
Dermatology website: http://www.jidonline.org/current. Tests
for CME credits may only be submitted online at https://
beaumont.cloud-cme.com/RTMS-Oct19 e click ‘CME on
Demand’ and locate the article to complete the test. Fax or
other copies will not be accepted. To receive credits, learners
must review the CME accreditation information; view the
entire article, complete the post-test with a minimum performance level of 60%; and complete the online evaluation form
in order to claim CME credit. The CME credit code for this
activity is: 21310. For questions about CME credit email
cme@beaumont.edu.

reliable, economic, and easy to interpret would substantially improve patient well-being. Consequently, a myriad
of reports connecting patient diagnosis or outcome to
quantitative measurements—ranging from gene expression
level or methylation status to clinical images analyzed by
artiﬁcial intelligence—have emerged in recent years
(Conway et al., 2019; Esteva et al.,2017; Shen et al., 2018).

1

Department of Dermatology, University of California, San Francisco, California, USA; 2Department of Dermatology, University of Utah School of Medicine, Salt
Lake City, Utah, USA; and 3Huntsman Cancer Institute, University of Utah, Salt Lake City, Utah, USA

Correspondence: Robert L. Judson-Torres, Huntsman Cancer Institute, 2000 Circle of Hope Drive, Room 2713, Salt Lake City, Utah 84112. E-mail:
judsontorreslab@gmail.com
Abbreviation: miRNA, microRNA
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SUMMARY POINTS
 Feature selection can be used to help with
biomarker studies by providing more
interpretable and possibly more relevant targets
that could improve classiﬁcation performance.
 There are many feature selection methods that
can be used, each with unique beneﬁts and
weaknesses to be considered varying from
balancing speed and simplicity with performance
and complexity of interactions used.
 Regardless of how features are selected, proper
validation is needed to avoid overﬁtting and to
obtain the best real-world estimates of the
performance of the model.

LIMITATIONS
This review provides an introduction to the use of feature
selection for biomarker discovery, intended to aid in the
assessment of published reports, but does not capture all
the complexities involved in applying the methods. It is
important to be cautious of overﬁtting when conducting
any form of feature selection as overoptimistic estimates
of performance can easily be obtained.

Given the number and size of datasets, and the range of
advanced analytical methods available, it can be difﬁcult to
assess the degree of accuracy and generalizability of each
individual study. The purpose of this review is to provide a
practical guide for the assessment of biomarker discovery
using feature selection for researchers and clinicians who
are not specialized in data science.
In the age of big data, biomedical researchers are often
presented with the challenge of “wide” datasets—the
consequence of studies where sample size is dwarfed by
the number of measured characteristics from each sample.
Wide datasets are usually associated with high
throughputeomics approaches, such as next generation
genomic or transcriptomic sequencing, metabolomics,
proteomics, and lipidomics, but can also include other
types of datasets, such as clinical images or information
from electronic health records. Each measured characteristic for a given sample, whether categorical values (e.g.,
sex, race) or numerical values (e.g., age, gene expression
level), is considered a feature of that sample (Figure 1a).
The full set of different features collected from a set of
samples is the feature space. When searching for candidate
biomarkers, investigators identify features or sets of features
from the feature space that are associated with one speciﬁc
target feature (also called target class) of interest, such as
clinical outcome. Predictive models can then be generated
by ﬁrst training a function to best map these features to a
target class. The trained model can then be tasked to
identify the target class of new samples based only upon

the selected features that provided the most accurate
mapping. This process of feature selection can involve the
application of common statistical tests (with which most
researchers are familiar) or more computationally
demanding machine-learning classiﬁers (often considered a
“black box”). In all cases, the use of wide datasets for
biomarker discovery runs the risk of false discovery via
overtraining, and external datasets are required for validation. This review highlights the strengths, weaknesses, and
appropriate application and validation of approaches to
feature selection.
WHAT IS FEATURE SELECTION?

When dealing with wide datasets, a variety of dimensionality reduction techniques are available, such as feature selection and feature extraction. The purpose of these
techniques is to remove irrelevant and redundant features.
Feature selection is the process of reﬁning a large set of
variables or characteristics to a subset that optimally separates two or more target classes of samples. Feature extraction transforms the features into a smaller feature space by
combining them into new features that still represent the full
feature set, instead of taking a subset. Whereas both feature
selection and extraction serve the goal of optimizing the
feature space, feature selection maintains the original identity of the features, which allows for better interpretability
and, therefore, more readily accessible targets for a
biomarker study. Both methods are powerful tools for identifying the features that best map samples to speciﬁc target
classes.
As performance of predictive models tends to decrease
when too many features are considered (Figure 1b), successful biomarker discovery relies on appropriate feature
selection approaches. Feature selection can help improve
the performance and utility of a predictive model by
eliminating confounding variables, providing simpler
models less prone to overﬁtting, optimizing the efﬁciency
and reducing the cost of future data collection, and highlighting variables that can be examined for causal links to
the predicted class (Guyon and Elisseeff, 2003). The
fundamental goal of all feature selection methods is to
remove features that are, at best, irrelevant or redundant for
a predictive model or, at worse, add noise into the model.
The process can use a broad range of computational and
statistical methods and be automatic through algorithmbased selection or manual through user-selected
thresholding.
Features can be ranked based upon a desired criterion
and are often combined with various methods of predictive
modeling. Strategies for using feature selection in modeling
can generally be divided into three subtypes: feature
ﬁltering, feature wrappers, and embedded methods (Saeys
et al., 2007; Figure 1c). Criteria used to establish feature
rank depends on the method used. Feature ﬁltering utilizes
traditional univariate statistical methods such as t test or
correlation to rank features based on relevance using a Pvalue or degree of information gain. An arbitrary userdeﬁned threshold is then often used to select top ranked
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features for use in training a predictive model. Feature
ﬁltering methods have the beneﬁt of being fast, simple, and
straightforward to interpret. An example of successful
feature ﬁltering was reported in a recent article identifying
a microRNA (miRNA) signature for cutaneous T-cell lymphoma by comparing the top differentially expressed miRNAs shared between two datasets (Shen et al., 2018). In
this report, the authors identify ﬁve miRNAs of over 1000
from Agilent and Affymetrix miRNA microarrays, the
expression of which predicts a diagnosis of cutaneous Tcell lymphoma with 96% sensitivity and 72% speciﬁcity
upon validation. However, because each feature is
considered independently, feature dependencies are not
detected when using this approach. For example, two
highly ranked features may provide redundant information,
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Target
Classifier Performance

Figure 1. Features and feature
selection. (a) Any measured
characteristic or variable can be
considered a feature. Within this
example dataset, samples contain both
categorical features (red), such as the
sex of the patient or location of the
lesion, and numerical features (blue),
such as the age of the patient or the
expression level of an RNA biomarker.
Together, these features represent the
independent variables for the dataset,
whereas the target variable (diagnosis
from pathology; orange, also a feature)
is the dependent variable. (b) As the
number of features increases, the
performance of predictive models
increases up to an optimal point.
However, the addition of more
features with a limited-sized training
set will degrade performance. (c)
Differences between the following
three feature selection methods: ﬁlter,
wrapper, and embedded.
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or, in contrast, two poorly ranked interdependent features
may become highly predictive only when both are
considered (Guyon and Elisseeff, 2003). Feature ﬁltering
allows initial estimates of predictive performance, but other
feature selection methods often outperform ﬁlter methods
(Kohavi and John, 1997).
Unlike feature ﬁlters, wrappers and embedded methods
couple feature ranking and selection directly with the
training of a classiﬁer. The types of classiﬁers used in these
approaches are myriad, and their application has been
reviewed extensively (Aggarwal, 2014; Maglogiannis,
2007). Some popular examples include linear models,
such as logistic regression and support vector machines;
decision tree-based models, such as classiﬁcation and
regression trees and random forest; and probabilistic based
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What is Overfitting ?
Model 2

Model 3

Underfit

Good fit

Overfit

Accuracy 75%

Accuracy 90%

Accuracy 100%

Accuracy 55%

Accuracy 90%

Accuracy 70%

Test Data

Training Data

Model 1

Figure 2. What is overﬁtting? When conducting feature selection and model
building, it is crucial to avoid overﬁtting. Overﬁtting occurs when the model is
built to best describe the training data but fails to ﬁt any new data. In this
example, three models are built on the training data to separate two classes.
When evaluating the performance of the models on the test dataset, it is clear
that model 1 is underﬁt (because it does poorly on both sets), model 2 is
properly ﬁt (because it has similar performance on both sets), and model 3 is
overﬁt (because the performance is overestimated in the training set).
Overﬁtting can be avoided by generally using simpler models and minimizing
the number of input factors in a model. Regardless of the model or feature
selection method used, it is important to evaluate the generalization of the
model with proper validation.

models, such as naïve bayes. Wrappers and embedded
methods rank and select features using the performance of
these classiﬁcation models trained with subsets of features.
Thus, features are ultimately selected if they consistently
permit optimal performance of a predictive model. Wrappers provide a method to iteratively test feature subsets
with any classiﬁer that ranks features based upon a measure of prediction performance, thus identifying the optimal
performing subset of features. Considering that an exhaustive search of all subsets of features would be too
computationally expensive, search algorithms are implemented, such as backward and/or forward selection and
genetic algorithms. This combination of a classiﬁer with a
search algorithm constitutes a wrapper method. Wrapper
methods evaluate feature dependencies and permit ﬂexibility in the classiﬁer; however, because each iteration in
the feature selection creates a new subset to test, it grows
exponentially with the number of features, resulting in
methods that are both computationally demanding and
have a higher chance of overﬁtting the data (Figure 2).
Embedded methods are classiﬁers that have a built-in
process of feature selection, which means that unlike
wrappers, they do not separate the learning from the
feature selection steps. These methods include random
forest and other decision tree-based models, as well as
regularized methods like LASSO. In a recent study, an
embedded method was used to identify a 40-CpG classiﬁer for distinguishing primary invasive melanoma from

nevi, with sensitivity of 96.6% and speciﬁcity of 100%
upon validation (Conway et al., 2019). The investigators
used a method called elastic net. After each iteration of
this method, features that are not important for the model
are moderately penalized, such that their potential
contribution to the model during the next iteration is
reduced. Over many iterations, the contribution of features that are consistently unimportant is reduced to zero
and, conversely, the contribution of features that are
consistently important is ampliﬁed in comparison. By
applying this method, 40 methylation sites of 41,448
probes were found to be predictive of a malignant
diagnosis, when considered in aggregate. Embedded
methods have the beneﬁt of being faster than wrapper
methods while still incorporating feature subsetting and
feature dependencies into classiﬁer construction; however, they are limited to speciﬁc prebuilt classiﬁers, such
that features determined from one classiﬁer might not
work with another. Each of these models and documentation for their application are available for investigators
trained in the R or python languages. Several recent and
excellent reviews provide detailed descriptions of how to
apply these methods (Perez-Riverol et al., 2017). A case
study, including sample data, code, and instructions, is
provided as supplementary materials for this review. An
investigator with basic training in R can use these materials to gain an introduction to recursive feature elimination, and the concepts of redundancy and noise in a
feature space.
Feature selection can be a powerful method for
improving the classiﬁcation performance of candidate
biomarkers (Hemphill et al., 2014). However, there are
important limitations that need to be acknowledged when
choosing a speciﬁc method and evaluating the feature
subsets and performance. First, it is important to know the
limitations and advantages of each method (Figure 1c).
Second, an investigator must appreciate that there is no
single feature selection method that is guaranteed to
improve performance. Third, scalability can also be a
problem especially with very large or small datasets as a
small dataset might not properly determine the relevance
of features and a large dataset can require too much
computation to use some feature selection methods.
Finally, when comparing models, it is also critical to understand the concept and role of stability. Stability refers
to the robustness of the feature subset selection to differences in the training set sampling. In an unstable method,
small differences in the training set sampling can result in
completely different sets of selected features, each of
which produce equivalent performance. More stable results can be obtained from ensemble methods that have
been developed to minimize this problem by combining
ranks from multiple tests or using bootstrapping to aggregate results (He and Yu, 2010). In a recent study, we used
an ensemble method Boruta (Kursa and Rudnicki, 2010) to
ﬁnd a consistent set of miRNAs for classiﬁcation of primary melanoma from nevi (Torres et al., in press),
addressing the previously described poor stability of
miRNA biomarkers for melanoma detection (Jayawardana
et al., 2016). With this method, during each iteration, a
www.jidonline.org
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Figure 3. Feature selection workﬂow. Example of feature selection workﬂow from a study of miRNAs as biomarkers for melanoma. (a) The study generated a
wide dataset, with many more features than samples, using next generation sequencing. A feature selection method called Boruta was used to test the importance
of each miRNA for accurate classiﬁcation over 1000 iterations, as compared to randomly generated artiﬁcial features (shadow features). Six miRNAs were
signiﬁcantly more important than both the median and the top performing shadow feature. (b) The study then considered only the expression of the feature
selected miRNAs over a larger sample set. Cross-validation was used to compare the accuracies of several models. ROC curves and AUC for each model are
shown. Sensitivity and speciﬁcity corresponding to black points are shown. (c) A third external dataset was generated to validate the optimally performing
random forest model. AUC, area under the curve; GLM, generalized linear model; M, median performing; miRNA, microRNA; NB, naïve bayes; RF, random
forest; ROC, receiver operating characteristic; Sens, sensitivity; Spec, speciﬁcity; X, top performing.

number of artiﬁcial features equal to the number of
measured features are generated by randomizing the
values of each feature. A model is then trained using the
random forest method, and both real features and artiﬁcial
features (called shadow features) are ranked based upon
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importance for predictive accuracy. Only those features
that consistently score better than all shadow features are
retained for further iterations. In doing so, features less
likely to add to performance are eliminated and features
that stably contribute to performance are retained. In this
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Validation Methods
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Training Data
CV Loop
Validation
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Figure 4. Validation methods. Summary of the important uses of validation methods when building a model regardless if feature selection is used. Crossvalidation or holdout set splits can both be used to test performance of model parameters and feature sets, but a separate validation with an external dataset is
needed outside of cross-validation to determine the generalizability of the model. CV, cross-validation.

study, the investigators used this approach to ﬁrst identify
six microRNAs with diagnostic value from a wide dataset
(Figure 3a). Just these six features were then measured in a
much larger cohort and used to identify an optimal classiﬁcation model using cross-validation to test performance
(Figure 3b). Finally, the generalizability of the model was
tested using a third external validation cohort (Figure 3c).
These types and purposes of validation are discussed in
the next section.
VALIDATION APPROACHES IN BIOMARKER DISCOVERY

After wide datasets are reﬁned to just those features that
optimally separate samples into classes of interest using a
trained model, validation processes are used to determine the
generalizability of the model. Standard practice with a sufﬁciently sized dataset is to split samples into training and test
sets (Figure 4). The training set is used to perform feature
selection, classiﬁer selection, and ultimately train a predictive
model, whereas the test set is held in reserve to validate the
trained model. Variations on this method provide non-biased
performance data from samples that were not used to train the
model. However, since all samples originally came from the
same dataset, this method of validation is not a strong indicator of real-world performance. Biases, noise or confounding
variables introduced by the method of sample collection, the
location or time the samples were collected, the technologies
used to measure features, or the researchers collecting the
samples are not taken into account when using this approach.
Further testing on an external validation set with a completely
separate population sample can better estimate real-world
performance of the model. If conducted with a large dataset, this external validation can also allow for interrogation of

performance that is dependent on speciﬁc subgroups and
used to reassess the utility of the model in speciﬁc clinical
settings (Figure 4). It is important to note that these described
strategies for validation represent a baseline for candidate
biomarker identiﬁcation for the assessment of discoverybased reports. Further clinical validation requires extensive
assay development and subsequent testing at different sites
(Voskuil, 2015).
Worth discussion is the practice of cross-validation. Crossvalidation involves removing a portion of the training data,
optimizing with the remainder, and testing with the withheld
data. Unlike the training set/test set division described above,
many iterations of data withholding and testing are conducted, and average aggregated performance measurements
are used to identify an optimal model. When conducting
feature selection, classiﬁer selection, and model training,
cross-validation is an excellent strategy for optimizing model
parameters with minimal bias and is commonly applied.
However, as the process inherently resamples the same data
set for both training and testing, cross-validation should not
be considered a substitution for the validation strategies
described earlier.
SUMMARY

Feature selection can be a powerful method for improving
classiﬁcation performance. When evaluating methods, it is
important to note that no one method will always perform
better than others. Knowing the limitations of the dataset
and using multiple methods can increase the chance of
ﬁnding an optimal model. Regardless of the feature selection methods used, proper validation prevents false
assumptions from the dataset and maximizes the
www.jidonline.org
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MULTIPLE CHOICE QUESTIONS
1. Which of the following is NOT a beneﬁt of
feature selection?
A. It can reduce overﬁtting
B. It can help remove irrelevant and redundant
features
C. It can transform all features into a smaller
feature space
D. It allows for the selection of more
biologically relevant targets associated with
target class
2. The advantages of embedded feature selection
methods include all of the following, EXCEPT:
A. Take advantage of feature dependencies
B. Combine features subsetting and classiﬁer
construction
C. Are more computationally efﬁcient than
wrapper methods
D. Can be used with any classiﬁcation method
3. Which of the following is NOT a possible cause
of overﬁtting the model?
A. Using too many model parameters for the
size of the dataset
B. Using cross-validation during model building
C. Having many irrelevant features
D. Using less of the data
4. The external validation dataset is used for which
of the following?
A. Validating model parameters optimized
during training
B. Testing the generalizability of a training
model on data not used for training
C. To remove all bias from training data
D. Testing the generalizability of a model to an
outside population
5. Which of the following is an appropriate use of
cross-validation?
A. Validating model parameters optimized
during training
B. Testing the generalizability of a training
model on data not used for training
C. To remove all bias from training data
D. Testing the generalizability of a model to an
outside population
Note: See online version of this article for a detailed
explanation of correct answers.

generalization of the model on future data. Researchers,
dermatologists, and dermatopathologists interested in
assessing the generalizability of reported predictive models
should consider the rationales behind each applied
method and the types of validation sets tested. The combination of these methods can help ensure the reliability
of new diagnostic and prognostic biomarkers for dermatological diseases.
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Research Techniques Made Simple: An Introduction
to Drug Discovery for Dermatology
Mark Bell1, Lauren Webster2 and Andrew Woodland1
This article aims to provide an overview of drug discovery with a focus on application within dermatology. The
term “drug” can be used to describe a wide variety of agents, including small molecules, cell therapies, and
antibodies, which may be dosed intravenously, orally, topically, or by other routes of administration. We
summarize the economics and risks involved in drug discovery. Understanding the needs of patients and
clinicians through use of a target product profile before initiating drug discovery can reduce time and effort
spent developing a poor or unneeded drug. For small molecule drug discovery, a chemical starting point is then
required. We present four options for finding a chemical starting point for drug discovery projects: screening
libraries of compounds or modifying, reformulating, or repositioning a known drug. Examples of each technique’s use in dermatology are provided. We also describe the subsequent steps involved in discovery of a new
drug. To help interested readers, we provide information on how to engage with academic drug discovery
centers or industrial partners.
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INTRODUCTION

Drug discovery is a complex, slow, risky and expensive
process (Figure 1). It is estimated that it takes, on average,
around 10e15 years and $1.8 billion of investment for each
new drug launched (Paul et al., 2010). Only around one in 24
projects successfully deliver a drug, with many failures

CME Accreditation and Credit Designation: This activity has
been planned and implemented in accordance with the
accreditation requirements and policies of the Accreditation
Council for Continuing Medical Education through the joint
providership of Beaumont Health and the Society for Investigative Dermatology. Beaumont Health is accredited by
the ACCME to provide continuing medical education
for physicians. Beaumont Health designates this enduring
material for a maximum of 1.0 AMA PRA Category 1 Credit(s). Physicians should claim only the credit commensurate
with the extent of their participation in the activity.
Method of Physician Participation in Learning Process: The
content can be read from the Journal of Investigative
Dermatology website: http://www.jidonline.org/current. Tests
for CME credits may only be submitted online at https://
beaumont.cloud-cme.com/RTMS-Nov19 e click ‘CME on
Demand’ and locate the article to complete the test. Fax or
other copies will not be accepted. To receive credits, learners
must review the CME accreditation information; view the
entire article, complete the post-test with a minimum performance level of 60%; and complete the online evaluation form
in order to claim CME credit. The CME credit code for this
activity is: 21310. For questions about CME credit email
cme@beaumont.edu.

occurring toward the end of the process in expensive Phase II
and Phase III clinical trials. As a result, drug discovery is
dominated by the cost of failure (Figure 1) (Paul et al., 2010).
The pharmaceutical industry delivered many new valuable
therapies for dermatology between the 1950s and 1990s
(Benedek, 2011). Dermatology then experienced a hiatus,
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KEY POINTS
 Drug discovery is expensive, time-consuming,
and risky. To discover a drug, it is estimated that
on average 24 projects must be started, at a total
cost of around $1.8 billion over 10e15 years.
 Drugs may be small molecules or biological
therapies and may be designed for application
through a range of routes of administration.
 Before starting a project, the acceptable success
criteria are deﬁned in a target product proﬁle.
 The process of discovering a drug can be broken
down into a series of stages. Hit identiﬁcation, hit
to lead, and lead optimization describe progress
toward inventing a potential drug (discovery);
pre-clinical development, Phase IeIII clinical
trials, and registration are stages of drug
evaluation and approval (development).
 There are a number of approaches to the
discovery of a small molecule drug, each with
their advantages: screening, fast follower,
repositioning, and reformulation.

with most therapeutic innovation focusing on the optimization of dosage or delivery vehicles, rather than the discovery
of new medicines (Humphries et al., 2016). Today, however,

dermatology is attracting record levels of investment, with 28
new approvals in the last 5 years for drugs treating skin disease (Table 1) (CenterWatch, 2019).
TYPES OF DRUGS FOR DERMATOLOGY

Discovering a drug for dermatology is in most ways identical
to any other indication. A drug treating a dermatological
condition may be an oral, topical, or injectable lowmolecular-weight small molecule (usually 200e600 Da).
Alternatively, it may be a biological agent such as an antibody, silencing RNA, peptide replacement, or cell therapy.
Each type of drug has advantages and disadvantages that must
be considered during development. Similarly, the discovery
and development of different classes of drug will require the
input of specialist experts in drug design, manufacture, and
clinical development.
The complexity of drug development means that no one
person can discover a drug. Interested parties are therefore
encouraged to seek out collaborators or partners who can
complement their skill sets.
CENTERS OF EXCELLENCE

In the last 10 years, there has been a large increase in the
number of not-for-proﬁt drug discovery facilities. The Academic Drug Discovery Consortium lists 149 centers worldwide (Academic Drug Discovery Consortium, 2018). These
centers typically work on a wide range of targets and diseases,
although some focus on speciﬁc therapeutic areas. The centers can offer a range of capabilities, allowing them to
collaboratively run early- to mid-stage projects.

Figure 1. An overview of the drug discovery process. The numbers for success rate, projects per launch, total cost, and cost of capital were taken from a wellaccepted economic model of drug discovery (Paul et al., 2010). Success rate refers to the proportion of projects successfully progressing to the next stage of
development. The cumulative success rate allows calculation of the number of projects required at each stage to deliver one new drug launch, on average (No. of
projects per launch). Total cost refers to the cumulative cost of all projects required at a given stage of development to deliver one drug launch. The costs include
the cost of capital (11%) that accounts for the lost opportunity cost of developing a drug compared with a comparable investment. ID, identiﬁcation; No.,
number.
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Table 1. FDA Drug Approvals for Dermatology, 2014e2018
2014
Dalvance for acute bacterial
skin and skin structure
infections
Jublia 10% topical gel for
onychomycosis of the toenails
Kerydin for onychomycosis of
the toenails
Orbactiv for acute bacterial
skin and skin structure
infections
Otezla for moderate to severe
plaque psoriasis
Sivextro for acute bacterial
skin and skin structure
infections
Soolantra cream, 1% for
inﬂammatory lesions of
rosacea

2015

2016

2017

2018

Cosentyx for plaque
psoriasis

Ameluz for actinic
keratosis

Cimzia for moderate-tosevere plaque psoriasis

Enstilar for psoriasis

Eucrisa ointment for
atopic dermatitis
Taltz for plaque
psoriasis

Baxdela for the treatment of
acute bacterial skin and skin
structure infections
Dupixent for atopic dermatitis

Kybella for submental
fat
Odomzo for locally
advanced basal cell
carcinoma

Eskata for seborrheic keratosis
Imbruvica for chronic graftversus-host disease
Rhofade for facial erythema
associated with rosacea
Siliq for plaque psoriasis

Ilumya for plaque
psoriasis
Libtayo for cutaneous
squamous cell carcinoma
Nuzyra for acute bacterial
skin and skin structure
infections
Qbrexza for primary
axillary hyperhidrosis
Seysara for moderate to
severe acne vulgaris

Tremfya for moderate-tosevere plaque psoriasis
Xepi for impetigo

Abbreviation: FDA, Food and Drug Administration.
The table does not include systemic treatments for metastatic cancers of skin origin or cancers of skin origin with high metastatic potential such as melanoma.
Libtayo is approved for locally advanced squamous cell carcinoma as well as metastatic squamous cell carcinoma and is therefore included.

There are, however, few centers that are capable of progressing projects through all stages of a drug discovery process, although these do exist and are increasing in number
(Frye et al., 2011; Tralau-Stewart et al., 2014).
Most pharmaceutical companies describe on their websites
how they engage with academic or clinical partners. Examples of dermatology-focused companies include Almirall,
LEO Pharma, Galderma-Nestlé Skin Health, Pierre Fabre,
GSK-Stiefel, and Maruho Co. Ltd. This list is not exhaustive
and there are many other companies (small and large) with an
interest in dermatology.
INITIATING A NEW DRUG DISCOVERY PROJECT: DEFINING
SUCCESS

Before commencing drug discovery, a project ﬁrst must
consider carefully what patient and healthcare professionals
need in a new product. This information is usually gathered
in the form of a target product proﬁle (TPP) (Table 2). The
TPP is a strategic document that deﬁnes the required
development outcome. Project teams work back from the

TPP to deﬁne the success criteria for each stage of the
project (Figure 1). TPPs are rarely published by companies,
as they are considered to be commercially sensitive. However, some not-for-proﬁt organizations publish their TPPs,
which can serve as useful templates (Drugs for Neglected
Diseases Initiative, 2018).
A TPP consists of a series of questions that focus on what is
acceptable rather than on desirable traits. For instance, which
patient populations are in need of a new therapeutic? Must
the drug be taken as a tablet, an injection, or a topical agent?
Similarly, what level of clinical beneﬁt is required to replace
or supplement the standard of care?
INITIATING A NEW DRUG DISCOVERY PROJECT: FINDING A
STARTING POINT

Having deﬁned success criteria with a TPP, the team must
then decide where the project will ﬁnd a chemical or biological starting point. For small molecule drug discovery there
are four main options.

Table 2. A List of Common Questions in a TPP
Topics
Indications
Populations
Clinical efﬁcacy
Safety and
tolerability
Stability
Route of
administration
Dosing frequency
Cost

Objectives
Disease of study
Which patient population does the TPP refer to?
What are the weaknesses in the current treatments? What is required to supplant or supplement current treatments?
Are any side effects acceptable? If so, what level of, and what form of, side effects would be tolerated in the patient population?
How long and in what state can the therapy be stored? Is refrigeration acceptable?
Which routes of administration are acceptable for the indication/patient population?
How often and how long is treatment acceptable for the patient population, when considering requirements for cure or maintenance of
disease remission?
What cost would the target patient population (or payer organization) tolerate for a new treatment?

Abbreviation: TPP, target product proﬁle.
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Figure 2. An illustration of the fast
follower approach. Many JAK
inhibitors contain common features
(blue), whereas other elements differ
(black) with the aim of delivering an
improved therapeutic proﬁle for a
targeted patient population.
Remetinostat contains a common
HDAC binding motif (blue) but
incorporates metabolically labile
esters (red). HDAC, histone
deacetylase; JAK, Janus kinase.

Screening

For novel biological targets where there are no known
drugs, the project will need to ﬁnd a small molecule
starting point for the project that is called a hit. The most
common screening method is high throughput screening.
This involves the testing of thousands to millions of
diverse chemical compounds either directly against the
drug target biochemically (target-based screening) or in a
cellular system (phenotypic screening). Active hits
should be carefully assessed to ensure that they are true
positives.
The hit is then optimized in a phase called hit to lead. An
iterative design-make-test approach is employed, where the
chemical structure is altered to optimize activity, selectivity,
and physical properties. The resulting leads are tested to
determine their pharmacokinetic proﬁle and tolerability in
animals. If the leads are predicted to be safe and effective,
they are then tested in animal models of disease. However,
they may be evaluated in cellular or ex vivo models when no
suitable animal model exists. If a lead is active in the animal
model, and assuming the project has not identiﬁed other
signiﬁcant issues, it then progresses into a phase called lead
optimization (LO).
In LO, multiparametric optimization is conducted to ﬁnd
the optimal balance of properties, including the drug’s
physical characteristics and biological activity as well as
the pharmacokinetic and safety proﬁle. LO can be a
lengthy process that involves large teams of chemists as
well as expensive assays and experiments, including
employing cellular and animal models of drug exposure,
2255 Journal of Investigative Dermatology (2019), Volume 139

safety, and efﬁcacy. If successful, LO culminates in
the declaration of a preclinical candidate. At this point, the
molecular structure of the drug is no longer altered; the
drug has been discovered. It will then progress through
manufacturing process development and regulatory toxicity
testing (preclinical development), to assess safety before
initiating human trials (Phase I).
Typically, it is easiest to obtain a patent position in a project
that starts from a library screen. However, it is the most time
consuming, complex, and expensive approach to drug
development. It is important to highlight that historically
dermatology has not been the initial focus of drug discovery
efforts on novel biological targets. For example, phosphodiesterase 4 (O’Donnell and Zhang, 2004) and Janus kinase
(JAK) inhibitors (Hutmacher et al., 2008) were initially evaluated in clinical trials of non-skin diseases before their use in
dermatology was explored. Screening approaches to drug
discovery therefore have been comparatively rare in
dermatology.
Fast follower

The observation of Nobel laureate Sir James Black that “the
most fruitful basis for the discovery of a new drug is to start
with an old drug” is still true today. This maxim can be
applied to repositioning, reformulation, and fast follower approaches to drug discovery, all of which enable researchers to
deliver effective therapies to patients in the shortest possible
time.
The fast follower approach starts with a known drug that is
altered with the aim of delivering an improved therapeutic
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MULTIPLE CHOICE QUESTIONS
1. According to a published estimate, how much
does it cost to discover a drug?
A. $94 million
B. $0.9 billion
C. $1.8 billion
D. $3.0 billion
2. What is a good approach to ﬁnding a hit
(chemical starting point) for a novel drug target?
A. High throughput screening
B. Repositioning
C. Fast follower
D. Reformulation
3. What is the primary deliverable of the lead
optimization stage of the drug discovery
process?
A. A lead with activity in animal models
B. A preclinical candidate
C. An approved drug
D. A clinical candidate
4. What is the main weakness in a repositioning
project relative to other approaches?
A. It is more expensive.
B. It is less likely to succeed.
C. Intellectual property protection can be
challenging.
D. It requires additional technical expertise.
5. How many new projects are required to deliver
one new drug?
A. 24
B. 1
C. 10
D. 12
See online version of this article for a detailed explanation of correct answers.

proﬁle. These projects start in the LO phase, skipping the
early stages and saving time and effort. Fast followers often
aim to deliver improved selectivity and safety proﬁles. In
dermatology, an oral drug may be redesigned and optimized
for use as a topical therapy.
The JAK inhibitors are promising therapies under investigation for use in dermatology. Tofacitinib was the ﬁrst JAK
inhibitor to be approved (Cotter et al., 2018). Ruxolitinib
and baricitinib, which are being evaluated in clinical trials,
may be considered fast followers as they contain many
structural features present in tofacitinib (Figure 2) (Cotter
et al., 2018). Fast followers often will have altered clinical
proﬁles, as even small changes to a drug’s chemical structure can lead to large differences in selectivity or other
properties. This is especially evident when the fast follower

is designed for use in a new route of administration, for
instance, topical versus oral.
The fast follower approach is well suited to the discovery
of topical soft drugs. Soft drugs are stable and active when
locally applied to skin but on entering the blood are rapidly
metabolized. Remetinostat is a recently discovered soft drug
topical histone deacetylase (HDAC) inhibitor that contains a
commonly used HDAC binding motif but incorporates ester
soft drug groups that are rapidly metabolized (Figure 2). In a
phase II trial for the treatment of mycosis fungoides, 40% of
patients treated twice daily with 1% remetinostat gel achieved a conﬁrmed response but lacked the side effects
associated with systemic HDAC inhibitors (Duvic et al.,
2018).
A key beneﬁt of a fast follower approach over repositioning
or reformulation is that it enables composition of matter patents to be ﬁled covering the intellectual property associated
with the new drug. This protects the interests of the drug
discovery companies or investors who must pay for expensive
clinical trials.
Repositioning

The quickest approach to drug discovery is the repurposing or
repositioning of existing drugs (Barratt and Frail, 2012).
Although only approximately 10% of new chemical entity
applications obtain market approval, it is estimated that
nearly 30% of repurposed drugs do so, providing a signiﬁcant
incentive for ﬁnding ways to repurpose existing drugs
(Kaiser, 2011).
Discovering a new use for an existing drug has some clear
advantages. In general, the safety, efﬁcacy, and toxicity of the
existing drug has been studied extensively. Repurposed drugs
do however require some exposure to the drug discovery
process to check that the drug is effective in disease relevant
models of the proposed indication.
As the chemical structure of the drug is not novel,
composition of matter patents are not an option; however,
other approaches to gaining a commercially viable product
may be possible, such as ﬁling a use patent or seeking regulatory protection (Smith, 2011).
A fascinating example for dermatology is the repurposing of
thalidomide, a drug previously used as a sedative that had the
adverse effect of causing thousands of birth defects (McBride,
1961). In 1998, thalidomide was approved as a new treatment for erythema nodosum leprosum, a painful skin condition arising in patients with leprosy (Figure 2) (Teo et al.,
2002). By avoiding treatment of pregnant mothers, the primary side effect (birth defects) is avoided. A recent study of
the topical pharmacokinetics of tofacitinib (Purohit et al.,
2019) illustrates a general observation that topical application of a drug to a body surface area of <30% rarely leads to a
systemic drug concentration sufﬁcient to lead to side effects.
Repositioning can therefore be a particularly effective strategy
in dermatology.
Reformulation

Reformulation is a subcategory of repositioning that is
common in dermatology. It is often used when it is desirable to reposition an existing drug for use in a dermatological condition, but the existing drug has been
www.jidonline.org 2256
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formulated for oral use (Abadir et al., 2018). It is also used
to combine two effective agents into one formulation to
simplify treatment regimens or to provide an optimal
dosage for improved efﬁcacy. The reformulation of oral
drugs for topical use still requires development of a safe
and patient-friendly formulation and testing in animal
models to assess the safety and efﬁcacy of the new
formulation before human clinical trials.
A recent example of reformulation is valsartan (Abadir
et al., 2018). Valsartan is an approved therapy for the management of blood pressure (Figure 2). In preclinical studies,
1% valsartan gel accelerated wound closure in mice and
porcine models, and the approach may provide a valuable
new therapy for the treatment of chronic wounds in patients
with diabetes (Abadir et al., 2018).
SUMMARY

In the authors’ experience, the most effective drug discovery
projects involve a wide range of stakeholders. We hope that
in this article we have provided an outline of why drug discovery matters, what’s involved, and how you, the reader,
can contribute to the development of meaningful new therapies for patients.
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Research Techniques Made Simple: Molecular
Docking in Dermatology - A Foray into In Silico
Drug Discovery
Naiem T. Issa1, Evangelos V. Badiavas1 and Stephan Schürer2
Drug discovery is a complex process with many potential pitfalls. To go to market, a drug must undergo
extensive preclinical optimization followed by clinical trials to establish its efficacy and minimize toxicity and
adverse events. The process can take 10e15 years and command vast research and development resources
costing over $1 billion. The success rates for new drug approvals in the United States are < 15%, and investment
costs often cannot be recouped. With the increasing availability of large public datasets (big data) and
computational capabilities, data science is quickly becoming a key component of the drug discovery pipeline.
One such computational method, large-scale molecular modeling, is critical in the preclinical hit and lead
identification process. Molecular modeling involves the study of the chemical structure of a drug and how it
interacts with a potential disease-relevant target, as well as predicting its ADMET properties. The scope of
molecular modeling is wide and complex. Here we specifically discuss docking, a tool commonly employed for
studying drug-target interactions. Docking allows for the systematic exploration of how a drug interacts at a
protein binding site and allows for the rank-ordering of drug libraries for prioritization in subsequent studies.
This process can be efficiently used to virtually screen libraries containing over millions of compounds.
Journal of Investigative Dermatology (2019) 139, 2400e2408; doi:10.1016/j.jid.2019.06.129
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INTRODUCTION

Molecular recognition is a critical event in drug-protein interactions. Multiple theories regarding how a protein recognizes a drug exist, such as the lock and key, induced ﬁt, and
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conformational selection models. Generally, a drug enters the
protein binding pocket and interacts with the amino acid
(residue) side chains in the pockeet to form a complex—a
process typically governed by non-covalent bonding
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SUMMARY POINTS
 Computational molecular modeling tools aid in
drug discovery to increase throughput and
accuracy in preclinical lead identiﬁcation and
optimization
 Docking is the computational modeling of how
drugs can occupy and interact with protein target
binding sites
 Docking aids in narrowing the potential chemical
(drug) space from millions of compounds to tens
or hundreds for efﬁcient biological testing and
validation
 Open source software for molecular modeling
and docking are tools developed in academic
settings freely available for academicians to use
in their investigations

interactions (Kitchen et al., 2004). These interactions include
hydrogen bonding, van der Waals forces, metal coordination,
hydrophobic forces, pi-pi interactions, and electrostatic interactions. Thermodynamically, this protein-ligand binding
can be quantiﬁed by the free energy of binding (DG), which is
the free energy of the protein-ligand complex minus the free
energy of the protein and the ligand in their unbound
states. The greater (more negative) the DG, the greater the
stability of the ensuing complex and the more likely its
formation (Figure 1). DG includes enthalpy and entropy
(DG ¼ DH -TDS) and is directly related to the binding constant (DG ¼ RTlnKd). It is important to recognize that binding
free energy, in addition to non-binding interactions
mentioned above include solvation and desolvation, as well
as the internal energies of the protein and ligand (e.g., owing
to conformational changes upon binding and strain).
Molecular modeling aims to study drug-protein recognition
through the computational calculation of physical forces.
Speciﬁcally, molecular docking is a widely used technique to
systematically explore how a drug interacts in a protein
binding site, considering its conformations and orientations,
or poses, and the energetics of the interactions in the proteinligand complex to estimate the relative binding afﬁnity (DG)
in a computationally efﬁcient way via a so called scoring
function (Figure 2). In this sense, docking can be used to
predict the potential binding pose of a drug and the most
likely protein residue interactions based on the lowest (estimated relative) DG (Kitchen et al., 2004). Docking scoring
functions typically combine empirical terms (parametrized
based on known binding afﬁnities) and energy calculations
based on the speciﬁc types of interactions (e.g., electrostatic,
hydrophobic). Entropic contributions, such as ligand rotatable
bond restriction, may also be approximated depending on the
scoring function used. A docking score can, thus, be
considered an estimated relative DG; it is typically a relative
score useful to rank-order drugs and poses with respect to a
protein target but not an exact globally comparable binding
DG. Accuracy is also dependent on the scoring function used,
2401
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as each has been trained from different datasets (Wang et al.,
2016). Nonetheless, a great utility of docking is to priortize a
set of compounds for biological testing from extremely large
drug databases (e.g., over 100 million compounds) against
one or more proteins. As the biological high-throughput
screening of millions of compounds against a target is
generally economically or technically unfeasible, docking
allows investigators to expend resources on testing compounds with the greatest likelihood of interacting with their
target. It is now computationally feasible to dock hundreds of
millions of compounds and to identify novel activity from
only a small number (< 1,000) of the best ranked compounds
(Lyu et al., 2019). In contrast to biological screening, docking,
or computational screening in general, does not require a
physical sample. It is therefore possible to explore a very large
chemical space of up to hundreds of millions of compounds
and then acquire only the most likely active compounds for
biological testing.
In addition, docking can be used for understanding the
speciﬁc binding mode of drugs previously determined to bind
a target. This information is highly valuable, as further medicinal chemistry optimizations may be pursued to improve
binding against the target, avoid binding to undesirable offtargets, and also optimize ADMET.
DOCKING IN ACTION: EXAMPLES OF USE IN DRUG
DISCOVERY

One of the ﬁrst implementations of docking was by DesJarlais
and Dixon (DesJarlais and Dixon, 1994) for HIV drug discovery. They docked known HIV protease inhibitors into its
binding site and consequently designed a more potent inhibitor with an inhibitory constant (Ki) of 48 mM (Chenera
et al., 1993). Zhao et al. utilized docking to discover novel
inhibitors of JAK2, a critical member of the JAK-STAT signal
transduction pathway (Zhao et al., 2015). Using the
AZD1480 inhibitor-bound JAK2 crystal structure as a reference, they docked 3,010 drug-like molecules into the ATPbinding pocket and tested the top 10 compounds exhibiting
the best scores in an inhibitory assay. They found the aminopyridine ethyl 1-(5-([3-methoxyphenyl]carbamoyl)-3nitropyridin-2-yl)piperidine-4-carboxylate to be the most
potent inhibitor, and subsequent optimization resulted in a
low-micromolar inhibitory proﬁle. Later studies used docking
to screen large compound libraries against their protein of
interest. For example, Mirza et al. used docking to screen 18
million compounds against dengue virus nonstructural protein 3 (NS3) (Mirza et al., 2016), and ﬁve inhibitors were
identiﬁed with the ability to reduce virus titers in HUH7 cells
(Mirza et al., 2018).
In the context of dermatology, Mann et al. (Mann et al.,
2018) studied why most inhibitors against tyrosinase, the
rate-limiting enzyme of melanin production, lack clinical efﬁcacy. Inhibitors have traditionally been identiﬁed using
mushroom tyrosinase. The authors screened a 50,000compound library against recombinant human tyrosinase
(hTyr) in vitro and found Thiamidol to have strong inhibition
compared with hydroxyquinone and kojic acid but weak
inhibition against mushroom tyrosinase. The docking of
Thiamidol to hTyr revealed that it interacts with hydrophobic
amino acids that are not found in mushroom tyrosinase
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Figure 1. Simpliﬁed schematic of the protein (P) e ligand (L) binding process. P-L binding or dissociation are governed by the free energy of binding (DGbinding),
also known as binding afﬁnity. Physiologically, binding events occur in an aqueous solvent (e.g., cellular or interstitial ﬂuid). Ligand binding causes water to be
displaced from the protein binding site and from around the ligand, a processes termed desolvation. Thus, energy calculations must consider the solvation
energy, which is the energy needed to move the protein, ligand, or P-L complex from a vacuum to the solvent (termed “solvation”). Ultimately, the DGbinding is
determined by complex interaction energy (DGcomplex) subtracted by the protein and ligand solvation energies (DGbinding ¼ DGcomplex e DGsolvation, receptor e
DGsolvation, ligand).

