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EDITORIAL

JID Connector: Your Link to Content
and Colleagues

A

ccording to Malcolm Gladwell (2000),
author of The Tipping Point, “Connectors [are] people with a special gift for
bringing the world together..” We all know
these people, and they just seem to initiate
contacts among individuals or groups that build
new, and oftentimes lasting social and professional networks. It is therefore ﬁtting that one of
the quintessential “Connectors” in investigative
dermatology, Barbara Gilchrest, created the JID
Connector at the beginning of her tenure as
JID Editor on the 75th anniversary of the JID in
2012. In this effort, Barbara led a challenge to
all of us in dermatology to utilize the JID as a
conduit for connectivity among cutaneous
biology investigators, academicians, clinicians,
and trainees. In the years that followed, the Editors of the JID Connector have focused on
creating content for clinicians and trainees that
makes basic science more accessible and relevant. We would like to thank Lilly for their initial,
and continued support, of these efforts.
It is a privilege to serve as the Editor of the JID
Connector, following in the footsteps of Kavitha
Reddy, MD, of Boston University. The Connector
will continue to highlight the highly popular and
educational Research Techniques Made Simple
series. This section will remain under the direction of our Coordinating Editor, Jodi Johnson
(Northwestern), who is now joined in this role by
Contributing Editor Brian Kim (Washington University). Kudos to all who contribute to these
publications, and please know that you are
continuing in the spirit of the Connector in a very
special way—bringing your expertise in investigative techniques to other investigators, clinicians, and trainees.
We will also continue the “Meet the Investigator” feature. Ayman Grada (Boston University)
has done a terriﬁc job featuring our junior
investigators in the ﬁeld and bringing these
amazing individuals to life. Ayman, please
accept our thanks in championing these segments and we look forward to “meeting” many
more rising stars. And, a special thanks to Bob
Dellavalle (University of Colorado Denver), who
has graciously agreed to continue to serve as our
Podcast Editor.
Journal of Investigative Dermatology (2017) 137, 2243e2244.
doi:10.1016/j.jid.2017.09.012

The SnapShot Dx and the Cells to Surgery
Quizzes “connect” clinical dermatology to scientiﬁc discovery. We are truly fortunate to have
Keyvan Nouri and Mariya Miteva, faculty from
the University of Miami, Department of Dermatology, continue in their roles as Contributing
Editors. These quizzes are frequently accessed
and appeal to trainees and experienced clinicians alike. In the spirit of expanding the
Connector network, we have extended an invitation to faculty from several dermatology departments to serve as Contributing Editors. Our
new Contributing Editors include Eva Hurst and
Milan Anadkat (Washington University); Emily
Chu and Jeremy Etzkorn (Unviersity of Pennsylvania); and Ben Chong and Rajiv Nijhawan
(University of Texas Southwestern). Going forward, our quizzes will be based on JID publications from the previous 6 months, allowing
more time for quiz preparation, review, and
revision. To that point, it is impressive that
Keyvan and Mariya have turned these around
each month with such quality and consistency.
We sincerely appreciate everyone’s willingness
to serve—it is a great opportunity for faculty and
trainees from various institutions to deliver clinical “pearls” that have been extracted from the
work of the “family” of investigators who publish
in our journal.
We have also put much thought into how to be
even more purposeful in incorporating new ways
to connect and share information, while
providing further service to our (expanding) JID
community. Some of our proposals are listed
below:
1. With the help of our publishers at Elsevier, the
Connector is considering the development of
a new venture called “Research Methods,”
where frequently cited protocols could be
submitted, published, and archived in
conjunction with the Research Techniques
Made Simple articles under the broad designation of “Research Techniques.” These
“Method” publications would follow specific
guidelines that have been similarly adopted
by other scientific journals.
2. We are also encouraging all JID authors to
include their Twitter handles with the contact
information submitted with their manuscripts—it will provide an easy way for others
to give these individuals a quick “shout out,”
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initiate a conversation surrounding their work, and, who
knows, possibly spur new collaborations. Along these
lines, we encourage our readership and trainees to connect to the JID via social media either through Twitter by
following @JIDJournal or through Facebook at https://
www.facebook.com/JournalOfInvestigativeDermatology/.
An easy way to get started is to publish a tweet encouraging others in the JID community to get involved in
sharing engaging JID content with each other, by using this
link https://goo.gl/FkMN3P to help craft your first Tweet!
The JID is an international journal and our contributors
and readership span the globe. By connecting through
social media you will increase your connectivity to colleagues and trainees both nationally and internationally.
Let the JID serve as your “Connector” to these interesting
and engaged individuals.
3. We are also exploring the use of Elsevier’s “Collections
Tool” that allows collections of articles to be developed thematically—possibilities include specific
disease-focused articles that shaped the field, recent
papers of special interest, and Editor’s Picks from the
JID archives.

I write this on 21 August 2017—a day when scientists and
non-scientists alike are inspired by an astronomical spectacle
that reminds us all of how interconnected we are with each
other and the cosmos. The path of totality crosses across
Missouri, touching the edges of St. Louis as it passes by. I am
similarly inspired, with you, to work toward new and invigorated connectivity across a growing JID community!
CONFLICT OF INTEREST
The author states no conﬂict of interest.

Lynn A. Cornelius1
JID Connector Editor
1
Department of Dermatology, Washington University St. Louis,
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 EDITORIAL

The Challenge of Effective
Communication among Scientists

A

t a time when scientiﬁc knowledge is
rapidly growing within a multitude of
subspecialties, it is difﬁcult to remain
familiar with the language, techniques, and relevance of all available research approaches. Still, a
common language is essential for successful
translational and team research. Having recently
moved to Amsterdam (The Netherlands), I am
acutely aware that communicating effectively is
not like riding a bicycle. That is, communicating
successfully once does not guarantee mastery for
all time. Communication is a highly complex,
dynamic, and evolving skill.
Ever since starting my medical degree in
Lisbon (Portugal), I consistently sought to gain
experience in a wide range of basic and translational research areas. I would spend holidays
and weekends working in a lab, driven by the
idea of possibly generating results that could
contribute in any small way to understanding of
human biology. After completing my medical
degree, my passion for research led me to move
to Boston (USA) to focus exclusively on translational research. The experiences of working in
different countries and research areas as well as
presenting and discussing diverse clinical cases,
new research hypotheses, methodologies, results, and even teaching younger students made
me believe that I had more or less mastered the
art of communication.
However, on recently moving to Amsterdam to
pursue a residency program in dermatology, I
have been confronted anew with the importance
and difﬁculty of communicating effectively. I
experienced the obvious language barrier, still
learning Dutch, but also struggled to grab the
interest of my colleagues when discussing the
impact of my studies and results. My research
seemed too abstract and complex because the
techniques that I used were barely known within
my new institution.
The Research Techniques Made Simple
(RTMS) manuscripts were precisely the tool I was
missing to bridge the gap between the work of
the lab-based researchers and clinicians. The
opportunity to co-author three manuscripts for
the RTMS series proved to be a much more
enriching experience than I could have ever
Journal of Investigative Dermatology (2017) 137, e183ee184.
doi:10.1016/j.jid.2017.09.018

anticipated. In a two-part series, we reviewed the
experimental methodology for single-cell mass
cytometry (CyTOF) (Matos et al., 2017a) and
CyTOF’s analysis tools for decrypting the
complexity of biological systems (Matos et al.,
2017b). CyTOF enables the detection and
quantiﬁcation of more than 40 markers at a
single-cell resolution. The 135 available detection channels allow a simultaneous study of
additional characteristics within complex biological systems across millions of cells. A third
manuscript reviewed the technique of highthroughput deep sequencing of the T-cell receptor (Matos et al., 2017c), which allows
sensitive and accurate identiﬁcation and quantiﬁcation of every distinct T-cell clone present
within any biological sample.
Writing these RTMS manuscripts forced me to
be creative in the way I translated these complex
techniques into a language understandable by
the diverse readership of the Journal of Investigative Dermatology. The RTMS format includes
not only the manuscript but also bullet points
highlighting the pros and cons, examples of how
to use the technique for diverse research questions, a quiz to test mastery of the information
provided, and a PowerPoint presentation allowing readers to promptly share and teach the
techniques. Hence, a single manuscript challenges authors to communicate through different
formats, not only by writing but also by designing
coherent explanatory ﬁgures and creating the
foundation of an oral presentation. Working
through authoring these different components
made me further realize the potential, sensitivity,
and applicability of those techniques—knowledge that greatly beneﬁted my forthcoming
research. The manuscripts’ writing process was
very gratifying, with continuous help from the
Editor, Jodi L. Johnson, PhD, and Managing
Editor, Elizabeth Blalock, and the chance to
develop appealing ﬁgures with the Journal of
Investigative Dermatology illustrators. The critical comments provided by both the reviewers
and editors really made me think deeply about
how to properly write review manuscripts in a
concise, engaging, and comprehensible way,
helping to shape our manuscripts to be their best.
After the manuscripts’ publication and presenting the corresponding PowerPoints at journal
club sessions, I noticed an increasing attendance

ª 2017 The Author. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.

www.jidonline.org e183

EDITORIAL 
to my research presentations by both lab colleagues and
clinicians. The audience became interactive with numerous
questions and observations. It was obvious that what was
once a breakdown in communication had turned around, and
ﬂuency in the scientiﬁc language had been restored. Understanding applications of the research methodology made the
studies appear more interesting and accessible, thereby
strengthening the collaborative research within our department. In addition, these manuscripts led to proliﬁc collaborations between distinct academic institutions and industry,
and an invitation to give lectures to Masters’ students at a
university. I also feel that these manuscripts strengthened a
subsequent successful grant submission by attesting to my
understanding of the techniques proposed in the application.
It is with great delight that I keep reading the RTMS articles
written by so many excellent author teams, learning and
revisiting various research techniques. I have tested myself on
many of those techniques and included them in my research
projects. I hope that fellow researchers are now aware of the
techniques we covered and that these become more widely
applied within investigative dermatology.
The challenge of effective communication persists among
scientists, in part because of uneven knowledge of fundamental basic science concepts and laboratory techniques.
The unparalleled rapid development of science has resulted
in innovative treatments and cutting-edge technologies being

used in health care today. Thus, a basic common science
literacy is essential to help each individual successfully
communicate his or her ideas and to foster state-of-the-art
dermatologic care. The RTMS manuscripts not only
provided me with new professional opportunities, but also
became a language tool. These manuscripts simultaneously
share fundamental research knowledge and the vocabulary
necessary to create effective communication between
clinicians and researchers.
CONFLICT OF INTEREST
The author states no conﬂict of interest.
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 RESEARCH TECHNIQUES MADE SIMPLE

Research Techniques Made Simple: Laser
Capture Microdissection in Cutaneous Research
Estela Chen Gonzalez1 and Jean Suh McGee1
In cutaneous research, we aim to study the molecular signature of a diseased tissue. However, such a study is
met with obstacles due to the inherent heterogeneous nature of tissues because multiple cell types reside
within a tissue. Furthermore, there is cellular communication between the tissue and the neighboring extracellular matrix. Laser capture microdissection is a powerful technique that allows researchers to isolate cells of
interest from any tissue using a laser source under microscopic visualization, thereby circumventing the issue
of tissue heterogeneity. Target cells from fixed preparations can be extracted and examined without disturbing
the tissue structure. In live cultures, a subpopulation of cells can be extracted in real time with minimal
disturbance of cellular communication and molecular signatures. Here we describe the basic principles of the
technique, the different types of laser capture microdissection, and the subsequent downstream analyses. This
article will also discuss how the technique has been employed in cutaneous research, as well as future
directions.
Journal of Investigative Dermatology (2016) 136, e99ee103; doi:10.1016/j.jid.2016.08.005

CME Activity Dates: September 21, 2016
Expiration Date: September 20, 2017
Estimated Time to Complete: 1 hour
Planning Committee/Speaker Disclosure: All speakers,
planning committee members, CME committee members and
staff involved with this activity as content validation reviewers
have no ﬁnancial relationship(s) with commercial interests to
disclose relative to the content of this CME activity.
Commercial Support Acknowledgment: This CME activity is
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PRINCIPLES OF LCM

Emmert-Buck et al. developed laser capture microdissection
(LCM) in 1996 at the National Institutes of Health to support
the Cancer Genome Anatomy Project (Emmert-Buck et al.,
1996). The goal of the Cancer Genome Anatomy Project
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was to develop a high caliber expression library of human
cancers and precancerous lesions. Such an undertaking
called for an isolation of speciﬁc tumor cells from solid
tumors without disturbing the integrity of biomolecules (DNA,
RNA, protein) within the collected cells. To accomplish this
task, the team developed a microscope-based microdissection platform, now known as LCM.
LCM is a technology used to isolate a single cell or
a speciﬁc cell population from a heterogeneous tissue
section, cytological preparation, or live cell culture by
direct visualization of the cells (Emmert-Buck et al., 1996).
There are two main classes of laser capture microdissection
systems: infrared LCM (IR-LCM) and ultraviolet LCM (UVLCM). IR-LCM instruments are available as manual or
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WHAT LCM DOES
 LCM is a technique that isolates cells of interest
or even a single cell from a heterogeneous tissue
specimen using a laser source under microscopic
visualization.
 Cells isolated by LCM contain intact DNA, RNA,
and proteins for downstream molecular analysis.
 LCM is capable of isolating diseased cells from
the primary lesion without altering their
molecular signatures.
 LCM can be applied to a wide variety of tissue
and cellular preparations.

LIMITATIONS
 In the absence of a cover slip, the optical
resolution of complex tissues may be limited.
 The reliance on visual identiﬁcation of target
cells creates room for human error.
 Unlike IR-LCM, UV-LCM is limited by the
potential to induce UV damage in the circumferential cells, which may be subsequently
collected for analysis.

polymer, which becomes ﬁxed to the cells of interest underneath. The adhesive force of cells to the ﬁlm exceeds the
adhesive force to the slide, enabling selective removal of cells
(Figure 1). Once removed, the cells are transferred to a
microcentrifuge tube containing DNA, RNA, or enzyme
buffer where the cellular material detaches from the ﬁlm
(Emmert-Buck et al., 1996).
ULTRAVIOLET LCM