(Figure 3), possibly explaining the differential effect. Subsequent clinical testing showed the efﬁcacy of Thiamidol in
reducing the appearance of age spots.
Recently, Ghosh et al. (Ghosh et al., 2018) employed
docking to identify a novel treatment for acne. The authors
ﬁrst designed a library of molecules with a quinolone backbone, known to have anti-bacterial properties by binding to
bacterial DNA gyrase, and a nitro-heterocyclic motif, also
known to have anti-bacterial and anti-inﬂammatory features,
arranged in different spatial orientations. These molecules
were subjected to docking to ascertain their potential to
inhibit DNA gyrase. Prior to docking, they utilized the protein
crystal structure of Staphylococcus aureus, since no crystal
structure of Propionibacterium acnes DNA gyrase exists. The
structure of S. aureus DNA gyrase was used, as it had > 40%
amino acid sequence identity with that of P. acnes. VCD-004
was predicted to bind more optimally to DNA gyrase and
interact with amino acids that are different from those that
clindamycin and nadiﬂoxacin (positive controls) interact with
and become mutated to confer drug resistance in P. acnes.
Therefore, VCD-004 can escape known methods of drug
resistance. In vitro and in vivo testing conﬁrmed the in silico
studies. The discovery of VCD-004 as a novel antibiotic

against P. acnes for the treatment of drug-resistant acne
demonstrates how docking and molecular modeling are
implemented in rational drug design.
Drug discovery in dermatology also faces unique challenges regarding pharmacokinetics. The multiple layers of
skin are a barrier against drug diffusion, and skin cells such as
keratinocytes contain drug-metabolizing enzymes that could
affect bioavailability (van Eijl et al., 2012). Adverse effects
may also be because of metabolic products of the parent
drug. As such, docking can help identify the likely metabolizing enzyme of a drug and predict what metabolite(s) may
form (Sevrioukova and Poulos, 2015). The metabolite(s) can
further be docked to target proteins to predict whether they
will have additional effects beyond that of the parent drug.
A GENERALIZED PROTOCOL FOR USING MOLECULAR
DOCKING

For investigators interested in applying docking to their
studies, we point the reader to the article by Forli et al. (Forli
et al., 2016) for a detailed protocol using the open source
AutoDock platform (Trott and Olson, 2010). We present here
a generalized protocol applicable to investigators of any
skill level (Figure 4). However, this protocol is an
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Figure 2. Graphic of general docking
process. A virtual drug molecule
library is ﬁrst prepared and a model of
the target protein of interest is
obtained. The target and molecule
library are then subjected to a docking
procedure on a physical or virtual
computer workstation. The docking
algorithm places the molecules into
the binding pocket and samples
multiple poses and potential binding
interactions. The stability of binding is
predicted by approximating the free
energy of binding (DG) via a docking
scoring function. The molecules are
then ranked by the docking score/
approximate DG, with more negative
values implying greater interaction
stability and, thus, a greater likelihood
that the predicted binding interaction
will occur.

Figure 3. Structural aspects of hTyr and mTyr, adapted from (Mann et al., 2018). (a) Thiamidol docked into a homology model of hTyr. (b) Schematic view of
interactions between hTyr amino acids and thiamidol stabilizing the protein-ligand complex. Yellow arcs represent hydrophobic interactions, red and green
arrows represent hydrogen bonds, and the blue arrow represents p-p bonding. (c) Comparison of the amino acid sequences of hTyr with the mTyr isoenzymes
PPO3 and PPO4 in the CuB region. Hydrophobic amino acids predicted to interact with thiamidol in hTyr (blue boxes) are not found in mushroom tyrosinase, as
evident by the sequence alignment. hTyr, human tyrosinase; mTyr, mouse tyrosinase; PPO, polyphenol oxidase.

oversimpliﬁcation, as each protein target requires nuanced
study of its structure and its druggability (Hussein et al., 2017).
We further provide the reader a table of software resources
typically used for docking protocols (Table 1) with their uses
discussed below.
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The investigator ﬁrst identiﬁes their protein target of interest. The Protein Data Bank (PDB) (Berman et al., 2000) is then
searched to see if that target has been crystallized. If so, a PDB
ﬁle of the protein’s three-dimensional structure is then
downloaded. The PDB ﬁle is a standardized text ﬁle that

RESEARCH TECHNIQUES MADE SIMPLE

Figure 4. Schematic of a generic docking workﬂow. A detailed protocol can be found in (Forli et al., 2016).

contains information on the atoms of the protein, where they
are in space (three-dimensional Cartesian coordinates), residues they are associated with, and how they are connected
(e.g., secondary structure). Sometimes the protein is cocrystallized with other molecules, such as formaldehyde
solvent or bound ligands. These molecules are also represented in the PDB ﬁle and may need to be removed or
manipulated. Once the PDB ﬁle is obtained, the investigator
may study the structure using visualization software such as
VMD (Humphrey et al., 1996). The protein will need to be

further prepared by assigning bond orders, treating nonstandard atoms, and assigning the appropriate protonation
states on functional groups (e.g., aspartic acid, arginine, histidine) at physiologic pH. The pH-speciﬁc protonation is
critical for the accurate modeling of ligand interactions, as the
electrostatic properties change depending on the pH and thus
lead to different binding properties. This is exempliﬁed by the
different protonation states of histidine within the protein (Kim
et al., 2013). After protonation, the protein needs to undergo
energy minimization to relax the structure given the new
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Table 1. Selected Open Source and Commercial Software for Major Molecular Modeling Tasks Related to Docking
Molecular Modeling Task
1. Protein Preparation
Crystal Structure PDB
Protein Visualization

Homology Modeling

Assigning Protein Protonation States
Protein Energy Minimization

2. Ligand Preparation
Drawing Chemical Structures

Downloading Established Ligand
Databases

3. Docking
Binding Site Prediction

Docking Protocol

Software/Web Server

Open Source*/
Commercial

RCSB
PDBe
UCSF Chimera
Avogadro
PyMOL
Schrodinger Maestro
VMD
NCBI BLAST
UCSF Chimera
Modeller
SWISS-MODEL
I-Tasser
Rosetta
Phyre2

Open Source
Open Source
Open Source
Open Source
Commercial
Commercial
Open Source
Open Source
Open Source
Open Source
Open Source
Open Source
Open Source
Open Source

Schrodinger Prime
UCSF Chimera
Schrodinger
UCSF Chimera
Schrodinger Protein Preparation
Wizard
NAMD

Commercial
Open Source
Commercial
Open Source
Commercial

https://www.rcsb.org/
http://www.ebi.ac.uk/pdbe/
https://www.cgl.ucsf.edu/chimera/
https://avogadro.cc/
https://pymol.org/2/
https://www.schrodinger.com/maestro
https://www.ks.uiuc.edu/Research/vmd/
https://blast.ncbi.nlm.nih.gov/Blast.cgi
https://www.cgl.ucsf.edu/chimera/
https://salilab.org/modeller/
https://swissmodel.expasy.org/
https://zhanglab.ccmb.med.umich.edu/I-TASSER/
https://www.rosettacommons.org/software
http://www.sbg.bio.ic.ac.uk/phyre2/html/page.cgi?
id¼index
https://www.schrodinger.com/prime
https://www.cgl.ucsf.edu/chimera/
https://www.schrodinger.com/
https://www.cgl.ucsf.edu/chimera/
https://www.schrodinger.com/protein-preparation-wizard

Open Source

http://www.ks.uiuc.edu/Research/namd/

Avogadro
Chemdraw
Marvinsketch
OpenEye Omega
Schrodinger LigPrep
DrugBank

Open Source
Commercial
Commercial
Commercial
Commercial
Open Source

https://avogadro.cc/
https://www.perkinelmer.com/category/chemdraw
https://chemaxon.com/products/marvin
https://www.eyesopen.com/omega
https://www.schrodinger.com/ligprep
https://www.drugbank.ca/

eMolecules
PubChem
ZINC

Commercial
Open Source
Open Source

https://reaxys.emolecules.com/index.php
https://pubchem.ncbi.nlm.nih.gov/
https://zinc15.docking.org/

COACH
GHECOM
Schrodinger Sitemap
Surfnet
Autodock
DOCK
GOLD

Open Source
Open Source
Commercial
Open Source
Open Source
Open Source
Commercial

RosettaLigand
Schrodinger Glide
FlexX
Surﬂex
FRED/HYBRID

Open Source
Commercial
Commercial
Open Source
Commercial

https://zhanglab.ccmb.med.umich.edu/COACH/
http://strcomp.protein.osaka-u.ac.jp/ghecom/
https://www.schrodinger.com/sitemap
https://www.ebi.ac.uk/thornton-srv/software/SURFNET/
http://autodock.scripps.edu/
http://dock.compbio.ucsf.edu/
https://www.ccdc.cam.ac.uk/solutions/csd-discovery/
components/gold/
https://rosie.graylab.jhu.edu/ligand_docking
https://www.schrodinger.com/glide
https://www.biosolveit.de/FlexX/
http://www.jainlab.org/downloads.html
https://www.eyesopen.com/oedocking

Website

*w.r.t. academic non-commercial endeavors.

electrostatic properties and that crystallization causes artiﬁcial packing of the protein to generate crystals.
If a protein target has not yet been crystallized (e.g., not
found in the PDB), then either homology modeling or ab initio
modeling is required. Homology modeling is the process of
predicting a protein’s structure from a related homologous
protein (also called the template) whose structure has already
been determined. Generally, this requires aligning the amino
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acid sequence of the target against a large database of known
proteins with established structures, usually by a program
such as NCBI BLAST (Johnson et al., 2008). A rank-order list
of templates based on percent sequence identity is then
retrieved, and those with > 60% identity can be considered
good templates. Sophisticated homology modeling software
tools such as SWISS-MODEL (Waterhouse et al., 2018) or
Modeller (Sali and Blundell, 1993; Webb and Sali, 2016) use
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additional target sequences of related proteins and multiple
templates to predict the best alignment (proﬁle-proﬁle based
alignment) and predict the target structure of the protein
(Table 1). In contrast, ab initio modeling is the process of
predicting the tertiary folded three-dimensional structure of a
protein from just its amino acid sequence. This is known as
the classical “protein folding problem” (Dill et al., 2008) and
is an incredibly difﬁcult task. A detailed discussion of homology and ab initio modeling is outside the scope of this
article; the reader is encouraged to peruse the following articles (Bonneau and Baker, 2001; Hardin et al., 2002).
After target preparation, the ligand(s) must be similarly
prepared. Ligands may be individually drawn (two-dimensional [2D] or three-dimensional [3D] structure) using
chemical drawing software such as Avogadro (Hanwell et al.,
2012). Most commonly, ligands would be downloaded from
a vendor or propriety or publicly available databases such as
ZINC (Sterling and Irwin, 2015) and PubChem (Kim et al.,
2019). Ligand structures (atom types, atom charges, atom
connectivities, and spatial coordinates) are represented in a
multitude of ﬁle types (e.g., SMILES, SDF, MAE, MOL2).
While each ﬁle type is recognized by different molecular
modeling software, they all essentially represent the same
information for a given ligand. Once the ligands are drawn or
downloaded, 2D structure representations must be converted
to 3D. Undeﬁned chiral centers and geometric conﬁgurations
must be enumerated. The proper protonation states must also
be assigned at the appropriate pH, just like the protein target.
In addition, ligand tautomers need to be generated. Tautomers are constitutional isomers of a ligand, which occur
because of the relocation of a proton. As tautomers can
interconvert, it is important to generate feasible tautomers to
achieve reliable results in molecular modeling. Depending on
the docking algorithm, it is sufﬁcient to have one energyminimized 3D structure for each ligand representation (protonation state tautomer, stereoisomer), or an ensemble of
energetically feasible conformers need to be generated for
each representation. Several tools can be used for
ligand preparation, for example LigPrep from Schrodinger
and Omega from OpenEye (Table 1) to generate high-quality
conformer libraries. The reader is referred to Brink and
Exner (Brink and Exner, 2009) for a detailed discussion of
how docking results are affected by ligand representation.
Docking may then be performed once the protein target
and ligands are prepared. The binding site must ﬁrst be
identiﬁed. Various software tools can do this using different
methods. For example, if a reference ligand (e.g., a known
inhibitor) is co-crystallized with the protein target, then the
binding site may be considered as the residues located within
a set distance from the reference. If no reference is known, a
set of residues may be selected to deﬁne the pocket. Software,
such as Surfnet and SiteMap, aid in binding site identiﬁcation.
A grid must then be generated that encompasses the binding
site. The center of the grid may be placed at the centroid of
the reference ligand or the binding site-deﬁning amino acids.
The grid serves as the 3D volume that the docking algorithm
uses to place ligands and explore and score binding interactions. The grid includes all deﬁnitions of the protein
binding site parameters to calculate a docking score to

estimate relative binding afﬁnity. Once the grid is set, docking
can then be initiated.
Two general docking algorithms that require slightly
different workﬂows and tools exist: ﬂexible and rigid docking.
Here, ﬂexible and rigid refer to the ligand; the protein in most
algorithms is kept rigid allowing no or only minimal conformational changes. Flexible docking is used to assess changes
in ligand geometry after the binding complex is formed. Thus,
the algorithm explores the conformational space of the ligand
while docking (i.e., keeps the ligand ﬂexible). It therefore
requires only one (energetically favorable) 3D conformation
as input per ligand representation. However, given the large
degrees of freedom due to conformational sampling, the
computational running time is longer than rigid docking. In
rigid docking, the 3D ligand is rotated and translated during
docking, but its 3D conformation is not changed (i.e., the
internal geometry is held rigid). This algorithm therefore requires a pre-generated list of all feasible 3D conformers for
each ligand representation; depending on the ligand, typically between 20 and 200 conformers with the goal of
obtaining at least one potentially correct conformer. The rigid
docking algorithm is much faster but does not consider the
ﬂexibility of the ligand within the binding pocket, leading to
false-positives and false-negatives. Examples of the best ﬂexible docking tools include Glide (Friesner et al., 2004) from
Schrodinger and FlexX (Rarey et al., 1996) from BioSolveIT,
and the best rigid docking algorithms include FRED and
HYBRID from OpenEye (McGann, 2012). The open source
docking software DOCK from UCSF (Kuntz et al., 1982) includes algorithms for rigid and ﬂexible docking. Importantly,
both methods ignore protein ﬂexibility in the interest of efﬁciency, which contributes to decreased accuracy. The
consideration of both ligand and protein ﬂexibility upon
binding is necessary and is incorporated in methods such as
Induced-Fit Docking (Sherman et al., 2004) but at a greater
computational cost.
After docking is completed, a ﬁle is returned that contains the
3D structure of the docked ligand in the binding site of the target.
A table of docking scores to estimate relative binding afﬁnity
and, typically, various other energy terms is also provided. The
investigator can rank-order the ligands based on the docking
score and other considerations and inspect their predicted
binding poses and residue interactions. Generally, the more
negative the docking score (which is an estimate of relative
binding DG), the more stable the interaction, and hence the
more likely that binding event will occur (Kitchen et al., 2004).
From this rank-ordered list, usually the top 10e100 ligands
would be obtained for biological testing.
FURTHER CONSIDERATIONS

While docking is widely utilized, it can be a very nuanced
methodology. A priori knowledge of the structural biology of
the target is necessary for setting up docking experiments. The
choice of the initial conformation depends on what the
investigator is trying to accomplish (e.g., discovery of agonists, antagonists, or allosteric modulators). In addition,
numerous docking algorithms exist that differ in the way they
calculate the energetics of the protein-ligand pose and thus
rank the compounds and poses. These methods are called
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scoring functions and are developed based on different
methods, and, thus, no universal scoring function exists. For
example, empirical scoring functions are regression-derived
equations trained from series of protein-ligand complexes
with known binding afﬁnities. The training set used limits the
generalized applicability of a particular scoring function.
Docking results are thus impacted by false-positives but still
help to reduce the vast chemical space for biological testing.
A consensus scoring method may be used as a workaround
where multiple scoring functions are used for a docking
protocol, and molecules that are consistently top-ranked
across all scoring functions are then selected for biological
testing (Poli et al., 2016). The reader is directed to (Chen,
2015) for a more nuanced discussion regarding the limitations of docking. In general, docking scores are the most
useful for the relative ranking of docked compounds and
poses in the same or closely related protein and binding site.
Docking scores are not the actual binding afﬁnity or binding
free energy.
Furthermore, the solvent and salt content (e.g., water
and concentration of sodium, chloride, and potassium
ions) are important contributors to the binding DG. Most
docking programs perform simulations within a vacuum
without accounting for physiologic solvent and salt content. However, the solvent effect is implicitly modeled in
the scoring function. Thus, more accurate solvent models
are typically not used in primary scoring, because of the
high computational cost (hardware and time requirements)
of performing these simulations accurately. Thus, typically
only a few (< 1000) molecules would be chosen after
docking for subsequent reﬁnement under solute and solvent considerations. These post-docking energy calculations help to increase the true positive rate and are known
as molecular mechanics generalized Born molecular surface area and molecular mechanics generalized
PoissoneBoltzmann surface area methods, which are
reviewed in (Kerrigan, 2013).
It is also important to note, however, that docking only
represents a single “snapshot” of the molecular interaction.
Biological systems are always in ﬂux, and their interactions
change over time. Recent technological advances now allow
for the highly granular study of molecular interactions at the
atomic level including solvent. Speciﬁcally, molecular dynamics is the study of atomic interactions over time as they
depend on Newtonian mechanics, temperature, and physical
forces. The reader is referred to (Hospital et al., 2015) on the
application of molecular dynamics for drug discovery.
CONCLUDING REMARKS

Drug discovery is a pain-staking process requiring enormous
research and development investment; yet success rates are
low. With increasing amounts of available data (big data) and
huge advances in computational hardware and algorithms,
computational tools are now used throughout the drug discovery pipeline and have the potential to aid in revitalizing
the pharmaceutical pipeline. One such computational
method in the preclinical hit and lead identiﬁcation stage is
molecular docking, which is now scalable to hundreds of
millions of compounds. As actionable protein targets are
becoming better elucidated in dermatologic conditions,
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MULTIPLE CHOICE QUESTIONS
1. Why is docking useful for early stage preclinical
drug discovery?
A. Enriching very large chemical databases so as
to test compounds with greatest likelihood of
interacting with your target
B. Understanding the speciﬁc protein-ligand
atomic interactions (i.e., binding mode) to
guide lead optimization for example
C. A & B
D. None of the above
2. What is a major limitation of docking?
A. It can screen only a small set of compounds
against a protein target
B. No one docking software/algorithm can be
used for all protein target systems
C. It is unable to study how a drug interacts with
its target over time
D. B & C
3. Which of the following is NOT required for
docking?
A. Protein structure
B. Ligand Structure
C. Reference structure of protein-ligand
interaction
D. None of the above
4. Docking may be applied for virtual screenings of
molecule libraries of what size?
A. Hundreds
B. Thousands
C. Millions
D. Any size library
5. You have already discovered a potential new
drug for your target. Now you are interested in
predicting the potential off-target effects of your
drug. What is required for the application the
docking for your drug in predicting off-target
effects?
A. Three-dimensional structure of your drug
B. Library of potential human protein target
structures
C. Library of cytrochrome P450 target structures
D. All of the above
Note: See online version of this article for a detailed explanation of
correct answers.

molecular modeling, such as docking, has great potential to
aid in expediting the process from drug ideation to clinical
use.
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Research Techniques Made Simple: Cutaneous
Colorimetry: A Reliable Technique for Objective
Skin Color Measurement
Bao Chau K. Ly1, Ethan B. Dyer1, Jessica L. Feig1, Anna L. Chien1 and Sandra Del Bino2
Skin color evaluation contributes to assessment of an individual’s cutaneous phenotype. Skin color changes
provide important clues to disease progression or treatment response. Skin color is also a predictor of skin
cancer risk. Melanin pigment, blood flow, skin thickness, and photoaging contribute to skin color. Melanin,
hemoglobin, bilirubin, and carotene are the primary chromophores of skin color. Their concentrations vary
depending on the individual’s phenotype, anatomic location, external insults of chemical irritants and UVR, and
physiological changes. The evaluation and perception of skin color are often subjective. Objective quantification of skin color can be achieved with colorimetric devices such as tristimulus colorimeters. These devices
compute the intensity of light reflected from skin and correlate with pigmentation and erythema. Cutaneous
color and color changes can be quantified under color organization systems, such as the CIELAB color space,
which is standardized by the Commission Internationale de l’Eclairage (CIE). The CIELAB expresses color’s
lightness, red/green intensity, and yellow/blue intensity, as L*, a*, and b* values, respectively. Additionally, skin
color’s full spectral characteristics and cutaneous physiology can be measured with spectrophotometers. This
article outlines basic principles of the CIELAB color system and how to optimally use colorimetric devices as a
skin research tool.
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SUMMARY POINTS
What colorimeters and spectrophotometers do:

 A colorimeter quantiﬁes the appearance of a
color and a spectrophotometer measures the
spectral characteristics of the color.
 Colorimeters and spectrophotometers allow
researchers and clinicians to objectively and
quantitatively measure skin color without the
bias associated with subjective clinical scoring.
 Measurements using these instruments provide a
unifying language for both researchers and
physicians regarding skin color.

Limitations:

The same settings, such as illuminant, standard observer,
colorimetric system, specular component, and measurement geometry must be used to be able to compare
values obtained with different colorimetric instruments.
These geometrical conﬁgurations should therefore be
speciﬁed in the literature and in each report on skin color.

INTRODUCTION

Consistent and reproducible skin color evaluation is useful for
dermatology. Researchers and physicians must often describe
skin color in assessments of pharmacologic interventions,
environmental exposures, and physiologic changes. Cutaneous parameters like pigmentation can contribute to skin
cancer risk. Furthermore, the minimal erythema dose
response of skin to UV light exposure is used in establishing a
care plan in phototherapy (Del Bino and Bernerd, 2013;
Diffey, 2004; Youn et al., 2003).
To date, the Fitzpatrick Skin Type (FST) scale is widely
used for skin type classiﬁcation, which includes the parameter of color. The FST scale was developed in 1975 to
categorize the skin type of Caucasians based on self-reported
erythema sensitivity and ability to tan (Fitzpatrick, 1988).
Phototypes IeIV classify skin types in decreasing sensitivity
to UV light and increasing tanning ability, from “always
burn, never tan” to “never burn, always tan”. Later, brown
and dark-skinned individuals were classiﬁed into categories
V and VI, respectively based on their constitutive pigmentation or ethnic origin, rather than responsiveness to sun
exposure. Although the FST provides a general basis for skin
phototyping, its means of classiﬁcation is limited because of
subjectivity and observer and recall bias. Individuals of skin
of color have variable skin pigmentation, and terms of sunburn and tanning sensitivity, such as “burns minimally to
rarely” and “tans deeply”, can be unrelatable and even
culturally insensitive (Eilers et al., 2013; Pichon et al., 2010).
Skewed self-reporting and subjective assessment can result
in inaccurate skin phototyping and underestimation of risk of
developing skin cancer.
Alternatively, an objective, quantitative, and observerindependent evaluation method of skin color assessment
can be achieved with noninvasive devices called

colorimeters and spectrophotometers. Such colorimetric devices can quantify the skin color, erythema, and tanning in
various skin types. The devices have also been used for
evaluation of vitiligo and psoriasis lesions, efﬁcacy assessments of pharmacological compounds, and redeﬁning skin
phototyping methods. Their application extends into other
ﬁelds of medicine and research, including forensic analysis of
bruises, evaluation of chemotherapy-related erythema in
oncology, and color matching of donor skin ﬂap in facial
surgeries for aesthetic medicine.
Colorimeters were developed under the standardization of
the Commission Internationale de l’Eclairage (CIE), an international authority on light and color, as an objective color
quantiﬁcation tool that represents human color vision. The
spectrophotometer analyzes the entire spectral characteristics
of a color.
In this article, we aim to outline the general operating
principle of colorimetry, usage recommendations, and applications of colorimetric devices.
HUMAN PERCEPTION OF COLOR

The fundamental operating principle of colorimetry is the
human color vision. Visualization of color is the result of
stimulation of photoreceptor cells in the eyes and interpretation of the visual signals by the brain. Color perception
can be explained by two fundamental theories, the trichromatic color theory and the opponent-process theory (Bloj
and Hedrich, 2012). The trichromatic theory explains that
normal color perception is determined by the interplay of
signal from the three types of color-sensitive photoreceptors,
or trichromatic cone cells, each with different spectral
sensitivity peaks and ranges within the visual spectrum
(Ohta and Robertson, 2006). They are short, medium, and
long, which are most sensitive to the colors blue, green, and
red, respectively. The opponent-process theory outlines
certain pairs of colors (red and green, blue and yellow, and
black and white) that are antagonistic to each other (Ohta
and Robertson, 2006). For example, when red wavelength
stimulates the photoreceptors, it simultaneously causes inhibition of green color vision. Removal of the inhibitory
signal allows the green signal to reach the brain. This explains the phenomenon of seeing a green afterimage of a red
ﬁgure and the absence of greenish-red color. Similar to the
brain’s interpretation of the signal from the photoreceptors
in human color vision, the colorimeter device analyzes the
intensity of the reﬂected wavelength to deduce the color it is
seeing.
CIE: A SYSTEMATIC APPROACH TO COLOR

One of the earliest methods to standardize color is the
Munsell color system (Ohta and Robertson, 2006). It separates
hue, value, and chroma into independent dimensions. For a
given colored substance, hue refers to absorbance or reﬂection of speciﬁc wavelengths of light, value refers to the
intrinsic luminosity, and chroma refers to the saturation.
For color to be interpreted, there must be an object, a light
source, and an observer. In 1931, the CIE initiated several
standardized color ordering systems based on objectively
specifying the light source, the observer, and the relationship
among colors, or color matching. The Standard Illuminant
www.jidonline.org
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Figure 1. The CIELAB color space diagram. The CIELAB, or CIE L* a* b*,
color system represents quantitative relationship of colors on three axes: L*
value indicates lightness, and a* and b* are chromaticity coordinates. On the
color space diagram, L* is represented on a vertical axis with values from
0 (black) to 100 (white). The a* value indicates red-green component of a
color, where þa* (positive) and a* (negative) indicate red and green values,
respectively. The yellow and blue components are represented on the b* axis
as þb* (positive) and b* (negative) values, respectively. At the center of the
plane is neutral or achromatic. The distance from the central axis represents
the chroma (C*), or saturation of the color. The angle on the chromaticity axes
represents the hue (ho). The L*, a*, and b* values can be transcribed to
dermatological parameters. The L* value correlates with the level of
pigmentation of the skin. The a* value correlates with erythema. The b* value
correlates with pigmentation and tanning. CIE, Commission Internationale de
l’Eclairage.

D65 and C are commonly used settings for light source, and
they correspond to average midday light with a clear sky in
Western Europe, with and without UV wavelength, respectively (Fullerton et al., 1996). The observer parameters were
standardized as mathematical functions, called 2o and 10o
Standard Observers. The functions were derived from experiments in which observers color-match the target color by
mixing varying intensities of the monochromatic lights
(Randall and Charlotte, 1997; Weatherall and Coombs,
1992). The 2o Standard Observer represents the average human eye’s spectral sensitivity if viewing colors at an armlength distance and from a small ﬁeld of view; it is typically
used with colorimeters. The 10o Standard Observer represents
visual assessment from a larger ﬁeld of view and provides
better correlation to human color vision. It is typically used
with spectrophotometers (Ohta and Robertson, 2006).
Color quantiﬁcation can be performed and represented under a multitude of color spaces and systems, each with their
own application. The CIE (1931) RGB (Red, Green, Blue) and
XYZ color systems described components of a color in relation
to the standardized reference wavelengths of monochromatic
red, green, and blue lights. This property is expressed in three,
or tristimulus, values. The 1976 CIELAB color space is currently
5
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Figure 2. Skin color volume. Skin color volume allows for objective
quantiﬁcation and classiﬁcation of skin color into six groups: very light, light,
intermediate, tan, brown, and dark (Chardon et al., 1991; Del Bino et al., 2015).
The skin color volume aligns the colorimetric 1976 CIE L*a*b* parameters with
the ITA value. The L* (luminance) value of the skin color is represented on the
vertical axis and the b* (yellow-blue) component is on the horizontal axis. The
ITA of the corresponding skin color can be obtained from the L* and b* values
according to the formula. The color swatches are representative average skin
colors for each color group that match the L’Oréal Skin Color Chart (De Rigal
et al., 2007). CIE, Commission Internationale de l’Eclairage; ITA , individual
typology angle.

the most widely-used space. The system operates under the
premise of opponent-process theory.
The CIELAB and cutaneous colorimetry

The 1976 CIELAB measurements are found to correlate to skin
color and related parameters, such as erythema (Brainard and
Stockman, 2010; Del Bino and Bernerd, 2013; Everett et al.,
2012). The CIELAB, or CIE L* a* b*, system is a threedimensional color-space consisting of three axes (Figure 1).
The L* axis is a gray scale with values from 0 (black) to 100
(white). The L* value correlates with the level of pigmentation
of an individual. The a* is the red/ green axis; positive and
negative a* describe red and green values, respectively,
which correlate with erythema. The b* is the yellow/ blue
axis; positive and negative b* describe yellow and blue
values, respectively, and correlate with pigmentation and
tanning. The CIELAB units included the asterisk (*) to
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The Individual Typology Angle (ITA ), which is deﬁned as:
ITAo ¼ arctan

Figure 3. Operating principle of colorimeter. The components of a
colorimeter generally include an illuminant, lens, ﬁlters, and a computer
analyzer. The illuminant, demonstrated by the light source, emits certain
wavelengths onto a sample. The sample absorbs the wavelengths and reﬂects
the light. The reﬂected light that is captured by the colorimeter is ﬁltered
through the trichromatic ﬁlter of red, green, and blue chroma. Downstream
processing of the data is performed under a set of parameters, such as observer
color matching function and illuminant spectral setting, that is personalized by
the user.

differentiate the CIELAB system from the units of other color
systems. Chroma (C*) and hue (h*) can be extracted from the
a* and b* values as:

2 12
C ¼ ða Þ2 þ b

h ¼ arctan

b
a

The composite color difference is denoted by DE*ab, which
accounts for the changes of L*, a*, and b* components, which
can be calculated using the equation:


DE ab ¼ ðDL Þ2 þ Da
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DE* value greater than one indicates color difference
observable by the human eye (Fullerton et al., 1996).
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is an objective classiﬁcation of skin color in dermatological
and cosmetic research. Using ITA , skin color can be classiﬁed into one of the following categories: Very light >55 ;
Light 55 e41 ; Intermediate 41 e28 ; Tan 28 e10 ; Brown
10 to 30 ; and Dark < 30 (Figure 2) (Chardon et al.,
1991; Del Bino and Bernerd, 2013). The ITA correlates
with total melanin content, as well as the eumelanin and
pheomelanin content (Del Bino et al., 2015). This objective
classiﬁcation of skin color can overcome the lack of reliability
of self-reporting and subjective assessment of the FST (Del
Bino and Bernerd, 2013).
Melanin, hemoglobin, bilirubin, and carotene are the primary chromophores of skin color. The melanin content and
distribution in the epidermis yield the appearance of lightpigmented and dark-pigmented skin, which correlate with
L* and ITA in value. Individuals of lighter skin pigmentation
have a higher L* value and higher ITA than darker pigmented
individuals (Andreassi and Flori, 1995; Del Bino and Bernerd,
2013). The content and saturation of hemoglobin of the superﬁcial vasculature in the dermis impact the reddish
appearance of the skin. Dermal thickness, melanin content,
and photoaging also affect the a* and b* values of the skin.
Sun-exposed and pigmented skin was shown to present with
lower L* values than sun-protected and less pigmented skin
(Alaluf et al., 2002; Chien et al., 2016). Additionally, cutaneous erythema was shown to be correlated with sunexposure and was more observable in lighter pigmented
skin of Caucasian participants when compared with AfricanAmerican participants (Chien et al., 2016).
Using the tristimulus colorimeter

Objective color quantiﬁcation can be obtained with colorimetric devices, such as a tristimulus colorimeter and spectrophotometer. Figure 3 illustrates the essential components
of a colorimeter, which include an illuminant, colored ﬁlters

Figure 4. Usage recommendation for colorimeter. (a) Before using the colorimeter, calibrate the device with a standard calibration tile provided by the
manufacturer. To prepare the subject for accurate and reproducible measurements, allow the subject to equilibrate by resting for an appropriate amount of time,
or a minimum of 15 minutes, before measurement. (b) If appropriate, clean the skin with a mild cleaning agent. (c, d) Position the area of interest on a support,
such as having the arm rested on a table or supporting the leg, to minimize orthostatic effects. To acquire measurements, hold the device perpendicular to the
skin surface with the tip pressed against the skin with moderate pressure. Obtain at least three measurements to minimize data variation. The colorimetric device
used in these ﬁgures is the Konica Minolta CR-400 chromameter. The chromameter can be used as a stand-alone device or linked to a computer.

www.jidonline.org
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the site, with the device head pressed against the skin with only
moderate pressure. Values should be obtained from the
average of repeated measurements to minimize random errors.
A minimum of three repeated measurements is recommended
and skin should be allowed to equilibrate between sets of
measurement. Reproducibility of the data can be preserved by
adopting a protocol of measurement. If possible, wounds,
scarred skin, regions of dense hair growth, tattoos, and uneven
pigmentation, such as nevi or acne vulgaris, should be avoided
in measuring constitutive skin color.

Figure 5. Operating principle of spectrophotometer. The general operating
principle of the spectrophotometer is similar to that of the colorimeter. The
device emits wavelengths onto a sample. The reﬂected light is captured by the
device, and wavelengths between 360e700 nm are processed by the multiple
spectral sensors. Downstream processing analyzes the spectral characteristics
of the reﬂected light, and therefore, the sample color.

that replicate the spectral sensitivity of cones in the human
eye, and a processor to adjust for the Standard Observer. The
Chromameter CR series (Konica Minolta, Tokyo, Japan)
(Figure 4) is commonly used. Other tristimulus colorimetric
instruments include Antera 3D (Miravex Limited, Dublin,
Ireland) and Colorimeter CL400 (Courage-Khazaka, Cologne,
Germany).
Care must be taken during measurements as these devices
are sensitive to environmental changes. The instrument must
be calibrated with a white standard before use. Measurements
should be obtained in an adequately lit, windowless room with
ambient temperature (19e25  C) (Fullerton et al., 1996; Healy
et al., 2009). To minimize the effect of orthostatic position and
physical activity on measurements, the subject should be
allowed to equilibrate by resting for a sufﬁcient period or a
minimum of 15 minutes before measurements. Readings
should be obtained with the device directed perpendicular to

SPECTROPHOTOMETER: ALTERNATIVE COLOR
QUANTIFICATION DEVICE

The spectrophotometer is another colorimetric device
(Figure 5). In addition to extrapolating the tristimulus values of
a sample, the spectrophotometer measures the complete
spectral composition of light between 360 and 700 nm.
Spectrophotometers are equipped with the spectral power
distributions of a wide range of illuminants and thus can
display color differences not noticeable to the naked eye
using one of the standard illuminants. Spectrophotometers
can also display output values based on a wide variety of
color spaces. The instrument must be calibrated with the
accompanying dual calibration of black and white references
after turning on the device. One must consider the various
factors that may affect measurements and adhere to the
colorimeter usage guidelines, such as minimizing the impact
of the subject’s physiological activity on measurements,
reducing deviation by obtaining the average of multiple
readings, and creating a standardized protocol for consistent
measurements (Fullerton et al., 1996). Spectrophotometric
instruments confer a high degree of accuracy and can measure absolute colors. As the cost of spectrophotometric instruments decreases and their portability improves, the
spectrophotometer is now increasingly more applicable in
clinical practice. Commonly used spectrophotometers are

Figure 6. Usage recommendation for spectrophotometer. (a) The spectrophotometer is pressed with moderate pressure perpendicular to the skin surface.
Similar set-up and measurement requirements discussed for the colorimeter are applied to the spectrophotometer, including calibration with reference color,
obtainment of measurements in a suitable environment, and maintaining the same settings to produce accurate and objective measurements.
(b) Spectrophotometer can be used to measure ex vivo skin or (c) in vitro reconstructed skin. The stapler foot of the spectrophotometer can be opened to correctly
position the device onto the sample or skin area. The device demonstrated in this picture is the Check Spectrophotometer (Datacolor).
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Table 1. Colorimeter and Spectrophotometer Applications Found in the Literature
Articles

Condition Studied

Device

Population

Skin color measurement

Spectrophotometer

Skin color measurement, ITA,
UVR responses in ex vivo skin

Spectrophotometer

Chromameter

Wright et al., 2015a

Epidermal melanin impact on human
skin color
Skin color measurement, ITA, and
tanning
Pigmentation in aging
Skin color measurement, ITA,
and erythema sensitivity
Skin color measurement, ITA, skin color
changes after UVB and UVA
Skin color measurement and ITA

Europeans, Chinese, Indian, Polynesian, and
mixed origin
African descent, Asian, Caucasian, and
Hispanic; adults (US, France, Russia, Brazil,
China, Japan, India, Thailand)
European, Chinese, Mexican, Indian, and
Black (South Africa)
Caucasian (France)

Everett et al., 2012

Skin color measurement

Spectrophotometer
Munsell color chart
Spectrophotometer

Nam et al., 2015
Xiao et al., 2017

Skin brightness measurement
Variation in skin color measurement

Spectrophotometer
Spectrophotometer

Clarys et al., 2000

Skin color measurement

Chromameter,
DermaSpectrometer,
Mexameter
Spectrophotometer

Weatherall and Coombs,
1992
Del Bino and Bernerd, 2013

Alaluf et al., 2002
Chardon et al., 1991
Chien et al., 2016
Wright et al., 2015b
Park et al., 2002

Stamatas et al., 2008

In vivo skin erythema and pigmentation

Eilers et al., 2013

Evaluating the accuracy of self-report
and dermatologist-determined FST
Skin pigmentation and nevus phenotype
measurement
Acne

Cust et al., 2015
Perkins et al., 2011
Scaﬁde et al., 2013
Mimasaka et al., 2010
Al-Zobidi et al., 2015

Choi et al., 2009

Kim et al., 2012
Oliveira et al., 2005
Draaijers et al., 2004

van der Wal et al., 2013
Pershing et al., 1995
Ahmad Fadzil et al., 2009
Devpura et al., 2011
Healy et al., 2009

Kimbrough-Green
et al., 1994
Huixia et al., 2012

Changes in bruise
Bruise patterns and changes
Periocular skin hyperpigmentation
measurement related to prostaglandin
analogue use
Determine parameters of cutaneous
narrow-band UVB phototherapy for
psoriasis and vitiligo
Psoriasis severity evaluation
Scar formation after burn measurement
Reliability of observer’s assessment of
scar color compared object
measurements
Scar tissue
Psoriatic and nonlesional skin
measurement
Psoriasis erythema for PASI scoring
Acanthosis nigricans
Erythema response quantiﬁcation and
evaluation of protectors such as
sulforaphane
Evaluation of efﬁcacy of tretinoin therapy
for melasma
Skin tone, pigmentation measurements,
ITA, and changes induced by whitening
products

Spectrophotometer
Chromameter
Colorimeter
Spectrophotometer

Spectrophotometer
Spectrophotometer
Chromameter

Caucasian, African-American (USA)
Black, Indian or Asian, White, mixed origin
(South Africa)
Asian (Korea)
Children (New Zealand)
Asian, Black or African-American, White,
Biracial (USA)
Asian, Black or African-American, White,
mixed origin (USA)
Asian, adults (Korea)
Caucasian, Chinese, Kurdish, Thai (United
Kingdom)
Adults (Belgium)

African-American, Asian, Hispanic or Latino,
Hawaiians or other Paciﬁc Islanders, White
Non-Hispanic white, Hispanic or Latino,
black, or Asian or Paciﬁc Islander (USA)
Adults (Australia)

Chromameter
Spectrophotometer
Chromameter

African-American, Asian, Caucasian,
Hispanic, and Indian (USA)
Adults
Pediatrics (Japan)
Pediatrics with glaucoma (USA)

Spectrophotometer

Asian FST IIIeIV (Korea)

Chromameter
Dermaspectrometer
and Chromameter
Dermaspectrometer
and Chromameter

Asian (Korea)
Skin type IeVI (USA)

Mexameter, Colorimeter,
and the DSM II ColorMeter
Chromameter

Pediatric and adult patients with scar
(Netherlands)
Adults (USA)

Chromameter,
DermaSpectrometer
Chromameter and
spectrophotometer
Chromameter

Low to highly pigmented skin adults with
psoriasis (Malaysia)
Adults (USA)

Chromameter

African-American adults (USA)

Chromasphere

Asian (China)

(Netherlands)

Caucasian FST IeIII, (USA)

(continued )

www.jidonline.org

8

RESEARCH TECHNIQUES MADE SIMPLE
Table 1. Continued
Articles
Hurley et al., 2002

Draelos and Raymond, 2018

De Rigal et al., 2007
Maroñas et al., 2014

Paravina et al., 2009

Ngo et al., 2006

Partl et al., 2017
Hayashi et al., 2018

Condition Studied

Device

Population

Assessment of efﬁcacy of 4%
hydroquinone cream versus 4%
hydroquinone cream combined with
glycolic acid peels as treatment for
melasma
Efﬁcacy of a ceramide-based cream in
atopic dermatitis and other xerotic or
pruritic dermatoses
Evaluation of efﬁcacy of skin care
products
Development of a forensic skin color
predictive test centered on the most
strongly associated single nucleotide
polymorphisms
Determine perceptibility and
acceptability thresholds for color
differences in maxillofacial elastomer

Mexameter

Hispanics of FST IVeV (USA)

Colorimeter

African-American and Caucasian (USA)

Chromasphere

African, Asian, Caucasian; adults (France)

Colorimeter and
spectrophotometer

Skin color of various ethnicity

Spectrophotometer

Light-colored specimens (mimicking White,
Asian, and Hispanics) and darker-colored
specimens (mimicking African-American
skin) (USA)
African-American, Caucasian, Asian
(Canada)

Determine the optimal color match of
free ﬂap donor sites to facial tissue
transplant
Radiation-induced dermatitis
Vitiligo and leukoderma severity

Chromameter

Spectrophotometer
Spectrophotometer

Caucasian, adults (Austria)
Asian (Japan)

Abbreviations: FST, Fitzpatrick skin type; ITA, individual typology angle; PASI, psoriasis area severity index.