The LCM technique using an ultraviolet cutting laser is also
known as laser microbeam microdissection. Laser microbeam
microdissection uses a high-energy UV laser (355 hm)
capable of cutting tissues. The laser is used to cut around the
cells of interest, in contrast to IR capture that focuses the laser
on the cells. In UV-LCM, the surrounding unwanted tissue is
photoablated whereas the desired cells remain intact (Schutze
and Lahr, 1998). Target cells are retrieved through a variety of
methods depending on the instrument. The cells can be
collected by photonic pressure from a second laser shot that
catapults them into a collection cap (PALM/Zeiss system,
Oberkochen, Germany), by gravity that deposits them into a
collection cap (Leica Microsystems, Wetzlar, Germany), or by
a sticky cap to which they are glued after LCM (MMI Instruments, Eching, Germany) (Espina et al., 2006; Liu et al.,
2014).
IMMUNO-LCM

automated systems. Other available platforms include an IR/
UV combined system. Regardless of the platform used, the
principal steps of LCM are the visualization of cells by
microscopy, the transfer of laser energy to isolated cells of
interest, and the collection of cells of interest from the tissue
section (Espina et al., 2006).
LCM can be applied to a variety of preparations including
histological specimens (formalin-ﬁxed parafﬁn-embedded
[FFPE] or fresh-frozen sections) and cytology preparations
(direct smears, touch preps, or cell block). Samples can be
stained, unstained, or tagged by immunohistochemistry.
Frozen tissue effectively preserves RNA, DNA, and proteins,
but may distort histologic differentiation. The standard
method for preservation of tissue morphology is FFPE. However, it causes unwanted crosslinking between proteins and
nucleic acids and proteins are not extractable from FFPE
samples (Liu, 2010).
INFRARED LCM

This technique uses a lower energy laser in the IR spectrum of
810 hm to activate a 100-mm, transparent, and thermosensitive ﬁlm containing ethylene-vinyl acetate (EVA) saturated
with a dye that absorbs IR laser energy. The thermosensitive
ﬁlm is positioned over a stained frozen or FFPE tissue section,
which can be visualized with an inverted microscope. The
microscope is connected to a computer for laser control and
image archiving. A laser beam is directed at the cells of interest, but only the thermosensitive ﬁlm absorbs the energy of
the laser. Consequently, there is no damage to the underlying
cells or biomolecules within the cells. The focused pulse from
the IR laser produces a conformational change in the EVA
e100 Journal of Investigative Dermatology (2016), Volume 136

Immuno-LCM uses immunohistochemical (IHC) staining to
identify and isolate a speciﬁc cell population that is challenging to discern visually. For instance, cells that are
morphologically similar but immunologically distinct such as
B and T lymphocytes can be distinguished using IHC staining
for a type-speciﬁc antigen before LCM. The common IHC
reagents do not adversely affect downstream analysis using
assays such as PCR (Fend et al., 1999). RNA degradation from
IHC staining can be prevented by prelabeling cells, for
example, by injecting animals with a ﬂuorogold label before
harvesting the tissue (Yao et al., 2005). However, immunoLCM is not optimal for studying protein expression, as the
protein of interest is bound by antibodies (both primary and
secondary) during IHC staining. These bound antibodies can
interfere with downstream methods such as polyacylamide
gel electrophoresis, western blotting, and mass spectrometry.
DOWNSTREAM ANALYSIS

Once collected, DNA can be subjected to sequencing, DNA
methylation assays, and loss of heterozygosity studies. RNA
can be used for sequencing and constructing a cDNA library,
as well as in gene expression arrays, real-time RT-PCR, and
quantitative PCR. Protein can be studied with western
blotting, 2D gel electrophoresis, mass spectrometry, and
reverse-phase protein microarray. It is important to note that
proteomic tests require more material than DNA and RNA
analyses (Espina et al., 2006).
ALTERNATIVE METHODS
An alternative approach to isolate and concentrate cells of interest is
by cell sorting techniques such as FACS and magnetic-activated cell
sorting. These methods require that cells be processed in ﬂuid
suspensions, which are suitable for the analysis of hematopoietic
and circulating cells but not ideal in the analysis of solid tissue.
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Figure 1. Schematic representation of
infrared laser capture microdissection
(IR-LCM). (a) The IR-LCM setup
includes an inverted microscope,
an infrared laser, a cap with
thermosensitive ﬁlm on the bottom
surface, and a tissue section on
a slide without a cover slip. (b)
Thermosensitive ethylene-vinyl
acetate (EVA) ﬁlm under the cap.
An IR laser melts the EVA ﬁlm. Cells
of interest are captured by polymercell adhesion. Reprinted from Espina
et al. (2006) with permission from
Macmillan Publishers Ltd, and from
Fend and Raffeld (2000) with
permission from BMJ Publishing
Group Ltd.

Intercellular adhesions and the extracellular matrix prevent the
disaggregation of cells. Disruption of intact tissue alters gene and
protein expression and renders the subsequent interpretation of
molecular studies difﬁcult (Holle et al., 2016). In this regard, LCM is
advantageous because it is capable of isolating diseased cells from
the primary lesion without altering molecular signatures.

ADVANTAGES AND LIMITATIONS

Advantages of LCM include speed, precision, ease of use, and
versatility. With the IR-LCM, because laser pulses are delivered through an optical cap, the pulses can be repeated
across the cap surface to collect thousands of cells per cap.
IR-LCM can also be used to collect cells sequentially from the
same tissue section, as the directed pulse does not alter
adjacent cells. In contrast, the high-energy UV laser is useful
for microdissection of thick specimens (up to 200 mm thickness). The UV-LCM laser has a ﬁner beam diameter (0.5 mm)
compared with that of the IR-LCM laser (7.5 mm), making
UV-LCM more precise in microdissection of a single cell.
However, UV-LCM is more time consuming. Additionally,
UV-LCM can induce UV damage in neighboring cells, which
may limit analysis of sequentially collected cells (Espina et al.,
2006).
There are a few limitations that apply to both IR-LCM and
UV-LCM. Both require the use of noncoverslip slides to allow

physical access to the tissue surface for microdissection. In
the absence of a cover slip, the tissue section has a limited
optical resolution, which can make precise dissection of
complex tissues very difﬁcult. Staining the cell population to
be isolated or avoided is a common way to address this issue.
Another major limitation of LCM is the reliance on visual
discrimination of the target cells. For large-scale molecular
proﬁling projects that involve lesions or cells that are difﬁcult
to discern, consultation with a trained pathologist may be
required. Further limitations or errors may result from the
perishability of tissue specimens, as well as tissue staining
protocols and ﬁxation techniques that are not compatible
with the downstream analysis. For instance, unwanted
crosslinking of nucleic acids and proteins in FFPE tissue
sections limits downstream analysis of proteins and RNA
(Espina et al., 2006, Fend and Raffeld, 2000).
LCM IN CUTANEOUS RESEARCH

LCM was employed by Masterson et al. (2014) to identify
prognostic biomarkers of the rare and poorly understood
cutaneous malignancy, Merkel cell carcinoma. IR-LCM and
UV-LCM were used to isolate tumor cells for subsequent RNA
expression analysis using Affymetrix GeneChip arrays. In
addition to the 191 genes demonstrating differential expression, A2 group X, kinesin family member 3A, tumor protein
Figure 2. Quantitation of mRNA level
by real-time PCR after laser capture
microdissection. In both young and
aged skin, the epidermis and the
dermis were separated and collected
by laser capture microdissection.
The levels of mRNA for both PTGES1
(a) and COX2 (b) are increased in the
dermis of the aged skin compared with
that of the young skin, whereas there
was no difference between the young
and old skin in expression of the two
genes in the epidermis. *P < 0.05.
Reprinted from Li et al. (2015) with
permission from Elsevier.
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D52, mucin 1, and KIT were identiﬁed as novel genes upregulated in the tumor cells of the patients with poor prognoses.
New clinical prognostic markers and therapeutic modalities
may be discovered with continued investigation of these
promising targets (Masterson et al., 2014).
Wouters et al. (2014) used LCM technology, cDNA library
construction, and qRT-PCR to examine the molecular