CM508i or CM 2002 (Minolta, Osaka, Japan) and Check and
Mercury (Datacolor, Monteuil, France) (Figure 6). Other devices include the Chromasphere (Chromasphere, Paris,
France), a diffuse daylight lightning device coupled to a
spectroradiometer that can be used to evaluate skin color
even on uneven surfaces such as the forehead and cheek
(Baras and Caisey, 2016).
Narrow-band reﬂectance spectrophotometers such as
Mexameter (Courage-Khazaka) and dermatospectrometer
(Cortex Technology, Hadsund, Denmark) use red and green
light-emitting diodes and do not measure chromatic values
but can be used to measure erythema and melanin indices
(Clarys et al., 2000). DSM II ColorMeter (Cortex Technology)
is a handheld device that can assess skin in both narrow-band
spectrophotometry and tristimulus colorimetric measurements (van der Wal et al., 2013).
COLORIMETRY AND DERMATOLOGY

Colorimetric devices have many clinical applications
(Table 1) through the quantiﬁcation of skin color via L* a* b*
and ITA values (Table 2). In regards to skin color assessment,
the colorimeter and spectrophotometer can be used to evaluate the skin type of subjects of various geographic origins
(Del Bino and Bernerd, 2013; Eilers et al., 2013; Seitz and
Whitmore, 1988). In addition, the colorimetric devices are
more reliable than subjective visual grading in assessment of
cutaneous color changes. They enable greater accuracy in the
determination of the minimal erythema dose (Heckman et al.,
2013; Seitz and Whitmore, 1988). They can detect
erythematous and tanning responses of the skin that are
below visual threshold and even in the presence of heavy
pigmentation (Seitz and Whitmore, 1988; Stamatas et al.,
2008). Colorimeters have also been used to assess bruises,
scarring, and efﬁcacy of treatment in atopic dermatitis and
9
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melasma in darker-skinned patients (Draelos and Raymond,
2018; Kimbrough-Green et al., 1994; Oliveira et al., 2005;
Scaﬁde et al., 2013).
In clinical care, these noninvasive devices can provide
easy and accurate methods of characterizing lesional from
nonlesional skin in patients with psoriasis, vitiligo, or acanthosis nigricans (Choi et al., 2009; Devpura et al., 2011;
Pershing et al., 1995). Additionally, current translational
and basic science research uses them to evaluate efﬁcacy of
pharmacological compounds and pigmentation changes from
skin lightening products (Healy et al., 2009; KimbroughGreen et al., 1994; Nam et al., 2015). Moreover, colorimetric devices have been useful in the ﬁeld of forensic

Table 2. Examples of Mean L*, a*, and b* Values for
the Six Groups of Skin Color
Mean values – SEM
Skin color type
Very light
Light
Intermediate
Tan
Brown
Dark

ITA
>55
55e41
41e28
28e10
10 to 30
< 30

L*
74.5
68.8
63.3
57.5
47.0
35.5








a*
1.5
0.5
0.4
0.3
0.9
0.7

3.7
7.0
7.4
10.1
10.4
8.8








b*
0.5
0.6
0.5
6.0
0.5
0.4

14.5
17.4
18.7
20.2
18.3
11.6








0.7
0.5
0.5
0.5
0.6
0.6

Abbreviations: CIE, Commission Internationale de l’Eclairage; ITA ,
individual typology angle; SCI, specular component included; SEM,
standard error of the mean.
CIE L*, a*, and b* values were measured for 135 photoprotected skin
samples with variable pigmentation. The L*, a*, and b* values were
classiﬁed into six skin color groups according to their ITA . L*a*b*
parameters were measured with a spectrophotometer (Datacolor Check)
using D65, 10 , SCI, d/8 (Del Bino and Bernerd, 2013, and personal
communication).
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science in characterizing patterns and extent of cutaneous
bruises and proﬁling skin pigmentation of unidentiﬁed body
parts, color matching of donor skin ﬂap in facial surgeries,
and assessment of radiation-induced dermatitis in breast
cancer patients (Maroñas et al., 2014; Mimasaka et al., 2010;
Ngo et al., 2006; Partl et al., 2017; Scaﬁde et al., 2013).
Advantages and limitations of colorimetry

Colorimeters and spectrophotometers provide objective and
reproducible measurements of the skin and minimize biases
and inaccurate reporting that arise in using FST classiﬁcation.
Colorimeters can also better detect cutaneous color changes
in dark-pigmented skin that are overlooked by visual assessment (Ahmad Fadzil et al., 2009; Chien et al., 2016; Scaﬁde
et al., 2013). This is especially important in the dermatologic
care of darker-skin patients as certain conditions, such as skin
tumors and inﬂammation, can present atypically or at an
advanced stage on diagnosis (Bradford, 2009; Mei-Yen and
Tay, 2017).
Though tristimulus colorimeters and spectrophotometers
have broad applications, tristimulus colorimetric devices are
limited in their ability to differentiate metameric colors, which
are colors with identical perceived appearance but different
spectral features. In addition, basic set-up requirements must
be fulﬁlled to be able to compare values obtained with
different colorimetric and spectrophotometric instruments.
Adjustments include illuminants, standard observer, measurement system, specular component, and measuring geometry. Authors using these devices in their studies should be
encouraged to communicate the speciﬁcations used.
SUMMARY

Colorimetry is a valuable standardized tool used for skin color
measurement. The CIELAB or CIE L* a* b* is the most
commonly used color space system. In the setting of dermatology, L* measures skin pigmentation, a* measures erythema, and b* measures tanning ability. L* and b* parameters
can be used for constitutive pigmentation classiﬁcation according to the ITA . Because of their portability and standardization, colorimeters and spectrophotometers will
continue to be critical tools in clinical and research.
Furthermore, their ability to assess constitutive pigmentation
and adaptability across skin types will provide additional
valuable information regarding the increasingly diverse patients seen in dermatology clinics.
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MULTIPLE CHOICE QUESTIONS
1. The cones in human eyes have high sensitivity
at three light wavelengths. What are the
corresponding colors of the wavelengths?
A. Red, orange, Blue
B. Yellow, magenta, cyan
C. Red, blue, green
D. White, blue, red
2. What does each of the L*a*b* values represent
in skin measurement?
A. L* ¼ skin darkness/lightness; a* ¼ jaundice;
b* ¼ cyanosis
B. L* ¼ skin darkness/lightness; a* ¼ erythema;
b* ¼ tanning
C. L* ¼ skin color, a* ¼ UV exposure, b* ¼
non-UV exposure
D. L* ¼ cutaneous blood ﬂow, a* ¼ pinkness of
skin, b* ¼ skin damage
3. Which of the following Illuminant is
commonly used in colorimeters and
spectrophotometers?
A. Standard Illuminant D65, which corresponds
to clear sky in Western Europe without the
ultraviolet wavelengths
B. Standard Illuminant D65, which corresponds
to average midday light in Western Europe
with the ultraviolet wavelengths
C. Standard Illuminant corresponding to
incandescent light
D. Standard Illuminant corresponding to
windowless room
4. Which of the following pertains to individual
typology angle (ITA)?
A. It classiﬁes skin colors into six groups, from
very light to dark skin.
B. ITA can be calculated from the L* and b*
values and can be constructed from the
skin color volume.
C. The intersecting axis represents the color
attributes, such as hue and luminance.
D. Both A and B are correct.
5. What is one limitation of the colorimeter?
A. It emits white light.
B. It is inferior to the spectrophotometer in
every aspect.
C. It provides easier color visualization and
communication.
D. It does not measure the color’s spectral
characteristics.
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SUPPLEMENTARY MATERIAL
Supplementary material is linked to this paper. Teaching slides are available
as supplementary material.
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Research Techniques Made Simple: Cell Biology
Methods for the Analysis of Pigmentation
Silvia Benito-Martínez1,5, Yueyao Zhu2,3,4,5, Riddhi Atul Jani1,5, Dawn C. Harper3,5,
Michael S. Marks3,4,6 and Cédric Delevoye1,6
Pigmentation of the skin and hair represents the result of melanin biosynthesis within melanosomes of
epidermal melanocytes, followed by the transfer of mature melanin granules to adjacent keratinocytes within
the basal layer of the epidermis. Natural variation in these processes produces the diversity of skin and hair
color among human populations, and defects in these processes lead to diseases such as oculocutaneous
albinism. While genetic regulators of pigmentation have been well studied in human and animal models, we
are still learning much about the cell biological features that regulate melanogenesis, melanosome maturation,
and melanosome motility in melanocytes, and have barely scratched the surface in our understanding of
melanin transfer from melanocytes to keratinocytes. Herein, we describe cultured cell model systems and
common assays that have been used by investigators to dissect these features and that will hopefully lead to
additional advances in the future.
Journal of Investigative Dermatology (2020) 140, 257e268; doi:10.1016/j.jid.2019.12.002

INTRODUCTION

One of the most prominent features of metazoans is their
pattern of pigmentation. Variation in the type and amount of
pigment produced yields differences in hair, skin, and eye
color, an instantly recognizable feature that dictates social
cues, impacts visual acuity, and protects against the harmful
effects of UV radiation (Jablonski and Chaplin, 2000; Pavan
and Sturm, 2019). Deﬁciencies in pigment production result
in various forms of albinism—with concomitant poor visual
acuity and susceptibility to skin cancer—or patterned disorders such as vitiligo or piebaldism (Pavan and Sturm, 2019).
Understanding how pigments are made and distributed is thus
an important and vibrant area of dermatological research.
The major pigments in mammals, melanins, are synthesized by specialized pigment cells—melanocytes in the basal
layer of the skin, the hair bulb, and the choroid of the eye,
and pigmented epithelial cells of the retina, iris, and ciliary
body of the eye. The black or brown eumelanins and red or
yellow pheomelanins are both composed of polymerized
products of sequential redox reactions in which tyrosine is the
initial substrate. The process underlying melanin formation is

referred to as melanogenesis (Figure 1a) (d’Ischia et al., 2015).
Because many of the intermediates in melanogenesis are
highly redox reactive, melanin synthesis in pigment cells is
sequestered within specialized membrane-bound organelles
called melanosomes (Marks and Seabra, 2001). Melanin
synthesis in the eye is largely limited to prenatal and perinatal
life, and ocular pigment cells maintain their melanosomes
intracellularly throughout their lifetime (Lopes et al., 2007). In
contrast, epidermal melanocytes synthesize melanins constitutively (although melanogenesis can be stimulated, e.g., by
UV exposure) and transfer them to neighboring keratinocytes.
Melanins in keratinocytes are retained within membranebound organelles that form a cap above the nucleus to
protect keratinocyte DNA from irradiation (Kobayashi et al.,
1998). Thus, skin and hair pigment is synthesized in melanocytes but resides primarily in keratinocytes (Wu and
Hammer, 2014). Natural variation in melanosome formation
and maturation, melanogenesis, and melanin transfer to keratinocytes results in variation in skin, hair, and eye color and
in visual acuity. Accordingly, pigmentary disorders arise from
defects in these processes. For example, heritable disorders,
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SUMMARY POINTS
 Skin pigmentation provides protection against
UV radiation and relies on melanin synthesis
within melanosomes in melanocytes and
subsequent melanin transfer to keratinocytes.
 Two types of melanins exist; they absorb visible
light and can be quantiﬁed from a variety of
sources by a number of spectroscopy methods.
 Cell culture models for melanocytes and
melanoma cells allow for analyses of
melanosome maturation and content by electron
microscopy or light microscopy, and by
biochemical, or immunoﬂuorescence, or
immunoelectron microscopy analyses for
melanosome protein contents.
 Melanin transfer from melanocytes or isolated
melanosome cores to keratinocytes can be
studied using cell culture models and a variety of
microscopy techniques.

such as Hermansky-Pudlak syndrome (HPS) and ChediakHigashi syndrome, associated with oculocutaneous albinism, are caused by the disrupted assembly of melanosomes
and other cell typeespeciﬁc lysosome-related organelles
(LROs), whereas the Griscelli syndromes (GS) cause pigment
dilution primarily in the skin and hair by interfering with the
intracellular positioning of melanosomes and other LROs
(Bowman et al., 2019; Delevoye et al., 2019).
This review describes cultured cell model systems in
which to study melanogenesis in epidermal melanocytes
(Supplementary Table S1) and assays for melanogenesis,
melanosome formation and maturation, and melanin transfer
to cultured keratinocytes. We focus on major approaches
used by investigators in the ﬁeld, their advantages and limitations, and alternative approaches. Owing to space limitations, we will not discuss different genetic systems used for
whole animal pigmentation studies (e.g., zebraﬁsh and
mice), analyses of melanocyte-keratinocyte interactions in
situ, or systems to study pigmentation in ocular pigment
cells.
CELL CULTURE MODELS OF MELANOGENESIS

Although some physiological controls on pigmentation
require the intact architecture of the skin and hair, melanosome biogenesis and melanin synthesis in epidermal melanocytes in situ are largely maintained in cultured melanocytes
and model cell lines. Hence, melanocytes or melanogenic
melanoma cells provide outstanding and easily manipulated
model systems with which to study these processes. A number of different models are frequently used, each with its own
advantages and disadvantages (Supplementary Table S1);
thus, validation of data using different models is recommended. With any of these models, vigilance is needed to
ensure that cells maintain proper differentiation and optimal
growth (Box 1).

ANALYZING MELANIN

Melanins are synthesized within melanosomes through a
series of chemical reactions that are initiated by the enzyme,
tyrosinase (TYR), which catalyzes the hydroxylation of tyrosine to form L-3,4-dihydroxyphenylalanine (L-DOPA) and the
oxidation of L-DOPA to DOPAquinone (Figure 1a) (d’Ischia
et al., 2015). At near neutral pH and oxidizing conditions,
DOPAquinone is oxidized through several intermediates to
indole subunits that polymerize to form eumelanins
(Figure 1a). Within melanosomes, eumelanins polymerize
onto a sheet-like matrix consisting of proteolytic fragments of
the amyloid protein, PMEL (also known as Pmel17, Silver,
gp100, and several other names) (Watt et al., 2013). If
cysteine is abundant, and the pH is slightly lower
(Wakamatsu et al., 2017), DOPAquinone is converted into
cysteinylDOPA, which then undergoes a series of steps to
form pheomelanins (d’Ischia et al., 2015). Because melanosomes progress from highly acidic to near neutral during
maturation (Raposo et al., 2001), melanin deposits in melanosomes of darkly pigmented melanocytes may have a
pheomelanin core surrounded by a eumelanin cortex
(d’Ischia et al., 2015). Both classes of melanin polymers are
highly stable and insoluble in aqueous buffers; methods of
chemical analyses of melanins must take this into account.
Melanin visualization in cell pellets

A simple method to assess pigmentation in cultured melanocytes or melanoma cells is to pellet the cells and visually
compare the resulting color (Figure 1b). This non-quantitative
approach—limited in presentation to a representative
image—allows for a qualitative comparison between samples
that can document changes in the degree or color of
pigmentation.
Melanin visualization by light microscopy

Because melanin efﬁciently absorbs visible light, melanin
within mature melanosomes can be visualized by bright ﬁeld
light microscopy. At high magniﬁcation (original
magniﬁcation 63 or 100), melanosome size, distribution,
total cellular content, and number per unit area can be
analyzed qualitatively or quantitatively in live or ﬁxed cells
(Figure 1c) (Crawford et al., 2017; Wasmeier et al., 2006).
Moreover, the localization of proteins of interest, detected by
immunoﬂuorescence or from ﬂuorescent protein conjugates,
can be compared with pigment granules by ﬂuorescence
or bright ﬁeld microscopy (see section on Analyzing
Melanosomes below). Light microscopy cannot detect
lightly pigmented melanosomes or distinguish between
eumelanin and pheomelanin. Note that differential interference contrast and phase contrast microscopy are not recommended to detect melanin because they lend contrast to
other subcellular structures, which can then be mistaken for
pigment granules.
Melanin quantiﬁcation by spectrophotometry (absorption
spectroscopy)

This procedure measures light absorption (wavelength between 400 and 500 nm) by melanin in detergent-free cell
lysates using a spectrophotometer (Hu, 2008) (Figure 1d). This
approach can also be applied to quantify melanin either in
skin or 3-dimensional (3D) skin equivalents using a modiﬁed
www.jidonline.org
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Figure 1. Pigmentation analyses. (a) Melanogenesis pathway from Ito and Wakamatsu (2008), with permission from John Wiley and Sons. (b) Pigmentation
analyzed in pellets of B16 melanoma cells treated for indicated times with inulavosin, a drug that targets TYR for degradation (Fujita et al., 2009). (c)
Pigmentation visualized in mouse melan-Ink4a-/- cells expressing a control non-target shRNA or depleted of the transporter MFSD12 by shRNA. Bright ﬁeld
microscopy images are shown on the left (Bar ¼ 10 mm); quantiﬁcation of the percent area of each cell that is covered by melanin is shown on the right. From
Crawford et al., (2017). (d) Use of spectroscopy or visual inspection to estimate the melanin content of MNT-1 cells treated with control siRNA or depleted of the
small GTPase RAB6A/A’ by siRNA. The absorbance of the melanin content is normalized to the control sample. From Patwardhan et al., (2017). shRNA, short
hairpin RNA; siRNA, small inhibitory RNA; TYR, tyrosinase.

lysate preparation (Lo Cicero et al., 2015) or secreted into the
culture supernatant and recovered by centrifugation. For a
quantitative comparison of melanin content among pigmentcontaining samples, the values can be normalized to lysates
or supernatant fractions from a non-pigmented cell (Delevoye
et al., 2009). The total melanin content can be calculated by
comparison with a standard curve generated with known
concentrations of synthetic melanin. This method does not
distinguish between pheomelanin and eumelanin because of
their similar absorption spectra (Ito and Fujita, 1985).
Melanin quantiﬁcation by other spectroscopy methods

Melanin does not ﬂuoresce intrinsically, but the ﬂuorescence
from melanin oxidized by hydrogen peroxide in strong alkaline solutions can be quantiﬁed by ﬂuorescence spectroscopy. Although this method does not distinguish between
different types of melanins, it correlates well with the melanin
content (Rosenthal et al., 1973) and is amenable to complex
biological structures, such as zebraﬁsh embryos or human
hair (Fernandes et al., 2016). In contrast, electron paramagnetic resonance (EPR) spectroscopy discriminates between eumelanins and pheomelanins (Sealy et al., 1982). EPR
spectroscopy detects different electron spin signatures from
stable free semiquinone-type radicals within the different
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melanin types, which accurately correlate with pigment
concentration (Godechal et al., 2013). EPR analyses can
measure eumelanin and pheomelanin ratios even from biological samples such as histological sections (Sealy et al.,
1982) but require specialized expertise.
High performance liquid chromatography

The best quantitative method to analyze eumelanin and
pheomelanin is high performance liquid chromatography
(HPLC). Based on the detection of melanin degradation
products (Ito and Fujita, 1985), HPLC does not require
melanin isolation from tissues or cells and can be applied to
essentially any biological sample. Although highly quantitative, HPLC requires costly equipment and very special
expertise.
ANALYZING MELANOSOMES

Melanosomes within melanocytes mature through four
distinct stages deﬁned by their ultrastructure (Figure 2a) (Seiji
et al., 1963). The early stages lack pigment but harbor irregular amyloid ﬁbrils (stage I) that accumulate and assemble
into regularly spaced sheets (stage II). The progressive accumulation of melanin on the sheets marks stage III and ultimately stage IV in which the underlying sheets are masked
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Box 1. Assessing the health of cultured melanocytes
The overall cellular health of melanocytes in culture and
their melanosome content and morphology can be rapidly
assessed by standard bright ﬁeld light microscopy with an
inverted compound microscope. Cells can be visualized
in their growth medium and/or platform, yielding low
contrast visualization of highly pigmented granules (likely
stage IV melanosomes). Cell stress or prolonged culture
may lead to any of several features that change the
pigmentation pattern in a cohort of the cells, including (i)
dedifferentiation, leading to reduced or lost pigment
granules; (ii) pigment aggregation, revealed as seemingly
enlarged melanosomes; (iii) change in the subcellular
distribution of melanosomes (e.g., clustering in the perinuclear area or accumulation at the periphery); and (iv)
elongation and thinning of cell architecture and an
apparent increase in dendrite formation. These features
may skew the results of more detailed analyses of melanosome biogenesis, transfer, or signaling. The accumulation of melanocytes in culture with these features should
be taken as a sign to thaw a new vial of cells. Note that
cell conﬂuency impacts the pigmentation status of all
cultured melanocytes and needs to be controlled for in
experiments comparing pigmentation across different
cultured cell sources. Most of the melanocyte models
described can be efﬁciently transduced by infection with
recombinant retroviruses or lentiviruses for exogenous
gene expression, short hairpin RNA knockdown, or
CRISPR/Cas9 mutagenesis, and most of the cell lines can
be transfected as well.

2017), TEM provides the resolution to accurately and quantitatively assess melanosome stages (Figure 2b, c). Samples for
conventional TEM are often chemically ﬁxed with aldehydes
(Figure 2b), which can introduce ultrastructural artifacts by
altering the melanosome size and shape and by disrupting
tubular membranes (Hurbain et al., 2017). To better preserve
melanosomes and related structures close to their native state,
melanocytes can instead be immobilized using high-pressure
freezing (HPF) followed by freeze substitution (Figure 2c)
(Hurbain et al., 2017). HPF preservation reveals otherwise
unappreciated details, such as membrane remodeling at the
melanosome membrane (Delevoye et al., 2009; Ripoll et al.,
2018b) or individual intraluminal PMEL ﬁbrils (Hurbain et al.,
2008). HPF requires complex instrumentation that may not be
available to all EM users.
While conventional TEM provides a 2-dimensional (2D)
ultrastructural view of the melanocyte interior, electron tomography (ET) allows for the reconstruction of a 3D model of
melanosomes and associated structures (Delevoye et al.,
2009; Hurbain et al., 2008). A speciﬁc area of a thick EM
section (250e350 nm) is imaged at incremental angles, and
the images are aligned using embedded gold particles as ﬁduciary marks. ET is preferentially combined with HPF and
compatible with IEM (Hess et al., 2018). An alternative and
rapidly advancing (but lower resolution) 3D approach is
focused ion beam scanning EM, in which a sample is
repeatedly imaged on a scanning electron microscope after
sequentially removing thin surface layers with a focused ion
beam (Titze and Genoud, 2016). 3D-EM approaches are
costly, time-consuming, and require very specialized
expertise.
Melanosome analyses based on protein content

(Figure 2a). The morphological progression correlates with
protein content (Raposo et al., 2001), with early stages
marked by the amyloid protein PMEL on the ﬁbrils and/or
sheets and later stages enriched in melanogenic enzymes
(TYR and the TYR-related proteins TYRP1 and dopachrome
tautomerase) and transporters (e.g., OCA2, ATP7A, TPC2)
(reviewed by Sitaram and Marks [2012]). These contents
derive by transport from the Golgi and endosomes. Thus, it is
possible to identify distinct melanosome stages by their
morphology using conventional electron microscopy (EM)
analyses or by their protein content using biochemical approaches, ﬂuorescence microscopy, or immunolabeling EM
(IEM).
Ultrastructural characterization of melanosomes by EM

Melanosome maturation is spatiotemporally regulated
(Bowman et al., 2019; Delevoye et al., 2019), and defects in
the expression or delivery of melanogenic proteins can alter
melanosome morphology (Montoliu et al., 2014). These
changes, as well as melanosome apposition to other organelles (e.g., mitochondria or endosomes [Daniele et al., 2014;
Delevoye et al., 2009]) or remodeling of their limiting membranes (Delevoye et al., 2016; Ripoll et al., 2018b) are best
detected by conventional transmission EM (TEM). Although it
requires specialized equipment and expertise (Hurbain et al.,

Melanosome stages can be assessed by their protein content
using antibodies or expressed fusion proteins in biochemical
or imaging analyses. Analyses of the distribution of these
proteins in melanocytes in which melanosome biogenesis is
disrupted, either by natural mutations or by experimental
manipulation, can reveal the mechanisms by which these
proteins are delivered to melanosomes.
Immunoﬂuorescence microscopy of ﬁxed cells.
Immunoﬂuorescence microscopy (IFM) uses antibodies to reveal the
steady-state subcellular distribution of proteins to melanosomes or other organelles in ﬁxed melanocytes. An altered
cellular distribution of a protein in melanocytes from disease
states, such as HPS and GS, relative to normal melanocytes
can enlighten the trafﬁcking pathways by which that protein
is delivered to melanosomes. The degree of overlap of a given
protein with a pigment detected by bright ﬁeld microscopy
can deﬁne whether or not that protein localizes to mature
(mainly stage IV) melanosomes, and localization to other
compartments can be identiﬁed by overlap with markers
detected by IFM. Frequently used melanosome markers
include PMEL (stage II melanosomes) and the melanogenic
enzymes TYR and TYRP1 (stage III and IV melanosomes), but
others can be used for speciﬁc situations (Supplementary
Table S2). An example showing TYRP1 overlap with
pigment granules but not with PMEL or the lysosomal marker
LAMP2 is shown in Figure 3a. Although this technique is
www.jidonline.org
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Figure 2. Electron microscopy
analyses of melanosome
ultrastructure. (a) Ultrastructure of
stage I-IV melanosomes. Top, a
schematic of melanosome biogenesis
as presented in the text. Bottom, thin
section electron microscopy analysis
of MNT-1 cells showing examples of
each melanosome stage. Stage I has a
planar clathrin coat (black arrow),
intraluminal vesicles (*) and
membranous tubules (white arrow).
Stage II is characterized by
intraluminal amyloid sheets (arrow)
upon which electron dense melanin
deposits in stage III (arrow), until
ﬁlling the lumen of the stage IV
melanosome. Bar ¼ 200 nm.
Adapted from Ripoll et al. (2018a).
(b, c) MNT-1 cells ﬁxed chemically
(b) or immobilized by high-pressure
freezing (c) were processed for
conventional electron microscopy
and imaged by transmission electron
microscopy. Pigmented melanosome
(arrows) are detected. Note the
rounder shape of melanosomes in c
owing to better ultrastructural
preservation. Bar ¼ 500 nm. From
Delevoye et al. (2016) (b) and Ripoll
et al. (2018b) (c).

subject to many potential pitfalls (Box 2), it is relatively simple
to do and many protocols are available (eg, the protocol by
Donaldson [2001]).
The imaging of live pigment cells allows
for the visualization of melanosome movement or the
detection of membrane dynamics during melanosome
biogenesis. Cells can be visualized with standard light (for
melanin granules) or ﬂuorescent light (for expressed ﬂuorescent protein conjugates). Analyses can be continuous for a
short time period to detect rapid movements or membrane
dynamics during cargo transport or at intervals over long time
frames to detect slow processes such as melanin transfer.

Live cell imaging.

Bright ﬁeld analysis by wide ﬁeld microscopy.
The intracellular dynamics of mature melanosomes can be monitored by
live bright ﬁeld imaging to study the mechanisms regulating
melanosome motility (Wu et al., 1998). While imaging can be
done without fear of phototoxicity, it is limited to the analysis
of highly pigmented melanosomes.
Fluorescence microscopy.
Fluorescent protein conjugates to
various melanosomal proteins, expressed in melanocytes by
transfection or recombinant virus transduction, have been
used to visualize melanosome motility and membrane dynamics to and from melanosomes. The coexpression of
ﬂuorescent markers of other compartments, the concomitant
visualization of pigment granules by bright ﬁeld microscopy,
or the identiﬁcation of melanosomes by their characteristic
"donut" structure (in which ﬂuorescence in the melanosome
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interior is quenched by melanin) can reveal dynamic and
transient interactions between melanosomes and endosomal
transport intermediates (Delevoye et al., 2009; Dennis et al.,
2015), lysosomes (Bissig et al., 2019), or Golgi-derived vesicles (Patwardhan et al., 2017). Such interactions are best
captured by spinning disk confocal microscopy. Alternatively, to visualize the dynamics of melanosomes associated
with the melanocyte cortical cytoskeleton and their transfer to
keratinocytes (Bruder et al., 2012), total internal reﬂection
ﬂuorescence microscopy is ideal.
Quantitative imaging analysis.
Proper interpretation of IFM
and live cell imaging requires quantitative analysis, such as
the degree to which a test protein is spatially associated with
or localized to pigment granules (for an excellent review, see
Dunn et al.[2011]). However, keep in mind that the diffraction limit for light microscopy (w200e250 nm) and the
congregation of melanosomes and other organelles in the
perinuclear region of melanocytes will make some organelles
erroneously appear to overlap; to address the latter, we often
limit our analyses to the melanocyte periphery where organelles are more spatially separated. Colocalization can be
quantiﬁed using either of two predominant theoretical approaches. Pixel-intensity-based correlation analysis (e.g.,
Pearson’s correlation or Mander’s overlap coefﬁcients) measure how the signal intensity for two proteins correlate at each
pixel. It is not an absolute measure of the degree of overlap,
and accuracy requires similar maximal intensities for both
proteins. Alternatively, object-based overlap considers the
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Figure 3. Analyses of melanosome content. (a) IFM and bright ﬁeld analysis of immortalized mouse melan-Ink4a melanocytes labeled with antibodies to the
mature melanosomal enzyme TYRP1 (green, with TA99 antibody) and either the lysosomal membrane protein LAMP2 (top, with GL2A7 antibody) or the early
stage melanosomal protein PMEL (bottom, with HMB45 antibody). Melanin detected by bright ﬁeld microscopy is pseudocolored red in the left and right panels.
Insets show the original magniﬁcation 5 of the boxed regions, emphasizing the "donut"-like structure of TYRP1 surrounding melanin. Bar ¼ 10 mm. (b) IEM on
MNT-1 cells using antibodies to PMEL (HMB50) and TYRP1 (TA99) and Protein A conjugated to 5, 10, or 15 nm gold particles. PMEL labeling (small gold
particles) is associated mainly with unpigmented stage II melanosomes, and TYRP1 (large gold particles) labels melanin-containing stage IV melanosomes. Bar ¼
100 nm. Modiﬁed from Raposo et al. (2001). (c) Lysates of melanosome-enriched fractions isolated from MNT-1 cells treated with siRNA control (siCtrl) or siRNA
to Myosin VI or WASH1 were analyzed by immunoblotting for TYRP1 (with H-90 antibody) and the melanosome-associated SNARE VAMP7 (top). Data collected
from several experiments were quantiﬁed and expressed as protein expression level normalized to the siRNA control (bottom). From Ripoll et al. (2018b). (d)
Melanosome-enriched fraction from normal human epidermal melanocytes (NHEM) or MNT-1 cells expressing GFP (left) or GFP-RAB6 (right) were deposited on
EM grids and subjected to IEM using antibodies directed against RAB6 or GFP and 10 or 15 nm gold particles coupled to Protein A. Pigmented melanosomes
labeled by gold particles (arrows) are shown. Bar ¼ 500 nm. From Patwardhan et al., (2017). EM, electron microscopy; GFP, green ﬂuorescent protein;
IEM, immunolabeling electron microscopy; IFM, immunoﬂuorescence microscopy; siRNA, small inhibitory RNA.

size and shape of the object, provides a more multidimensional analysis of colocalization, and correlates better with
IEM analyses (Dennis et al., 2015; Setty et al., 2007) but requires subjective thresholding to deﬁne objects. Another
measure is the distance between or coincidence of the centers
of two test objects (Lachmanovich et al., 2003). This requires
a centroid to be deﬁned for each object, which may be
challenging for non-isotropic structures like melanosomes
(e.g., TYRP1 is detected in uneven rings around pigment
granules, and PMEL does not uniformly label the melanosome
lumen) (Figure 3a) and/or for examining melanosome interactions with tubulo-vesicular structures (Dennis et al.,
2015). Box 3 presents additional approaches for quantifying
melanosome imaging.

Immunolabeling electron microscopy

Based on antibody detection in thin sections using electron
dense gold particles and on a different sample preparation
than for conventional EM (Hurbain et al., 2017), IEM is the
best approach to assign an ultrastructural localization to an
endogenous or expressed epitope-tagged protein. IEM in
melanocytic cells or human skin biopsies has been invaluable
to deﬁne protein distributions to distinct melanosome stages
(Figure 3b) (Hurbain et al., 2017; Raposo et al., 2001) or to
pigment granules in keratinocytes (Hurbain et al., 2018). An
alternative state-of-the-art technique is correlative light to EM
(CLEM) (Hurbain et al., 2017), in which an organelle of interest is ﬁrst identiﬁed by ﬂuorescence microscopy and then
analyzed by TEM, thus associating a ﬂuorescent spot to an
www.jidonline.org
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Box 2. Potential pitfalls to avoid in pigment cells
analyzed by immunoﬂuorescence microscopy

Box 3. Speciﬁc live cell quantitative approaches for
melanosome biology

(i) Immunoﬂuorescence microscopy measures steady state
localization and represents the entire distribution of the
epitope recognized by the antibody. Thus, there is no such
thing as 100% localization to a given compartment. For
example, melanosomal proteins traverse the biosynthetic
and endosomal pathways (Bowman et al., 2019; Delevoye
et al., 2019), and thus, a fraction of these proteins are
always in such compartments en route. Additionally, a
protein may be subjected to posttranslational modiﬁcations or protein: protein interactions that prevent the
detection of its total pool by a given antibody. For
example, different antibodies to various regions of PMEL
yield distinct labeling patterns in melanocytes
(Supplementary Table S2) (Harper et al., 2008). (ii) The
expression level of a transgene product (e.g., TYR, TYRP1)
(Calvo et al., 1999; Setty et al., 2007) can alter its localization and detection. (iii) Melanosomes are w 300e500
nm in length, close to the resolution limit of
light microscopy. The resolution of the microscope
objective and pixel size of the camera must be considered.
The ﬂuorescence imaging of melanosomes can be
improved by image deconvolution of sequential z-plane
images from a conventional ﬂuorescence microscopy or
by a super-resolution technique, such as structural illumination microscopy (Ripoll et al., 2018b). Fluorescence
extinction approaches to super-resolution such as photoactivation localization microscopy or stochastic optical
reconstruction microscopy cannot be used with pigmented
cells because melanin emits substantial ﬂuorescence and
heats up using these techniques.

There are many ways to quantify melanosome motility
(Hume et al., 2011; Oberhofer et al., 2017; Palmisano
et al., 2008; Rogers and Gelfand, 1998; Wu et al.,
1998) and distribution to the perinuclear or peripheral
regions (Caviston et al., 2011; Reilein et al., 1998). We
have quantiﬁed the dynamics of melanosome-bound
tubular transport intermediates during melanosome
biogenesis using ImageJ (NIH, Bethesda, MD) and
freeware called Icy (http://icy.bioimageanalysis.org/)
(Delevoye et al., 2016; Dennis et al., 2016; Dennis
et al., 2015; Ripoll et al., 2018b). These and other behaviors may require custom-designed analyses. Note, a
simple method to control for correct measurement using any quantiﬁcation approach is to repeat the quantiﬁcation on the same set of images but after rotating
one of the image channels by 30e180 (Ripoll et al.,
2018b).

ultrastructure. CLEM can be coupled to HPF (Delevoye et al.,
2016) and/or associated with 3D-ET (Ripoll et al., 2018b) and
has revealed unappreciated membrane trafﬁcking steps during melanosome biogenesis and maturation that are targeted
in HPS (Delevoye et al., 2016).
Biochemical characterization of melanosomes by subcellular
fractionation

Melanosomes can also be identiﬁed biochemically by subcellular fractionation. Detergent-free melanocyte homogenates are fractionated by centrifugation on a sucrose density
gradient; pigmented melanosomes are denser than other
membranous organelles, and thus migrate further (Watabe
et al., 2005). Protein content in melanosome fractions from
different samples can then be compared by immunoblotting
(Figure 3c) or by proteomics analyses (Chi et al., 2006).
Although such subcellular fractions are enriched for melanosomes, they are contaminated with other organelles, and
thus caution should be exercised in interpreting their contents. Organelle contamination should be assessed by
immunoblotting isolated fractions with antibodies to components of these organelles and may be complemented by ultrastructural inspection of the melanosome-enriched fraction
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by conventional TEM or IEM (Figure 3d) (Patwardhan et al.,
2017).
ANALYZING MELANIN TRANSFER AND/OR UPTAKE

Melanin transfer to keratinocytes requires the peripheral
positioning and immobilization of pigmented melanosomes
near the melanocyte plasma membrane. Proposed transfer
modes include (i) melanosome exchange by the fusion of
melanocyte and keratinocyte plasma membranes or phagocytosis by keratinocytes either of (ii) melanosome-containing
melanocyte dendrites, (iii) melanosome-containing membrane fragments shed from melanocytes, or (iv) the luminal
content of melanosomes (melanocores) exocytosed by melanocytes (Wu and Hammer, 2014). Regardless of the model,
genetic defects in melanosome positioning (Bowman et al.,
2019) or maturation (Bultema et al., 2014; Ripoll et al.,
2018b) can affect melanin transfer.
In vitro coculture system

Most transfer assays described to date rely on a 2D in vitro
coculture system of primary or immortalized melanocytes and
keratinocytes (Supplementary Table S3). Because keratinocytes secrete factors that promote melanocyte pigmentation
and dendricity and potentiate melanin exchange, donormatched pairs of primary human epidermal melanocytes
(HEMs) and human epidermal keratinocytes (HEKs) are
optimal. The derivation of HEM and HEK from human
pluripotent stem cells (Nissan et al., 2011) might provide an
‘inﬁnite’ source of paired epidermal cells that may be used in
the future to generate epidermal cells bearing patient mutations to study the pathophysiology of pigmentary disorders.
Assays for monitoring melanin transfer
IFM of ﬁxed cells.
Pigment transfer in a 2D coculture model

can be assessed by IFM based on the speciﬁc labeling of the
keratinocytes and the transferred melanin. Keratinocytes can
be detected by antibodies to components not expressed in
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Figure 4. Analyses of melanosome
transfer. (a) HEM and/or HEK
coculture processed for IFM using
antibodies speciﬁc to HEKs (epidermal
growth factor receptor, green) or
melanosomes (HMB45 anti-PMEL,
red). The contours of HEKs were
drawn manually using ImageJ (white
lines) to detect transferred
melanosomes and/or melanocores
(HMB45-positive structures,
arrowheads). Note that HEMs are
heavily stained by HMB45 antibodies
owing to the abundance of PMEL
inside melanosomes, while transferred
melanosomes and/or melanocores
appear as small and dim ﬂuorescent
puncta or pigment granules in
keratinocytes (arrowheads). Bar ¼ 10
mm. From Ripoll et al., (2018b). (b)
Conditioned medium of MNT-1
culture deposited on top of a porous
ﬁlter-containing column (3,000 kDa,
left). After centrifugation, the medium
passed through the ﬁlter (middle), but
the black melanocore-enriched
fraction was retained on top of the
ﬁlter (right). (c-e) Melanocores puriﬁed
from the conditioned medium of
MNT-1 cells were ﬁxed directly (c) or
incubated with HEKs for (d) 10
minutes or (e) 8 hours before ﬁxation,
labeling for PMEL with HMB45, and
analysis by IFM (left panels) and bright
ﬁeld microscopy (middle panels).
Merged images are shown at right, and
cell contours are drawn on the IFM
images at left in (d) and (e).
Arrowheads and arrows indicate
melanin granules that do or do not
overlap with HMB45 labeling,
respectively. Note that structures in
the cell periphery or exterior at 10 min
accumulate into a perinuclear “cap”
by 8 hours. Bar ¼ 10 mm. HEM,
human epidermal melanocyte; HEK,
human epidermal keratinocyte; IFM,
immunoﬂuorescence microscopy;
MCs, melanocores.

melanocytes (e.g., cytokeratins [Kasraee et al., 2011] or
epidermal growth factor receptor [Ripoll et al., 2018b]),
whereas the transferred melanin and/or melanosomes can be
detected by bright ﬁeld microscopy for the pigment or by
antibodies speciﬁc for melanosomal proteins (e.g., PMEL,
TYR, and TYRP1). Note that the labeling for melanosomal

membrane proteins (TYRP1 and to some degree, TYR) preferentially reﬂects the transfer of intact melanosomes and not
of melanocores, whereas PMEL antibodies mainly detect
lightly pigmented melanosomes and/or melanocores
(Figure 4a, c, d, and e, arrowheads) because PMEL epitopes
on the ﬁbrils in the melanosome lumen are buried upon
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melanin deposition (Raposo et al., 2001). A comprehensive
analysis would combine bright ﬁeld imaging of the pigment
with melanosome staining for PMEL. Transferred melanin or
PMEL can be quantiﬁed relative to a negative control in
which keratinocytes are grown without melanocytes (see
Ripoll et al [2018b] for further details).
Live cell imaging.
Live cell ﬂuorescence imaging can be
used to track the transfer of intact melanosomes to keratinocytes (identiﬁed in corresponding phase contrast images) from
cocultured melanocytes expressing ﬂuorescent protein fusions to melanosomal proteins (Bruder et al., 2012). Wu et al
(2012) similarly used time-lapse imaging to visualize the
shedding mode of melanin transfer by labeling the plasma
membranes of melanocytes and keratinocytes with different
ﬂuorescent probes. These approaches do not detect melanocore exchange, which may be the primary mode of
melanin transfer in human epidermis (Tarafder et al., 2014),
and are prone to UV-induced photodamage and transfer
underestimates because of the non-synchronous manner of
exchange at multiple planes of focus. To our knowledge,
ﬂuorescent labeling of melanin using chemical approaches
has not been successful, but the recent design of ﬂuorescent
genetically encoded probes that could label melanosomes
and melanocores (Ishida et al., 2017) might facilitate pigment
transfer analyses.

Melanosome transfer in 2D cocultures can be assessed by ﬂow cytometry analysis of keratinocytes labeled for melanosome-associated markers (e.g.,
TYR, TYRP1 [Hu et al., 2017; Lin et al., 2008]) or by conventional EM to detect pigment in keratinocytes (Kasraee
et al., 2011). Several studies have exploited 3D culture systems, including the seeding of epidermal cells on either side
of a porous ﬁlter (Kasraee et al., 2011) or generating 3Dreconstructed epidermis for analyses by immunohistochemistry and/or EM (Lo Cicero et al., 2015). While these systems
may be more physiological, they are also more complicated
to analyze.
Alternative methods.

Monitoring the uptake of biochemically isolated
melanocores

In the human epidermis, a main mode of melanin transfer
results from the fusion of melanosomes with the melanocyte
plasma membrane, releasing their intraluminal melanin
content, or melanocores, for subsequent phagocytosis by
keratinocytes (Correia et al., 2018; Tarafder et al., 2014).
Melanocores can thus be used in vitro as physiologically
relevant pigment sources to study pigment transfer and keratinocyte pigmentation. Some melanoma cells (e.g., MNT-1)
(Supplementary Table S1) constitutively secrete melanin into
the conditioned medium, from which melanocores can be
collected by differential centrifugation (Figure 4b) (Correia
et al., 2018) and quantiﬁed by absorption spectrophotometry (see above). Note that these preparations can be
contaminated with other cellular materials; thus, the quality
of the melanocore-enriched fraction should be properly
characterized by immunoblotting and EM. Melanocore fractions can be stored frozen and/or incubated with keratinocytes and tracked over time (hours to days) by bright ﬁeld
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microscopy (Correia et al., 2018) and/or by immunolabeling
for PMEL and ﬂuorescence microscopy (Figure 4cee).
FINAL REMARKS

Pigmentation of the skin and hair is easily visible but has not
yet revealed the biological basis underlying its full
complexity, and many fundamental questions regarding
the cell biology of pigmentation remain underexplored.
The following general questions must be addressed using a
multi-disciplinary approach, including some of the methods
described herein.
 Melanosome biogenesis: While much has been learned about
melanosome biogenesis over the past two decades, several
major questions remain unsolved. How are melanosomes
within melanocytes segregated from the endolysosomal system, despite sharing trafﬁcking pathways with endolysosomes?
How and why are some ubiquitously expressed components
within melanocytes, such as HPS proteins, speciﬁcally
adapted for melanosome biogenesis?
 Melanosome maturation: While steps in the delivery of
melanogenic enzymes and transporters are becoming
increasingly understood, less is known about the ﬁnal
events in melanosome maturation prior to transfer. For
example, when and how do melanocytes sense that melanosome biogenesis is complete? How are the intracellular
effectors of transfer (e.g., RAB27A and RAB11B) recruited to
melanosomes within melanocytes, and are all pigmented
melanosomes equally capable of peripheral capture and
ultimate transfer to keratinocytes?
 Melanosome transfer: While some progress has been made
in unmasking mechanisms of melanosome transfer, basic
questions remain. What is the primary mode by which
melanosomes are transferred to keratinocytes in vivo? Do
several modes coexist, and do environmental factors inﬂuence the mode used? Is there a keratinocyte receptor for
melanin or melanosomes?
 Melanin storage in keratinocytes: What is the nature of the
melanin storage organelles within keratinocytes, and how
do they differ in individuals of different phototypes? Is the
nature of these organelles subject to regulation by environmental cues or signaling cascades?
 Melanocyte-keratinocyte cross-talk: Given that skin pigmentation relies on the tight interplay between two cell types, it is
imperative to better deﬁne how melanocytes and keratinocytes
interact and communicate to orchestrate pigment transfer at the
right place and time. How do they adapt their intracellular
mechanisms in response to this dialogue? Is melanocytekeratinocyte communication altered in pigmentary disorders?
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MULTIPLE CHOICE QUESTIONS
1. Which of these imaging methods allows one to
distinguish ALL melanosome stages at the same
time?
A. Immunoﬂuorescence microscopy
B. Transmission electron microscopy
C. Live cell imaging
D. Bright ﬁeld microscopy
2. Which of the following methods allows a
quantitative measurement of both eumelanin
AND pheomelanin?
A. Electron paramagnetic resonance
spectrometry
B. Absorption spectroscopy
C. High performance liquid chromatography
D. Light microscopy
E. Both A and C
3. What is the primary substrate for melanin
synthesis?
A. Tryptophan
B. Tyrosine
C. Lysine
D. Histidine
4. What is the melanocore?
A. Another name for a fully pigmented (Stage
IV) melanosome
B. The intralumenal melanin content of a
melanosome devoid of a limiting membrane
C. The degradation product of the intralumenal
melanin content of a melanosome
D. The core substrate of melanin synthesis
5. Which of these imaging approaches allows one
to visualize pigmented melanosomes in TYRP1GFP expressing melanocytes?
A. Bright ﬁeld microscopy
B. Live cell imaging
C. Immunoelectron microscopy
D. Stochastic optical reconstruction microscopy
(STORM)
E. A, B, and C but not D
Note: See the online version of this article for a detailed
explanation of correct answers.
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Research Techniques Made Simple:
Deep Learning for the Classiﬁcation
of Dermatological Images
Marta Cullell-Dalmau1, Marta Otero-Viñas2,3 and Carlo Manzo1
Deep learning is a branch of artificial intelligence that uses computational networks inspired by the human
brain to extract patterns from raw data. Development and application of deep learning methods for image
analysis, including classification, segmentation, and restoration, have accelerated in the last decade. These tools
have been progressively incorporated into several research fields, opening new avenues in the analysis of
biomedical imaging. Recently, the application of deep learning to dermatological images has shown great
potential. Deep learning algorithms have shown performance comparable with humans in classifying skin
lesion images into different skin cancer categories. The potential relevance of deep learning to the clinical
realm created the need for researchers in disciplines other than computer science to understand its fundamentals. In this paper, we introduce the basics of a deep learning architecture for image classification, the
convolutional neural network, in a manner accessible to nonexperts. We explain its fundamental operation, the
convolution, and describe the metrics for the evaluation of its performance. These concepts are important to
interpret and evaluate scientific publications involving these tools. We also present examples of recent applications for dermatology. We further discuss the capabilities and limitations of these artificial intelligencebased methods.
Journal of Investigative Dermatology (2020) 140, 507e514; doi:10.1016/j.jid.2019.12.029

ARTIFICIAL INTELLIGENCE, MACHINE LEARNING, AND DEEP
LEARNING

Artiﬁcial intelligence (AI) describes a branch of computer
science that uses machines to simulate cognitive functions of
the human mind, such as learning or reasoning (Figure 1). An
increasing number of systems based on AI, such as voicepowered assistants like Alexa and Siri, are progressively
affecting human habits. Self-driving cars, speech recognition,
and machine vision promise to broadly improve human lives,
with applications to business, education, and healthcare.
Subcategories of AI include machine learning (ML) and
deep learning (DL, Figure 1). ML is based on the acquisition of
knowledge from data and does not provide speciﬁc rules for a
given task; the machine undergoes a learning process based
on examples and optimizes its performance on a speciﬁc
assignment. ML has been successfully applied to several
tasks, including classifying gene expression patterns associated with diseases, predicting protein structures from genetic
sequences, or designing chemical scaffolds in drug discovery
(Marx, 2019). Generally speaking, DL is one of the several
computing systems for ML inspired by the biological neural
networks that constitute the human brain. DL utilizes artiﬁcial
neural networks (ANNs), which attempt to mimic how the
brain works, especially the connections between neurons. An

ANN is formed by a collection of nodes (also called artiﬁcial
neurons) arranged in layers and connected to transmit signals
(Figure 2). Typically, each signal consists of a number, and
the output of each node is a nonlinear function of the sum of
the inputs. Nodes and connections are characterized by
weights that are adjusted through the learning process to increase or decrease the strength of a given signal. The aggregate signal of an artiﬁcial node may pass through an
activation function, such as transmitting only signals above a
threshold (Figure 2a). An ANN may have a single or multiple
hidden layers between the input and the output. The number
of hidden layers and the number of nodes in each layer
constitute the variables controlling the architecture of the
network, called hyperparameters. ANNs with several hidden
layers are generally referred to as deep neural networks, thus
leading to the use of the term deep learning (Figure 2b).
However, there is no clear consensus on the minimum
number of layers for a network to be qualiﬁed as deep. One of
the ﬁrst deep ANNs had only three hidden layers (Hinton
et al., 2006). A high number of layers makes DL more
capable than traditional ML of modeling complex data.
Moreover, DL can automatically discover the features needed
to accomplish its task, whereas ML requires being programmed with the criteria deﬁning such features. However,
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SUMMARY POINTS
 Inspired by the visual cortex mechanism,
convolutional neural networks exploit the
information contained in image datasets to
automatically learn features and patterns not
always identiﬁed by humans.
 Deep learning has demonstrated the capability of
achieving highly accurate classiﬁcation of images
of skin lesions associated with cancer and other
dermatological conditions.
 Deep learning might be a formidable tool to
potentially assist dermatologists in their
diagnostic decisions.
 Important limitations to the extension of deep
learning methods to care practice include the
lack of clarity of the automated decision-making
process, inherent to convolutional neural
networks and concerns about its accuracy,
related to the use of not fully representative
training datasets or nonstandardized images.
Advantages

 Automated classiﬁcation of images of skin
lesions associated with different diseases with
high accuracy.
 Short execution time after training.
 Useful to support clinicians in diagnosis
 Cost saving by reducing unnecessary biopsies or
instrumental analysis.

Figure 1. The evolution of artiﬁcial intelligence, machine learning, and deep
learning. Schematic representation of the timeline and relationship between
the three ﬁelds, together with a few representative key milestones. CNN,
convolutional neural network; SVM, support-vector machine.

massive amounts of labeled data became available for
training (Wehner et al., 2017). The growth of computer power
deriving from graphics-processing units have fueled massive
application of CNNs, in particular as a tool for image classiﬁcation. As an example of their versatility and power, a CNN
constitutes the core of AlphaGo, the computer system that
defeated the world’s best human player at the game Go (Silver
et al., 2016).
As implied by their name, CNNs are mainly based on
convolutional layers. Convolution is a mathematical operation between two mathematical functions, which consists in
taking element-wise multiplications followed by a sum while
shifting one function along the other. CNNs are very wellsuited to work with images because of their similarity with

Limitations

 Need for large training datasets including images
from different conditions, ethnicities, and
settings.
 Need for standardized images associated with
precise clinical metadata.
 Obscure decision-making process for
classiﬁcation.
 Limited accuracy and generalizability when
trained on datasets with underrepresented
conditions.

as a consequence of the higher number of weights to be
determined, the training of DL networks requires large
quantities of data.
CONVOLUTIONAL NEURAL NETWORK

Study and application of DL has rapidly accelerated in academic research, business, and popular interest. These advances have been based mainly on the use of the
convolutional neural network (CNN), an algorithmic architecture inspired by the human visual cortex (Schmidhuber,
2015). Although CNNs were invented in the 1980s
(Fukushima, 1980), it was not until the early 2010s that

Figure 2. Artiﬁcial neurons and neural networks. (a) Structure of a node or
artiﬁcial neuron. The neuron receives inputs from one or more sources,
multiplies each of these inputs by a weight, and adds the resulting products.
The resulting sum is passed to an activation function and it provides a single
output. (b) Schematic representation of a basic fully connected network. For
illustrative purpose, we show a simple network composed of an input layer,
three hidden layers, and an output layer. Each hidden layer is composed of
four nodes. The training process creates a model by assigning values to all the
weights of the network.
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Figure 3. The basics of a CNN: the convolution operation. (a) Example of the convolution (*) of a 5  5 pixels2 grayscale image with a 3  3 pixels2 kernel.
Grayscale images correspond to numeric matrices, where each pixel is associated with a numeric value. The convolutional feature is obtained by shifting the
kernel over the image. At each position, the value of a pixel of the convolutional feature is obtained by multiplying each pixel of the input image by the
corresponding pixel of the kernel and then taking the sum. (b) Symmetrically padding the input with zeros allows the kernel to operate at the edges of the image
and thus preserve the size. Downsampled images can be obtained by changing the stride, the step length at which the kernel is shifted along the input. (c)
Examples of different features obtained by applying different convolutional kernels to the same input image. CNN, convolutional neural network.

the animal visual cortex, which is composed by neurons that
individually respond to small regions of the visual ﬁeld. An
image can be simply viewed as a collection of planes (corresponding to different colors, e.g., 3 for RGB or 1 for grayscale), where each plane is a two-dimensional matrix of
numbers (the pixel values).
The convolution of an image plane implies the use of a
second matrix, called a kernel, which is shifted along the ﬁrst
one. At each shift position, every pixel of the region of the
input image overlapping with the kernel is multiplied by the
corresponding pixel of the kernel. The sum of these products
produces the value of a pixel of the convolutional feature
(Figure 3a). Thus, the pixels of the kernel act like the weights
of an artiﬁcial neuron over an input corresponding to a region
of the input image. The kernel size deﬁnes the receptive ﬁeld
of the neuron, that is, the region of the input that is codiﬁed
into a single value of the output. To make it possible for the
kernel to operate at the edges of the input image and preserve
the size, convolutional layers generally use zero-padding, the
insertion of zero elements around the input image (Figure 3b).
Moreover, the convolved image can be obtained by shifting
the kernel in steps of one or more pixels. The length of these
steps is called stride and, if larger than one, provides an
output with smaller lateral size with respect to the original
image (Figure 3b). In this way, the convolution can allow for
the downsampling of the image while retaining information
contained in adjacent pixels.
An important characteristic of convolution is that it can
perform different operations on the original image by
changing the kernel (Figure 3c). Examples of these operations
include blurring, sharpening, denoising, and edge detection.
Therefore, a clever combination of randomly selected kernels
can lead to the reﬁnement of the computer vision model and,
thus, lead to the discovery of new properties.
CNN workﬂow and model evaluation

To better understand how a CNN works, we will discuss a
schematic example from dermatology. Although several types
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of algorithms have been developed, because of space limitations, we will focus on a supervised learning algorithm for
skin lesion classiﬁcation (Figure 4a). The task of the algorithm
is to determine from a digital photograph (input) whether a
skin lesion is associated with a malignant cancer or is a
benign lesion (output). Because the possible outputs are
limited to a ﬁnite set of values (only two in this case), this is a
(binary) classiﬁcation problem.
In a typical CNN architecture for classiﬁcation, the input
image is progressively downsampled while increasing the
number of kernels and thus obtaining more convolutional
features. The last layers have the role of transforming the
feature map into a vector, the values of which represent the
probability that the image belongs to each class (Figure 4a). In
addition to convolutional layers, other layers contribute to
perform the mathematical operations necessary to transform
the input image and to associate it to the output class.
However, their description goes beyond the scope of this
article.
In a supervised approach, the algorithm is trained using a
labeled dataset, a set of images for which the gold standard
output label has been obtained with alternative methods,
such as a biopsy. As further detailed in Torres and JudsonTorres (2019), the data are usually split in the following
three cohorts: the training set, which is used to determine the
weights characterizing the model; the validation set, which is
used to assess the model performance during training; and the
test set, which is used to evaluate how well the model performs on an unknown input. A CNN iteratively updates the
kernel weights of its layers in a random fashion to automatically calculate features from the images and combine them to
optimize the connection between the input and the output on
the training dataset.
Once the training is complete, the test set is used to
quantify the model performance. The simplest quality measure is the classiﬁcation accuracy, which reports the percentage of correct predictions over the total. However, a high
accuracy alone does not guarantee the goodness of a model.
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Figure 4. CNN applied to skin cancer classiﬁcation. (a) Scheme of the ResNet-152 CNN used by Han et al. (2018a). Input images with a size of 224  224
pixels2 are analyzed through 152 convolutional layers and classiﬁed among 12 different skin diseases. At each block of layers, the CNN progressively
downsamples the images while increasing the number of kernels and thus obtaining more convolutional features. The last layers transform the feature map into a
vector, the values of which represent the probability that the image belongs to each class. (b) ROC curves for the prediction of malignancy in the Edinburgh
dataset cases (220 images) reported in Han et al. (2018a). The gray curve corresponds to the results obtained by the ResNet-152 CNN in comparison with 16
dermatologists (red and blue dots). The other curves display the global speciﬁcity (black) and the speciﬁcity for benign (blue) and malignant conditions (red).
CNN, convolutional neural network; ROC, receiver operating characteristic.

For example, a naïve model that always classiﬁes skin lesions
as benign will score 96% accuracy on an unbalanced dataset
containing 100 images of skin lesions of which only 4
correspond to cancer. The same model will only reach 50%
accuracy on a balanced dataset in which the images are
equally split between the categories. This ambiguity can be
removed by using the confusion matrix, a table reporting the
number of correct and incorrect predictions with respect to
the actual class. These metrics provide a complete overview
of the performance of a model, and its off diagonal elements
characterize the level of misclassiﬁcation.
The typical output of a binary classiﬁer is a numerical value
associated with the probability that a given image belongs to
the cancer or benign class. A threshold must thus be set to
assign an input to one of these two classes based on this
probability value. This property allows for the deﬁnition of
another useful metric for model performance, the area under
the curve (AUC) of the receiver operating characteristic (ROC)
curve (Figure 4b). The ROC curve is the plot of the sensitivity
against the false positive rate (i.e., one minus the speciﬁcity)
obtained by varying the discrimination threshold used to
assign the input to either of the two classes (Figure 4b). It is
important to note that the ROC is insensitive to the proportion
of the elements contained in each class (Fawcett, 2006). The

ROC curve will go from the origin of the axes (0, 0) to (100%,
100%) with a trend that depends on the model behavior. An
ROC curve steeply increasing toward high sensitivity at small
false positive rates indicates a model that achieves high recall
without signiﬁcantly losing precision. In contrast, an ROC
curve increasing with a 45 slope indicates a model with no
predictive power. The AUC of the ROC curve can thus be
used as a metric to summarize the ROC behavior, because a
larger AUC is obtained for models more capable of correctly
discriminating between classes.
When extending the problem to a multiclass classiﬁcation,
the confusion matrix further allows for simultaneously visualizing the results of all the classes at a glance. The calculation of the ROC curve becomes a complicated
multidimensional problem. A simpliﬁcation relies on calculating an ROC curve for each class against all the others.
However, this approximation removes the insensitivity of the
ROC to class imbalance (Fawcett, 2006). An alternative
metric for multiclass problems is the top-(n) accuracy, which
scores the probability of providing the correct classiﬁcation
within its (n)th choice. In fact, for a given input, a multiclass
model will provide probability outputs associated with each
class, which will allow ranking of the categories from the
most likely (highest output probability) to the least. The top-(1)
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accuracy, calculated by taking into account only the prediction associated with the highest output probability, provides the percentage of inputs correctly classiﬁed, that is, the
standard accuracy. The top-(n) accuracy relaxes this condition by quantifying if the correct class is within the top-(n)
outputs provided by the model.
Recent applications to dermatology

Without any prior knowledge about dermatological images,
CNNs extract and combine sets of abstract features and
automatically generate identifying characteristics (such as a
combination of colors, shape, texture, and border geometry)
associated with different data categories. In this way, a CNN
will learn how to achieve a precise classiﬁcation of images
not included in the training dataset and even ﬁnd patterns not
identiﬁed by humans.
In the last years, researchers have started to extensively use
DL and CNNs for the analysis of medical images from several
disciplines, including dermatology (Esteva et al., 2019; Litjens
et al., 2017). Because skin cancer is one of the most common
malignancies globally, important efforts have been dedicated
to its detection from dermoscopic images only (Codella et al.,
2015) or in combination with regular photographic images
(Esteva et al., 2017).
To support research and development of methods for
automated diagnosis of melanoma, the International Skin
Imaging Collaboration (ISIC) has developed a repository of
dermoscopic images and it yearly organizes a challenge
for the analysis of images of skin lesions (Codella et al.,
2018; Marchetti et al., 2018; Tschandl et al., 2019). All
the teams taking part in the ISBI melanoma detection
challenge in 2016 used DL methods. In 2017, approaches
combining DL with additional data led to the highest
performance in classiﬁcation tasks. DL is rapidly becoming
the method of choice for image analysis, as testiﬁed by the
increasing number of publications, especially in the last
two years (Brinker et al., 2018). Unquestionably, a milestone was set by the work published in Nature by Esteva
et al. (2017), in which a standard CNN architecture
(Google’s Inception v3) was trained on both dermoscopic
and standard photographic images using a dataset of over
100,000 images. The authors proved that the CNN performed similarly to tested experts in classifying malignant
versus benign lesions of both epidermal and melanocytic
origin. Several other studies have been devoted to the
same topic by using other CNN architectures (Fujisawa
et al., 2019; Haenssle et al., 2018; Han et al., 2018a).
As an example, Figure 4 depicts the architecture of the
ResNet-152 CNN used by Han et al. (2018a) and some of
the corresponding results. All of these works have reported
the equivalence between computer and human diagnosis.
Besides skin cancer detection, DL is also being successfully applied to other areas of dermatology, such as the
monitoring of wound healing (Shenoy et al., 2018), the
classiﬁcation of ulcers (Goyal et al., 2018), and onychomycosis (Han et al., 2018b).
In addition to classiﬁcation tasks, DL-based models for
the segmentation of skin lesions and ulcers have also been
successfully developed (Yap et al., 2019). In particular,
these methods have been shown to provide an accurate
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wound area quantiﬁcation (Lu et al., 2017; Wang et al.,
2015) and promising results on image-based identiﬁcation
of distinct tissues within dermatological wounds (Blanco
et al., 2020).
LIMITATIONS AND CHALLENGES

Advances in DL have been accompanied by contrasting reactions. Enthusiastic claims about the outperformance of
human diagnosis have been dampened by doubts and criticisms about DL being nothing but an overhyped black box.
As always, the truth seems to lie somewhere in between. DL
has undoubtedly achieved notable accomplishments in very
speciﬁc tasks and ﬁelds, but it is still far from the realization of
a human-equivalent AI.
DL is often considered a black box because its decisionmaking process is somehow obscured by the thousands of
training parameters. In practice, weights and features are
often uninterpretable and it is thus difﬁcult for the researchers to fully grasp the working process of a model or
the reason why it provides speciﬁc performance. The extent
to which the inner working of a CNN can be explained in
human terms is referred to as explainability. Improving
explainability represents a key point for AI to ultimately
make decisions on behalf of humans in critical areas, such
as in health care. Efforts for gaining insight into why a CNN
made a speciﬁc decision involve the development of
methods to visualize what a CNN sees, such as saliency
maps that simplify CNN feature maps into a more meaningful representation.
Because DL approaches are data-driven, their principal
limitations often come from the data themselves. A usual
criticism concerns the need for large labeled datasets. However, the development of transfer learning has relaxed this
requirement by introducing the ability to reuse a model
developed for a task and trained on a large dataset as the
starting point of a new model with a different task.
Beyond the role of the amount of data, the work of Han
et al. (2018a) triggered an interesting discussion about the
composition of the training dataset. A letter to the editor of
the Journal of Investigative Dermatology (NavarreteDechent et al., 2018) raised concerns about the generalizability of automated diagnosis when the training dataset
presents limitations in the spectrum of human populations
and/or clinical presentation, as well as variability in image
acquisition settings and limited clinical metadata. Indeed,
the underrepresentation of clinical or demographic categories is a common and often inherent problem in
healthcare-related data, and it might limit the generalizability of a model.
The inclusion of metadata containing sociodemographic
information about the patient (sex, skin type, race, and age) is
thus necessary to verify the presence of biases related to
imbalance or underrepresentation (Navarrete-Dechent et al.,
2018). When possible, the obvious solution to this problem
is to broaden the dataset by including images and data of
patients from less represented groups. As an alternative, the
robustness of a model requires further validation, such as
through prospective studies.
An inherent weakness of many of the DL models applied so
far to dermatology resides in the lack of a “none of the above”

RESEARCH TECHNIQUES MADE SIMPLE
output. If presented with an image not corresponding to any
of the training classes, a model will force it into one of the
other categories. In this case, to deal with this issue and
prevent misclassiﬁcation, it is thus necessary to use an
approach enabling open set recognition.
The lack of standardization of dermatological images
represents a strong limitation that affects the development
of the research in this ﬁeld and undermines its integrity
and reproducibility. The variability of dermatological images is due to several causes, such as the type of device
used to acquire the images, the image acquisition conditions, the amount and type of metadata, and the lack of a
standard terminology. Establishing common criteria for
data collection and management is fundamental for the
creation of large datasets and their sharing between systems and users. Moreover, the lack of standardization,
together with the opacity of the CNN inner process, poses
a problem for the operation of classiﬁers. For example, if
images of lesions associated with a speciﬁc pathology are
generally taken at a high resolution, a CNN might learn to
detect the high resolution instead of discriminating the
right diagnosis.
An effort toward the establishment of standardized conditions is being carried out by the ISIC to ensure image quality,
privacy, and interoperability. The project includes the creation of a public archive of images (https://isic-archive.com) to
permit independent assessment of the performance of any
software. According to ISIC guidelines, images should comply
to standards belonging to three categories, technology, technique, and terminology. Furthermore, the presence of
detailed metadata including device characteristics, photograph settings, and information about both the patient and the
skin lesion is of paramount importance to take full advantage
of the information contained in the images. However, the
large number of images needed for training further imposes
the development of a quality test to automatically assess
whether an image respects such quality standards.
Besides image standardization, another strategy might
involve the use of an algorithm to intrinsically take this variability into account by introducing an ad hoc augmentation
procedure capable of artiﬁcially creating variations of
brightness, camera angle, body geometry, and skin background, or even introducing rulers, as observed in actual
images. Variability sources associated with technical and
geometrical parameters might either be measured separately
or estimated from the image itself and thus corrected or
accounted for by an image preprocessing step. An effective
contribution in this sense might come from other DL architectures that are able to infer information such as depth or
shape from regular images.
The importance of clinical metadata deserves to be further
stressed, because it has also been shown that combining lesion
images with sociodemographic data (age and sex), clinical
variables (location of the lesion), and close-up images improved
the performance of a classiﬁer (Haenssle et al., 2018).
In conclusion, DL and CNN have demonstrated the capability of achieving highly accurate diagnoses in the classiﬁcation of skin cancer and other dermatological conditions. DL
constitutes a formidable tool to potentially assist dermatologists in their clinical decisions. The computer science and

MULTIPLE CHOICE QUESTIONS
1. Which of the following statements about
artiﬁcial intelligence is FALSE?
A. It is a branch of computer science.
B. It is a synonym of deep learning.
C. It includes machine learning and deep
learning as subcategories.
D. It uses machines for simulating cognitive
functions of the brain.
2. The advantages of convolutional neural
networks do NOT include:
A. Automated image classiﬁcation with high
accuracy.
B. Once training is done, it achieves fast
classiﬁcation.
C. It combines abstract features to ﬁnd patterns.
D. Fast training by using small labeled
databases, publicly available.
3. Which of the following statements about
convolutional neural network datasets is TRUE?
A. They are usually divided into three groups
for training, validation, and test.
B. Relatively large datasets are needed.
C. It needs to be labeled with the correct
output.
D. All of the above.
4. Which of the following quantities are usually
used to evaluate the performance of a classiﬁer?
A. The area under the receiver operating
characteristic curve.
B. The ratio between sensitivity and speciﬁcity.
C. The false positive rate at varying thresholds.
D. The Jaccard index.
5. Deep learning is often dubbed “black box”
because:
A. It is commonly used as a ﬂight recorder.
B. It is the name of the company that ﬁrst used
this technology.
C. Its decision-making process is obscured by
the thousands of training parameters.
D. It is the color of its shipment case.
See online version of this article for a detailed explanation
of correct answers.

dermatology communities are fruitfully collaborating to
develop novel approaches toward dermatologic diagnosis.
However, the use of DL in healthcare practices still requires
further substantiation by data and prospective studies to
obtain the acceptance of patients and physicians. For this
www.jidonline.org
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reason, a careful risk evaluation should be assessed before
making publicly available any research tool without a prospective validation (Narla et al., 2018).
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Glossary
Term

Description

Activation function
Artiﬁcial neural network
Connection
Convolution

A nonlinear function that controls the magnitude of the output signal of a node
A brain-inspired computing system that learns to perform tasks by considering examples
A link between nodes; it transmits the (modiﬁed) output signal of a node as the input of another
A mathematical operation consisting of the sum of element-wise products between an image and a kernel while
shifting one along the other
Convolutional neural
A class of artiﬁcial neural network using the mathematical operation called convolution; they are inspired by the function
network
of the human visual cortex and are well-suited for image analysis
Hidden layer
A layer positioned between the input and the output layer of a network
Kernel
A matrix, generally small, used to extract features from an image through convolution
Layer
A collection of nodes operating simultaneously in the network sequence of tasks
Learnable parameters
Parameters, like weights and biases, that are adjusted during the training process to improve a model
Node, or artiﬁcial neuron
The basic unit of a neural network that performs an operation over one or more input signals to produce
an output
Stride
The step length in pixels of the kernel shift along the input image during the convolution
Weight
The numerical value associated with a connection that modiﬁes the value of the incoming signal; weights are adjusted during
the learning process to strengthen or inhibit speciﬁc signals
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Research Techniques Made Simple:
CRISPR Genetic Screens
Auke B.C. Otten1 and Bryan K. Sun1
C R I SP R and C as proteins, often referred to as C R I SP R / C as, are the components of a bacterial genome editing
system that can be used to perturb genes in cells and tissues. A classic application is to use C R I SP R / C as to
generate genetic loss-of-function. When performed at large scale and combined with deep sequencing techniques, C R I SP R -based perturbations can be performed in a high throughput setting to screen many candidate
genomic elements for their roles in a phenotype of interest. Here, we discuss maj or considerations in the
design, execution, and analysis of C R I SP R screens. We focus on C R I SP R knockout screens but also review
adaptations to the C R I SP R / C as system that highlight the versatility of the system to make other types of
experimental genetic changes as well. We also discuss examples of C R I SP R genetic screens in investigative
dermatology and how they may be used to answer key scientific questions in the field.
Journal of Investigative Dermatology (2020) 140, 723e728; doi:10.1016/j.jid.2020.01.018

INTRODUCTION

The human genome contains over 20,000 protein-coding
genes, and their disruption underlies many diseases, underscoring the need to comprehensively understand their biological functions. One approach to studying gene functions
and biological phenotypes is to perform a genetic screen,
which aims for systematic functional interrogation of many
candidate elements in a single experiment (Doench, 2018;
Ford et al., 2019; Sanjana, 2017; Schuster et al., 2019). In a
typical cell cultureebased screen, systematic loss-of-function
of a set of candidates is applied to identify elements
contributing to a phenotype of interest. RNA interference
(RNAi) and transposon-based technologies have been used
successfully, but since their development, CRISPR/Cas-based
tools have become a preferred method for genetic screens
(Doench, 2018; Ford et al., 2019; Guitart et al., 2016;
Schuster et al., 2019).
GENE KNOCKOUT USING CRISPR IN POOLED
HIGH-THROUGHPUT SCREENS

CRISPR-based screens demonstrate improved versatility, efﬁcacy, and lower off-target effects compared with approaches such as RNAi (Ford et al., 2019; Guitart et al.,
2016; Schuster et al., 2019). For a comprehensive description of the fundamentals of CRISPR-mediated genome editing, we refer to a previous Research Techniques Made
Simple article (Guitart et al., 2016). In brief, the bacterial Cas
enzyme (usually Cas9) is guided to a genomic DNA target by
a single guide RNA (sgRNA), an approximately 20nucleotide sequence that speciﬁes the genomic target,
such as a protein-coding gene. Once present at the target,
Cas9 catalyzes a double-strand DNA (dsDNA) break. Cells
repair the dsDNA break, most commonly by nonhomologous end joining (NHEJ). Because NHEJ is error-prone, small
1

insertions or deletions (indels) are introduced during repair,
which leads to frameshifts and/or a premature stop codon at
the target that result in loss-of-function. The classical
CRISPR-based nuclease approach is therefore also referred
to as CRISPR knockout (CRISPR-ko).
By using one sgRNA, CRISPR-ko of a single target can be
achieved. However, by using multiple sgRNAs designed to
target distinct genes, the investigator can generate a sgRNA
library, which allows high-throughput genetic screens
(Figure 1). Construction of a library containing sgRNAs
against all protein-coding genes enables a genome-wide
screen, whereas a smaller library containing sgRNAs
against preselected genes enables targeted assessment of a
speciﬁc gene set. During a CRISPR screen (Figure 1), the
sgRNA library is introduced into a cell population in a
manner such that each cell receives only one sgRNA. As a
result, each cell within the bulk population undergoes a
single knockout event, but the targeted elements differ between cells. After subjecting the CRISPR-ko cells to assays
that enable positive or negative selection for a phenotype of
interest, the effect of a gene knockout can be quantitated by
assessing the relative enrichment or depletion of the causative sgRNA compared with its abundance in the starting
population (Figures 1 and 2).
Here, we provide an overview of the key steps in designing
a CRISPR-ko screen. Furthermore, we review adaptations to
the CRISPR/Cas system that extend the genomic targets that
can be studied, discuss examples of CRISPR genetic screens
in investigative dermatology, and provide examples of
prominent CRISPR screens from other research ﬁelds.
Overview of the methodology

The design of a pooled genomic CRISPR-ko screen (Figure 1)
is characterized by four key steps (Ford et al., 2019), each
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SUMMARY POINTS
Advantages

 The versatility and programmability of CRISPR/
Cas genome editing enables high throughput
genetic screens.
 CRISPR genetic screens enable a systematic
evaluation of many genetic elements in a single
experiment.
 The availability of predesigned CRISPR libraries
provides opportunities to quick-start a CRISPR
screen using prevalidated single guide RNAs.
 The wide variety of CRISPR toolsets enables the
study of many classes of genetic element
(proteins, microRNAs, noncoding genes, and
enhancers).