MULTIPLE CHOICE QUESTIONS
1. What does LCM do?
A. Sorts cells based on morphology (size,
granularity, density)
B. Sorts cells with either IR or UV laser
technology
C. Collects cells of interest with laser
technology
D. Photoablates cells of interest with laser
technology
2. What is the thinnest diameter of the UV-LCM
laser beam?
A. 0.5 mm
B. 5.0 mm
C. 7.5 mm
D. 30 mm
3. Which technique uses a thermosensitive EVA
ﬁlm to sequester cells of interest?
A. IR-LCM
B. UV-LCM
C. Laser microbeam microdissection
D. FACS
4. In the absence of a cover slip, the optical
resolution of complex tissues may be limited.
This issue can be addressed by:
A. Using a temporary cover slip
B. Increasing the thickness of the tissue section
C. Decreasing the thickness of the tissue
section
D. Staining with immunohistochemistry
5. Which of the following statements regarding the
LCM technique is NOT true?
A. UV-LCM is better suited for single cell
microdissection
B. IR-LCM is more time consuming than
UV-LCM
C. The EVA membrane undergoes conformational
change when exposed to IR laser energy
D. The downstream analysis of proteins is
limited in FFPE tissue sections due to undesirable protein and nucleic acid crosslinking
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phenotype of melanoma cells undergoing metastatic transformation. Fibronectin 1 is an epithelial-to-mesenchymal
transition marker of melanoma. Fibronectin 1 high melanoma cells were found to reside in hypoxic environments
such as melanoma lesions with ischemic necrosis. This
association suggests that the hypoxic tumor microenvironment may induce melanoma cells to become migratory and
more invasive (Wouters et al., 2014).
Li et al. (2015) used LCM and subsequent qPCR to study
changes in aging skin. Simply comparing the tissue samples
between young and old skin did not initially yield any signiﬁcant differences. However, using LCM to separate the
dermis from the epidermis, followed by qPCR to assess gene
expression, Li et al. showed that dermal expression of PTGES1
and COX2 genes was signiﬁcantly higher in aged skin
(Figure 2). PTGES1 and COX2 contribute to aging skin by
increasing levels of PGE2, which inhibits collagen production
leading to thinning of the skin. Notably, the therapeutic
inhibition of PGE2 may help combat age-associated collagen
decrease in human skin (Li et al., 2015).
Goldstein et al. (2015) used LCM, RNA ampliﬁcation, and
qRT-PCR to better understand the effectiveness of narrow
band UVB in the treatment of vitiligo. Narrow band UVB
treatment was correlated with an increase in gene transcription and subsequent protein expression of certain markers of
melanocyte differentiation in treated skin. The examination of
molecular changes in activated and mobilized melanocytes is
essential for understanding the mechanism of this autoimmune condition as well as for the development of more
evidence-based therapies (Goldstein et al., 2015).
SUMMARY AND FUTURE DIRECTIONS

LCM is used in cutaneous research to study molecular proﬁles
of a speciﬁc cell or population within heterogeneous tissue.
Future directions for improvement of the technique include
automation to increase efﬁciency and ease of use, integration
of cell recognition software to reduce human errors, and
optimization of protocols for sample preparation to aid
microdissection itself and to preserve the integrity of the
biomolecules for subsequent studies. In the near future, we
can anticipate the use of LCM in clinical and research settings
with a wide range of applications.
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Research Techniques Made Simple: Assessing
Risk of Bias in Systematic Reviews
Aaron M. Drucker1, Patrick Fleming2 and An-Wen Chan3
Systematic reviews are increasingly utilized in the medical literature to summarize available evidence on a
research question. Like other studies, systematic reviews are at risk for bias from a number of sources. A
systematic review should be based on a formal protocol developed and made publicly available before the
conduct of the review; deviations from a protocol with selective presentation of data can result in reporting
bias. Evidence selection bias occurs when a systematic review does not identify all available data on a topic. This
can arise from publication bias, where data from statistically significant studies are more likely to be published
than those that are not statistically significant. Systematic reviews are also susceptible to bias that arises in any
of the included primary studies, each of which needs to be critically appraised. Finally, competing interests can
lead to bias in favor of a particular intervention. Awareness of these sources of bias is important for authors and
consumers of the scientific literature as they conduct and read systematic reviews and incorporate their
findings into clinical practice and policy making.
Journal of Investigative Dermatology (2016) 136, e109ee114; doi:10.1016/j.jid.2016.08.021

CME Activity Dates: October 22, 2016
Expiration Date: October 21, 2017
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 relationship(s) 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

Systematic reviews are comprehensive overviews of the
existing evidence on a speciﬁc research question. If appropriate, they can include a pooled statistical summary of
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available data called a meta-analysis. Systematic reviews and
meta-analyses are becoming increasingly prevalent in medical journals; a PubMed search using “systematic reviews” as a
publication type ﬁlter in the Journal of Investigative Dermatology, Journal of the American Academy of Dermatology,
JAMA Dermatology, and British Journal of Dermatology
returned 7 results published in 2010 compared with 27 in
2015, although these ﬁgures may capture some narrative reviews as well. The results of systematic reviews can help
guide clinicians, patients, and policy makers by providing
more precise and comprehensive information than individual
studies alone. They can also be used to identify gaps in
knowledge and suggest areas for future research. A previous
paper in the Research Techniques Made Simple series

ª 2016 The Authors. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.
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SUMMARY POINTS

A

 It is important for authors of systematic reviews to:
B Register a protocol before conducting the
review and explain any deviations from it
B Utilize the PRISMA-P and PRISMA guidance
B Search comprehensively beyond the
published literature
B Assess risk of bias in included primary studies
B Disclose competing interests.
 It is important for consumers of systematic
reviews to be aware of those same issues when
reading review reports and when interpreting the
implications of their ﬁndings on clinical practice
and policy.

B

discussed the methodology and utility of systematic reviews
and meta-analyses in dermatology (Abuabara et al., 2012). In
this article, we discuss the various types of bias that can occur
in systematic reviews so that they can be avoided or
acknowledged by review authors, and critically assessed by
users of the dermatology literature.
REPORTING BIAS AND THE IMPORTANCE OF PROTOCOLS

Reporting bias refers to the selective dissemination of research
ﬁndings based on the nature of the results (Kirkham et al.,
2010). For example, the choice of review outcomes or
included studies might be changed to highlight signiﬁcant
ﬁndings. The selective inclusion of outcomes or studies with
more signiﬁcant results after exploring the data will bias the
results of the review toward positive ﬁndings.
To help identify and deter reporting bias, it is critical for
systematic reviews to be conducted in accordance with a
protocol written before beginning the review. As with other
types of research, the protocol deﬁnes the research
question—including the population, intervention or exposure, and outcomes of interest—and describes the methodology in sufﬁcient detail to allow replication by others. To
avoid a data-driven hypothesis, the research question should
be formulated in advance based primarily on clinical relevance rather than knowledge of available evidence. The
Preferred Reporting Items for Systematic Reviews and MetaAnalyses Protocol (PRISMA-P) statement is a valuable
evidence-based resource that deﬁnes the key content of a
review protocol, including a description of search strategies
and data sources, eligibility criteria, method of study
screening and selection, primary and secondary outcomes,
data extraction, and any planned analyses (Shamseer et al.,
2015). Similarly, it is recommended that authors adhere to
the comprehensive PRISMA guidance when actually preparing reports of systematic reviews (Moher et al., 2009). The
PRISMA statement contains an evidence-based checklist of
items to address in the manuscript itself and has been
endorsed by many medical journals.
Public availability of the review protocol facilitates critical
appraisal of the methods and identiﬁcation of protocol