Limitations

 CRISPR screens can be labor- and resourceintensive.
 Screen readouts might require the development
of an assay that allows selection for a phenotype
of interest.
 CRISPR screen hits need to be validated by
complementary, independent functional
techniques.

with speciﬁc considerations (Table 1) inﬂuencing practical
execution and screen results.
Gene set to study and sgRNA library design

A ﬁrst step in designing a CRISPR screen is to deﬁne the set of
genes to study. The number of elements included in the
screen determine the size, complexity, and cost of the
experiment. A genome-wide CRISPR screen has the advantage of being comprehensive and avoids pretest selection
bias. In addition, several validated genome-wide CRISPR
sgRNA libraries are publicly available and can save the
investigator from the task of designing and building their own
library. Addgene is a nonproﬁt repository that distributes
predesigned CRISPR libraries (www.addgene.org/crispr/
libraries/).
Two prominent examples of genome-wide CRISPR-ko libraries are the Genome-scale CRISPR knockout (GeCKO)
(Sanjana et al., 2014; Shalem et al., 2014) and Brunello
(Doench et al., 2016) libraries, which both target all proteincoding genes in the human genome. These libraries can be
ordered as pooled plasmids or directly as ready-to-use lentiviral particles. Within investigative dermatology, a
genome-wide CRISPR-ko screen using the GeCKO library
was used to identify genes whose loss is involved in resistance to the therapeutic cancer drug vemurafenib (Shalem
et al., 2014).
A genome-wide screen can be both labor- and resourceintensive, and a more focused screen may be appropriate
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for scientiﬁc objectives where reasonable ﬁlters can be
applied to narrow down the screening candidate list. For
instance, RNA sequencing data can be used to identify only
the set of genes that are expressed in the condition or cell
type of interest. Another approach is to focus on a certain
class of elements, such as transcription factors, kinases, or
RNA binding proteins (Doench, 2018). Each of these approaches results in a more directed and manageable
screening strategy but may require a custom-designed
CRISPR library. For example, a targeted CRISPR library
was used to screen for kinases that have a role in IL17emediated inﬂammatory signaling in primary keratinocytes (Slivka et al., 2019).
The overall sgRNA library size is principally determined by
the number of candidate genes and the number of sgRNAs
per target. Each sgRNA varies in its knockout effectiveness
and target speciﬁcity. If multiple different sgRNAs targeting
the same gene lead to consistent outcomes, the conﬁdence of
the ﬁnding increases. Therefore, including multiple sgRNAs
per target improves the sensitivity and speciﬁcity of a CRISPRko screen (Doench et al., 2016). Predesigned and validated
genome-wide human and mouse CRISPR libraries typically
include >3e4 independent sgRNAs per gene (Doench,
2018). Online tools can assist in the design of effective
sgRNAs (Table 1 in Doench, 2018), or the investigator can
select speciﬁc sgRNAs from previously designed libraries.
Additionally, the sgRNA library should contain negative and
positive controls. Negative controls are typically nontargeting
sgRNAs whose sequences do not match any sites in
the genome. These nontargeting sgRNAs can be used to
assess neutral variations in sgRNA abundance in the screen
(Figure 2). Positive controls are sgRNAs that target essential
(housekeeping) genes such as ribosomal or proteasomal
subunits. These positive controls should be depleted in
CRISPR-ko screens and serve as benchmarks to judge the
conﬁdence of the screen. The library can be synthesized by
commercial vendors as an oligonucleotide pool and cloned
into target vectors (e.g., lentiviral plasmids).
Cells of interest and CRISPR library delivery

CRISPR screens can be performed in primary cells, such as
keratinocytes, melanocytes, and ﬁbroblasts (Fenini et al.,
2018; Slivka et al., 2019; Sun et al., 2015). However, primary cells can be difﬁcult to transfect, generate lower geneediting efﬁciency, or may have cell limitations that are
incompatible with long-term library screens (Ford et al.,
2019). For these reasons, use of transformed or immortalized cell lines, such as 293T or HeLa cells, are sometimes
favored for their technical tractability.
CRISPR-based genome editing requires two components,
the Cas9 protein and the sgRNA, which contains both a
scaffold and a target-speciﬁc spacer sequence. There are
several options to deliver these components into cells, each
with their speciﬁc advantages and disadvantages (Table 2 in
Ford et al., 2019). Some delivery methods can give rise to
undesired effects, such as cytotoxicity or innate immunity
responses (Kim et al., 2018). Therefore, choice and optimization of the preferred delivery method should be evaluated
for the cell type of choice.
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Single Guide RNA (sgRNA) design targeting
gene elements of interest

Cell line of interest to be infected
(Infection efficiency 20-60%)

(Lentiviral) Library with sgRNAs
Clone sgRNAs into lentiviral expression vectors

Cells infected with sgRNA library
AT START (reference)

sgRNA count

sgRNA count after assay (=selected)

Phenotypic assay

AFTER ASSAY

Quantfification of sgRNAs (deep sequencing)

sgRNA count

Scatter plot sgRNAs

sgRNA count at start (=unselected)
Screen outcome:
Element Knockdown has positive effect
Element Knockdown has no effect
Element Knockdown has negative effect

Figure 1. Overview of the key steps during a typical CRISPR-ko screen. CRISPR sgRNA libraries can be ordered commercially, obtained through public
repositories (e.g., Addgene), or custom-designed. For custom CRISPR libraries, pooled sgRNAs can be ordered as a DNA oligonucleotide pool. After PCR
ampliﬁcation, the library is cloned into a delivery vector (e.g., a lentiviral vector). Following packaging into lentiviral particles, the CRISPR library is infected into
target cells at an infection efﬁciency of 20e60% to maximize the percentage of cells transduced with a single sgRNA. After infection, cells are selected with an
antibiotic to deplete noninfected cells. A subset of cells is then collected as reference (at start, reference and/or unselected). An assay is then applied to select for
cells displaying a desired phenotype, and cells are harvested at the endpoint and optionally at intermediate timepoints. Genomic DNA of both reference and
endpoint cells is isolated and primers ﬂanking the sgRNAs are deep sequenced from bulk DNA to measure the abundance of each sgRNA (sgRNA count) at each
timepoint. sgRNA abundances can be visualized by plotting the sgRNA counts pre- and post-screen. Negative control sgRNAs (without biological targets) should
appear around the dotted line, representing no change. CRISPR-ko, CRISPR knockout; sgRNA, single guide RNA.

For many cell types, the preferred delivery is by utilizing
lentivirus, which can stably integrate into the genome of
the host and express Cas9 and RNA components. One
important technical consideration is to determine how Cas9
is introduced into cells. Simultaneous delivery of both Cas9
and sgRNAs is a simple, one-step approach but can create
variability in Cas9 protein expression among cells. Variability of Cas9 protein levels affects CRISPR-ko efﬁciency.
An alternative approach is to establish or purchase cell
lines stably expressing Cas9, such as from ATCC (www.
atcc.org).
Most library vectors include antibiotic resistance and/or
ﬂuorescence markers, allowing for selection of successfully
infected cells. When using lentivirus to deliver the sgRNA
library, viral titers and infection efﬁciencies should be determined. CRISPR libraries should be infected at low infection
efﬁciencies to maximize the number of cells receiving a single sgRNA. This results in a single perturbation event per cell,
an assumption that underlies accurate screening analysis and

identiﬁcation of candidates (Figure 1). In general, infection
efﬁciencies of 20e60% are recommended (Doench, 2018;
Ford et al., 2019).
It is essential to determine the total number of cells needed
to perform the CRISPR screen. A 1 representation indicates
that the number of cells infected matches the number of
sgRNAs. For a reliable CRISPR screen, sgRNA representation
of 300e1000 assures that all screening sgRNAs are present
in the cell population (Doench, 2018; Ford et al., 2019;
Schuster et al., 2019; Yau and Rana, 2018). A CRISPR
screen with 50,000 sgRNAs and an infection efﬁciency of
40% requires a starting number of 125,000 cells to achieve
approximately 1 representation after selection (125,000 
0.40 ¼ 50,000) and 125 million cells for 1,000 representation. To maintain library representation, >50 million cells
need to be propagated throughout the screen. Factoring in
biological and technical replicates, it is easy to envision how
a screen can become an intensive effort. These prescreen
planning steps should be performed to accurately estimate the
www.jidonline.org
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Figure 2. Example of output of a published CRISPR-ko screen. (a) Scatter plot of a CRISPR screen aiming to systematically identify genes essential for Hedgehog
signaling (Breslow et al., 2018). A transcriptional reporter assay allowed selection of cells in which the Hedgehog signaling pathway is active. The plot shows the
abundance of sgRNAs (10 per target) at the start of the screen (x-axis; reference population) and after selection for cells with an active Hedgehog signaling
pathway (y-axis). sgRNAs targeting selected genes are highlighted, similar colors indicate different sgRNAs targeting the same gene. (b) Volcano plot showing the
effect size (x-axis) and P-values (y-axis) as calculated by the Cas9 high throughput likelihood estimator (casTLE) algorithm for this screen (Breslow et al., 2018).
Select Hedgehog signaling pathway components are highlighted. Genes with P-value cut-offs corresponding to 10% FDR are highlighted in green, and those
corresponding to a 20% FDR are in yellow. FDR, false discovery rate; sgRNA, single guide RNA. Reprinted with permission from Springer-Nature.

resources (lentivirus, cells, culture space, plasticware, culture
media, etc.) that will be needed.
Choosing the phenotype assay

The next step in a CRISPR screen is to choose or design an
assay that provides a basis for positive or negative selection of
cells in the screened population. As every sgRNA inﬂicts a
genetic perturbation, the response of each genetic perturbation occurs within the bulk population of cells, and the effects
are ultimately identiﬁed by changes in sgRNA abundance
(Figure 1).
Most CRISPR screens are combined with assays that exert
a selective stress on cell ﬁtness. Cells with lower ﬁtness

decrease in abundance. Relative differences in cell ﬁtness
can be accelerated by applying the desired selective pressure, such as a drug or UVR. Although common, CRISPR
screens are not just limited to cell ﬁtness assays. Other
groups have conducted CRISPR screens on cells engineered
with a ﬂuorescence reporter that activates upon triggering a
desired phenotype (e.g., expression of cytokines) and combined their screen with FACS. Selection for a desired
phenotype might require developing a novel assay. For
instance, to select for cells with an active Hedgehog
signaling pathway, researchers created an assay in which
active Hedgehog signaling confers resistance to the antibiotic blasticidin, which allowed for their selection (Figure 2

Table 1. Key Considerations When Performing a CRISPR-ko Screen
Screen Phase

Considerations

Advantages/Disadvantages

I. Targets
What genes will be studied?

Choice of library

II. Model
What cells should be used?

Cas9 expression

 Genome-scale libraries have the beneﬁt of being comprehensive but can be
resource-intensive. Predesigned genome-wide CRISPR libraries are available
 Targeted libraries focus on class of elements (kinases, transcription
factors, etc.) or can be custom-designed and generated by the investigator
 Primary cells require delivery of both Cas9 and sgRNA, which may
be technically challenging
 Stably expressing Cas9 cell lines provide uniform high expression of Cas9
 A classical screen results in positive or negative selection
from a selective pressure (e.g., exposure to a drug)
 Combining CRISPR screens with other genetic tools such as
reporter cell lines can facilitate screening for diverse phenotypes
 Changes in sgRNA abundance, measured by next-generation
sequencing, are a classical output of CRISPR-ko screens
 A variety of validated CRISPR screen analysis pipelines are publicly available

III. Assay
How are cells screened?

IV. Analysis
How are screen results evaluated?

Phenotype

Measuring screen
outputs

Abbreviations: CRISPR-ko, CRISPR knockout; sgRNA, single guide RNA.
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Table 2. CRISPR Toolset for Genetic Screens
DNA
Binding
Protein

DNA
Cleavage?

Effector

Cas9

Yes

None

dCas9

No

Mechanistic
Result

Assess the
Role of

Loss-offunction
(knockout)

Protein-coding
genes,
miRNAs,
enhancers, .
None
Transcriptional
All genes
repression
KRAB (CRISPR Transcriptional
All genes
interference)
repression
VP16, VP64 Transcriptional
All genes
(CRISPR
activation
activation)

Abbreviation: dCas9, dead Cas9.

in [Breslow et al., 2018]). Such a FACS-based phenotypic
assay has also been applied in a CRISPR-ko screen in primary keratinocytes to screen for kinases affecting the
expression of the cytokine IL-8 (Slivka et al., 2019).
Measuring and quantifying screen output

In the case of lentiviral-based screening, the sgRNA
sequence delivered to a cell is integrated into the genome
and serves as a unique identiﬁer for that cell. sgRNAs that
target genes involved in the phenotype of interest will
be either enriched or depleted after the screen (Figures 1
and 2). To measure changes in sgRNA abundance,
sgRNA sequences are ampliﬁed from genomic DNA isolated before and after the screen. Using primers ﬂanking
sgRNA sequences in bulk genomic DNA, deep sequencing
is performed to assess sgRNA abundances (Yau and Rana,
2018).
Conceptually, a positive screen hit for a gene will result
in multiple independent sgRNA abundances changing
concordantly (Figures 1 and 2). A detailed review of
CRISPR screen analysis is beyond the scope of this review,
but many web-based and command-line analysis tools are
available (Box 3 in [Schuster et al., 2019]).
LIMITATIONS, APPLICATIONS, AND FUTURE DIRECTIONS

CRISPR-ko screens can identify novel roles for genes
contributing to a phenotype. However, even after a welldesigned and executed screen, it is important to validate
screen hits using an alternative knockdown method, such as
RNAi, and/or by using complementary functional experiments. Ongoing innovations are expanding the application of
CRISPR/Cas genetic screens to primary cells, tissue, and even
in vivo models (Chow and Chen, 2018).
Although this review focuses on CRISPR-ko screens that
classically target protein-coding genes, it is worthwhile to
note that other genome elements can be studied as well.
CRISPR screens have been used to study enhancers (Korkmaz
et al., 2016) and microRNAs (Kurata and Lin, 2018). Additionally, the versatility of CRISPR/Cas has increased dramatically by re-engineering Cas proteins, such as the catalytically
dead Cas9 protein (dCas9). By fusing dCas9 to different
effector domains (Table 2), the variety of genomic elements
that can be interrogated (especially those not reliably perturbed by small indels) can be expanded. As a result, CRISPR

MULTIPLE CHOICE QUESTIONS
1. What is the main reason to perform a high
throughput genetic screen, such as with
CRISPR?
A. It allows you to measure the effect of a gene
in many different conditions.
B. It provides a systematic assessment of
genotype-phenotype relations in a
systematic manner.
C. It can be executed in every cell line because
of the endogenous expression of CRISPR/
Cas9 in mammalian cells.
2. What is the main outcome parameter of a
CRISPR-mediated genetic screen?
A. Changes in gene knockout frequencies.
B. Changes in lentiviral multiplicity of infection.
C. Changes in single guide RNA (sgRNA)
abundance.
3. Which of the following parameters most likely
ensures only one genetic perturbation per cell?
A. An infection efﬁciency of 100%.
B. An infection efﬁciency of 50%.
C. An infection efﬁciency of 0%.
4. What directly contributes most to a higher
statistical certainty of a CRISPR screen output?
A. Increasing the number of independent
sgRNAs per target.
B. Amplifying the sgRNA library to high titer.
C. Decreasing the number of cells in the screen.
5. Which of the following most accurately indicates
a CRISPR screen hit?
A. Decreased abundance of multiple sgRNAs
targeting the same genomic element.
B. Decreased mRNA expression of a candidate
gene at the end of the screen.
C. Markedly increased gain of abundance of a
single sgRNA targeting a candidate.
See online version of this article for a detailed explanation
of correct answers.

has been applied to study the role of long noncoding RNAs
(Liu et al., 2017). Recently, we performed a CRISPR screen
using dCas9 to identify long noncoding RNAs contributing to
epidermis formation (Cai et al., 2020).
In the future, CRISPR screens could be applied to address
other questions in investigative dermatology. Can we identify
novel therapeutic targets in keratinocyte cancers, melanomas,
and other genetic skin diseases? What are the noncoding
genomic regions that contribute to skin disease? For questions
like these, CRISPR screens offer a powerful alternative way for
new discoveries.
www.jidonline.org
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Research Techniques Made Simple:
Randomized Controlled Trials for Topical Drugs
in Dermatology: When and How Should We Use
a Within-Person Design?
Sophie Leducq1,2, Agnès Caille1,3, Laurence Le Cleach4,5, Mahtab Samimi2, Elsa Tavernier1,3,
Annabel Maruani1,2,6 and Bruno Giraudeau1,3,6
Topical drugs are often used as first-line treatment for dermatological conditions. Depending on the disease
and the drug, three main designs can be used for randomized controlled trials assessing topical drugs: the
classical individual parallel design, the cluster randomized design, and designs allowing within-individual
comparisons, including the cross-over design (in which patients are randomized to a sequence of interventions) and the within-person design (also called the split-body design). Within-person design can be
used to compare different drugs concomitantly in the same patient. Randomization does not concern patients
but rather lesions or body sites within patients, and the drugs to be compared are applied to the different
lesions (or sites). This design considerably reduces interobservation variability, and thus, the number of
patients to be included in the trial (sample size). However, this design has major methodological constraints,
especially the need to resolve the problem of a possible carry-across effect. First, we describe the specificities
of randomized controlled trials evaluating a topical drug. Second, we present the different designs available
and discuss the methodological points that should be considered, especially for a within-person design. Finally,
we compare the relevance of the within-person design with that of other trial designs by considering three
different scenarios.
Journal of Investigative Dermatology (2020) 140, 931e938; doi:10.1016/j.jid.2020.03.945

INTRODUCTION

Skin diseases are common in the general population. Clinical
presentations are highly heterogeneous, depending on the
disease, and management might involve surgery, physical
therapy (lasers, phototherapy, etc.), systemic drugs, topical
drugs, or devices.
Topical drugs are often used as ﬁrst-line treatment. They are
directly applied on the skin and have limited systemic effects
in most cases. Currently, topical drugs represent a major cost
to the public. For example, the US Medicare Part D expenditures for topical steroids between 2011 and 2015 were
estimated at $2.3 billion (Song et al., 2017).
The most frequent classical design for trials is the individual
parallel randomized control trial (RCT) design (Maruani et al.,
2015). However, other designs are available (Figure 1; Table
1). Because topical drugs can be applied to only one or
several lesions, different drugs can be compared in a single
patient at the same time; this design is called the within-person
RCT. Contrary to the individual parallel RCT, the

randomization units and the assessment units can be the patient
or each lesion, as reported in trials of vitiligo (Whitton et al.,
2015).
In this article, we describe and discuss the speciﬁcities of
these within-person RCTs and offer guidance for when and
how to use them.
SPECIFICITIES OF TRIALS OF TOPICAL DRUGS

As in trials of systemic drugs, trials assessing topical drugs
require a detailed description of all characteristics of the
intervention, including the drug dosage, frequency of application, and duration of treatment as well as the galenic
formulation and drug components (Box 1). In addition,
concomitant topical drugs as well as cosmetics and hygiene
care products, including the delay between drug applications
and cleaning products, must be mentioned because they can
interact. Another speciﬁcity is the difﬁculty in determining a
standardized quantity of topical drug to apply (for example,
the number of ﬁngertip units by cutaneous area in centimeters

1
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SUMMARY POINTS
 Trials of topical drugs require a detailed
description of all application modalities such as
the amount of drug to apply, how to apply
treatments, and the delay between drug
application and use of hygiene products.
 Three main designs can be used when assessing
topical drugs: (i) designs allowing for comparison
between parallel groups, including the classical
individual parallel randomized controlled trial
(RCT), in which patients are randomized and one
assessment is available per patient, and the
individual parallel RCT with clustering, in which
patients are randomized and allocated to one
treatment, but several lesions from the patient
are separately assessed; (ii) the cluster design, in
which clusters of patients are randomized and
allocated to one treatment; and (iii) designs
allowing for a within-individual comparison RCT,
including the cross-over design, in which
individuals switch from one treatment to another
after a wash-out period, and the within-person
design, in which lesions are separately
randomized and concomitantly treated and
assessed.
 In the within-person RCT, also called split-body
RCT, left and right comparisons RCT, or
intraindividual comparison RCT, patients
simultaneously receive topical experimental
drugs and controls on different lesions or
body sites, which reduces interobservation
variability.
 As compared with the individual parallel RCT
design, the within-person design allows for
reducing the number of patients to be included
in the trial; thus, the design is well-adapted for
rare diseases.
 The main constraint of the within-person design
is the need to control the risk of the carry-across
effect, that is, leakage of the treatment effect
from one site to another for a patient
simultaneously receiving different drugs on
different lesions.
 The choice of design depends on the drug
(systemic passage, etc.) and the disease (number
and extension of lesions, prevalence, etc.).

has been used). The maximum quantity to be applied, the use
of a glove or not, and the modalities of application should
also be mentioned to be able to reproduce the protocol.
Regarding controls, most trials use a topical inactive control
even when it is not the most relevant (Wilkes et al., 2016). If
an inactive control is chosen, the best one to use is the
vehicle (i.e., the same components as the intervention except

for the active product) and not an emollient, which can be
slightly active for inﬂammatory skin diseases and would
induce interpretation bias (Hon et al., 2013). Finally, topical
drugs might have a slight systemic effect if there is enough
percutaneous absorption.
WHICH DESIGNS TO BE USED WHEN ASSESSING A TOPICAL
DRUG

Skin conditions may present as a single lesion (a skin tumor,
cutaneous malformation, etc.), multiple countable welllimited lesions (vitiligo, chronic plaque psoriasis, etc.), or
multiple diffuse uncountable lesions (scabies, exanthema,
etc.). According to these presentations, several distinctly
designed trials can be considered (Figures 1 and 2):
1. The classic individual parallel RCT. Patients are randomized, and assessment involves the whole patient (Papp
et al., 2016) or a single lesion on the patient.
2. The individual parallel group with clustering RCT. Patients
are also randomized, but the treatment effect is assessed
for each lesion treated with the topical drug. For example,
the study by Cavalié et al. (2015), which evaluated 0.1%
topical tacrolimus for vitiligo, included 35 randomized
patients and 72 assessed lesions. Because each patient
may have one or more lesions, the design is similar to a
classical cluster RCT, in which patients are clusters, and
vitiligo lesions are assessment units within the clusters.
These units are correlated, as in cluster RCT.
These two designs above lead to interindividual comparisons, that is, between parallel groups of patients.
3. The classical cluster RCT. Groups (clusters) of patients are
randomized and allocated to one topical treatment. For
example, Madan et al. (2019) performed a cluster RCT to
evaluate the efﬁcacy of a behavior change package,
including regular use of moisturizing cream to prevent
hand dermatitis in nurses working in healthcare. In this
trial, clusters were hospitals, and nurses, who corresponded to assessment units, were embedded within
clusters.
4. The cross-over RCT. Patients are randomized to a
sequence of interventions and switch from one topical
treatment to another after a wash-out period. Therefore,
patients act as their own control. This design is appropriate
for chronic stable disease (e.g., recurrent aphthous stomatitis), in which topical treatments will have transient
effects without carry-over effects between the two periods
of treatment (Gorsky et al., 2007).
5. The within-person design. The lesions or body sites are
randomized but the patient is not, and lesions or sites are
further assessed. The patient concomitantly receives the
topical intervention and the topical control. The withinperson design is close to the cross-over design, but treatments are administered at the same time rather than
consecutively. As for the cross-over design, the withinperson RCT beneﬁts from patients being compared with
themselves. Thus, because each patient contributes to both
groups and because it reduces interobservation variability,
the required sample size greatly decreases. This design has
www.jidonline.org
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Figure 1. Available designs for randomized controlled trials (RCTs).

been used in studies of topical drugs for acne vulgaris, in
which patients applied the experimental drug to the right
or left side of the face and the control to the contralateral
side, then each side was assessed. In such designs,
assessment units within patients are correlated (Pandis
et al., 2017).
METHODOLOGICAL ISSUES THAT MUST BE CONSIDERED
WHEN PLANNING A WITHIN-PERSON RCT

Figure 3 shows the advantages and limitations of the withinperson RCT.
Eligibility criteria—for both patients and lesions

Eligibility criteria need to be speciﬁed for patients as well as
for lesions or body sites. For example, a trial on chronic
plaque psoriasis also requires eligibility criteria for the plaque

to avoid biased comparison. In addition, whether the
dermatological condition involves a single lesion (e.g., a wide
patch of alopecia areata), the within-person design requires
that the size of the lesion be large enough to be divided into
two homogeneous areas and to include an area separating the
two areas to limit intercontamination of the topical drug
applied. Similarly, baseline data must be collected for both
patients and lesions or body sites.
Interventions—the carry-across effect

For a within-person RCT, the absence or negligible systemic
passage of the topical experimental drug is required to avoid
a carry-across effect. This effect can be deﬁned as the potential leakage of the treatment effect from one site to
another by direct contact or systemic passage (Lesaffre et al.,
2009) (Figure 4). Systemic passage of a drug depends on its

Table 1. Glossary
Term
Carry-across effect
Cluster RCT

Cross-over RCT

Individual parallel RCT

Individual parallel RCT
with clustering
Within-person RCT

Description
The potential leakage of the treatment effect from one site to another in a patient receiving two or more topical treatments.
Trials in which clusters of patients, such as wards, practices, schools, or villages, are randomized rather than the patients
themselves. They are usually used for evaluating health service organization and health policy, often with complex interventions
targeted at the level of the cluster, the individual, or both.
Patients are randomized to sequences of interventions and receive multiple interventions. Each patient receives each
intervention in a separate period of time. There is usually a wash-out period between sequences. Each patient is in his or her
own control.
Patients are randomized to intervention A (experimental treatment) or intervention B (control treatment).
The objective of a superiority individual parallel RCT is to reveal that intervention A is superior to intervention B.
The objective of a noninferiority individual RCT is to reveal that intervention A is at least as good as intervention B in terms of
efﬁcacy.
Patients with one or several lesions are randomized, but the treatment effect is assessed for each lesion treated with the topical
drug. Because each patient may have one or more lesions, the design is similar to a cluster RCT, in which patients are clusters,
and cutaneous lesions are assessment units within clusters. These units are correlated, as in any cluster RCT.
Patients receive two or more treatments to different body sites. The unit of randomization is not the patient but an organ or a
lesion (cutaneous lesions, eye, teeth, etc.) or body area (arms, legs, etc.). The within-person design is also called the split-body
design or intraindividual comparison design.

Abbreviation: RCT, randomized controlled trial.
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BOX 1. Items to be Speciﬁed for Randomized
Controlled Trials Involving a Topical Drug
U Description of the characteristics of the topical
drug
- Dosage
- Galenic formulation
- Drug components
- Frequency of application
- Duration of treatment
U Deﬁnition of quantity of topical drug to apply
U Description of allowed concomitant topical
drugs and cosmetics/hygiene care products
U Description of the delay between drug
applications and cleaning products
U Description of potential systemic passage of the
drug
U Description of the topical control and
justiﬁcation for the choice

molecular weight, its properties of retention in the dermis, its
lateral diffusion by the dermal microvascular perfusion
(blood and lymphatic vessels) and diffusion into tissue
(Dancik et al., 2012), and the skin where the drug is applied
(more systemic passage in case of wide area of application
or severe alteration of the cutaneous barrier).
A carry-across effect would be associated with group
contamination and therefore, an underestimated difference
in treatment effect estimates. This situation would be conservative for a superiority RCT but would also inappropriately favor a noninferiority RCT. Methods to limit and detect
the carry-across effect should be described in protocols.
When a plasma dosage of the drug is feasible, blood samples
for this dosage must be included in the protocol (Leducq
et al., 2019).
Compliance—the use of a care provider optimizes the
protocol

Simultaneously applying both treatments on the same patient
may challenge compliance. Classically, despite several limitations (e.g., electronic caps do not guarantee that topical
treatment is applied), medication electronic monitoring system caps, smartphone applications, motivational phone calls,
weighting, and questionnaires have been used to enhance
compliance (Svendsen et al., 2018). However, the very issue
in a within-person RCT is contamination. Indeed, with
evident superiority of one drug or in case of local side effects
associated with a drug, patients might be tempted to apply the
apparently best treatment to all lesions. The use of a care
provider to apply the topical experimental drug and the
control is expensive but allows for limiting this risk and
optimizing compliance.

Outcomes and estimation

Within-person RCTs imply outcomes at the lesion level. For
example, global patient-reported outcomes such as QOL,
cannot be used for drug comparison. Similarly, the evaluation
of general adverse events cannot be related to one of the
drugs applied. Therefore, local adverse events (erythema,
burning, and pruritus) are the most reliable.
Recruitment—patient must accept to receive both
treatments

In within-person RCTs, each patient is assured of receiving
the topical experimental drug and the control(s), which
might be satisfying for patients who are reluctant to receive
only a placebo as in individual parallel RCTs. However, all
patients’ lesions do not receive the same topical drugs,
which can lead to inhomogeneous aspects. A way to facilitate the patient’s agreement to be recruited is to provide the
most effective topical drug for all lesions after the study has
ended.
Blinding is more challenging

In within-person RCTs, the risk of unblinding can be
increased because each patient receives both treatments,
which allows for direct comparison of local effects. Therefore,
as far as possible, objective outcomes are preferred, such as
assessments of photographs or other systems.
Statistical methods

Statistical methods must take into account the correlation
between the different lesions within a patient. With only two
lesions (or body sites) per patient, paired tests should be used.
If more than two lesions (or body sites) are included, linear or
logistic mixed models should be used, as in a paired-matched
cluster RCT. Otherwise, missing data must take into account
this intrapatient correlation. In within-person RCTs, lost to
follow-up and participant dropout will cause a loss of two
observations but are expected to be balanced because each
patient contributes to both the experimental and control
groups.
WHEN TO USE A WITHIN-PERSON RCT

Here, we discuss the relevance of the within-person RCT by
considering three different scenarios.
Scenario 1—an RCT of a dermatological condition that
involves a single lesion (e.g., a wide patch of alopecia areata)

In an individual parallel RCT for a condition that involves a
single lesion (e.g., alopecia areata) (Figure 5a), patients will
be randomized and allocated to one treatment (topical
experimental drug or control). The whole lesion will be
treated with the allocated drug, and assessment will consist
of one outcome measure per patient. With the withinperson RCT, the lesion will be split into two homogeneous areas: one area randomly allocated to the topical
experimental drug and the other to the control. Each area
will be assessed, thus leading to two paired outcome
measures per patient.
The individual parallel RCT is easier to conduct but requires a larger number of patients. The within-person RCT
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934

RESEARCH TECHNIQUES MADE SIMPLE

Figure 2. Types of designs for trials assessing topical drugs according to the number of skin lesions.
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Figure 3. Advantages and limitations
of the within-person randomized
controlled trial design.

allows for reducing the number of patients as well as interobservational variability in a pathology with signiﬁcant
disparity among patients. However, with the within-person
RCT, the risk of carry-across effect is high for this condition,
especially by direct contact. One way to limit the effect is to
deﬁne a large buffer zone between both areas (i.e., an area
where no drug is applied) to avoid interarea drug contamination. Finally, we must consider patients’ acceptability of the
within-person RCT regarding the potential hair regrowth on
only one half of the patch of alopecia.
Scenario 2—an RCT of a dermatological condition involving
several countable lesions (e.g., vitiligo)

In an individual parallel RCT for a condition involving
several countable lesions (e.g., vitiligo) (Figure 5c, d), patients are randomized, but three situations can be considered for outcome assessment: (i) all lesions receive the same
topical treatment (experimental drug or control), each lesion
is assessed, and a summary statistic is used for only one
global evaluation per patient (e.g., the Vitiligo Area Scoring
Index); (ii) one lesion, several lesions, or all lesions receive
the topical treatment, but assessment focuses on only one
lesion, thus, one measure per patient is available; or (iii) all
lesions receive the same topical treatment to which the
patient was randomly allocated, but each lesion is separately assessed. Therefore, for one patient, there are as many
assessment units as the number of treated lesions. This
design is considered as an individual parallel RCT with
clustering.
In contrast, we can use a within-person RCT, in which
randomization is not at the patient level but at the lesion or
body site level. Lesions are randomly allocated to receive the

Figure 4. Two ways to induce a carry-across effect. (a) Direct contact
between the two topical drugs. (b) Systemic passage of the experimental
topical treatment.

www.jidonline.org
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Figure 5. Skin conditions used for
scenarios. (a) Alopecia areata. (b)
Guttate psoriasis. (c and d) Patches of
vitiligo. The patients whose pictures
are shown or their parents and/or
guardians consented to the
publication of the image.

experimental drug or the control, so the patient receives both
treatments.
In this vitiligo scenario, the individual parallel RCT with
clustering is an appealing design because it has the advantage to increase statistical power by using the maximum
potential amount of data. The within-person RCT also has
advantages because it allows for reducing the sample size
and limiting interobservation variability. However, it can be
considered only if the carry-across effect is controlled;
that is, the treated lesions must not be too close to one
another, and the experimental drug must have negligible
systemic passage (which should be controlled by blood
sampling).

Scenario 3—an RCT of a dermatological condition involving
multiple diffuse lesions (e.g., guttate psoriasis)

In this scenario, patients (individual parallel RCT) or body
sites that include a large number of guttate psoriasis lesions
(within-person RCT) (Figure 5b) can be randomized. In the
ﬁrst case, the unit of randomization is the patient, and all
lesions are treated in the same way; assessment is at the patient level by use of a global evaluation tool. If body sites are
randomized, assessment is at the body site level, considering
an overall evaluation of lesions at each site. Global assessment such as QOL cannot be used for drug comparison
because each patient receives both treatments. If we consider
that QOL is the most relevant outcome for guttate psoriasis,

937

Journal of Investigative Dermatology (2020), Volume 140

the individual parallel RCT would be preferred to the withinperson RCT.
CONCLUSION

The choice of the most adequate design when planning a
protocol must take into account the type of disease (number
of lesions), disease prevalence, the relevant primary outcome,
the risk for the carry-across effect, and patient’s acceptability.
There is no unique rule to follow, and discussions should
optimally involve dermatologists, methodologists, and
patients.
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MULTIPLE CHOICE QUESTIONS
1. In a trial evaluating a topical drug,
dermatological departments are randomly
allocated to the experimental or control group
(all patients from a department receive the same
treatment). What is the randomized control trial
(RCT) design?
A. Within-person RCT
B. Cluster RCT
C. Classical individual parallel RCT
D. Cross-over RCT
2. For a within-person RCT, what are the correct
answers?
A. The unit of randomization is the patient
B. The unit of randomization is the lesion
C. The unit of assessment is the patient
D. The unit of assessment is the lesion
3. The carry-across effect depends on
A. The skin condition
B. The drug properties
C. Molecular weight of the drug
D. All of the above

SUPPLEMENTARY MATERIAL
Supplementary material is linked to this paper. Teaching slides are available
as supplementary material.
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Research Techniques Made Simple:
Whole-Transcriptome Sequencing by RNA-Seq
for Diagnosis of Monogenic Disorders
Amir Hossein Saeidian1,2,3, Leila Yousseﬁan1,2,3, Hassan Vahidnezhad1,4 and Jouni Uitto1,4
Mendelian disorders with cutaneous manifestations comprise a genotypically heterogeneous group of over 1,000
diseases, and in most of them mutant genes have been identified. Mutation detection approaches in these
diseases have largely focused on DNA analysis by next-generation sequencing techniques, including genetargeted sequencing panels as well as whole-exome and whole-genome sequencing. Genome-wide homozygosity mapping (HM), based on DNA polymorphism, has also assisted in the identification of candidate genes in
families with consanguinity. However, specific pathogenic variants have not been disclosed in many individual
patients when analyzed by next-generation sequencing, and in particular, DNA-based analysis failed to identify
many of the mutations impacting on splicing or gene expression. Whole-transcriptome sequencing by RNA
sequencing (RNA-Seq), with appropriate bioinformatics, provides a robust tool to identify additional mutations
to facilitate genetic diagnosis in genodermatoses. RNA-Seq can be used for variant calling and HM similar to DNAbased approaches, but it also allows for the identification of mutations that result in aberrant transcriptome
expression, as displayed by heatmap analysis, and altered splicing patterns of RNA, as visualized by Sashimi plots.
Thus, clinical RNA-Seq extends molecular diagnostics of rare genodermatoses, and it could provide a reliable
first-tier diagnostic approach to extend mutation databases in patients with heritable skin diseases.
Journal of Investigative Dermatology (2020) 140, 1117e1126; doi:10.1016/j.jid.2020.02.032

INTRODUCTION

Monogenic heritable diseases comprise a highly heterogeneous group of as many as 10,000 disorders, and some 1,000
of them have cutaneous manifestations (OMIM: http://www.
OMIM.org; World Health Organization: https://www.
who.int/genomics/public/geneticdiseases/en/index2.html). In
some diseases, the manifestations are present only in the
skin, thus being nonsyndromic, whereas in some cases the
cutaneous manifestations are associated with a number
of extracutaneous manifestations being syndromic
(Vahidnezhad et al., 2019c). The genetic diagnosis has been
established in some of these diseases, many being caused by
mutations in several distinct genes. Identiﬁcation of mutated
genes and speciﬁc mutations has greatly advanced our understanding of the pathomechanisms of these often complex
disorders, and such information can be used for conﬁrmation
of the diagnosis with subclassiﬁcation and prognostication.
Such rare monogenic disorders can also serve as simpliﬁed
models for better understanding of common multisystem
disorders (Yousseﬁan et al., 2019a). Knowledge of the genetic
defect also forms the basis for prenatal testing and preimplantation genetic diagnosis. Furthermore, information about

the speciﬁc mutations is required for potential application of
allele-speciﬁc treatment approaches that are currently in the
developmental pipeline, some of which are already in early
clinical trials, for heritable skin diseases (Has et al., 2020).
Conventional mutation detection strategies have focused
on DNA-based analyses, including next-generation
sequencing in the form of gene-targeted arrays or wholeexome sequencing (WES) and whole-genome sequencing
(WGS) (Adams and Eng, 2018; Bamshad et al., 2011; Yang
et al., 2013). Information derived from these genomic approaches has also been used for homozygosity mapping (HM)
to identify putative candidate genes in consanguineous families (Vahidnezhad et al., 2018a; Vahidnezhad et al., 2019d).
However, less than 50% of all cases received genetic diagnosis by DNA-based sequencing techniques, as the DNA
analysis does not capture many of the disease-causing variants located in the noncoding regions of the genes or may
overlook the consequences of certain types of mutations
(Wright et al., 2018). The latter situation is exempliﬁed by
synonymous or silent nucleotide substitutions in exons or in
noncanonical splicing sequences both impacting on splicing.
In such cases, whole-transcriptome sequencing by RNA
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Figure 1. RNA-Seq technique workﬂow, the bioinformatics analysis steps, and potential applications of the information. (a) RNA is extracted from whole skin
biopsies, dermal ﬁbroblasts, or epidermal keratinocytes and is then sequenced according to protocols and platforms, such as Illumina TruSeq or Takara SMARTer
library preparation. The FASTQ ﬁle will be analyzed by bioinformatics pipelines. (b) The workﬂow of bioinformatics analysis includes the steps in the diagram.
For details, see Figure 2 where the corresponding steps are color coded for clarity. For details of the software packages and databases, see Table 1. (c) Six
potential applications of the RNA-Seq technique are shown; they include variant calling, variant prioritization, homozygosity mapping, validation of variants of
unknown signiﬁcance in the genome, quantitative gene expression analysis, and differential gene expression.

sequencing (RNA-Seq), with appropriate bioinformatics
analysis steps, provides a complementary tool to identify
additional mutations to facilitate genetic diagnosis of
genodermatoses.
RNA-Seq is a multifaceted technique that can be used for
variant calling and HM, similar to DNA-based approaches. In
addition, RNA-Seq is a powerful tool to identify mutant genes
with aberrant expression and perturbed splicing patterns
(Figure 1). The importance of this ability of RNA-Seq to
identify pathogenic sequence variants is emphasized by the
fact that (i) splicing defects are among the major causes of
Mendelian disorders and they can be located either deeply in
intronic sequences, not captured by WES, or as silent variants
inside the exons (Chmel et al., 2015); and (ii) pathogenic
mutations leading to a premature termination codon of
translation can cause dramatically reduced gene expression
at the mRNA level (Frésard et al., 2019; Kremer et al., 2017).
Thus, RNA-Seq can be utilized for interrogation of culprit
genes. Furthermore, ﬁltering of the WES results by frequencies
is highly efﬁcient for coding sequences of the gene but does
not capture intronic or intergenic variants. Some regions in
the genome are difﬁcult to sequence, and RNA-Seq can be
helpful to ﬁnd the causative variants in those regions that are
not well characterized by DNA-based genome sequencing
methods. Collectively, these observations argue that clinical

RNA-Seq is a powerful tool to facilitate and extend diagnostics of rare sequence variants in genodermatoses.
We recognize that the whole-transcriptome sequencing by
RNA-Seq with the bioinformatics pipeline is a complex process requiring special expertise and equipment. Therefore,
the primary purpose of this summary is to familiarize noncognoscenti with the principles of this technique and alert the
readers of the availability of these contemporary approaches
for mutation detection in heritable skin diseases. Also, to
enhance readability of this review, a glossary is enclosed as
Supplementary Material.
RNA-Seq: Workﬂow and bioinformatics

RNA-Seq is initiated by isolation of RNA from tissues or cells
that actively express their genome. In skin, RNA can be isolated from a relatively small (3 mm) whole skin biopsy or from
cultured cells, such as dermal ﬁbroblasts and epidermal keratinocytes (Figure 1). In this context, the selection of correct
cell types is important depending on their gene expression
proﬁle. For example, many of the genes involved in cutaneous blistering or corniﬁcation disorders are expressed in
keratinocytes but not in ﬁbroblasts. Also, it is important to
isolate RNA by procedures that preserve the quality of RNA to
ensure high quality sequence reads (Vahidnezhad et al.,
2020). The biopsies can be transferred to the laboratory in
www.jidonline.org
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Figure 2. The ﬂowchart of bioinformatics analysis. Preprocessing step of the raw reads (FASTQ ﬁles) includes quality control, trimming the low-quality
sequences, align and map high quality reads to the genome, and/or transcriptome reference sequences by programs such as STAR, HISAT2, TopHat, Salmon and
kallisto. Two different analyses, including variant calling and extracting DEGs, can be done on the output ﬁle. For variant calling by GATK pipelines, the
duplicate reads are marked, and the variants are called and ﬁltered. The.vcf output ﬁle is annotated with ANNOVAR software for mutation detection, and for
homozygosity mapping with the Plink software. The second analysis for identiﬁcation of DEGs involves a software called SAMtools (Sequence Alignment/Map)
for converting SAM to BAM ﬁles, followed by assembly of aligned reads by StringTie. The output ﬁles are used for visualization of DEGs, or other analysis such as
gene set enrichment analysis, and ingenuity pathways analysis (IPA). DEG, differentially expressed gene.

RNA stabilization solution, such as RNAlater transport medium, in which RNA is stable for at least one week at room
temperature, one month at 4  C, and several months at 20

C. Conveniently, there is no need to freeze samples in liquid
nitrogen or rush the samples to the laboratory freezer. RNA is
extracted and then subjected to sequencing, initially synthesizing a cDNA library dedicated to RNA-Seq; this approach is
different from the conventional cDNA synthesis for Sanger
sequencing. RNA-Seq then provides data for bioinformatics
analysis. The different steps of data analysis, as shown in
Figure 1, consist of mapping the raw data reads to genome
and transcriptome references, followed by variant calling and
callset reﬁnement, annotation of the variants for HM, and
counting and normalization of the reads (Figure 1b). Details
of this stepwise process for ﬁltering, including information on
bioinformatics software and packages and the output ﬁles, are
shown in Figure 2 (For details about some examples of the
software packages and databases used for data analysis,
variant calling and differentially expressed gene [DEG] analysis, see Table 1). The information on these endpoints, speciﬁcally variant detection and prioritization as well as HM, is
complementary to the information provided by DNA-based
techniques. Filtering of the annotated variants for prioritization assists in identiﬁcation of candidate genes by ﬁrst
focusing on exonic sequence variants and removal of benign
synonymous variants with a Combined Annotation Dependent Depletion score, CADD < 20. In the case of rare
1119

Journal of Investigative Dermatology (2020), Volume 140

heritable diseases, ﬁltering to include variants with a minor
allele frequency (MAF) < 0.001 and removal of benign variants by bioinformatics prediction programs, followed by
alignment of the candidate genes harboring homozygous
sequence variants with runs of homozygosity (ROHs), can
signiﬁcantly reduce the number of variants to be considered
as pathogenic. As an example, shown in Figure 1c (Variant
Prioritization), this approach allowed for the reduction of the
number of variants under consideration from 53,035 to 50.
The remaining variants, when matched with the clinical
phenotypes, identiﬁed a single gene (Gene X) as a candidate
gene, which was further conﬁrmed by segregation analysis in
the family and by modeling of the consequences of the mutation at the protein levels, and further corroborated by
datasets at the mRNA level derived from RNA-Seq.
As noted in the variant prioritization ﬂowchart (Figure 1c),
this variant calling would remove synonymous variants that
could result in aberrant splicing, including those residing at
the very end of exons at the exon-intron border within a canonical splice-site sequence. The conﬁrmation of the pathogenicity resulting in aberrant splicing can be facilitated by
RNA-Seq visualized by Sashimi plots demonstrating the
pattern of splicing in qualitative and semi-quantitative terms
(Figure 1c). As a consequence of such splice junction mutations, several studies have demonstrated exon skipping, partial or complete intron retention, and utilization of alternative
splice sequences, which are predicted to lead to alterations in
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Table 1. Description of Examples of Computer Software Programs and Online Tools for Bioinformatics Analyses of
NGS Data and Pathway Analysis
Software
BWA
GATK
Picard
PLINK
R
SAMtools
FastQC
Trimmomatic
STAR

HISAT2

TopHat2
StringTie
Pheatmap
package
EdgeR
DESeq2

Enrichr

GO
Cytoscape

Description and purpose

URL

References

A package used to map read sequences to
a reference genome.
The Genome Analysis Toolkit is a multi-purpose
variant discovery and genotyping tool.
Tools used for manipulating sequencing data in
different formats such as BAM and VCF ﬁles.
Tools used for whole-genome association studies.
It can be used for homozygosity mapping and IBD estimation.
A general-purpose software environment for statistical data
analysis and visualization.
Tools can be used for manipulating ﬁles with SAM/BAM formats.
A quality control tool for high throughput sequence data.

http://bio-bwa.sourceforge.net/

(Li and Durbin, 2009)

https://software.broadinstitute.org/gatk/

(McKenna et al., 2010)

http://broadinstitute.github.io/picard

Refer to corresponding URL

http://zzz.bwh.harvard.edu/plink/

(Purcell et al., 2007)

https://www.r-project.org/

Refer to corresponding URL

http://samtools.sourceforge.net/
http://www.bioinformatics.babraham.
ac.uk/projects/fastqc/
http://www.usadellab.org/cms/
?page¼trimmomatic
https://github.com/alexdobin/
STAR/releases

(Li et al., 2009)
(Andrews, 2010)

A ﬂexible read trimming tool for Illumina NGS data.
An aligner designed to speciﬁcally address many of the
challenges of RNA-Seq data mapping using a strategy
to account for spliced alignments.
A fast and sensitive alignment program for mapping
next-generation sequencing reads (both DNA and RNA)
to a population of human genomes.
A fast splice junction mapper for RNA-Seq reads.
A fast and highly efﬁcient assembler of RNA-Seq
alignments into potential transcripts.
A useful R package that implement a heatmaps that offers
more control over dimensions and appearance.
A Bioconductor package for differential expression
analysis of digital gene expression data.
A Bioconductor package that provides methods to
test for differential expression by use of negative binomial
generalized linear models.
An easy to use intuitive enrichment analysis web-based tool
providing various types of visualization summaries of
collective functions of gene lists/
An up-to-date and useful database for enrichment and
pathway analysis using RNA-Seq data.
An open source software platform for visualizing complex
networks and integrating these with any type of attribute data.

(Bolger et al., 2014)
(Dobin et al., 2013)

http://ccb.jhu.edu/software/hisat2/
index.shtml

(Kim et al., 2019)

https://ccb.jhu.edu/software/tophat/index.shtml
https://ccb.jhu.edu/software/stringtie/

(Kim et al., 2013)
(Kovaka et al., 2019)

https://CRAN.R-project.org/
package¼pheatmap
https://bioconductor.org/packages/
edgeR/
http://bioconductor.org/packages/release/
bioc/html/DESeq2.html

Refer to corresponding URL

https://amp.pharm.mssm.edu/Enrichr/

(Kuleshov et al., 2016)

http://geneontology.org/

(Ashburner et al., 2000)

https://cytoscape.org/

(Shannon et al., 2003)

(Robinson et al., 2010)
(Love et al., 2014)

Abbreviations: NGS, next-generation sequencing; RNA-Seq, RNA sequencing.

translation, with synthesis of defective protein or absence of
the protein expression (Kremer et al., 2017). RNA-Seq utilizing Sashimi plots can also demonstrate a lack of gene
expression at the mRNA level in the case of promoter mutations or large gene deletions. DEGs can be quantitated from
transcriptome data by heatmap visualization of the expression
proﬁles, which can then direct the attention to the most likely
pathogenic gene variants among those under consideration
(Figure 1c). It should be noted that gene expression levels in
cultured cells can be affected by a number of factors, and
analysis of skin biopsies may more accurately reﬂect the
expression proﬁles in situ.
Examples of the utility of RNA-Seq in facilitating the
identiﬁcation of mutated genes

Over the past decade, our laboratory has focused on mutation
detection in large cohorts of heritable skin disorders,
including epidermolysis bullosa (EB), Mendelian disorders of
corniﬁcation (ichthyosis and keratodermas), pseudoxanthoma
elasticum,
and
more
recently
epidermodysplasia

verruciformis. In each case, DNA and RNA were isolated after
obtaining a written, informed consent by the patient or his/her
parents or guardians, who also consented to the publication
of the patient’s images (These studies were approved by the
institutional review boards of the Pasteur Institute of Tehran,
Iran and Thomas Jefferson University, Philadelphia, PA).
A 1.5-year-old patient with scaly skin, with clinical
features consistent with lamellar ichthyosis (Figure 3a), was
analyzed for the underlying genetic mutations by WES, which
was inconclusive (Yousseﬁan et al., 2019b). Subsequently,
RNA-Seq of the patient’s skin biopsy revealed a homozygous
G>A substitution in the last nucleotide of exon 10 of the
TGM1 gene within the canonical splice-site sequence, which
changed the wild-type AG-gt to AA-gt (Figure 3b). Because
this nucleotide substitution (GAG>GAA) did not change the
corresponding amino acid, both codons encoding glutamic
acid in transglutaminase 1 protein, conventional bioinformatics ﬁltering of DNA data overlooked this variant and did
not prioritize it as a pathogenic variant. However, a Sashimi

Case 1.
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Figure 3. Examples of the utility of RNA-Seq in mutation detection in challenging cases of heritable skin diseases. Left panel: Identiﬁcation and conﬁrmation of
a homozygous synonymous/splice-site mutation in TGM1 in a 1.5-year-old patient with lamellar ichthyosis. (a) The patient manifested with scaly skin, sparse
hair, and mild erythroderma consistent with diagnosis of lamellar ichthyosis. (b) Sashimi plot of RNA-Seq revealed that a homozygous synonymous mutation
results in aberrant splicing and partial intron retention (red), as compared with splicing in control RNA (blue) (upper panel). Screen shot of the genomic sequence
visualized by IGV demonstrating a homozygous mutations in TGM1: c.1491G>A at the border of exon 10 and intron 10 (lower panel). (c) Heatmap analysis of
the patient’s RNA in comparison with the average quantity of three healthy controls showed that TGM1 had the lowest level of gene expression (red arrow). Right
panel: Identiﬁcation and conﬁrmation of a canonical splice-site mutation in KRT5 in a neonate with EBS. (d) The neonate with severe generalized EBS presented
with fragile skin and mucosa. Milia was present at one week of life. The patient died shortly after birth. (e) Sashimi plot of the transcriptome proﬁle of the mutant
KRT5 RNA revealed complex aberrant splicing because of the canonical splice-site mutation of c.1440-1G>A that results in retention of intron 7 and intron 8
sequences in patient (red, asterisks in yellow highlighted area) as compared with splicing in control RNA (blue). Screenshot of the genomic sequence visualized
by IGV demonstrating canonical splice-site mutation of KRT5: c.1440-1G>A at the border of exon 8 and intron 7 (lower panel). (f) Differential gene expression of
21 genes associated with a blistering phenotype by heatmap analysis revealed that KRT5 was the most downregulated gene among those associated with EB.
Permission to publish the patients’ images was provided by the patient and/or his/her parents (guardians). EB, epidermolysis bullosa; EBS, epidermolysis bullosa
simplex; IGV, Integrative Genomics Viewer; RNA-Seq, RNA sequencing.

plot of the RNA-Seq data revealed that this nucleotide change
abolished the canonical splice site at the exon 10/intron 10
border, and instead, the patient’s mRNA was processed from
two alternate splice sites, the major one residing within intron
10 and the other one within exon 10, resulting in partial
retention of intron 10 sequences (Figure 3b). These altered
transcripts were predicted to result in frameshift and abolish
the synthesis of functional, full-length transglutaminase 1,
explaining the patient’s phenotype. Heatmap analysis of the
patient’s RNA transcripts, as compared with average transcript levels in three controls, revealed that among the 57
tested genes known to be associated with ichthyosis phenotypes, the level of expression of TGM1 was the lowest
(Figure 3c). This is apparently a reﬂection of the nonsensemediated mRNA decay because of the splicing mutation
disclosed by RNA-Seq.

illustrated in a neonate with clinical diagnosis consistent with a
lethal form of EB (Figure 3d) (Vahidnezhad et al., 2019a).
Analysis of the transcriptome data from RNA-Seq revealed a
G>A transition in position 1 of intron 7 just preceding exon 8
in the KRT5 gene (Figure 3e). A Sashimi plot revealed that this
homozygous mutation rendered the canonical splice site at the
intron 7/exon 8 border nonfunctional, and instead an AG
sequence six nucleotides upstream within exon 8 was used as
an alternate acceptor splice site and led to retention of intron 7
and 8 sequences in the patient’s cells. Heatmap analysis of 21
genes associated with the blistering phenotype in EB revealed
that KRT5 expression was the most downregulated among all
these genes (Figure 3f). Thus, prioritization of the candidate
genes was clearly facilitated by quantitative assessment of the
transcript levels by heatmap analysis, further supporting the
notion of pathogenicity of the sequence variant in KRT5.

The utility of heatmap analysis as a tool to guide in
the calling of pathogenic variants by RNA-Seq was further

Case 3.

Case 2.
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Figure 4. Beneﬁts and limitations of RNA-Seq in molecular diagnostic settings in conﬁrmation of the pathogenic consequences of mutations. Left panel:
Identiﬁcation of double homozygous mutations in two distinct genes, EXPH5 and COL17A1, in a patient with EB. (a) Next-generation sequencing panel of 21
genes identiﬁed homozygous mutations in COL17A1 and EXPH5, which were conﬁrmed by Sanger sequencing. Clinical ﬁndings in the proband at 11 months of
age consisted of blistering and erosions in the ﬁngers. Immunoﬂuorescence staining for exophilin 5 and type XVII collagen demonstrated complete absence
(exophilin 5) and/or a markedly attenuated and discontinuous pattern (type XVII collagen) in the patient’s skin, as compared with the control skin. (b) Screenshot
of the genomic sequence visualized by IGV demonstrating deletion of a nucleotide within exon 4 of COL17A1: c.202_202delA; this frameshift mutation was
predicted to result in synthesis of a truncated polypeptide (p.Thr68LeufsTer106). Sashimi plot of RNA-Seq revealed complex aberrant splicing because of this
frameshift mutation. The donor splice site at the 30 end of exon 3 of COL17A1 utilized the acceptor splice site at the intron 3 and exon 4 border, resulting in
partial skipping of exon 4 and 6 (asterisks). (c) Heatmap analysis of the patient’s RNA in comparison with the average quantity of three healthy controls showed
that COL17A1 and EXPH5 genes were among the top three most downregulated among the 21 skin fragilityeassociated genes (Adopted from Vahidnezhad et al.,
2019d, with permission). Right panel: A missense variant in a novel candidate gene PLOD3 as the cause of syndromic EB identiﬁed by WES did not alter
transcriptome proﬁling. (d) The proband manifested with severe scoliosis; joint contractures; and the presence of a tense, hemorrhagic blister on the ﬁfth toe and
small erosions on the arm (white arrow) with atrophic scarring at the elbow. (e) WES identiﬁed a total of approximately 134,000 annotated sequence variants,
which were ﬁltered by the steps indicated to yield eight variants with MAF < 1:1,000 and residing within regions of homozygosity. Matching of the patient’s
phenotype identiﬁed a mutation in PLOD3, encoding LH3. (f) Immunoﬂuorescence reveals the complete absence of LH3 in the patient’s skin with a blister
(asterisk), whereas in the control skin, a punctate pattern at the dermal-epidermal junction is noted. Type VII collagen expression is signiﬁcantly reduced, the
remaining protein being primarily in the roof of the blister, as compared with the control skin. (g) Western blotting revealed markedly reduced LH3 protein levels
in ﬁbroblasts cultured from the skin of the patient (Pt) as compared with controls (C1e3). Reprobing the ﬁlter with an antieb-tubulin antibody revealed equal
protein loading. (h) The LH3 protein levels were quantitated by scanning the bands in western blots in three separate experiments (mean  SEM; **P < 0.01, ***P
< 0.001). (i) Histopathology revealed separation at the dermal-epidermal junction (Richardson’s stain). (j) Differential gene expression of 21 genes associated
with blistering phenotype by heatmap analysis revealed that PLOD3 gene expression was among the topmost expressed genes. Bar ¼ 50 mm. Permission to
publish the patients’ images was provided by the patient and/or his/her parents (guardians) (Adopted from Vahidnezhad et al., 2019c, with permission). C,
control; EB, epidermolysis bullosa; IGV, Integrative Genomics Viewer; MAF, minor allele frequency; Pt, patient; RNA-Seq, RNA sequencing; WES, whole-exome
sequencing.

is further illustrated in a 3-year-old patient with EB blistering
phenotype (Figure 4aec) (Vahidnezhad et al., 2018b). Initial
DNA sequencing with an EB-associated gene panel of 21
genes revealed two homozygous mutations in this proband
from a consanguineous family. One of the mutations,
c.5422C>T, in the EXPH5 gene resulted in a nonsense codon
p.Arg1808Ter and was predicted to result in the synthesis of a
truncated exophilin 5 protein and nonsense-mediated RNA
decay (Figure 4a). The second mutation in the COL17A1 gene
was a homozygous delA that was predicted to result in a
frameshift and termination codon 106 nucleotides downstream of the site of deletion. The mutation in COL17A1 was
indeed shown to result in aberrant splicing, and a Sashimi
plot revealed partial skipping of exon 4 as well as exon 6,

with retention of intron 5 sequences (asterisks in Figure 4b).
Heatmap analysis of these two genes placed them on the top
of the three most downregulated genes among the 21 genes
known to be associated with skin fragility in the spectrum of
EB (Figure 4c).
It is of interest to note that EXPH5 and COL17A1 are
associated with two different subtypes of EB, simplex and
junctional, respectively. In support of pathogenicity of both
mutations, the corresponding genes were both located inside of ROHs derived from RNA-Seq data. The combination
of these mutations in this consanguineous family explains
the blended phenotype, which initially made subclassiﬁcation on the clinical basis difﬁcult. This case also illustrates
the importance of genome-wide approaches for mutation
www.jidonline.org
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Figure 5. Conﬁrmation of alternative
splicing in COL7A1. (a) Comparison of
COL7A1 gene expression in different sample
types, including normal keratinocytes,
ﬁbroblasts, and whole skin biopsies. The
Sashimi plot of RNA-Seq revealed in control
skin alternative splicing, which was
generated by a different exon 18 acceptor site
27 bp upstream from the canonical acceptor
site as compared with some of the ﬁbroblast
cultures. (b) Screenshot of the genomic
sequence visualized by IGV demonstrating
the 27 bp retention from intron 17 that would
result in insertion of nine amino acid residues
into the ﬁbronectin type III linker domain of
the noncollagenous NC-1 region of type VII
collagen. (c) This alternative splicing has
been shown previously to be differentially
expressed in wounds of EB patients as
compared with normal keratinocytes. The
cDNA containing exon 18 and with the 27 bp
intron 17 retention is shown by arrow (lower
band, exon 18; upper band, exon 18 plus 9
amino acids) (Adopted from Sawamura et al.,
2003, with permission). bp, base pair; EB,
epidermolysis bullosa; IGV, Integrative
Genomics Viewer; RNA-Seq, RNA
sequencing.

detection. Speciﬁcally, if methodologies that sequence
candidate genes one at a time would have been applied, one
of the mutations would probably have been missed. This
clearly would have impacted the ability to provide accurate
genetic counseling to the family in terms of risk of inheritance and its use for prenatal testing and preimplantation
genetic diagnosis.
Collectively, as illustrated by Cases 1e3, RNA-Seq provides a robust tool to explore pathogenicity of heritable skin
diseases by identifying variants at both noncoding and coding
regions of the gene. RNA-Seq allows prioritization and
interpretation of identiﬁed sequence variants and provides
information complementary to DNA sequencing by transcriptome analysis at the level of RNA splicing and expression. In this regard, uncovering transcriptional consequences
of genetic variants allows prioritization or identiﬁes variants
that were missed by the applied ﬁlters in the bioinformatics
pipeline when analyzing DNA-derived data. One of the
considerations for RNA-Seq is also its ability to detect genes
with monoallelic expression in search of causal variants,
particularly for diseases with a recessive mode of inheritance
that would not be captured by a single heterozygous variant
identiﬁed by WES or WGS. Thus, RNA-Seq provides substantial potential to reliably identify pathogenic variants in
both known and new disease genes.
This presentation highlights the utility and limitations of
quantitative transcriptome sequencing as visualized by heatmap analysis in identifying candidate genes with particular
emphasis on frameshift, loss-of-function, and splicing mutations. It is prudent to point out that these approaches examining the transcriptome levels may not be applicable to
missense mutations. Emphasizing this point is Case 4, a 4.51123
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year-old patient with complex connective tissue disorder,
including a syndromic form of dystrophic EB, was shown to
harbor a missense mutation, c.1880T>C; p.Leu627Pro, in the
PLOD3 gene encoding LH3, a critical enzyme for posttranslational modiﬁcation of collagens (Figure 4dej)
(Vahidnezhad et al., 2019b). The study demonstrated that this
missense mutation caused the absence of LH3 at the protein
level but also resulted in reduced collagen VII expression and
reduction in anchoring ﬁbrils, apparently because of deﬁcient
post-translational modiﬁcation of collagen VII. Although the
primary genetic defect was clearly shown to be in PLOD3, the
heatmap proﬁle showed that this gene was expressed among
the top three highest levels among the genes associated with
skin fragility in the spectrum of EB. Although the reason for
upregulation of PLOD3 gene expression is not entirely clear,
it may reﬂect compensatory changes in mRNA levels in
response to absent protein (Figure 4j). Thus, transcript quantitation of DEGs by heatmap in this case of homozygous
missense mutations was not helpful in prioritizing or identifying mutant genes.
RNA-Seq reveals an unexpected splicing event in COL7A1

Transcriptome proﬁling is also able to evaluate tissue- and
cell typeedependent expression and splicing proﬁles using
the corresponding material as a source of RNA selected at the
beginning of the analysis. This consideration highlights one of
the limitations of RNA-Seq, which requires tissues or cells that
express the corresponding genes as starting material. In this
context, it is important to note that whole skin biopsy consists
not only of epidermal keratinocytes and dermal ﬁbroblasts
but also has a large number of other cell types with unique
expression proﬁles. This issue is highlighted by the
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MULTIPLE CHOICE QUESTIONS
1. What type of sequence variants may not be
detected by quantitative whole-transcriptome
sequencing by heatmap analysis?
A. Missense mutations
B. Nonsense mutations
C. Canonical splicing site mutations
D. Frameshift mutations
2. Which of the following statements is true when
comparing RNA sequencing (RNA-Seq) with
whole-exome sequencing?
A. Germline mutations are detectable both in
RNA and DNA samples.
B. Whole-transcriptome sequencing provides
tissue-speciﬁc gene expression information
and can help in variant prioritization.
C. For splicing variants, RNA-Seq provides
information that can be used for
pathogenicity assessment.
D. All of the above.
3. Which statement is NOT true regarding
RNA-Seq technique?
A. Sampling is invasive and, in some cases,
impossible.
B. Sometimes tissue availability is an issue.
C. RNA, if not preserved in RNAlater, is unstable
and readily subject to degradation.
D. Because of low coverage of exonic
sequences, it cannot detect substitutions.
4. For rare heritable skin disorders, which type of
tissue(s) or cells could be used for mutation
detection by whole-transcriptome sequencing?
A. Fibroblasts
B. Keratinocytes
C. Whole skin
D. All of the above
5. Which statement is NOT correct regarding the
combination of RNA-Seq and homozygosity
mapping techniques?
A. It is useful to detect germline mutations.
B. It is possible to ﬁnd loss-of-function
pathogenic mutations in novel candidate
genes.
C. Combination of these methods is a robust
approach to detect exonic synonymous
mutations affecting splicing.
D. It is applicable only to the families affected by
diseases with autosomal dominant
inheritance.
See online version of this article for a detailed
explanation of correct answers.

demonstration that COL7A1, which encodes type VII
collagen, was shown to have a different splicing pattern in
RNA isolated from whole skin as compared with cultured
dermal ﬁbroblasts (Figure 5a). Speciﬁcally, a Sashimi plot
revealed alternative splicing in control skin, which was
generated by a different exon 18 acceptor site 27 base pairs
upstream from the canonical acceptor site as compared with
some, but not all, ﬁbroblast cultures (Figure 5a). This resulted
in insertion of nine amino acid residues into the ﬁbronectin
type III linker domain of the noncollagenous NC-1 region of
type VII collagen (Figure 5b). This splice variant has been
shown previously to be differentially expressed in wound
edges of patients with epithelizing skin ulcers in patients with
EB as compared with normal keratinocytes from steady-state
body sites (Figure 5c) (Sawamura et al., 2003). Our data
demonstrating differential expression of this alternative
spliced insertion in keratinocytes and ﬁbroblasts provide
further evidence of the importance of splice variants in disease processes, and such variants can be visualized by RNASeq. This demonstration also emphasized previous observations that cell culture conditions can profoundly alter the
gene expression proﬁles and, for example, the expression
levels and transcriptome proﬁles of ﬁbroblasts in culture may
not necessarily reﬂect those in intact skin (Mahmoudi et al.,
2019).
Clinical utility of transcriptome proﬁling by RNA-Seq

RNA-Seq is increasingly becoming a complementary way of
identifying genes underlying rare heritable diseases,
bypassing hurdles in interpreting intronic or splice-altering
variants (Li et al., 2018). It has been indicated that the genetic diagnostic rate for Mendelian diseases by WES is
typically only in the range of 20e40%, in part because of the
fact that WES misses deep intronic, silent, or synonymous
exonic variants leading to aberrant splicing. The power of
RNA-Seq in solving unrecognized pathogenic variants
(Hamanaka et al., 2019) has been demonstrated in studies
on a number of heritable skin diseases; some of them were
highlighted in this review with the focus on EB and ichthyosis, two heterogeneous disorders that have been associated with 21 and over 67 mutant genes, respectively.
Finally, it should be noted that although immunohistochemical and ﬂuorescent staining of the skin samples is
often informative and indicates the candidate gene through
lack of immunoreactivity for a speciﬁc protein, this
approach does not provide information about the speciﬁc
mutations (Chmel et al., 2015; He et al., 2016).
CONCLUSIONS

The feasibility of RNA-Seq applications for heritable skin
diseases is emphasized by the ready availability of skin biopsies and the capability to culture epidermal keratinocytes
or dermal ﬁbroblasts for RNA isolation. This situation contrasts with many heritable disorders, such as those manifesting
with neurologic or internal organ involvement. Although
transcriptome sequencing has been recognized as complementary to DNA-based next-generation sequencing approaches, one could argue that RNA-Seq, capable of variant
calling and HM analogous to DNA-based analysis, with
additional capability to reveal aberrant gene splicing and
www.jidonline.org
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determine the gene expression levels visualized by heatmapping, could be considered as an expedient, reliable, and
affordable ﬁrst-tier diagnostic approach for ﬁnding mutations
in patients with heritable skin diseases.
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Research Techniques Made Simple: Optical
Clearing and Three-Dimensional Volumetric
Imaging of Skin Biopsies
Yingrou Tan1,2, Carolyn Pei Lyn Chiam3, Yuning Zhang4, Hong Liang Tey1,5,6,7 and Lai Guan Ng2,7
Skin histology is traditionally carried out using two-dimensional tissue sections, which allows for rapid staining,
but these sections cannot accurately represent three-dimensional structures in skin such as nerves, vasculature,
hair follicles, and sebaceous glands. Although it may be ideal to image skin in a three-dimensional manner, it is
technically challenging to image deep into tissue because of light scattering from collagen fibrils in the dermis
and refractive index mismatch owing to the presence of differing biological materials such as cytoplasm, and
lipids in the skin. Different optical clearing methods have been developed recently, making it possible to
render tissues transparent using different approaches. Here, we discuss the steps involved in tissue preparation
for three-dimensional volumetric imaging and provide a brief overview of the different optical clearing
methods as well as different imaging modalities for three-dimensional imaging.
Journal of Investigative Dermatology (2020) 140, 1305e1314; doi:10.1016/j.jid.2020.04.014

INTRODUCTION

Histology is traditionally carried out using tissue sections and
viewed with the aid of a light microscope. Although such
histology slides are useful for illustrating basic cellular anatomy through accurate and high-resolution images, the main
ﬂaw is that the images are two-dimensional (2D). This may
pose a challenge for histopathological analysis because it
may not be an accurate representation of three-dimensional
(3D) biological structures. For example, in the excision of a
skin tumor, knowledge of its full 3D structure is needed for
the complete removal of the tumor. Mohs surgery is the
existing gold standard for skin tumor removal, where the
surgeon excises the visible tumor and then removes the skin
layer by layer to check for tumor involvement in the margins
(Tolkachjov et al., 2017). However, this procedure tends to be
costly owing to the long time required for it. The alternative to
Mohs surgery is serial transverse cross-sectioning or the bread
loaﬁng method. In this process, the specimen is cut into three
or more pieces, embedded in a parafﬁn block, followed by
sectioning only at a few locations for viewing under a microscope. However, this method has a low sensitivity and
produces a substantial number of false negatives because
only a small fraction of the entire tumor is sampled (Jackson
et al., 2012).
Alternatively, a 3D image of the tumor can be reconstructed from 2D serial sections. However, this approach is
time-consuming and tedious because it involves volumetric
reconstruction from hundreds of 2D sections, which may be
further complicated by sectioning artifacts. Given the

difﬁculties of imaging with 2D sections and the costs associated with Mohs surgery, 3D imaging provides a more
attractive alternative, allowing for detection of tumor spatial
heterogeneity (Chen et al., 2019).
Although 3D imaging has been made possible with advances in microscopy such as the confocal microscope in
recent years, it is still difﬁcult to study most tissues of a certain
thickness with 3D imaging techniques because tissues are
opaque. This hinders the amount of light passing through and
the sharpness of images collected owing to light scattering
and absorption by the different components. (Azaripour et al.,
2016; Tuchin, 2015b)
One method to solve this issue is optical tissue clearing (OTC).
OTC renders tissues transparent by matching the different
refractive index (RI) within the tissue with the aid of optical
clearing agents (Figure 1a). With this method, it is possible to
generate a 3D image without physically sectioning the tissue.
OTC can be used in ex vivo 3D anatomical investigations to
study skin pathology, for instance, epidermal hyperplasia in
psoriatic skin (Abadie et al., 2018) or neuronal innervation in
pruritic skin (Tan et al., 2019) as well as in in vivo skin imaging to
measure dermal blood ﬂow (Wang et al., 2013b) and alterations
in skin structure in mice with diabetes (Feng et al., 2019).
Optical clearing began in the early 1900s by Spalteholz
(1914) who started out using methyl salicylate, benzyl
benzoate, and wintergreen oil. However, his technique
caused necrosis of the outer layer of tissue, and it could
not be applied to smaller tissue samples (Azaripour et al.,
2016). Numerous other optical clearing methods have
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SUMMARY POINTS
 Three-dimensional (3D) volumetric imaging of
tissues provides a comprehensive view of 3D
biological tissue architecture and has been used
in ex vivo 3D skin pathology studies to
investigate epidermal hyperplasia in psoriatic
skin or neuronal innervation in pruritic skin as
well as dermal blood ﬂow in in vivo studies.
 3D volumetric imaging can potentially be used to
carry out 3D spatial mapping of tissue-resident cells
and structures within normal skin such as nerves,
vasculature, hair follicles, and sebaceous glands.
 Optical clearing renders tissue transparent by reducing
the heterogeneity of light scattering within the tissue.
Dissociation of collagen ﬁbrils and refractive index
matching are key to skin optical clearing.
 Optical clearing methods can be broadly
classiﬁed into solvent-based methods and
aqueous-based methods. Aqueous-based
methods can be further subdivided into simple
immersion, hyperhydration, and hydrogelembedding methods.
 The tissue preparation workﬂow involves a series
of steps from ﬁxation, permeabilization,
decolorization, and immunostaining to optical
clearing or refractive index matching, which are
crucial for acquiring high-quality images. The
sequence of the steps may change depending on
the optical clearing method being used.
 The choice of microscope for 3D volumetric
imaging depends on the resolution required.
Although the light-sheet ﬂuorescence microscope
offers faster imaging speed and lower
photobleaching, the confocal and two-photon
microscopes generally provide higher imaging
resolution. Serial two-photon tomography is one
emerging 3D imaging technique, which uses a
combination of imaging and sectioning to enable
high-resolution and deep-tissue imaging with the
two-photon microscope.
Advantages

 3D volumetric imaging provides crucial spatial
information of 3D structures such as nerves,
vasculature, hair follicles, and sebaceous glands
in the skin, which may not be accurately
represented by traditional two-dimensional
histology methods.

Limitations

 Relatively longer time required for tissue
preparation, which can require up to 1 or 2 weeks
if immunostaining is involved.
 Depending on the optical clearing method
chosen, the process can also be laborious, which
makes it harder to have high sample throughput.

 Existing approaches are currently unable to
optically clear the melanin in pigmented skin. If
the epidermis is being studied, this can be
circumvented by imaging thinner sections of the
skin with lower melanin content.

since been developed to better visualize whole organs in
3D, which will be discussed later.
Tissue preparation for 3D volumetric imaging

Before understanding tissue clearing, we need to understand
why tissues are opaque. Tissues lack transparency because
different cellular organelles and biomolecules have differing
RIs. For instance, the RI of cell membranes is 1.45, whereas
that of water is 1.33 (Richardson and Lichtman, 2015).
Although light travels in straight lines, light scattering occurs
whenever light interacts with molecules of differing RIs,
resulting in the bending of light (Tuchin, 2015b). In the dermis
of the skin, collagen ﬁbrils form a major component within
skin dermis and are major light scatterers within the tissue;
dealing with collagen in the skin is thus important for skin
optical clearing (Zhu et al., 2013). Light scattering combined
with light absorption, caused by the presence of pigments like
melanin in skin epidermis, causes blurry and dim images with
progressively poorer image quality deeper within a tissue.
Hence, the goal of OTC is to decrease the heterogeneity of
light scattering and absorption by substances in the tissue so
that light can travel in a straight line through the tissue,
making it transparent (Richardson and Lichtman, 2015).
Preparation of the tissue before imaging involves multiple
steps, and each step is crucial for getting good images: ﬁxation, permeabilization, decolorization, immunostaining, and
optical clearing or RI matching (Figure 1).
After harvest, skin can ﬁrst be ﬁxed in paraformaldehyde or
glutaraldehyde or embedded together with hydrogel to preserve structures of interest (Tainaka et al., 2016). Use of
typical chemical ﬁxatives can cause loss of ﬂuorescence or
reduce antigeneantibody binding; hence, alternative crosslinking strategies such as the stabilization to harsh conditions through intramolecular epoxide linkages to prevent
degradation have been developed to improve the preservation of protein ﬂuorescence and antigenicity (Park et al.,
2018).
Permeabilization is then required to promote the substitution of water with high RI cell-permeable molecules to allow
for RI matching and for immunostaining to allow antibodies to
diffuse deep into the tissue. Permeabilization reagents can be
classiﬁed into three groups: water-miscible polar solvents
such as methanol, detergents that remove lipids that have a
high RI, or hyperhydration reagents without delipidation
(Tainaka et al., 2016).
Water-miscible polar solvents aid in replacing water
within the tissue for RI matching. In contrast, permeabilization by delipidation decreases interactions between dyes and tissue molecules either by using an electric
ﬁeld to remove lipids in tissue in CLARITY-related protocols
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Figure 1. Overview of different types
of optical clearing protocols. Brief
overview of tissue preparation steps
for 3D volumetric imaging after
ﬁxation. (a) Solvent-based clearing.
Tissues are ﬁrst permeabilized before
immunostaining, dehydration, and
delipidation, followed by RI matching.
(b) Simple immersion. Tissues are
permeabilized, immunostained,
followed by RI matching. (c)
Hyperhydration. Tissue swelling is
induced by hyperhydrating agents
such as urea or formamide (Tainaka
et al., 2016). Some hyperhydrating
protocols like CUBIC induce
delipidation with high-detergent
concentrations. This delipidation
process also permeabilizes the tissue;
the CUBIC protocol also induces
tissue decolorization with amino
alcohols, followed by immunostaining
and RI matching. (d) Hydrogel
embedding. An acrylamide hydrogel is
formed by infusing the tissue with a
buffer of acrylamide monomers and a
temperature-sensitive crosslinker at
low temperature, followed by
transferring the tissue to 37 ⁰C to
induce gel polymerization (Chung
et al., 2013). The hydrogel forms a
scaffold to minimize protein loss
during delipidation (using active or
passive methods), and the tissue is
permeabilized during delipidation.
The tissue is then immunostained and
RI matched. 3D, three-dimensional;
RI, refractive index. Figure created
using BioRender (https://biorender.
com/).