Figure 1. Representative examples of funnel plots. Funnel plots are scatter
plots representing effect estimates on the x-axis compared with study precision
(often the standard error of effect estimates) on the y-axis. (a) A symmetrical
funnel plot adapted from a meta-analysis on the use of sirolimus in renal
transplant recipients (Knoll et al., 2014). In this plot, the x-axis (log hazard
ratio [HR]) is a proxy for effect estimates and the y-axis (standard error) is
inversely related to the study sample size. The data points (red circles) each
refer to a speciﬁc study. In a symmetrical funnel plot, the data points should be
scattered symmetrically within the funnel (blue lines), suggesting a low risk of
publication bias. (b) In this ﬁctional plot (modiﬁed from Knoll et al., 2014),
there is clear asymmetry within the funnel, with missing data points from
unpublished trials in the lower-left portion of the funnel, suggesting a high risk
of publication bias. Reproduced from Knoll et al., 2014 with permission from
BMJ Publishing Group Ltd.

deviations and selective reporting of results. It is important
that protocols be prospectively registered online at
PROSPERO—an online database of systematic reviews (http://
www.crd.york.ac.uk/prospero/). Alternatively, protocols may
be published in their entirety (as with Cochrane reviews).
Subsequent publications of systematic reviews should state
where the protocol was registered and where a copy of the
protocol can be found. Protocol deviations do not necessarily
lead to bias but must be explained in the Methods section of
the systematic review report. For example, the search strategy
might be modiﬁed if the results obtained from the original
search were too broad or narrow. A recently published metaanalysis by Atzmony et al. (2015) concerning adjuvant
www.jidonline.org e110

RESEARCH TECHNIQUES MADE SIMPLE 
therapy for pemphigus was reported based on PRISMA and
was registered on PROSPERO (http://www.crd.york.ac.uk/
PROSPERO/display_record.asp?ID¼CRD42014014160).
EVIDENCE SELECTION BIAS

Figure 2. Tabular representation of risk of bias in individual studies. The
authors of this systematic review on the efﬁcacy of systemic treatments for
psoriasis used the Cochrane risk of bias tool to assess potential sources of bias
in included clinical trials, rating each as low (), high (þ), or unclear (?) risk of
bias. Reprinted with permission from Elsevier from Nast et al. (2015).
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A key goal of a systematic review is to identify all relevant
data to answer the research question. Data sources can
include journal databases (e.g., PubMed), trial registries (e.g.,
clinicaltrials.gov), and direct communication with authors
(Chan, 2012). Although electronic databases such as PubMed
and EMBASE have made it much easier to identify published
articles, systematic reviews are still prone to evidence selection bias from missed studies.
One source of this selection bias is publication bias. Substantial research has shown that only half of studies conducted are ever published. Statistically signiﬁcant ﬁndings are
more likely to be published and are published a year earlier,
on average, than studies with nonsigniﬁcant ﬁndings (Dwan
et al., 2013; Hopewell et al., 2007). Excluding unpublished,
statistically nonsigniﬁcant data will bias a systematic review
toward positive ﬁndings.
Although evidence selection bias due to nonpublication
can be difﬁcult to identify, there are a number of strategies
that systematic reviewers can employ to search for all existing
data (Chan, 2012; Liberati et al., 2009). Clinical trial registries, regulatory agency websites, and conference abstracts
can be searched to identify unpublished studies or any outcomes that may have been selectively omitted from a study
publication. The World Health Organization’s clinical trials
search portal (http://apps.who.int/trialsearch) is a useful tool
to search across multiple registries. In a systematic review on
the epidemiology of angiolymphoid hyperplasia, Adler et al.
(2016) completed a comprehensive search that included
traditional databases (PubMed and EMBASE) in addition to
conference abstracts, Google Scholar, and manual searches
of reference lists. Their search strategy was published as an
appendix to the main report.
There are graphical and statistical methods that can be used
to assess publication bias, though these have limitations. They
rely on the assessment of the relationship between effect estimates (the magnitide of the exposure’s effect on the
outcome, such as the relative risk of infection between two
interventions) and some measure of sample size for studies
included in the systematic review (Higgins and Green, 2011).
As a general rule, the precision of an effect estimate increases
(and its conﬁdence interval decreases) as the sample size
increases. As a result, increased between-study variability in
effect estimates is expected among smaller studies. Graphically, this can be represented by a funnel plot. Figure 1a
shows a funnel plot modiﬁed from a meta-analysis on the use
of sirolimus in renal transplant recipients (Knoll et al., 2014).
In this plot, data points (representing individual studies) tend
to scatter more horizontally in a symmetric funnel shape as
the inverse of standard error (which is related to sample size)
on the y-axis increases. This visual symmetry and funnel
shape suggest a low risk of publication bias. This is in contrast
to a ﬁctional asymmetrical funnel plot shown in ﬁgure 1b,
which suggests a higher risk of publication bias. Statistical
tests of funnel plot asymmetry, such as Egger’s test for
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continuous outcomes, can help assess whether the association between effect estimates and standard error is statistically
signiﬁcant (Higgins and Green, 2011; Sedgwick and Marston,
2015). Although funnel plots and statistical tests are useful
tools, they have limitations. Statistical tests have low power to
detect asymmetry if there are less than 10 studies. Further,
there are other causes of asymmetric funnel plots aside from
publication bias, such as the inclusion of studies with heterogeneous patient populations, different study designs, or
poor methodological quality (Sedgwick and Marston, 2015).
RISK OF BIAS IN PRIMARY STUDIES

Given that systematic reviews rely on data from other studies,
the evidence in a systematic review is only as good as, or as
free from bias as, the primary data sources. As such, each
individual study included in a systematic review should be
assessed for key sources of bias. Selection bias refers to the
existence of systematic differences in baseline characteristics
between the groups compared in a study. In randomized trials, selection bias can arise from inadequate generation of a
random allocation sequence or inadequate concealment of
allocations before group assignment. Detection bias arises
from differences in outcome assessment due to knowledge of
treatment allocation by unblinded outcome assessors. Performance bias refers to a systematic difference between
groups in terms of how they are treated, or differences in the
behavior of participants due to knowledge of the allocated
interventions. Attrition bias refers to systematic differences in
dropouts between groups. Finally, outcome reporting bias
occurs when published trials selectively report only a subset
of measured outcomes (Chan et al., 2014). A more detailed
discussion of bias in primary studies can be found in the
Cochrane Handbook for Systematic Reviews of Interventions
(Higgins and Green, 2011).
It is important that review authors report the methods used to
assess the risk of bias in individual studies, as well as the ﬁndings
of the assessment. Figure 2 presents an assessment using the
Cochrane Collaboration’s tool for assessing risk of bias in a
systematic review of systemic treatments for psoriasis (Higgins
et al., 2011; Nast et al., 2015). In this example, each study is
graded as low (), high (þ), or unclear (?) risk of bias across
different types of bias. The Cochrane risk of bias tool provides a
domain-based qualitative description of critical areas of potential bias in clinical trials (Higgins et al., 2011). For metaanalyses, authors can conduct sensitivity analyses that
exclude trials at high risk of bias to determine the effect on the
results. Use of the Cochrane risk of bias tool is strongly recommended over the use of quality scales because the latter do not
provide reliable measures of bias, and the summary scores they
produce are difﬁcult to interpret due to uncertainty over how
each scale item should be weighted (Higgins and Green, 2011).
COMPETING INTERESTS