(Tomer et al., 2014) or high detergent concentrations with
the reagent ScaleCUBIC-1 in CUBIC (Susaki et al., 2015,
2014; Tainaka et al., 2014). Hyperhydration using urea to
increase osmotic pressure or relax protein ﬁbers can also
increase the permeation of ﬂuorescent molecules in ScaleS
(Hama et al., 2015) and ScaleCUBIC-1 (Susaki et al., 2015,
2014; Tainaka et al., 2014). Treatment with small molecules to extract cholesterol from the plasma membrane with
cyclodextrins and loosen collagen ﬁber structure using Nacetyl-L-hydroxyproline has also been found to enhance
tissue permeability (Hama et al., 2015). Dehydration‒
rehydration using methanol and PBS in iDISCO also aids in
permeabilization (Renier et al., 2014), although the exact
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biochemical mechanism for this phenomenon is not fully
understood.
Furthermore, decolorization removes endogenous molecules in the tissue that absorb light, especially heme and
melanin (Tuchin, 2015b), which increases transparency by
increasing the amount of light passing through the tissues. The
presence of blood is particularly tricky to deal with in clinical
samples such as skin biopsies where it may not always be
possible to ensure a sample with lower blood content. For
preclinical mouse specimens, heme can be removed by
removing red blood cells in circulation by perfusion of buffer
through the circulatory system during tissue harvest; alternatively, when perfusion is not possible, the skin specimen can

RESEARCH TECHNIQUES MADE SIMPLE
be treated with hydrogen peroxide, although this could
potentially cause oxidative damage to the tissues (Richardson
and Lichtman, 2015). The amino-alcohol component in
ScaleCUBIC-1 was serendipitously discovered to be capable
of decolorizing blood by eluting heme, which aids in decolorizing blood-rich organs like the liver, spleen, and kidney
(Tainaka et al., 2014). Melanin pigmentation is much harder
to remove. Besides genetic modiﬁcation to block melanin
production, which is only applicable to transgenic animal
models, the only other method is to image tissues in the nearinfrared region of the electromagnetic spectrum where the
tissue is unable to absorb light (Richardson and Lichtman,
2015).
Fluorescent proteins are typically used for visualizing
cells or structures in reporter mouse models or for tracking
cells in in vivoetransfer experiments. However, ﬂuorescent
proteins are not an option for labeling clinical specimens;
some solvent-based OTC methods such as the DISCO
methods also tend to cause quenching of ﬂuorescent proteins. To circumvent this, modiﬁcations of the solvent-based
OTC methods have been developed to preserve endogenous ﬂuorescence, such as uDISCO (Pan et al., 2016),
FDISCO (Qi et al., 2019), and FluoClearBABB (Schwarz
et al., 2015; Stefaniuk et al., 2016), which uses either the
adjustment of pH and temperature or speciﬁc chemicals for
ﬂuorescence preservation, such as a-tocopherol, tertbutanol (uDISCO, FluoClearBABB), and polyethylene glycol (PEGASOS) (Jing et al., 2018).
If it is not possible to use a ﬂuorescent reporter animal
model, immunolabeling is a crucial step for visualizing cells
or structures in tissue preparation protocols. Passive diffusion
is typically used for immunolabeling, but this tends to be a
slow process and can be problematic for tissues that are
millimeters thick. To circumvent this, a rotational electrical
ﬁeld can be used to disperse antibodies within a sample more
rapidly in a method termed stochastic electrotransport (Kim
et al., 2015); alternatively, centrifugal force or convectional
ﬂow using a syringe to apply pressure could be a more rapid
manner to carry out immunolabeling of tissues (Lee et al.,
2016). A miniaturized version of antibodies—nanobodies
could be used in combination with high-pressure transcardial
perfusion for whole-body labeling as shown in the vDISCO
protocol (Cai et al., 2019).
Finally, RI matching needs to be carried out for tissues to
become optically clear. Tissues appear opaque because of
light scattering caused by RI mismatch within the tissue, and
when light scattering is reduced, the tissue is made more
transparent. Water has a lower RI (1.33), and lipid and protein
have a higher RIs (1.4e1.6) (Johnsen and Widder, 1999;
Tuchin, 2015b); thus, removing water and lipid and replacing them with a substance of similar RI in the remaining
components minimizes light scattering and makes tissues
more transparent (Susaki and Ueda, 2016). Alternatively,
lipids can be removed and the tissue hyperhydrated for RI
matching to occur (Tainaka et al., 2016).
A variety of optical clearing methods have been developed
in recent years. These methods can be broadly split into two
categories: organic solventebased clearing or aqueous-based
technique (Table 1, Figure 1). Organic solventebased
clearing such as the DISCO protocols (Cai et al., 2019;

Ertürk et al., 2012; Pan et al., 2016; Renier et al., 2014)
usually consists of dehydration using lipid solvation followed
by RI matching to the dehydrated tissue and typically provides better transparency with shorter incubation time
(Figure 1a). Owing to the inability of many of these methods
at that point in time to preserve ﬂuorescent protein emission
and tissue architecture, aqueous-based methods were developed. These consist of either simple immersion in an optical
clearing agent to carry out RI matching (Figure 1b); hyperhydration methods such as the CUBIC (Susaki et al., 2015;
Tainaka et al., 2014) and Scale (Hama et al., 2015, 2011)
protocols, where high concentrations of detergent are used
for delipidation together with urea or formamide to induce
hyperhydration to lower the RI of the tissue components followed by RI matching (Figure 1c); hydrogel-embedding
methods such as the CLARITY (Chung et al., 2013; Tomer
et al., 2014) protocols, which utilize chemical cross-linking
of proteins with a hydrogel to retain proteins during the
delipidation process (Figure 1d). Expansion microscopy
combines hydrogel embedding with hyperhydration to
expand the protein-gel complex for super-resolution imaging
of structures such as the cytoskeleton (Chen et al., 2015;
Chozinski et al., 2016).
Disruption of collagen ﬁbril structure is key to optically
clearing skin because a large part of the skin extracellular
matrix is composed of collagen (Yeh et al., 2003)
(Figure 2aec). Alcohols with hydroxyl groups such as glycerol are able to dissociate collagen and successfully clear
skin; molecular simulations have revealed that alcohols with
hydroxyl groups further apart on the carbon backbone are
more effective for dissociating collagen ﬁber structure than
those with hydroxyl groups next to each other (Hirshburg
et al., 2010; Zhu et al., 2013). However, in formaldehydeﬁxed tissues, some optical clearing occurs in the presence
of glycerol despite the lack of collagen ﬁber dissociation (Yeh
et al., 2003). This is likely to be because of RI matching
caused by the hyperosmotic nature of glycerol, causing tissue
dehydration and the inﬂux of glycerol into the tissue (Vargas
et al., 1999). This optical clearing ability is enhanced at
higher incubation temperatures probably owing to more rapid
permeation of glycerol into the skin (Deng et al., 2011). RI
matching for skin using solutions closer to the collagen RI
(1.43, fully hydrated; 1.53, dry), such as FocusClear (Song
et al., 2015), benzyl alcohol benzoate (Abadie et al., 2018),
3DISCO, or uDISCO, also worked better for skin clearing (Xu
et al., 2019).
Part of the challenge in optically clearing skin is in clearing
the pigmented epidermis. If the researcher’s focus is on
studying structures present within the epidermis, quality data
can still be obtained by imaging thin cross-sections (100e300
mm) of skin samples. Where possible, skin samples of lower
melanin content can also be selected to improve the image
quality. If the focus is on structures such as sebaceous glands
or hair follicles present within the dermis, thick sections of the
dermis can be relatively easily cleared and imaged (Foster
et al., 2019).
As the skin is an easily accessible organ, in vivo clearing
of the skin is an attractive prospect to make noninvasive
observations. However, topical applications of optical
clearing agents are rendered ineffective owing to the stratum
www.jidonline.org
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Table 1. Overview of Different Optical Clearing Methods (Method Classiﬁcation Adapted from Richardson and
Lichtman, [2015])
Organic SolventeBased Techniques
High RIs (>1.50)
Generally, better transparency
Signiﬁcant endogenous ﬂuorescence loss (Circumvented
with the development of newer ﬂuorescencepreserving protocols)
General solvent-based protocols
Spalteholz (Spalteholz, 1914)
BABB (Dodt et al., 2007),
3DISCO (Ertürk et al., 2011, 2012), iDISCO (Renier
et al., 2014), vDISCO (Cai et al., 2019)
Ethanol/Ethyl cinnamate (Klingberg et al., 2017)
Fluorescence preservation protocols
FluoClearBABB (Schwarz et al., 2015)
uDISCO (Pan et al., 2016), FDISCO (Qi et al., 2019)
PEGASOS (Jing et al., 2018)
Tissue-speciﬁc protocols
Adipo-clear (adapted from iDISCO) (Chi et al., 2018)

Aqueous-Based Techniques
Lower RIs (<1.49)
Generally, less transparency (Renier et al., 2014)
Less endogenous ﬂuorescence loss

Simple immersion
Sucrose (Feng et al., 2016)
FocusClear (proprietary formula)
RapiClear (proprietary formula)
ClearT and ClearT2 (Kuwajima et al., 2013)
SeeDB (Ke et al., 2013); SeeDB2 (Ke et al., 2016)
FRUIT (Hou et al., 2015)
TDE (Aoyagi et al., 2015; Costantini et al., 2015)
Ce3D (Li et al., 2017, 2019)
RTF (Yu et al., 2018b)
FOCM (Zhu et al., 2019)
Hyperhydration
Scale and ScaleS (Hama et al., 2015, 2011)
CUBIC (Susaki et al., 2014; Tainaka et al., 2014); CUBIC-L and
CUBIC-R (Tainaka et al., 2018)
UbasM (Chen et al., 2017)
FUnGI (Rios et al., 2019)
Hydrogel embedding
CLARITY (Chung et al., 2013; Tomer et al., 2014)
PACT-PARS (Treweek et al., 2015; Yang et al., 2014)
ACT- PRESTO (Lee et al., 2016)
SWITCH (Murray et al., 2015)
MAP (Ku et al., 2016)
Expansion Microscopy (Chen et al., 2015; Chozinski et al., 2016)
Protein-crosslinking
SHIELD (Park et al., 2018)
Tissue-speciﬁc protocols
Bone CLARITY (adapted from CLARITY) (Greenbaum et al., 2017)
PEA-CLARITY (adapted from CLARITY for clearing plants)
(Palmer et al., 2015)
Organoid speciﬁc fructose-glycerol clearing (Dekkers et al., 2019)

Abbreviations: 3DISCO, 3D imaging of solvent-cleared organs; ACT-PRESTO, Active Clarity Technique-Pressure Related Efﬁcient and Stable Transfer of
macromolecules into Organs; BABB, Benzyl Alcohol and Benzyl Benzoate; Ce3D, Clearing-Enhanced 3D; CLARITY, Clear Lipid-exchanged Acrylamidehybridized Rigid Imaging/Immunostaining/In situ hybridization-compatible Tissue-hYdrogel; CUBIC, Clear, Unobstructed Brain or body Imaging Cocktails
and computational analysis; FOCM, ultraFast Optical Clearing Method; FUnGI, Fructose, Urea, and Glycerol for Imaging; MAP, Magniﬁed Analysis of
the Proteome; PACT-PARS, PAssive CLARITY Technique-Perfusion-assisted Agent Release in Situ; PEGASOS, polyethylene glycol (PEG)Associated Solvent System; RI, refractive index; RTF, Rapid clearing method based on Triethanolamine and Formamide; SeeDB, See Deep Brain; SHIELD,
stabilization to harsh conditions through intramolecular epoxide linkages to prevent degradation; SWITCH, System-Wide control of Interaction Time and
kinetics of CHemicals; TDE, 2,20 -thiodiethanol; UbasM, Urea-based amino-sugar Mixture.

corneum functioning as a barrier, preventing optical clearing
agents from reaching the dermis (Zhu et al., 2013). To
overcome this, physical methods such as tape stripping to
remove the stratum corneum or chemical penetration enhancers such as the application of thiazone (Zhu et al.,
2013) or hyaluronic acid (Liopo et al., 2016) could potentially improve optical clearing agent permeation into the
dermis. Alternatively, a dermal injection can be used, but
the concentration of optical clearing agents is still an issue;
too low and skin will not be sufﬁciently cleared, and too
high and problems such as necrosis (Mao et al., 2009) or
blood vessel occlusions can occur (Vargas et al., 2003).
Further development of safe methods of delivering biosafe
1309

Journal of Investigative Dermatology (2020), Volume 140

optical clearing agents into the dermis in vivo would enable
visualizing dynamic processes such as dermal blood ﬂow
with greater clarity (Figure 2d).
For a more comprehensive overview of the different
clearing methods, we would like to refer the reader to
Table 2, which lists several excellent reviews on this topic.
3D volumetric imaging

After clearing, various microscope modalities can be used for
ex vivo volumetric imaging depending on the resolution
required, including confocal microscopy, two-photon microscopy, or light-sheet ﬂuorescence microscopy. In the case
of OTC at cellular to subcellular imaging, the objective lens
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Figure 2. Ex vivo and in vivo examples of skin optical clearing and imaging. (a) Photomicrograph of uncleared and optically cleared human skin (reprinted from
Tan et al. [2019]) (b) Bright-ﬁeld images of skin from BALB/c-nu/nu mice treated with CUBIC reagents and PBS using the 10-day clearing protocol (reprinted from
Tainaka et al. [2014] with permission from Elsevier). (c) Reversible effect of glycerol on collagen ﬁbrils in the rodent dermis by imaging with the multiphoton
microscope. Bar ¼ 8 mm. Typical collagen ﬁbril organization within the dermis before glycerol application (left). Collagen ﬁbril dissociation after glycerol
application (middle). Reorganization of collagen ﬁbrils in the dermis after rehydration with PBS (right) (reprinted from Yeh et al. [2003]). (d) In vivo imaging of
dermal microvessels in rat skin using laser speckle temporal contrast microscopy. Typical visual photos (top row) and corresponding laser speckle temporal
contrast images (bottom row) of in vivo rat skin before and after clearing in comparison with application of saline. Arrows 1e4 indicate typical blood vessels
(bottom row) (reprinted from Wang et al. [2013b] with permission from SPIE). (e) 3D image of immunostained healthy skin. Epidermal nerves, green; dermal
nerves, blue; traced nerves, yellow. Bar ¼ 20 mm. Immunostained epidermal nerve signal was used for manual nerve tracing for analysis of the epidermal nerves
(reprinted from Tan et al. 2019]). (f) 3D images of a reporter mouse skin expressing green ﬂuorescence protein (green) in all tissues except erythrocytes and hair
with nuclear stain (red). Bar ¼ 2 mm. Enlarged images indicated by a white box on z plane images are shown. Bar ¼ 1 mm (reprinted from Tainaka et al. [2014]
with permission from Elsevier). 3D, three-dimensional.

chosen should have a signiﬁcant optical resolution and a long
working distance to image deep into tissues (Susaki and
Ueda, 2016). Furthermore, in some cases, a specialized
objective lens may be used, for instance, water-immersion or
oil-immersion objective lens increases the resolution of the
microscope compared with air owing to decreased refraction
by the spherical lens. Alternatively, an index-optimized
objective lens would be more suitable for higher resolution
or deeper imaging (Marx, 2014).

Confocal and two-photon microscopes are point-scanning
imaging techniques where only one point in the sample is
illuminated at a time and an image is constructed point-bypoint. Confocal microscopy uses a pinhole to ﬁlter out-offocus light, whereas two-photon microscopy uses the fact
that ﬂuorescence excitation only occurs when two photons
are absorbed simultaneously, which most likely occurs at the
point of highest light intensity. As both methods are pointscanning microscopes, it takes a signiﬁcant amount of time
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Table 2. List of Optical Clearing Reviews and How Each Review Would Be Helpful for the Reader
Review Reference

How the Review Is Helpful

Richardson and Lichtman, 2015
Ariel, 2017
Silvestri et al., 2016
Susaki and Ueda, 2016

Tainaka et al., 2016
Yu et al., 2018a
Tuchin, 2015a, 2015b

Discusses physical principles of optical clearing; one of the ﬁrst reviews providing a useful framework for classifying
different optical clearing methods on the basis of the mechanism of tissue treatment.
Easy to read and an excellent overview for a beginner in tissue clearing.
Useful classiﬁcation of optical clearing methods based on the application and microscope used; helpful checklist for
the user to assess newly published clearing methods.
Excellent discussion of tissue-speciﬁc light scatterers and absorbers and how speciﬁc chemicals improve clearing;
good overview of cell labeling strategies and discussion of microscopy setups and image informatics pipeline for
dealing with big data.
Excellent mechanistic discussion of the chemical reactions involved in the 3D volumetric imaging workﬂow (ﬁxation,
permeabilization, and clearing); helpful summary tables of different optical clearing protocols.
Classiﬁes optical clearing methods based on different tissue types—tissue blocks; embryos and/or neonatal samples;
intact-adult samples; whole-body clearing.
Overview of the composition of different biological tissues and detailed mathematical description of phenomena of
light reﬂection, refraction, absorption, and scattering.

3D, three-dimensional.

to image a 3D stack of the ﬁeld of interest (Table 3). In
addition, a signiﬁcant amount of photobleaching occurs
when imaging with the confocal microscope because the
entire 3D volume is illuminated when scanning through
different depths. Despite these drawbacks, both confocal and
two-photon microscopes can give images of relatively highresolution if the right objectives are used.
In light-sheet ﬂuorescence microscopy, a thin slice of the
sample is illuminated from the side, perpendicular to the
angle of observation, producing a high-resolution image of
the entire plane at each exposure. The thin light sheet can be
generated either by a cylindrical lens (selective plane illumination microscopy) or by laser scanning (digital scanned
laser light-sheet ﬂuorescence microscopy) (Keller and Ahrens,
2015). Optically sectioned images are obtained in succession, which are put together and visualized with imaging
software to form a 3D image. This is a more rapid manner of
data acquisition than point-scanning systems because the
entire focal plane is illuminated for a ﬁxed exposure time.
Light-sheet ﬂuorescence microscopy is advantageous for

Table 3. Comparison between Confocal and LightSheet Microscope Imaging Speeds for a Field of View
of a Similar Size
Field of view (mm)
Aspect ratio (pixel)
Duration/frame (s)
Duration/stack (s)
Duration/stack (min)

Confocal

Light Sheet

1,272  1,272
800  800
2.56
1,280
21.33

1,663  1,404
2,560  2,160
0.2
100
1.67

Abbreviation: sCMOS, scientiﬁc complementary metal-oxidesemiconductor.
Calculations are based on realistic imaging parameters with the following
assumptions:
Olympus FV1000 Confocal microscope:
Imaging with a 10 objective with a pixel dwell time of 4 ms/pixel for a
stack of 500 Z slices. The time taken for each frame is calculated by the
total number of pixels per frame  pixel dwell time.
La Vision Biotec Ultramicroscope I (Light-sheet microscope): Imaging with
an sCMOS camera chip size of 2,560  2,160 pixels for a stack of 500 Z
slices; 10 magniﬁcation using the Olympus Zoombody with a pixel size
of 0.65 mm. Exposure time for each frame is 200 ms.
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imaging whole tissues like the brain, with faster imaging
speed (hours to days rather than days to weeks) and minimized photobleaching and phototoxicity compared with
confocal and two-photon microscopy (Table 2). For skin biopsies, which are generally much smaller in size, light-sheet
ﬂuorescence microscopy provides the ability to complete
imaging multiple samples within a day. Unfortunately, there
is still a trade-off between resolution and the volume of the
tissue that can be imaged. The thinnest light sheet (5 to <1
mm) provides high-resolution images but only allows imaging
of tissue a few hundreds of mm thick, whereas thicker light
sheets allow for deeper imaging with a corresponding loss in
resolution (Richardson and Lichtman, 2015).
Another emerging imaging technique that is useful for
obtaining high-resolution images from thicker tissues is serial
two-photon tomography. This involves scanning a 3D volume
of the cleared tissue using a two-photon microscope, followed by mechanical sectioning with an automated microtome to expose the next section of the tissue for imaging
(Costantini et al., 2015; Ragan et al., 2012). This combinational approach of imaging and sectioning enables highresolution and deep-tissue imaging with the two-photon microscope and would be particularly useful when imaging
nerves or blood vessels at high-resolution in the skin. The
downside of this technique is the requirement for a specialized microscope setup, which may not be readily available in
most microscope core facilities.
Applications of optical clearing and volumetric imaging

The combination of tissue optical clearing together with
volumetric imaging makes it possible to obtain anatomically
representative 3D views of tissues and organs, which was
previously not possible with 2D sections. This makes it
possible to visualize structures that span the whole body such
as nerves and blood vessels at the macro level or at cellular
resolution, thereby creating whole organ atlases of healthy
and diseased tissues.
The initial driving force for developing optical clearing
protocols was to image the whole brain to understand
neuronal connections, leading to the development of optical
clearing protocols such as the suite of DISCO, CLARITY,
CUBIC, and Scale protocols, which are customized for brain

RESEARCH TECHNIQUES MADE SIMPLE
MULTIPLE CHOICE QUESTIONS
1. What are the beneﬁts of three-dimensional (3D)
imaging?
A. Accurate representation of 3D biological
structures
B. Less time-consuming and tedious than twodimensional imaging with 3D reconstruction
as it does not involve volumetric
reconstruction
C. Avoids sectioning artifacts
D. All of the above
2. In general, the tissue is ﬁrst harvested before going
through optical tissue clearing and 3D imaging of
the tissue. What is the sequence of steps of optical
tissue clearing for solvent-based methods?
A. Permeabilization, Fixation, Immunostaining,
Clearing
B. Fixation, Immunostaining, Permeabilization,
Clearing
C. Fixation, Permeabilization, Immunostaining,
Clearing
D. Fixation,
Permeabilization,
Clearing,
Immunostaining
3. Which statement below is FALSE?
A. There are multiple organic and aqueous
optical tissue clearing protocols
B. Aqueous-based methods cannot preserve
ﬂuorescent protein emission
C. Organic-based methods confer better
transparency than aqueous-based methods
D. Aqueous-based methods work better for
softer tissues.
4. Which statement below is FALSE about light-sheet
ﬂuorescent microscopy (LSFM) as compared with
confocal and two-photon microscopy?
A. LSFM has a faster imaging speed
B. LSFM minimizes photobleaching and
phototoxicity
C. LSFM uses a pinhole to eliminate out-of-focus
light
D. There is a trade-off between resolution and
the volume of the tissue that can be imaged
using LSFM
5. Which of the following CANNOT be studied
using optical tissue clearing and 3D volumetric
imaging?
A. 3D reconstruction of tissue microstructures
and vasculature
B. Pathological conditions in the tissue environment
C. Skin as the stratum corneum that prevents
optical clearing agents from reaching the dermis
D. None of the above

clearing and imaging. The general interest for clearing other
tissues has expanded the application of these protocols to other
organ types such as spleen, intestine, lung, liver, muscle,
lymph node, and skin to name a few, as well as to the development of specialized tissue clearing protocols such as Bone
CLARITY (Greenbaum et al., 2017) and Adipo-Clear (Chi et al.,
2018). In recent years, optical clearing has been broadly
applied to a variety of species and organs, ranging from in vitro
cultured organoids (Dekkers et al., 2019) to human and
marmoset brains; mouse embryos (Tainaka et al., 2016) to
human embryos (Belle et al., 2017); pill bugs (Konno and
Okazaki, 2018) to mosquitoes (Mori et al., 2019).
In the skin, ex vivo OTC has been applied for studying hair
follicles of the mouse pinna (Song et al., 2015)—dermal architecture of vasculature and adipocytes and the expansion of
keratinocytes during wound healing of mouse dorsal skin.
Cleared human skin was imaged to reveal auto-ﬂuorescent
sweat glands, sebaceous glands, hair follicles, and the cutaneous plexus (Foster et al., 2019); epidermal hyperplasia in
psoriatic skin (Abadie et al., 2018); and epidermal nerve atrophy in pruritic skin such as atopic dermatitis and psoriasis
(Tan et al., 2019) (Figure 2e).
In vivo, OTC has been applied to the skin for visualizing
blood ﬂow in the skin (Vargas et al., 2003; Wang et al.,
2013a, 2013b; Zhu et al., 2010) and cutaneous vascular
permeability in mice suffering from diabetes (Feng et al.,
2019) and for improving the imaging of diseased skin in a
variety of skin diseases such as hemangioma and epidermoid
cyst (Shan et al., 2012) as well as increasing laser penetration
into the dermis during tattoo removal (Liu et al., 2015).
The 3D volumetric imaging provides crucial spatial information in both ex vivo and in vivo studies, especially of 3D
structures in the skin, which may not be accurately represented by traditional 2D histology methods (Figure 2f;
Supplementary Movie S1). One key limitation of 3D volumetric imaging is the length of time required for tissue preparation, which often requires up to 1 or 2 weeks if
immunostaining is involved. Depending on the optical
clearing method chosen, the process can also be laborious,
which makes it harder to achieve high sample throughput.
As further technological developments are made in 3D
volumetric imaging, we envision that this tool will enable 3D
spatial mapping of tissue-resident cells and structures within
normal skin such as nerves, vasculature, hair follicles, and
sebaceous glands. Generation of such a 3D healthy skin atlas
would provide a useful point of reference for the study of skin
diseases, especially to delineate the spatial localization of
inﬁltrating immune cells in inﬂammatory skin diseases such as
atopic dermatitis, psoriasis, or pressure ulcers (Goh et al., 2018).
The generation of 3D skin atlases would also serve as a useful
reference in the application of deep learning techniques to
detect pathological changes within whole-skin biopsies for the
next generation of derma(histo)pathological research.
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Research Techniques Made Simple: Mouse Bacterial
Skin Infection Models for Immunity Research
Christine Youn1, Nathan K. Archer1 and Lloyd S. Miller1,2
B acterial skin infections are a maj or societal health burden and are increasingly difficult to treat owing to the
emergence of antibiotic-resistant strains such as community-acquired methicillin-resistant Staphylococcus
aureus. Understanding the immunologic mechanisms that provide durable protection against skin infections
has the potential to guide the development of immunotherapies and vaccines to engage the host immune
response to combat these antibiotic-resistant strains. To this end, mouse skin infection models allow researchers to examine host immunity by investigating the timing, inoculum, route of infection and the causative
bacterial species in different wild-type mouse backgrounds as well as in knockout, transgenic, and other types
of genetically engineered mouse strains. To recapitulate the various types of human skin infections, many
different mouse models have been developed. F or example, four models frequently used in dermatological
research are based on the route of infection, including (i) subcutaneous infection models, (ii) intradermal
infection models, (iii) wound infection models, and (iv) epicutaneous infection models. I n this article, we will
describe these skin infection models in detail along with their advantages and limitations. I n addition, we will
discuss how humanized mouse models such as the human skin xenograft on immunocompromised mice might
be used in bacterial skin infection research.
Journal of Investigative Dermatology (2020) 140, 1488e1497; doi:10.1016/j.jid.2020.04.012

INTRODUCTION

The skin provides the ﬁrst line of defense by providing a
physical barrier with a low pH and temperature, an abundance of antimicrobial peptides, and the normal healthy skin
microbiome that protects against microbial invasion. However, when the protective skin barrier is damaged or breached
or develops a microbial dysbiosis, skin infections can arise.
Staphylococcus aureus is the leading cause of skin and soft
tissue infections in the US (Dantes et al., 2013; Suaya et al.,
2014). With the emergence of antibiotic-resistant bacterial
clinical isolates such as community-acquired methicillinresistant S. aureus, it is critical to understand the host immune
responses that promote bacterial clearance to develop
nonantibiotic immune-based therapies to prevent and/or treat
skin infections. To investigate these immunologic processes,
mouse models that mimic various human skin infections have
been developed and have been instrumental in identifying
novel immunotherapeutic targets. This review will discuss
different mouse skin infection models along with a human
skin xenograft model and the advantages and limitations of
each model. Although we will focus on S. aureus and other
bacterial pathogens to describe each mouse skin infection
model, these models do not exclude or may not be representative of fungal, parasitic, or viral skin infections.
Mouse models of skin infection

Mouse skin infection models can be categorized into four
groups on the basis of the depth of infection: (i) subcutaneous

infection in which the bacteria are inoculated below the
dermis, (ii) intradermal infection in which the bacteria are
inoculated into the dermis, (iii) wound infection in which the
bacteria are inoculated into full-thickness incisional or excisional wounds, and (iv) epicutaneous infection in which the
surface of the skin is exposed to the bacterial inoculum
(Figure 1). These four models will be described in the context
of S. aureus skin infections. Finally, we will discuss the potential for translational studies with human skin xenografts.
Understanding the strengths and weaknesses of each model
will help provide key insights into which the system is most
appropriate to study speciﬁc immunologic responses as
summarized in Table 1.
Subcutaneous infection models.
The subcutaneous infection model mimics more invasive infections such as subcutaneous abscesses and cellulitis (McCaig et al., 2006; Miller
et al., 2005). Upon subcutaneous inoculation of S. aureus
into the backs of mice, a deep abscess that is comprised of
neutrophils forms around that bacteria. This abscess typically
forms below the panniculus carnosus muscle in the deep
dermis that primarily involves the subcutaneous fat above the
deeper muscle layers (Liese et al., 2013; Tseng et al., 2011).
Thus, this model has been widely used to elucidate immune
mechanisms against deep soft tissue infections with various
bacterial species such as S. aureus and Streptococcus pyogenes (Medina, 2010; Tseng et al., 2009). For instance, by
subcutaneously inoculating different wild-type mouse strains
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SUMMARY POINTS
Advantages

 Mouse skin infection models are powerful tools
to elucidate immune mechanisms of protection
and identify therapeutic targets against skin
infections.
 Human skin xenografts on immunocompromised
mice provide the potential to validate ﬁndings
from mouse infection models in human skin.

Limitations

 Immune responses can differ against the same
infectious agent depending on the skin infection
model used and should be veriﬁed in each
model separately.
 There are inherent immunologic and
physiological differences between mouse and
human skin.

with S. aureus, it was seen that resistance to the bacterial
infection was associated with an increasing number of inﬁltrating neutrophils at the site of infection (Nippe et al., 2011).
The subcutaneous infection model has also been used to
elucidate the role of antimicrobial peptides during S. aureus
skin infections. The activities of hBD3 and LL-37 (cathelicidin) were shown to be essential for controlling subcutaneous skin infections by promoting the killing of S. aureus
by either maintaining the antistaphylococcal environment or
permeabilizing the bacterial membrane, respectively (Cheung
et al., 2018). In addition, the subcutaneous model was used to
discover an unexpected role for adipocyte-derived LL-37 in
the control of S. aureus infection (Zhang et al., 2015). This
model can also be used to investigate durable immune responses that protect the host from recurrent infections. For
example, reinfected mice showed innate immune memory
(e.g., trained memory) of macrophages against a recurrent
S. aureus subcutaneous infection (Chan et al., 2018). However, obtaining the muscle lesion size, which is a common
readout for the subcutaneous infection model, involves a
more invasive procedure that requires sacriﬁcing the mice
(Tseng et al., 2011).
The intradermal skin
infection model also recapitulates the hallmarks of human
S. aureus skin infections, including dermonecrotic lesions and
neutrophilic skin abscesses, which correspond to the progression and severity of the infection (Asai et al., 2010; Mölne
et al., 2000). In addition, bioluminescent bacterial strains and
in vivo optical imaging systems can be used in conjunction to
noninvasively and longitudinally monitor the dynamics of the
bacterial infection (Miller et al., 2006). Genetically engineered mouse strains are also useful to study the components
of the host response required for protection against skin infections. For example, the critical role of the inﬂammasome
and IL-1beIL-1R signaling in promoting neutrophil
Intradermal skin infection models.

recruitment and host defense against S. aureus skin infections
was uncovered using mice deﬁcient in ASC, IL-1b, or IL-1R as
well as IL-1b-DsRed reporter mice (Cho et al., 2012; Miller
et al., 2007, 2006). In addition, mice lacking gd T cells
exhibited signiﬁcant host defense defects owing to impaired
IL-17 production (Cho et al., 2010). Transgenic reporter
mouse strains such as the IL-17A-tdTomato/IL-17F-GFP dualcolor reporter mice can provide insights into the expression
kinetics and relevant expressing cell types of host-derived
cytokines that are important for protection against intradermal S. aureus infections (Marchitto et al., 2019). The intradermal model can also be modiﬁed to investigate the
mechanisms of immunologic memory by reinfecting mice at a
different skin site from the original intradermal infection
(Gaidamakova et al., 2012; Montgomery et al., 2014;
Sampedro et al., 2014). Remarkably, using an S. aureus intradermal skin reinfection model, a clonal population of gd T
cells was found to expand in the draining lymph nodes and
trafﬁc to the site of infection to confer protection against a
secondary S. aureus intradermal infection (Dillen et al.,
2018). Despite the widespread use of S. aureus intradermal
models of infection, inherent biological differences between
mice and humans need to be considered, such as the activity
of speciﬁc S. aureus toxins that are highly active against
human but not mouse cells, especially superantigens such
as toxic shock syndrome toxin-1 (Salgado-Pabón and
Schlievert, 2014). To overcome this limitation, humanized mice that express the human receptors (e.g., HLA-DR4
transgenic mice) targeted by these S. aureus toxins have
been developed, in which toxic shock syndrome toxin-1
has superantigen activity (Xu et al., 2014). Mouse immune cells are also less sensitive to the cytolytic activity of
Panton‒Valentine leukocidin and a-hemolysin (Hongo
et al., 2009; Spaan et al., 2013; Tseng et al., 2015). However, whereas a-hemolysin mainly has cytolytic activity
against leukocytes and development of large purulent abscesses in humans, it induces keratinocyte cell death in
mice that manifests as large dermonecrotic lesions
(Kennedy et al., 2010). Additional interrogation of the
pathophysiology and immunologic responses can be done
by histological, ﬂow cytometric, RNA, or protein analyses
to verify the relevance and validity of phenotypic observations (Marchitto et al., 2019). Mice have an abundant
population of gd T cells called dendritic epidermal T cells,
which are not present in human epidermis (albeit 1e10%
of resident T cells in the dermis of human skin are gd T
cells) (Nielsen et al., 2017). Mice also have more subsets of
gd T cells that reside at different layers of the skin with both
conserved and distinct physiological functions as those in
humans (Girardi, 2006; Suwanpradid et al., 2017). In
addition to the differences in skin resident immune cells,
there are other general immunologic differences between
the two species that could lead to discrepancies in infection outcomes between mice and humans (McGovern
et al., 2014). In humans, neutrophils make up the majority of circulating leukocytes, whereas lymphocytes exist in
higher percentages in mice (Mestas and Hughes, 2004).
Furthermore, differences in hair follicles also contribute to
differential protective mechanisms in mouse and human
skin by inﬂuencing the accessibility, mobility, and
www.jidonline.org 1489
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Figure 1. Graphical and photographic representations of bacterial skin infection models. (a) Graphical representation of mouse skin infection models as deﬁned
by the depth of infection in the skin. (b) Representative clinical photographs of each of the following skin infection models (left panel: control; right panel:
experimental): (i) epicutaneous infection where bacteria was inoculated on the surface of intact skin by applying a gauze soaked with bacteria or swabbing (Dai
et al., 2011; Malhotra et al., 2016; Williams et al., 2019), (ii) wound infection where Staphylococcus aureus was inoculated on a full-thickness skin incisional or
splint-sutured excisional wound (Archer et al., 2020; Morimoto et al., 2014), (iii) intradermal infection model where S. aureus was inoculated into the dermis of
the dorsal skin and developed dermonecrosis (Liu et al., 2017), and (iv) subcutaneous infection where S. aureus was inoculated into the subcutaneous tissue,
which led to dermonecrosis and muscle necrosis (Tseng et al., 2011). Permission to reproduce the images in Fig. 1b were obtained from the respective original
manuscripts, cited above.

communication of epithelial cells that initiate an innate
immune response against foreign pathogens (Al-Nuaimi
et al., 2010; Bekeredjian-Ding et al., 2017; Oh et al.,
2016). Therefore, it is important to consider a broad
spectrum of differences between mice and humans when
performing skin infection models.
Wound infection models.
S. aureus is the most common
pathogen isolated from infected skin wounds, with patients
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with diabetes being particularly susceptible to the development of chronic, nonhealing wounds (Dunyach-Remy et al.,
2016; Giurato et al., 2017; Tong et al., 2015). Pseudomonas aeruginosa is another invasive bacterial species
commonly found in wounds that causes severe tissue damage
(Mutluoglu and Uzun, 2011; Sivanmaliappan and Sevanan,
2011). Mouse wound infection models replicate multiple
features of infected human wounds, such as purulent
drainage, necrotic debris, and delayed wound healing. The
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Table 1. Summary of Mouse Skin Infection Models for Immunity Research
Type
Subcutaneous
model

Human Relevance
 Cellulitis
 Necrotizing fasciitis
 Myositis

Model Description
 Inoculation of bacteria into
subcutaneous tissue.
 Used to study infection in the
context of dermal, subcutaneous,

Limitations

References

(Berube et al., 2014; Jeong et
al., 2019; Nippe et al., 2011;
require invasive sampling.
Tseng et al., 2011)

 Some measurements

and muscular tissues.
Intradermal
model

 Folliculitis
 Furuncle
 Cellulitis
 Erysipelas

Wound models
Incisional
wound

 Diabetic ulcerative skin
infections
 Surgery site infections

Excisional
wound

 Injection of bacteria into the
dermis.
 Used to elucidate the epidermal
and dermal contribution to
protection against infection.
 Infection of full-thickness skin
incisions.

between humans and
mice (e.g., gd T cells

 Examination of wound healing
and immunity in response to

 Polymicrobial infections

bacterial infection.

 Diabetic ulcerative skin
infections

 Infection of full-thickness skin
excisional wounds.

 Surgery site infections

 With ﬁlm or suturing, can better

 External wound infections

replicate re-epithelization wound

 Polymicrobial infections

closure of human skin.
 Covered topical infection on
intact or tape-stripped skin.
 Used to investigate disease
pathogenesis of AD in humans.

(Asai et al., 2010; Brown
et al., 2009; Dillen et al.,
2018)

subsets, composition of
circulating immune cells).
 Differences in wound
healing mechanisms

 External wound infections

Epicutaneous models
Gauze infection  AD skin inﬂammation

 Immunologic differences

(Guo et al., 2013; Ortines
et al., 2018; Zolfaghari et al.,
2009)

between mouse and
humans.

 Differences in wound
healing mechanisms

(Fila et al., 2016; Shi et al.,
2007)

between mouse and
humans.

 Unknown contribution of (Liu et al., 2017; Nakatsuji et
depilatory cream to skin

al., 2016; Williams et al.,
2019)

inﬂammation.
 Contact through gauze
does not replicate the
direct colonization of
bacteria on the patient
skin.

Swab infection

 Noninvasive bacterial
colonization
 AD skin inﬂammation
 Impetigo

 Uncovered topical infection on
intact or tape-stripped skin.

 Exposure to nonphysiological inoculum.

 Used to investigate how the skin
microbiome inﬂuences the local

(Kugelberg et al., 2005;
Linehan et al., 2018; Malhotra
et al., 2016; Pastagia et al.,
2011)

immune system.
Human Skin
xenograft

 Closely resembles normal
human skin

 Transplantation of human skin
onto immunocompromised

 Limited to immunocom-

(Schulz et al., 2019)

promised mice.
 Skin infection models are

mice.
 Potential to apply murine skin

largely untested.

infection models in human skin
to validate translational relevance of ﬁndings.
Abbreviation: AD, atopic dermatitis.

mouse wound infection model is performed by inoculating
bacteria into full-thickness incisional cuts or excisional
wounds (Dai et al., 2011). For example, incisional wounds
can be inoculated with a bioluminescent S. aureus strain in
lysozyme M-EGFP reporter mice to longitudinally monitor
both the bacterial burden and neutrophil recruitment

dynamics during the course of infection and wound healing
(Figure 2aed) (Anderson et al., 2019; Kim et al., 2008).
Furthermore, histological analysis of the infected wound skin
can be used to analyze neutrophil abscess area, bacterial
bandwidth, and the presence of speciﬁc cells (Figure 2e) (Cho
et al., 2011). The beneﬁts of these different wound infection
www.jidonline.org 1491
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Figure 2. Staphylococcus aureus skin infection in vivo imaging and histology. Three 8 mm in length, parallel scalpel wounds on the backs of (aed) LysM-EGFP
mice or (e) C57BL/6 mice inoculated with 2  106 CFUs per 10 ml of Staphylococcus aureus or no bacteria (none). (a) Representative photographs of in vivo
S. aureus bioluminescence. (b) In vivo S. aureus burden as measured by in vivo bioluminescence imaging (mean total ﬂux [photons per second]  SEM)
(logarithmic scale). (c) Representative photographs of in vivo EGFP-neutrophil ﬂuorescence. (d) In vivo ﬂuorescence imaging of EGFP-neutrophil inﬁltration
(mean total ﬂux [photons per second]  SEM). (e) Representative photomicrographs of sections from skin punch biopsies at 1 day after wounding plus S. aureus
infection labeled with H&E stain, antieGr-1 mAb (neutrophil marker), and Gram stain. Bars ¼ 150 mm. This ﬁgure was derived with permission to reproduce the
images and data from Cho et al. (2011). CFU, colony-forming unit.