Systematic reviews conducted with ties to industry, particularly those funded by an industry sponsor, have the potential
for bias in favor of the sponsor’s product. Using Oxman and
Guyatt’s quality index for bias, Jørgensen et al. (2006) found
that industry-sponsored reviews were generally of poorer
quality than those conducted independently or sponsored by
not-for-proﬁt organizations. In addition, despite similar effect

estimates, none of the industry sponsored reviews versus all of
the non-industry-sponsored reviews expressed reservations in
recommending use of the studied interventions (Jørgensen
et al., 2006). To acknowledge the potential for bias related
to industry involvement, all conﬂicts of interest must be disclosed by the authors of a systematic review, including who
sponsored the study and what role the sponsor had in its
design, conduct, and reporting.
Clinicians, patients, and policy makers sometimes rely on
abstracts or summaries rather than the full systematic review
report. However, misleading conclusions or “spin” often appears in summaries and abstracts of industry-sponsored systematic reviews (Yavchitz et al., 2016). Spin can also be used
by academic authors who may overstate conclusions to increase the likelihood of their study being accepted for publication. Although spin may at times be obvious, it is not
always readily apparent.
Spin in systematic reviews has been classiﬁed into three
major categories:
1. Misleading reporting (e.g., not fully reporting the methods
used to collect data)
2. Misleading interpretation (e.g., discussing nonsigniﬁcant
results as if they were signiﬁcant)
3. Inappropriate extrapolation (e.g., application of the study
results to a patient population not actually studied in the
systematic review) (Yavchitz et al., 2016).
It is important for authors to avoid spin when writing reports
of systematic reviews and for readers to recognize spin by
considering the full reports of systematic reviews in context
before interpreting the conclusions.
OTHER QUALITY INDICATORS

Apart from sources of bias, there are a number of other qualityrelated issues to consider. When interpreting systematic review
ﬁndings, authors should discuss the precision or uncertainty of
a meta-analysis in terms of the 95% conﬁdence interval of the
summary effect estimate (Guyatt et al. 2011). It is also important
for authors to evaluate the degree to which the results of primary studies included in the systematic review are consistent
with each other. Heterogeneity refers to differences in results
between primary studies that are greater than expected by
chance alone (Higgins and Green, 2011). It arises from differences in various aspects of study design and conduct, such as
the patient populations, interventions, outcome measurement
methods, and quality. Heterogeneity can be quantiﬁed using
the I2 statistic (Higgins et al., 2003). A substantial degree of
heterogeneity can be explored and addressed in a variety of
ways. For example, the a priori selection of either a ﬁxed- or
random-effects model is an important consideration when
conducting a meta-analysis with the potential for heterogeneity
(Higgins and Green, 2011; Riley et al., 2011). A full discussion
on the methodology and utility of meta-analyses in dermatology is available in a prior Research Techniques Made Simple
article (Abuabara et al., 2012).
SUMMARY

Although systematic reviews and meta-analyses are invaluable
for synthesizing available evidence, they are susceptible to
www.jidonline.org e112
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MULTIPLE CHOICE QUESTIONS
1. The protocol for a systematic review should.
A. Be written and made publicly available
before conducting the review
B. Contain information on the sources of data
that will be used
C. Contain information on the outcomes that
will be assessed
D. Contain information on the criteria used to
include and exclude studies
E. All of the above
2. Publication bias occurs because.
A. The peer review process takes too long
B. Studies with statistically nonsigniﬁcant
ﬁndings are less likely to be published
C. Journals prefer to publish studies with
nonsigniﬁcant ﬁndings rather than those
with statistically signiﬁcant ﬁndings
D. Systematic reviewers change their outcome
of interest after designing their protocol
3. Because they involve searches of the existing
literature and pooling of multiple primary
studies, systematic reviews.
A. Are not prone to bias because they have a
larger sample size than primary studies
B. Are always able to ﬁnd all available data on
a topic
C. Have their own sources of bias in addition to
biases that exist in any primary studies
D. Are easy to conduct and can be
accomplished without signiﬁcant effort
4. Which of the following is not a type of “spin”?
A. Discussing limitations (e.g., explaining
potential sources of missing data)
B. Misleading reporting (e.g., not fully reporting
the methods used to collect data)
C. Misleading interpretation (e.g., discussing
nonsigniﬁcant results as if they were
signiﬁcant)
D. Inappropriate extrapolation (e.g., application
of the study results to a patient population
not actually studied in the systematic review)
5. Which of the following is true regarding
competing interests?
A. Authors of systematic reviews should
disclose all potential competing interests
B. If a nonindustry organization funded the
conduct of a systematic review, but did not
design, conduct, or write the review, then the
funding does not need to be declared
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C. Although declaring competing interests is
still important, funding from industry has
been shown to have no effect on the
results of systematic reviews
D. Systematic reviews without industry funding
never use “spin” when writing systematic
review reports

multiple forms of bias. Authors of systematic reviews can
minimize the risk of bias and promote transparency by registering and publishing the protocol before starting the review
and by adhering to the PRISMA-P and PRISMA statements. It is
important to explain protocol deviations and to search
comprehensively for published and unpublished studies.
Further, assessing the risk of bias in the included primary
studies provides an indication of the quality of available evidence. Finally, review authors ought to acknowledge other
sources of bias, including industry sponsorship. It is important
for consumers of systematic reviews, including clinicians, patients, and policy makers, to be aware of these potential biases
when reading systematic reviews and assessing the evidence
they provide to address a clinical or policy question.
CONFLICT OF INTEREST
AMD is an investigator for Regeneron and Sanoﬁ (no compensation received)
and has received honoraria (speaker) from Astellas Canada.

SUPPLEMENTARY MATERIAL
Supplementary material is linked to this paper. Teaching slides are available
as supplementary material.

REFERENCES
Abuabara K, Freeman EE, Dellavalle R. The role of systematic reviews and
meta-analysis in dermatology. J Invest Dermatol 2012;132:e2.
Adler BL, Krausz AE, Minuti A, Silverberg JI, Lev-Tov H. Epidemiology and
treatment of angiolymphoid hyperplasia with eosinophilia (ALHE): a
systematic review. J Am Acad Dermatol 2016;74:506e1.
Atzmony L, Hodak E, Leshem YA, Rosenbaum O, Gdalevich M, Anhalt GJ,
et al. The role of adjuvant therapy in pemphigus: a systematic review and
meta-analysis. J Am Acad Dermatol 2015;73:264e71.
Chan AW. Out of sight but not out of mind: how to search for unpublished
clinical trial evidence. BMJ 2012;344:d8013.
Chan AW, Song F, Vickers A, Jefferson T, Dickersin K, Gøtzsche PC, et al.
Increasing value and reducing waste: addressing inaccessible research.
Lancet 2014;383:257e66.
Dwan K, Gamble C, Williamson PR, Kirkham JJ; Reporting Bias Group. Systematic review of the empirical evidence of study publication bias and
outcome reporting bias—an updated review. PloS One 2013;8:e66844.
Guyatt G, Oxman AD, Kunz R, Brozek J, Alonso-Coello P, Rind D, et al.
GRADE guidelines 6. Rating the quality of evidence-imprecision. J Clin
Epidemiol 2011;64:1283e93.
Higgins JP, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, et al. The
Cochrane Collaboration’s tool for assessing risk of bias in randomised
trials. BMJ 2011;343:d5928.
Higgins J, Green S. Cochrane handbook for systematic reviews of
interventions, version 5.1.0. The Cochrane Collaboration; 2011.
Higgins JPT, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency in
meta-analyses. BMJ 2003;327:557e60.

RESEARCH TECHNIQUES MADE SIMPLE 
Higgins JP, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, et al. The
Cochrane Collaboration’s tool for assessing risk of bias in randomised
trials. BMJ 2011;343:d5928.

Moher D, Liberati A, Tetzlaff J, Altman DG. The PRISMA Group. Preferred
Reporting Items for Systematic Reviews and Meta-Analyses: the PRISMA
statement. BMJ 2009;339:b2535.

Hopewell S, Clarke M, Stewart L, Tierney J. Time to publication for results of
clinical trials. Cochrane Database Syst Rev 2007;(2):MR000011.

Nast A, Jacobs A, Rosumeck S, Werner RN. Efﬁcacy and safety of systemic
long-term treatments for moderate-to-severe psoriasis: a systematic review and meta-analysis. J Invest Dermatol 2015;135:2641e8.

Jørgensen AW, Hilden J, Gotzsche PC. Cochrane reviews compared with
industry supported meta-analyses and other meta-analyses of the same
drugs: systematic review. BMJ 2006;333:782.

Riley RD, Higgins JP, Deeks JJ. Interpretation of random effects meta-analyses.
BMJ 2011;342:d549.

Kirkham JJ, Altman DG, Williamson PR. Bias due to changes in speciﬁed
outcomes during the systematic review process. PloS One 2010;5:e9810.

Sedgwick P, Marston L. How to read a funnel plot in a meta-analysis. BMJ
2015;351:h4718.

Knoll GA, Kokolo MB, Mallick R, Beck A, Buenaventura CD, Ducharme R,
et al. Effect of sirolimus on malignancy and survival after kidney transplantation: systematic review and meta-analysis of individual patient
data. BMJ 2014;349:g6679.

Shamseer L, Moher D, Clarke M, Ghersi D, Liberati A, Petticrew M, et al.
Preferred reporting items for systematic review and meta-analysis protocols (PRISMA-P) 2015: elaboration and explanation. BMJ 2015;349:
g7647.

Liberati A, Altman DG, Tetzlaff J, Mulrow C, Gøtzsche PC, Ioannidis JP, et al.
The PRISMA statement for reporting systematic reviews and metaanalyses of studies that evaluate health care interventions: explanation
and elaboration. PLoS Med 2009;6:e1000100.

Yavchitz A, Ravaud P, Altman DG, Moher D, Hrobjartsson A, Lasserson T,
et al. A new classiﬁcation of spin in systematic reviews and metaanalyses was developed and ranked according to the severity. J Clin
Epidemiol 2016;75:56e65.

This is a reprint of an article that originally appeared in the November 2016 issue of the Journal of Investigative Dermatology. It retains its original pagination here.
For citation purposes, please use these original publication details: Drucker AM, Fleming P, Chan A-W. Research Techniques Made Simple: Assessing Risk of
Bias in Systematic Reviews. J Invest Dermatol 2016;136(11):e109ee114. doi:10.1016/j.jid.2016.08.021

www.jidonline.org e114

RESEARCH TECHNIQUES MADE SIMPLE 

Research Techniques Made Simple: Workﬂow
for Searching Databases to Reduce Evidence
Selection Bias in Systematic Reviews
Laurence Le Cleach1, Elizabeth Doney2, Kenneth A. Katz3, Hywel C. Williams2 and Ludovic Trinquart4
Clinical trials and basic science studies without statistically significant results are less likely to be published
than studies with statistically significant results. Systematic reviews and meta-analyses that omit unpublished
data are at high risk of distorted conclusions. Here, we describe methods to search beyond bibliographical
databases to reduce evidence selection bias in systematic reviews. Unpublished studies may be identified by
searching conference proceedings. Moreover, clinical trial registries—databases of planned and ongoing
trials—and regulatory agency websites such as the European Medicine Agency (EMA) and the United States
Food and Drug Administration (FDA) may provide summaries of efficacy and safety data. Primary and
secondary outcomes are prespecified in trial registries, thus allowing the assessment of outcome reporting
bias by comparison with the trial report. The sources of trial data and documents are still evolving, with
ongoing initiatives promoting broader access to clinical study reports and individual patient data. There is
currently no established methodology to ensure that the multiple sources of information are incorporated.
Nonetheless, systematic reviews must adapt to these improvements and cover the new sources in their
search strategies.
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INTRODUCTION

As highlighted in related Research Techniques Made Simple
articles, reporting bias remains one of the greatest threats to the
validity of systematic reviews (Abuabara et al., 2012; Drucker
et al., 2016). To obtain a fair assessment of the effects of an
intervention, systematic reviews of interventions for skin
diseases should use stringent efforts to include all relevant
evidence. An exhaustive search of trials is the most important
step in systematic review methodology to reduce evidence
selection bias. However, many published articles labeled
as “systematic reviews” search only a fraction of the evidence
by limiting the search to one or two convenient databases.
In this article, we describe a workﬂow for searching sources
beyond bibliographical databases (Figure 1). These techniques will be useful for systematic reviewers for planning an
optimal search strategy and for readers of systematic reviews
to judge whether suboptimal methods of identifying trials may
have introduced bias.
FIRST, FIND THE PUBLISHED TRIALS

For a systematic review of dermatological interventions, the
least one can do is to make every effort to identify all published randomized trials. Searching the Cochrane Central
Register of Controlled Trials, MEDLINE, and EMBASE will
likely allow the researcher to ﬁnd most published trials. The
Cochrane Central Register of Controlled Trials is particularly
important to search because it offers a concentrated source of
reports of randomized trials. Other specialized bibliographical databases may be relevant to speciﬁc topics (see
Supplementary Appendix S1 online). Searching bibliographical databases should follow the methodological principles
for information retrieval (Lefebvre et al., 2011). In particular,
search equations should seek increased sensitivity and use ad
hoc ﬁlters to identify randomized trials (such as the Cochrane
Highly Sensitive Search Strategies or ﬁlters listed at https://
sites.google.com/a/york.ac.uk/issg-search-ﬁlters-resource/home).
Such a search should be complemented by screening the
reference lists of all selected trials and by searching for previous systematic reviews on the same topic and screening the
lists of selected trials.
NEXT, FIND THE UNPUBLISHED TRIALS

About 50% of clinical trial results that are presented
at meetings and congresses remain unpublished (Scherer
et al., 2007). As a consequence, conference abstracts
should be searched to identify trials with unpublished results.
Data reported in conference abstracts may be not be as reliable as full publications, because abstracts may contain preliminary results and may not contain sufﬁcient information to
assess methodological quality. However, abstracts allow
documenting the existence of unpublished trials (more speciﬁcally, their number and sample size) and unpublished
outcomes. It allows statistical analysis to gauge the sensitivity
of the systematic review conclusions to the nondissemination
of these trials.
Some databases index conference proceedings. However,
there is currently no centralized registry of abstracts from all
conferences. Systematic reviewers most frequently hand
search or electronically search abstracts made available by
the corresponding societies (e.g., American Academy of

SUMMARY POINTS
 Trials without statistically signiﬁcant results are
less likely to be published than trials that show
apparent differences (publication bias). Moreover, trial outcomes that do not support the use
of the new treatment are less likely to be
published than those that do support its
use (outcome reporting bias).
 Systematic reviews and meta-analyses that omit
unpublished data are at high risk of biased conclusions. To increase their validity, systematic
reviews should rely on a thorough search for
published and unpublished trials.
 The Cochrane Central Register of Controlled
Trials, MEDLINE, and EMBASE should be
searched for published trials.
 Sources for ﬁnding unpublished trials have
expanded recently. Conference proceedings,
clinical trial registries, regulatory agency reviews,
and health technology assessment reports
should be searched for unpublished trials.
 A limitation is that there is no standard methodology yet to decide which sources of unpublished trials to search and how to search them.