1492

Journal of Investigative Dermatology (2020), Volume 140

RESEARCH TECHNIQUES MADE SIMPLE
models include the ability to replicate polymicrobial infections that typically occur in human wounds (Dalton et al.,
2011; Pastar et al., 2013). By infecting the wounds of mice
with diabetes with polymicrobial isolates from human diabetic foot ulcers, Kalan et al. (2019) were able to correlate
strain-speciﬁc S. aureus phenotypes in mice with patient
outcomes. With the availability of a new strain of bioluminescent S. aureus expressing click beetle red luciferase and a
P. aeruginosa lux strain, it is now possible to longitudinally
and noninvasively monitor the dynamics of each bacterial
strain simultaneously in the context of wound infection
(Miller et al., 2019). In addition, different strains of genetically
engineered mice with diabetes exist that exhibit impaired host
defense against S. aureus wound infections similar to human
who have diabetes (Guo et al., 2013; Ortines et al., 2018). It is
important to consider the route and depth of infection in the
skin as these can affect the immunologic processes involved.
For instance, both IL-1a and IL-1b were found to be involved
in neutrophil recruitment and immunity against an S. aureus
wound infection, whereas IL-1b played a more predominant
role against an intradermal S. aureus infection (Cho et al.,
2011; Yan et al., 2016). Different cellular compositions between mouse and human skin may lead to challenges in
translating ﬁndings in mouse wound infection models. Unlike
human skin, mouse skin is highly populated with dendritic
epidermal T cells, which are responsible for sensing skin
injury to promote wound healing and strengthen skin barrier
function (MacLeod et al., 2013). Another limitation of this
model is that wound contraction is much more pronounced
in mouse skin than in human skin. Some groups have tried to
overcome this limitation by covering the wound bed with a
transparent breathable ﬁlm (that also keeps the wound open
longer) or suturing a splint to prevent wound contracture
(Grifﬁn et al., 2015).
S. aureus commonly colonizes the lesional skin of human patients with atopic
dermatitis (AD), and the level of colonization correlates with
disease severity (Byrd et al., 2017; Kong et al., 2012). Patients with hyper-IgE syndrome, which is often caused by a
dominant negative mutation in STAT3 gene, have been
characterized by atopic manifestations and higher susceptibility to S. aureus and/or Candida cutaneous infections as a
result of impaired T helper type 17 development (Horváth
et al., 2011; Milner et al., 2008). These clinical observations have caused intense interest in understanding the role
of S. aureus in the immune pathogenesis of AD skin
inﬂammation. To model this, an S. aureus-soaked gauze pad
is applied to the shaved and depilated dorsal skin of mice.
The erythematous skin inﬂammation that mimics human
with AD conditions in mice can be measured by disease
scoring, epidermal thickening, and elevated serum IgE,
whereas the increased skin barrier defect can be measured
through transepidermal water loss (Alexander et al., 2018;
Nakamura et al., 2013). The use of mouse genetic cre‒lox
systems provides another important tool for researchers to
identify the cells involved in immune responses by targeting
gene deletion in a speciﬁc cell type. For example, a cre‒lox
mouse with T-cell‒speciﬁc deletion of MyD88 was used to

Epicutaneous infection models.

uncover a novel role for IL-36emediated IL-17 T-cell responses in epicutaneous S. aureus‒driven skin inﬂammation
(Liu et al., 2017). Tape stripping of the skin can be performed
before epicutaneous skin infection to recapitulate the barrier
defect seen in AD skin. In this model, S. aureus‒derived
proteases and phenol-soluble modulin alpha, which are
under the regulation of the bacteria quorum sensing system,
promote skin inﬂammation by inducing epidermal proteolysis and skin barrier damage (Williams et al., 2019). Similarly, S. aureus was shown to exploit the barrier defect in
ﬁlaggrin-deﬁcient mice to promote T helper type 2 and T
helper type 22 cytokines that are associated with exacerbation of AD skin inﬂammation (Nakatsuji et al., 2016). The
exploitation of skin barrier defects is not limited to S. aureus
but also to vaccinia virus, which is the cause of a lifethreatening condition called eczema vaccinatum in patients with AD. Furthermore, cutaneous exposure to vaccinia
virus in ﬁlaggrin-deﬁcient mice through scariﬁcation, which
recapitulates the route of exposure during smallpox vaccination in humans, showed IL-17A‒mediated dissemination
of the virus in the skin (Oyoshi et al., 2015). Therefore, the
epicutaneous infection model is useful in investigating the
host- and pathogen-derived factors that contribute to ADlike skin inﬂammation and AD-associated complications.
Nonetheless, some of these models have used depilatory
creams that result in baseline skin inﬂammation. Moreover,
the models that wrap a pathogen-soaked gauze pad around
the mouse to artiﬁcially expose the mouse skin to the
pathogen of interest do not truly recapitulate the normal
S. aureus colonization of uncovered skin in patients with
AD.
To investigate the crosstalk between the skin microbiome
and host immune cells, an alternate epicutaneous infection
model has been developed where a bacteria-soaked cotton
swab is rubbed onto the shaved backs of mice (Belkaid and
Segre, 2014; Kugelberg et al., 2005). This model was instrumental in understanding how skin discriminates between
commensal and pathogenic skin microbes. In particular, the
commensal Staphylococcus epidermidis promoted T regulatory cell expansion and skin immune tolerance in a crucial
window in neonatal life (Scharschmidt et al., 2015). However, S. aureus manipulated IL-1b release to inhibit T regulatory cell expansion and induce skin inﬂammation (Leech
et al., 2019). Furthermore, the model has been used to understand how the commensal bacterial strain S. epidermis
promotes protection against pathogens as well as accelerate
wound healing (Linehan et al., 2018). In contrast, epicutaneous inoculation with Corynebacterium accolens promoted
skin inﬂammation through the activation of long-lasting skin T
cells (Ridaura et al., 2018). In addition, isolated S. aureus
strains colonizing the skin of humans with AD induced more
skin inﬂammation than laboratory strains isolated from other
body sites (Byrd et al., 2017). Alternatively, Candida albicans
was applied to the skin to interrogate a role for cutaneous
sensory neurons in host defense (Kashem et al., 2015).
Despite the usefulness of the swab epicutaneous model, it is
generally done with multiple bacterial (or fungal) applications
that might not fully replicate the normal colonization of
commensal microbes on human skin.
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MULTIPLE CHOICE QUESTIONS
1. Which of the following would be the most
immunologically relevant purpose to reinfect
mice in a skin infection model?
A. To study primary T-cell responses to skin
infection
B. To examine memory T-cell responses to skin
infection
C. To study innate immune responses during
initial skin infection
D. To study polymicrobial infections
2. Which of the genetically engineered mouse
strains can be used to monitor cytokine
expression kinetics during skin infections?
A. IL-17A/F knockout mouse
B. Mouse with speciﬁc IL-17A/F deletion in T
cells
C. IL-17A-tdTomato/IL-17F-GFP
dual-color
reporter mice
D. All of the above
3. Which of the following skin infection models
has the potential to be used with human skin
xenografts?
A. Epicutaneous model
B. Intradermal model
C. Wound model
D. All of the above
4. The epicutaneous skin infection model
replicates which type of skin inﬂammation?
A. Atopic dermatitis
B. Psoriasis
C. Vitiligo
D. Alopecia areata
5. Which bacterium is the leading cause of skin
infections in humans?
A. Staphylococcus epidermidis
B. Pseudomonas aeruginosa
C. Staphylococcus aureus
D. Corynebacterium accolens

xenografts in combination with engraftment of CD34þ stem
cells (allowing the development of human immune cells in
the same mice) to provide the new in vivo capability to study
the human immune system in the context of a human skin
infection (Brehm et al., 2012). There are numerous advantages for the use of human skin, including healthy samples
that are readily available and engrafted skin tissue with
epidermal and dermal layers and vascularized skin that
closely resembles normal human skin. For example, Soong
et al. (2015) demonstrated that toxin-deﬁcient, agr-mutants
of S. aureus are able to persist on the human skin by stimulating autophagy. In addition, epicutaneously swabbed
S. aureus on human skin xenografts led to local production of
IL-8, which induced neutrophil migration to the skin to promote bacterial clearance (Schulz et al., 2019). Studies
involving human skin xenograft infections are not widely
used and thus represent an exciting opportunity in the
dermatology ﬁeld to translate the immunologic ﬁndings from
mouse skin infection models to human skin.
CONCLUSION

Mouse models of skin infection remain the most commonly
used model of skin infections owing to their relatively inexpensive experimental costs as well as the opportunity to take
advantage of genetically engineered mice and in vivo optical
imaging techniques. Currently, a great variety of skin infection models and genetically engineered mice are readily
available, which serve as extremely valuable tools for
noninvasive and longitudinal monitoring of the underlying
immune responses and hostepathogen interactions that occur
during skin infections. Mouse skin infection models will
continue to be essential for better understanding of skin
immunologic responses in different contexts, including skin
colonization, impetiginization, abscesses, and wounds as
well as in the setting of diseases such as AD and diabetes.
Unfortunately, mouse models cannot completely replicate the
pathogenesis of the human disease. Therefore, these limitations need to be considered when translating the results to
cutaneous immune responses in human skin (summarized in
Table 1). Further advancements in humanized skin xenografts
in immunocompromised mice are continually being developed to help validate and improve the discrepancies between
the species.
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and translate the ﬁndings in mouse models to human skin
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Research Techniques Made Simple:
Latent Class Analysis
Luigi Naldi1,2 and Simone Cazzaniga2,3
L atent class analysis (L C A) is a statistical technique that allows for identification, in a population characterized
by a set of predefined features, of hidden clusters or classes, that is, subgroups that have a given probability of
occurrence and are characterized by a specific and predictable combination of the analyzed features.
C ompared with other methods of so called data segmentation, such as hierarchical clustering, L C A derives
clusters using a formal probabilistic approach and can be used in conj unction with multivariate methods to
estimate parameters. The optimal number of classes is the one that minimizes the degree of relationship among
cases belonging to different classes, and it is decided by relying on methods such as the B ayesian I nformation
C riterion that capitalize on the value of the negative log-likelihood function, a well-established measure of the
goodness of fit of a statistical model. L C A has not been extensively used in dermatology. The areas of application are manifold, from the phenotype classification to the analysis of behavior in relation with risk factors to
the performance of diagnostic tests.
Journal of Investigative Dermatology (2020) 140, 1676e1680; doi:10.1016/j.jid.2020.05.079

INTRODUCTION

Latent class analysis (LCA) is a statistical way to uncover
hidden clusters in data by grouping subjects with a number of
prespeciﬁed multifactorial features or manifest variables into
latent classes (LCs), that is, subgroups with similar characteristics based on unobservable membership (Banﬁeld and
Raftery, 1993). The assumption is that, theoretically, any
combination of a set of features could happen, but in reality,
only a few of them do happen, forming a limited set of
clusters where the individual features have a speciﬁc probability of occurrence, exactly the LCs. For example, one may
question if expert clinicians confronted with a series of patients with different clinical features are similarly consistent
when posing a diagnosis of psoriatic arthritis. In a study using
LCA, it was documented that expert clinicians group together
into two clusters labeled as high and low diagnosers of psoriatic arthritis. No intermediate category was found (Symmons
et al., 2006). Less experienced clinicians or residents might
have been clustered in a larger number of categories,
expressing diagnostic uncertainty.
Terminology matters and we refer to the Glossary for definitions (see Supplementary Materials). The term latent implies that the analysis is based on an error-free underlying
variable that is not directly measurable or observable but that
can cause effects, for example, the diagnostic attitude of clinicians confronted with a given clinical scenario.
HOW TO USE LCA
Clustering and the concept of ﬁnite mixture modeling

Technically speaking, LCA is a special kind of ﬁnite mixture
model (FMM) (Bouveyron et al., 2019), which assumes that

an observed set of data derives from several underlying subpopulations and makes statistical inferences about the properties of these subpopulations having information on the
pooled population only. In the previous example, the only
distribution available is the distribution of the diagnostic decisions by experienced clinicians. How these clinicians group
together, considering their propensity to make a diagnosis of
psoriatic arthritis when confronted with speciﬁc clinical features, is not known. Unlike other clustering techniques such
as hierarchical clustering that try to ﬁnd clusters with some
arbitrary chosen distance measure, FMM derives clusters using a probabilistic approach.
There are two sets of parameters in an LCA. The ﬁrst is the
set of inclusion probabilities (or class membership probabilities), that is, the probability that any random case in a population will be included in any LC. In the previous example,
there are two classes, high and low diagnosers, and each
experienced clinician has a given probability of belonging to
one or the other class. The second parameter is the conditional probability that, given a speciﬁc class, a variable takes
a certain value, for example, the probability that a patient
with a speciﬁc feature, being assessed by a clinician in the
class of low diagnoser, is classiﬁed as a patient with psoriatic
arthritis. These probabilities are usually presented in a tabular
format, as in Table 3, showing data from a study of hidradenitis suppurativa (HS). In the table, for example, the inclusion
probabilities were 0.48 and 0.26 for LC1 and LC2, respectively. Comedones had a conditional probability of 0.25 in
LC1 and 0.74 in LC2.
Parameters of the subdistributions are usually determined
by maximum likelihood estimation with the expectation-

1
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SUMMARY POINTS
What is Latent Class Analysis?

Latent class analysis (LCA) is a statistical way to uncover
hidden clusters in data. This technique divides a set of
observations (cases) characterized by several variables
into mutually exclusive groups or classes, such that the
observed variables are unrelated to each other within
each class (local independence) and observations are
similar in each class but different from those in other
classes. Technically speaking, LCA is a special kind of
ﬁnite mixture model (FMM), also known as unsupervised
learning models, which model a statistical distribution by
a mixture (or weighted sum) of other distributions and
group similar data together based on selected parameters
(i.e., data segmentation).
The optimal number of clusters in the set of observations is decided based on explicit probabilistic rules such
as the Akaike Information Criterion and the Bayesian Information Criterion.
One advantage of FMMs compared with other methods
of data segmentation, such as cluster analysis, is that they
can be used in conjunction with multivariate methods.
Variables in LCA should be qualitative and nominal.
When continuous variables are used, alone or in combination with categorical variables, the term latent proﬁle
analysis is usually preferred.
What are the major applications of LCA in clinical
research?

LCA has a potentially extensive ﬁeld of applications in
clinical research, where qualitative and nominal variables are frequently used, ranging from phenotype classiﬁcation to the analysis of behavior in relation to risk
factors to the performance of diagnostic tests. The actual
applications in dermatology have been, however, rather
limited.

maximization algorithm, a well-established measure of the
goodness of ﬁt of a statistical model. The typical equation is:
pðxi Þ ¼

K
X

k¼1

pk

N
Y

n¼1

pn ðxin jkÞ;

where pðxi Þ is the probability of observing a particular combination of responses in a group of N variables, pk is the
probability of membership in LC k, and pn ðxin jkÞ is the
probability of response to variable n, conditional on membership in LC k.
As already mentioned, LCA divides a set of observations
(cases) into mutually exclusive groups, or classes, such that
manifest variables are unrelated to each other within each
class (local independence) and observations are similar in
each class but different from those in other classes. Additional
covariates can also be used to predict class membership
(Figure 1). Going back to the initial example, each clinician is
confronted with a set of variables characterizing the patient as

a case or noncase of psoriatic arthritis. These manifest variables, such as family history of psoriasis, rheumatoid factor
(RF) titer, nail dystrophy, and toenails dactylitis, distribute
differently in the two classes of high versus low diagnosers of
psoriatic arthritis. In the analysis, to adjust for covariates that
may affect classiﬁcation, such as sex or age of the clinician,
multivariate methods can be employed.
Format of variables

In LCA, measurable variables and covariates should be
qualitative and nominal, with one or more categories per
variable (e.g., sex [males and females] and age categories).
Depending on the software, variables can be directly handled
as nominal entities or must be entered as dichotomous
(dummy) variables. For example, RF titers were not taken as a
continuous variable in the analysis we mentioned previously,
but two dummy variables were employed, RF titer higher than
40 and RF higher than 80.
When manifest variables are taken as continuous, alone or
in combination with categorical variables, the term latent
proﬁle analysis is the preferred one (Oberski, 2016).
Longitudinal LCA, also known as repeated measures LCA
(RMLCA), is an extension of LCA (Collins and Lanza, 2010).
By examining repeats of the same categorical indicator,
RMLCA allows to see how many common patterns of change
over time emerge and what the probability of a target
outcome is for each repeat in each class.
Different free and commercial software packages are available for LCA. Table 1 presents a list of the main available ones.
Choosing the number of classes

LCA usually provides several options for data grouping, and a
crucial problem is to choose the optimal number of classes
(k). The decision should be based on statistical ground. The
methods more frequently adopted, such as the Akaike Information Criterion (AIC) and the Bayesian Information Criterion
(BIC), involve ﬁnding the k value that minimizes the negative
log-likelihood function, increased by some penalty function
that reﬂects the complexity of the model (Bouveyron et al.,
2019). BIC is usually the preferred choice.
Interpretability is also an important issue but may give rise
to some arbitrary decisions. In a study, comorbidity patterns
were assessed in a series of more than 110,000 incident
patients with psoriasis (Wu et al., 2018). The value of BIC
was 10,320 for a four-class model and 7,814 for a ﬁve-class
model. In spite of a higher BIC value, the four-class model
was chosen because it was more easily interpretable based
on the following classes: multi-comorbid class (patients with
a variety of conditions), metabolic syndrome class, hypertension and chronic obstructive pulmonary disease class,
and relatively healthy class. The decision of forgetting BIC
values appears questionable and further validation is
needed.
LCA IN DERMATOLOGY

LCA has not been extensively used in dermatology. We
searched Medline up to 28 February 28 2020 and retrieved a
total 6,159 papers using an LCA methodology. Out of these,
only 37 papers dealt with dermatological conditions (see
Supplementary Material).
www.jidonline.org
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Table 1. Details of the Main Available Software Packages for LCA
Software name

License

Package/plugin

Covariates

Polytomous
manifest
variables

R (R Foundation
for Statistical
Computing,
Vienna, Austria)

Open source

poLCA

Yes

Yes

No

No

e1071 (lca)
BayesLCA
RandomLCA
LCAvarsel

No
No
No
Yes

No
No
No
Yes

No
No
No
No

No
No
Yes
No

SAS (SAS Institute
Inc, Cary, NC)

Commercial

proc LCA

Yes

Yes

No

Yes (with proc
LTA)

STATA (StataCorp
LLC, College
Station, TX)
MPLUS (Muthén &
Muthén Computer
Software, Los
Angeles, CA)

Commercial

LCA plugin

Yes

Yes

No

No

Commercial

—

Yes

Yes

Yes

Yes

Commercial

—

Yes

Yes

Yes

Yes

Latent GOLD
(Statistical
Innovations Inc
Belmont, MA)

Continuous
manifest
variables

Longitudinal
LCA

Other features
Results visualization,
dataset simulation
—
Bayesian setting LCA
Random effects LCA
Variable selection
framework
Accounting for
sampling weights and
clusters
Accounting for
sampling weights and
clusters
Ordinal, censored,
and count manifest
variables; FMMs and
mixture regression;
Random effects LCA
Ordinal and count
manifest variables;
Multilevel models;
Random effects LCA

Abbreviations: FMM, ﬁnite mixture model; LCA, latent class analysis; LTA, latent transition analysis.

The areas of application were in rank order of frequency:
the phenotype classiﬁcation of allergic diseases and eczema
(n ¼ 12), the analysis of behavior in relation to several
different risk factors (n ¼ 10; out of these, six studies were
dealing with sexually transmitted disease), the phenotype
classiﬁcation of skin diseases other than eczema (n ¼ 8,
including psoriasis, dermatomyositis, vitiligo, HS, chronic
skin ulcers, and psychodermatological conditions), the performance of diagnostic tests (n ¼ 4), and the pattern of
response to drugs and adverse reactions (n ¼ 3). Overall, the
absence of studies in the area of cutaneous oncology and the
limited number of studies dealing with chronic inﬂammatory
diseases other than eczema is remarkable.
The use of LCA is well established when assessing patterns
of behavior: a total of 2,301 (39%) studies in our search were

Table 2. Prevalence and Conditional Probabilities of
LC Indicators for Sleep Disturbance in Allergic Disease
1

Class Conditional Probability
Disease
Eczema
Asthma
Hay fever
Resp allergy
Dig allergy
Fatigue
Sleepiness
Insomnia

Prevalence (%)

LC1

LC2

LC3

LC4

LC5

7.2%
8.0%
7.5%
11.2%
3.9%
15.8%
12.8%
19.3%

0.27
0.08
0.08
0.00
0.09
0.14
0.04
0.30

0.16
0.24
0.34
0.80
0.10
0.11
0.03
0.16

0.10
0.08
0.03
0.07
0.03
0.72
0.63
0.62

0.35
0.48
0.33
0.73
0.31
0.83
0.71
0.75

0.02
0.02
0.03
0.01
0.00
0.02
0.02
0.07

Abbreviations: Dig, digestive; LC, latent class; Resp, respiratory.
1
Probabilities were estimated from the available graph and may show
slight variations when compared with the actual data in the study.
Adapted from Silverberg et al., 2015.
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dealing with behavioral issues. This high prevalence is partly
because of the fact that a number of leading researchers have
published papers encouraging the use of LCA in behavioral
studies (Lanza and Cooper, 2016), because multiple aspects
of individual functioning in mental health can be studied
holistically.
Fatigue, sleep disturbance, and allergic disorders

Although poor sleep quality has been well documented in
childhood eczema, few studies have examined the quality of
sleep in the adult eczema population. Despite the high variability of presentation, is it possible to deﬁne consistent patterns of association of fatigue, sleep disturbance, and allergic
disease in the adult population? The question was addressed

Table 3. Prevalence and Conditional Probabilities of
LC Indicators for Clinical Patterns of HS
Class Conditional
Probability
Clinical Pattern
Probability of class membership
Armpit/breast
Gluteal area
Ears/chest/other
Hypertrophic scars
Comedones
Epidermal cysts/macrocysts
Papules and folliculitis
Pilonidal sinus
Family history of HS
Acne/history of severe acne

Prevalence (%)

LC1

LC2

LC3

71.8%
30.3%
22.3%
33.3%
44.3%
8.4%
45.3%
30.4%
35.4%
26.7%

0.48
0.74
0.12
0.06
0.41
0.25
0.04
0.23
0.27
0.29
0.21

0.26
0.96
0.37
0.55
0.54
0.74
0.23
0.71
0.48
0.44
0.47

0.26
0.45
0.54
0.18
0.01
0.49
0.01
0.71
0.18
0.37
0.16

Abbreviations: HS, hidradenitis suppurativa; LC, latent class.
Adapted from Canoui-Poitrine et al., 2013.
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1.0
Conditional probability

Var 1
Class 1

Var 2
Class 2
...

0.4
0.2

in a study analyzing data obtained in the context of the 2012
National Health Interview Survey (Silverberg et al., 2015).
The data analyzed pertained, in particular, to history of
eczema, sleep problems, and overall health. BIC and AIC
were used to select the best ﬁtting model. The model had ﬁve
classes, LC1e5 (Figure 2). Two classes presented high probabilities of sleep disturbance: LC4, characterized by high
probabilities of eczema, asthma, hay fever, and food allergy,
and LC3 with low probabilities of these disorders. LC1 had an
intermediate probability of insomnia but not fatigue or
sleepiness and an intermediate probability of eczema
(Table 2). The study presented data from a cross-sectional
study; patterns of changes over time may represent an interesting issue to explore in future studies by using RMLCA.
HS phenotype

Considerable variability occurs in the clinical presentation
and disease severity of HS. In a cross-sectional study, LCA
was applied to a series of 648 consecutive patients with HS
with the aim of building an empirical classiﬁcation scheme
without any a priori hypotheses (Canoui-Poitrine et al., 2013).
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Figure 1. Representation of an LCA model. Var n represent the manifest
variables; Cov z, the additional covariates; and Class k, the latent classes
predicted by LCA. LCA, latent class analysis.
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Figure 3. Identiﬁcation of three main clinical patterns of HS and conditional
probabilities of the individual features in each class (redrawn from CanouiPoitrine et al., 2013). HS, hidradenitis suppurativa; LC, latent class.

Ten indicators pertaining to clinical features, namely, sites
involved, lesion type (nodules, hypertrophic scars, comedones, papules and folliculitis, epidermal cysts, macrocysts,
and pilonidal sinuses), severity assessment (by Sartorius score
and Hurley stage), family history, and previous history of severe acne, were chosen to inform the clinical classiﬁcation.
A classiﬁcation into three LCs (LC1e3) provided the best ﬁt
of data as estimated by using BIC (Figure 3). LC1 patients (n ¼
299, 48%) had high probabilities for breast and armpit
involvement and for hypertrophic scars; LC2 patients (n ¼
161, 26%) had high probabilities for involvement of the ears,
chest, back, or legs and also for follicular lesions and a history
of severe acne; and LC3 patients (n ¼ 158, 26%) were
characterized by gluteal involvement, follicular papules, and
folliculitis (Table 3). Signiﬁcant differences were found among
the three LCs for sex, body mass index, smoking status,
severity scores, age at disease onset, and HS duration. The
identiﬁcation of subgroups may allow for further investigation
of matters such as biological markers, class changes over
time, and prognosis.
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Figure 2. Identiﬁcation of ﬁve classes of sleep disturbance in allergic disease
and the conditional probabilities of the items studied (redrawn from
Silverberg et al., 2015). LC, latent class.

With the progress of information systems in medicine, a huge amount
of data can be routinely collected, that is, big data. LCA can be used
to analyze these data to ﬁnd clusters, especially when rare LCs (with
<5% data) are present. However, when a lot of information is
available, a possible drawback is that redundant or noninformative
variables present in the dataset may potentially introduce biases or
reduce the efﬁciency of clustering algorithms. For this reason, standard stepwise selection or more complex search procedures via
genetic algorithms may be used to create a reduced dataset for the
subsequent analysis (Dean and Raftery, 2010). Alternatively, more
complex models, such as artiﬁcial neural networks, able to ﬁnd data
clusters without assumptions about data distribution or parameters
can be considered.
There are several areas where LCA can be efﬁciently employed in
dermatological research. For example, little has been done for
proﬁling endotypes of complex disorders such as atopic dermatitis or
psoriasis; LCA can be used in a way similar to what has been proposed for asthma where clinical data, functional data, comorbidities,
www.jidonline.org
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MULTIPLE CHOICE QUESTIONS

5. How does cluster analysis differ from LCA?

1. What is meant by the term latent classes?
A. A type of qualitative data
B. Subgroups of data with similar characteristics
based on unobservable membership
C. A statistical model to ﬁnd hidden clusters in data
D. Variables that are not directly measurable or
observable but that can cause effects
E. A synthetic representation of multidimensional
variables
2. What is the Bayesian Information Criterion (BIC)?
A. A function of the positive log-likelihood
B. A likelihood ratio test
C. A statistical test to reject the null hypothesis
D. A measure of correlation among variables
E. A measure of corrected model ﬁt based on the
value of the negative log-likelihood
augmented by a penalty function
3. What is the simplest way to validate results in latent
class analysis (LCA)?
A. k-fold cross-validation
B. Bootstrap method
C. Splitting procedure
D. A combination of bootstrap and k-fold crossvalidation
E. No validation is required for LCA results
4. In a study, the BIC values for different number of
classes (k) are reported in the table. Which
classiﬁcation would you prefer?
Number of classes (k)
1
2
3
4
5

BIC
16,739.0
16,636.1
16,604.2
16,707.4
16,813.3

A. A single class classiﬁcation
B. The classiﬁcation into two groups
C. The classiﬁcation into three groups
D. The classiﬁcation into four groups
E. The classiﬁcation into ﬁve groups

and inﬂammatory parameters were considered together (Howard
et al., 2015). Similarly, an area of potential development is the better characterization of symptoms such as itching or pain where
clinical, psychological, and behavioral factors may interact. Finally,
large opportunities for the use of LCA exist in oncology to analyze
patterns of presentation and/or progression of cancer and to assess
variables affecting the impact of preventive measures or treatment.

A. There is no difference. The two terms are
synonyms.
B. At variance with cluster analysis, LCA can be
used in conjunction with multivariate
methods, avoiding a two-step approach in
estimating parameters.
C. Cluster analysis works well with any kind of data,
whereas LCA works with continuous data only.
D. Cluster analysis requires a preliminary
assumption of the number of classes present
in the data at hand.
E. Cluster analysis is a nonparametric technique.

See online version of this article for a detailed explanation of correct answers.
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 RTMS ANSWERS

RTMS Article 85, October 2019 Research Techniques
Made Simple: Feature Selection for Biomarker Discovery
QUESTIONS

1. Which of the following is NOT a beneﬁt of feature
selection?
A. It can reduce overﬁtting
B. It can help remove irrelevant and redundant features
C. It can transform all features into a smaller feature space
D. It allows for the selection of more biologically relevant
targets associated with target class
2. The advantages of embedded feature selection methods
include all of the following, EXCEPT:
A. Take advantage of feature dependencies
B. Combine features subsetting and classiﬁer construction
C. Are more computationally efﬁcient than wrapper
methods
D. Can be used with any classiﬁcation method

ANSWERS

1. C
2. D
3. B
4. D
5. A

3. Which of the following is NOT a possible cause of
overﬁtting the model?
A. Using too many model parameters for the size of the
dataset
B. Using cross-validation during model building
C. Having many irrelevant features
D. Using less of the data
4. The external validation dataset is used for which of the
following?
A. Validating model parameters optimized during training
B. Testing the generalizability of a training model on data
not used for training
C. To remove all bias from training data
D. Testing the generalizability of a model to an outside
population
5. Which of the following is an appropriate use of crossvalidation?
A. Validating model parameters optimized during training
B. Testing the generalizability of a training model on data
not used for training
C. To remove all bias from training data
D. Testing the generalizability of a model to an outside
population

ª 2019 Society for Investigative Dermatology
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RTMS ANSWERS 

RTMS Article 86, November 2019 Research Techniques
Made Simple: An Introduction to Drug Discovery for
Dermatology
QUESTIONS

1. According to a published estimate, how much does it cost
to discover a drug?
A. $94 million
B. $0.9 billion
C. $1.8 billion
D. $3.0 billion
2. What is a good approach to ﬁnding a hit (chemical
starting point) for a novel drug target?
A. High throughput screening
B. Repositioning
C. Fast follower
D. Reformulation

ANSWERS

1. C
2. A
3. B
4. C
5. A

3. What is the primary deliverable of the lead optimization
stage of the drug discovery process?
A. A lead with activity in animal models
B. A preclinical candidate
C. An approved drug
D. A clinical candidate
4. What is the main weakness in a repositioning project
relative to other approaches?
A. It is more expensive.
B. It is less likely to succeed.
C. Intellectual property protection can be challenging.
D. It requires additional technical expertise.
5. How many new projects are required to deliver one new
drug?
A. 24
B. 1
C. 10
D. 12
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 RTMS ANSWERS

RTMS Article 87, December 2019 Research Techniques
Made Simple: Molecular Docking in Dermatology - A
Foray into In Silico Drug Discovery
QUESTIONS

1. Why is docking useful for early stage preclinical drug
discovery?
A. Enriching very large chemical databases so as to test
compounds with greatest likelihood of interacting
with your target
B. Understanding the speciﬁc protein-ligand atomic
interactions (i.e., binding mode) to guide lead
optimization for example
C. A & B
D. None of the above
2. What is a major limitation of docking?
A. It can screen only a small set of compounds against a
protein target
B. No one docking software/algorithm can be used for all
protein target systems
C. It is unable to study how a drug interacts with its target
over time
D. B & C

5. You have already discovered a potential new drug for
your target. Now you are interested in predicting the
potential off-target effects of your drug. What is required
for the application the docking for your drug in predicting
off-target effects?
A. Three-dimensional structure of your drug
B. Library of potential human protein target structures
C. Library of cytrochrome P450 target structures
D. All of the above

ANSWERS

1. C
2. D
3. C
4. D
5. D

3. Which of the following is NOT required for docking?
A. Protein structure
B. Ligand Structure
C. Reference structure of protein-ligand interaction
D. None of the above
4. Docking may be applied for virtual screenings of
molecule libraries of what size?
A. Hundreds
B. Thousands
C. Millions
D. Any size library
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RTMS ANSWERS 

RTMS Article 88, January 2020 Research Techniques Made
Simple: Cutaneous Colorimetry: A Reliable Technique for
Objective Skin Color Measurement
QUESTIONS

1. The cones in human eyes have high sensitivity at three
light wavelengths. What are the corresponding colors of
the wavelengths?
A. Red, orange, Blue
B. Yellow, magenta, cyan
C. Red, blue, green
D. White, blue, red
2. What does each of the L*a*b* values represent in skin
measurement?
A. L* ¼ skin darkness/lightness; a* ¼ jaundice; b* ¼
cyanosis
B. L* ¼ skin darkness/lightness; a* ¼ erythema; b* ¼
tanning
C. L* ¼ skin color, a* ¼ UV exposure, b* ¼ non-UV
exposure
D. L* ¼ cutaneous blood ﬂow, a* ¼ pinkness of skin, b* ¼
skin damage
3. Which of the following Illuminant is commonly used in
colorimeters and spectrophotometers?
A. Standard Illuminant D65, which corresponds to clear
sky in Western Europe without the ultraviolet
wavelengths
B. Standard Illuminant D65, which corresponds to
average midday light in Western Europe with the
ultraviolet wavelengths
C. Standard Illuminant corresponding to incandescent
light
D. Standard Illuminant corresponding to windowless
room
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4. Which of the following pertains to individual typology
angle (ITA)?
A. It classiﬁes skin colors into six groups, from very light to
dark skin.
B. ITA can be calculated from the L* and b* values and
can be constructed from the skin color volume.
C. The intersecting axis represents the color attributes,
such as hue and luminance.
D. Both A and B are correct.
5. What is one limitation of the colorimeter?
A. It emits white light.
B. It is inferior to the spectrophotometer in every aspect.
C. It
provides
easier
color
visualization
and
communication.
D. It does not measure the color’s spectral characteristics.

ANSWERS

1. C
2. B
3. B
4. D
5. D
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RTMS Article 89, February 2020 Research Techniques
Made Simple: Cell Biology Methods for the Analysis of
Pigmentation
QUESTIONS

1. Which of these imaging methods allows one to distinguish
ALL melanosome stages at the same time?
A. Immunoﬂuorescence microscopy
B. Transmission electron microscopy
C. Live cell imaging
D. Bright ﬁeld microscopy
2. Which of the following methods allows a quantitative
measurement of both eumelanin AND pheomelanin?
A. Electron paramagnetic resonance spectrometry
B. Absorption spectroscopy
C. High performance liquid chromatography
D. Light microscopy
E. Both A and C
3. What is the primary substrate for melanin synthesis?
A. Tryptophan
B. Tyrosine
C. Lysine
D. Histidine

5. Which of these imaging approaches allows one to
visualize pigmented melanosomes in TYRP1-GFP
expressing melanocytes?
A. Bright ﬁeld microscopy
B. Live cell imaging
C. Immunoelectron microscopy
D. Stochastic optical reconstruction microscopy (STORM)
E. A, B, and C but not D

ANSWERS

1. B
2. E
3. B
4. B
5. E

4. What is the melanocore?
A. Another name for a fully pigmented (Stage IV)
melanosome
B. The intralumenal melanin content of a melanosome
devoid of a limiting membrane
C. The degradation product of the intralumenal melanin
content of a melanosome
D. The core substrate of melanin synthesis
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RTMS ANSWERS 

RTMS Article 90, March 2020 Research Techniques Made
Simple: Deep Learning for the Classiﬁcation of
Dermatological Images
QUESTIONS

1. Which of the following statements about artiﬁcial
intelligence is FALSE?
A. It is a branch of computer science.
B. It is a synonym of deep learning.
C. It includes machine learning and deep learning as
subcategories.
D. It uses machines for simulating cognitive functions of
the brain.
2. The advantages of convolutional neural networks do NOT
include:
A. Automated image classiﬁcation with high accuracy.
B. Once training is done, it achieves fast classiﬁcation.
C. It combines abstract features to ﬁnd patterns.
D. Fast training by using small labeled databases, publicly
available.
3. Which of the following statements about convolutional
neural network datasets is TRUE?
A. They are usually divided into three groups for training,
validation, and test.
B. Relatively large datasets are needed.
C. It needs to be labeled with the correct output.
D. All of the above.

5. Deep learning is often dubbed “black box” because:
A. It is commonly used as a ﬂight recorder.
B. It is the name of the company that ﬁrst used this
technology.
C. Its decision-making process is obscured by the
thousands of training parameters.
D. It is the color of its shipment case.

ANSWERS

1. B
2. D
3. D
4. A
5. C

4. Which of the following quantities are usually used to
evaluate the performance of a classiﬁer?
A. The area under the receiver operating characteristic
curve.
B. The ratio between sensitivity and speciﬁcity.
C. The false positive rate at varying thresholds.
D. The Jaccard index.
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 RTMS ANSWERS

RTMS Article 91, April 2020 Research Techniques Made
Simple: CRISPR Genetic Screens
QUESTIONS

1. What is the main reason to perform a high throughput
genetic screen, such as with CRISPR?
A. It allows you to measure the effect of a gene in many
different conditions.
B. It provides a systematic assessment of genotypephenotype relations in a systematic manner.
C. It can be executed in every cell line because of the
endogenous expression of CRISPR/Cas9 in
mammalian cells.

ANSWERS

1. B
2. C
3. B
4. A
5. A

2. What is the main outcome parameter of a CRISPRmediated genetic screen?
A. Changes in gene knockout frequencies.
B. Changes in lentiviral multiplicity of infection.
C. Changes in single guide RNA (sgRNA) abundance.
3. Which of the following parameters most likely ensures
only one genetic perturbation per cell?
A. An infection efﬁciency of 100%.
B. An infection efﬁciency of 50%.
C. An infection efﬁciency of 0%.
4. What directly contributes most to a higher statistical
certainty of a CRISPR screen output?
A. Increasing the number of independent sgRNAs per
target.
B. Amplifying the sgRNA library to high titer.
C. Decreasing the number of cells in the screen.
5. Which of the following most accurately indicates a
CRISPR screen hit?
A. Decreased abundance of multiple sgRNAs targeting the
same genomic element.
B. Decreased mRNA expression of a candidate gene at the
end of the screen.
C. Markedly increased gain of abundance of a single
sgRNA targeting a candidate.
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RTMS ANSWERS 

RTMS Article 92, May 2020 Research Techniques Made
Simple: Randomized Controlled Trials for Topical Drugs
in Dermatology: When and How Should We Use
a Within-Person Design?
QUESTIONS

1. In a trial evaluating a topical drug, dermatological
departments are randomly allocated to the experimental
or control group (all patients from a department receive
the same treatment). What is the randomized control trial
(RCT) design?
A. Within-person RCT
B. Cluster RCT
C. Classical individual parallel RCT
D. Cross-over RCT

ANSWERS

1. B
2. B
3. D
4. B
5. B

2. For a within-person RCT, what are the correct answers?
A. The unit of randomization is the patient
B. The unit of randomization is the lesion
C. The unit of assessment is the patient
D. The unit of assessment is the lesion
3. The carry-across effect depends on
A. The skin condition
B. The drug properties
C. Molecular weight of the drug
D. All of the above
4. When should a within-person RCT be avoided?
A. For rare diseases
B. If the relevant primary outcome is QOL
C. If the best control is another active topical drug and not
a placebo
D. Dermatological conditions with facial involvement
5. For which dermatological condition should a withinperson RCT not be used?
A. Acne vulgaris
B. Acral melanoma
C. Plaque of vitiligo
D. None of the above
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 RTMS ANSWERS

RTMS Article 93, June 2020 Research Techniques Made
Simple: Whole-Transcriptome Sequencing by RNA-Seq
for Diagnosis of Monogenic Disorders
QUESTIONS

1. What type of sequence variants may not be detected by
quantitative whole-transcriptome sequencing by
heatmap analysis?
A. Missense mutations
B. Nonsense mutations
C. Canonical splicing site mutations
D. Frameshift mutations
2. Which of the following statements is true when
comparing RNA sequencing (RNA-Seq) with wholeexome sequencing?
A. Germline mutations are detectable both in RNA and
DNA samples.
B. Whole-transcriptome sequencing provides tissuespeciﬁc gene expression information and can help in
variant prioritization.
C. For splicing variants, RNA-Seq provides information
that can be used for pathogenicity assessment.
D. All of the above.
3. Which statement is NOT true regarding RNA-Seq
technique?
A. Sampling is invasive and, in some cases, impossible.
B. Sometimes tissue availability is an issue.
C. RNA, if not preserved in RNAlater, is unstable and
readily subject to degradation.
D. Because of low coverage of exonic sequences, it
cannot detect substitutions.

5. Which statement is NOT correct regarding the
combination of RNA-Seq and homozygosity mapping
techniques?
A. It is useful to detect germline mutations.
B. It is possible to ﬁnd loss-of-function pathogenic
mutations in novel candidate genes.
C. Combination of these methods is a robust approach to
detect exonic synonymous mutations affecting splicing.
D. It is applicable only to the families affected by diseases
with autosomal dominant inheritance.

ANSWERS

1. A
2. D
3. D
4. D
5. D

4. For rare heritable skin disorders, which type of tissue(s) or
cells could be used for mutation detection by wholetranscriptome sequencing?
A. Fibroblasts
B. Keratinocytes
C. Whole skin
D. All of the above
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RTMS Article 94, July 2020 Research Techniques Made
Simple: Optical Clearing and Three-Dimensional
Volumetric Imaging of Skin Biopsies
QUESTIONS

1. What are the beneﬁts of three-dimensional (3D) imaging?
A. Accurate representation of 3D biological structures
B. Less time-consuming and tedious than twodimensional imaging with 3D reconstruction as it
does not involve volumetric reconstruction
C. Avoids sectioning artifacts
D. All of the above
2. In general, the tissue is ﬁrst harvested before going
through optical tissue clearing and 3D imaging of the
tissue. What is the sequence of steps of optical tissue
clearing for solvent-based methods?
A. Permeabilization, Fixation, Immunostaining, Clearing
B. Fixation, Immunostaining, Permeabilization, Clearing
C. Fixation, Permeabilization, Immunostaining, Clearing
D. Fixation, Permeabilization, Clearing, Immunostaining
3. Which statement below is FALSE?
A. There are multiple organic and aqueous optical tissue
clearing protocols
B. Aqueous-based methods cannot preserve ﬂuorescent
protein emission
C. Organic-based methods confer better transparency
than aqueous-based methods
D. Aqueous-based methods work better for softer tissues.

5. Which of the following CANNOT be studied using optical
tissue clearing and 3D volumetric imaging?
A. 3D reconstruction of tissue microstructures and
vasculature
B. Pathological conditions in the tissue environment
C. Skin as the stratum corneum that prevents optical
clearing agents from reaching the dermis
D. None of the above

ANSWERS

1. D
2. C
3. B
4. C
5. D

4. Which statement below is FALSE about light-sheet
ﬂuorescent microscopy (LSFM) as compared with
confocal and two-photon microscopy?
A. LSFM has a faster imaging speed
B. LSFM minimizes photobleaching and phototoxicity
C. LSFM uses a pinhole to eliminate out-of-focus light
D. There is a trade-off between resolution and the volume
of the tissue that can be imaged using LSFM
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RTMS Article 95, August 2020 Research Techniques Made
Simple: Mouse Bacterial Skin Infection Models for
Immunity Research
QUESTIONS

1. Which of the following would be the most
immunologically relevant purpose to reinfect mice in a
skin infection model?
A. To study primary T-cell responses to skin infection
B. To examine memory T-cell responses to skin infection
C. To study innate immune responses during initial skin
infection
D. To study polymicrobial infections

ANSWERS

1. B
2. C
3. D
4. A
5. C

2. Which of the genetically engineered mouse strains can be
used to monitor cytokine expression kinetics during skin
infections?
A. IL-17A/F knockout mouse
B. Mouse with speciﬁc IL-17A/F deletion in T cells
C. IL-17A-tdTomato/IL-17F-GFP dual-color reporter mice
D. All of the above
3. Which of the following skin infection models has the
potential to be used with human skin xenografts?
A. Epicutaneous model
B. Intradermal model
C. Wound model
D. All of the above
4. The epicutaneous skin infection model replicates which
type of skin inﬂammation?
A. Atopic dermatitis
B. Psoriasis
C. Vitiligo
D. Alopecia areata
5. Which bacterium is the leading cause of skin infections in
humans?
A. Staphylococcus epidermidis
B. Pseudomonas aeruginosa
C. Staphylococcus aureus
D. Corynebacterium accolens
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RTMS Article 96, September 2020 Research Techniques
Made Simple: Latent Class Analysis
QUESTIONS

1. What is meant by the term latent classes?
A. A type of qualitative data
B. Subgroups of data with similar characteristics based on
unobservable membership
C. A statistical model to ﬁnd hidden clusters in data
D. Variables that are not directly measurable or
observable but that can cause effects
E. A synthetic representation of multidimensional
variables
2. What is the Bayesian Information Criterion (BIC)?
A. A function of the positive log-likelihood
B. A likelihood ratio test
C. A statistical test to reject the null hypothesis
D. A measure of correlation among variables
E. A measure of corrected model ﬁt based on the value of
the negative log-likelihood augmented by a penalty
function
3. What is the simplest way to validate results in latent class
analysis (LCA)?
A. k-fold cross-validation
B. Bootstrap method
C. Splitting procedure
D. A combination of bootstrap and k-fold cross-validation
E. No validation is required for LCA results

4. In a study, the BIC values for different number of classes
(k) are reported in the table. Which classiﬁcation would
you prefer?
Number of classes (k)

BIC

1
2
3
4
5

16,739.0
16,636.1
16,604.2
16,707.4
16,813.3

A.
B.
C.
D.
E.

A single class classiﬁcation
The classiﬁcation into two groups
The classiﬁcation into three groups
The classiﬁcation into four groups
The classiﬁcation into ﬁve groups

5. How does cluster analysis differ from LCA?
A. There is no difference. The two terms are synonyms.
B. At variance with cluster analysis, LCA can be used in
conjunction with multivariate methods, avoiding a
two-step approach in estimating parameters.
C. Cluster analysis works well with any kind of data,
whereas LCA works with continuous data only.
D. Cluster analysis requires a preliminary assumption of
the number of classes present in the data at hand.
E. Cluster analysis is a nonparametric technique.

ANSWERS

1. B
2. E
3. C
4. C
5. B
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