Dermatology, European Society for Dermatological Research,
Society for Investigative Dermatology, Japanese Society for
Investigative Dermatology) through journal supplements or
on their websites. The Cochrane Skin Group has hand
searched and added to its Specialized Register 42 journals
and 28 conference proceedings (see Supplementary
Appendix S1).
THE VALUE OF TRIAL REGISTRIES FOR IDENTIFYING
MISSING OUTCOME DATA

Clinical trial registries—databases of planned and ongoing
trialsehave become essential sources for identifying unpublished trials. In 2005, the International Committee of Medical
Journal Editors stated that to be considered for publication,
trials need to have been registered in a public, International
Committee of Medical Journal Editors-approved registry
before the beginning of enrollment. Systematic review authors
can search the World Health Organization International
Clinical Trials Registry Platform Search Portal, which gathers
records of trials registered on 16 data providers, including
clinicaltrials.gov and the European Union Clinical Trials
Register. Besides institutional registries, pharmaceutical
companies have also developed clinical trial registries. When
a relevant completed trial is identiﬁed but no published
article can be matched, the systematic review authors can
contact the trialists or sponsors to inquire about the trial status
and ask for results. Some researchers have even suggested
that only prospectively registered trials should be included in
meta-analyses because the risk of bias with any other form of
trial is too great (Roberts et al., 2015).
www.jidonline.org e126
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Figure 1. Summary workﬂow for searching databases in a systematic review. A Cochrane systematic review about oral antiviral therapy for prevention of genital
herpes outbreaks in immunocompetent and nonpregnant patients is used as an illustration of this workﬂow (Le Cleach et al., 2014). Details can be found in
Supplementary Appendix S1 online, and a tutorial to search FDA drug approval packages and EMA public assessment reports can be found in Supplementary
Appendix S2 online.

Trial registries also allow identiﬁcation of unreported outcomes, because the primary and secondary outcomes are
documented in each trial record. In cases of publication, one
can compare the reported outcomes with the registered outcomes and assess selective outcome reporting bias, that is,
when negative outcomes remain unreported (Nankervis et al.,
2012). An example of outcome reporting bias is the Multicenter Selective Lymphadenectomy Trial (Williams, 2015),
one study that sought to determine whether wide excision
followed by sentinel node biopsy and immediate lymphadenectomy for nodal metastases is better than wide excision
followed by nodal observation for melanoma. The trial produced much valuable data, yet the primary outcome of
overall survival, which was identiﬁed in the original trial
registration, was never published in the ﬁnal report. Derivation of overall survival data from the study report suggested
no overall survival increase for sentinel biopsy plus selective
lymphadenectomy (Williams, 2015).
Clinical trial registries may also contain summary trial data.
At clinicaltrials.gov, the results of applicable clinical trials, as
deﬁned by section 801 of the FDA Amendments Act, are
required to be posted, and the results of many other trials are
e127 Journal of Investigative Dermatology (2016), Volume 136

also posted voluntarily. For systematic reviewers, it is therefore crucial to use clinicaltrials.gov to ﬁnd trial results, in
particular safety information. The EMA has also enacted a
proactive publication of summary results through the European Union Clinical Trials Register. Some pharmaceutical
companies have also developed their own clinical trial result
databases.
THE UNTAPPED DATA BURIED IN REGULATORY AGENCY
WEBSITES

Regulatory agencies, such as the FDA and the EMA, also offer
access to additional data through the pharmaceutical companies’ approval applications (see Supplementary Appendix
S2 online). The FDA provides a searchable catalog of
approved drug products. These unpublished trial data are
directly usable for systematic reviews, and their inclusion can
result in modiﬁcation of the conclusions. In a re-analysis of 41
meta-analyses based on published data only, the addition of
unpublished FDA trial data changed the outcome to a lower
treatment effect in 46.3% of meta-analyses, did not change
the estimate in 7.4%, and changed the outcome to a larger
treatment effect in 46.3% (Hart et al., 2012). The EMA
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MULTIPLE CHOICE QUESTIONS
1. Which of the following would result in publication bias?
A. Trials with negative results were not
published and could not be selected in
the systematic review.
B. Trials with statistically signiﬁcant results were
cited more often by subsequent articles,
increasing the likelihood of being selected
in the systematic review.
C. Trials were published in languages other than
English and could not be selected in the
systematic review.
D. Trials were published more than once,
increasing the likelihood of the trial being
selected in the systematic review.
E. All of the above
2. Searching beyond bibliographical databases for
a systematic review potentially reduces which
of the following?
A. Publication bias
B. Validity of the systematic review
C. Outcome reporting bias
D. Labor intensity of the search
E. A and C
3. The sources to search for published trials
include which of the following?
A. MEDLINE only
B. The Cochrane Central Register of Controlled
Trials
C. The Cochrane Database of Systematic
Reviews
D. EMBASE
E. B, C, and D
4. The sources to search for unpublished trials
include which of the following?
A. clinicaltrials.gov
B. alltrials.net
C. Drugs@FDA
D. Proceedings to the American Academy of
Dermatology Annual Meeting
E. A, C, and D
5. Which of the following are some limitations of
sources of unpublished trials?
A. Clinical trial registries include ongoing and
completed trials and potentially posted
trial results.
B. Reviews obtained from regulatory agencies
typically lack sufﬁcient detail to assess the
risk of bias for a trial.

Continued
C. Conference abstracts are not restricted by
treatment type (pharmacological and
nonpharmacological).
D. Searching conference abstracts, clinical trial
registries, and regulatory and health
technology assessment agency websites
is burdensome.
E. B and D

publishes European Public Assessment Reports for every
medicine application, whether it has been granted or refused
a marketing authorization. A comparison of FDA and EMA
data for 27 drugs has shown that detailed data on efﬁcacy and
harms were available; the information was easier to ﬁnd on
the EMA than on the FDA website, but more data on harms
were available on the latter (Schroll et al., 2015).
The beneﬁt of searching regulatory agency websites is
exempliﬁed in studies on use of imiquimod cream for molluscum contagiosum. In a Cochrane review published in
2009 (van der Wouden et al., 2009), the one published trial
comparing imiquimod with placebo in 23 patients showed a
relative risk of 3.67 (95% conﬁdence interval ¼ 0.48e28.0)
for complete clearance of lesions. However, three industrysponsored unpublished trials were included in a FDA’s
publicly available review (Papadopoulos, 2007). These three
trials randomized a total of 827 patients. When added to the
published trial, the pooled relative risk was 0.93 (95% conﬁdence interval ¼ 0.73e1.19), suggesting that imiquimod is
ineffective for that indication.
Finally, health technology assessment agencies, through
their requests to industry, may have access to unpublished
data and make them publicly available by publishing beneﬁt
assessment dossiers online (see Supplementary Appendix S1).
LIMITATIONS OF STATISTICAL DIAGNOSIS OR
CORRECTION FOR BIAS

A comprehensive search is even more important when
considering that no statistical method allows complete documenting or excluding of reporting bias in a systematic review
with certainty. Asymmetry of the funnel plot may indicate that
smaller trials give different ﬁndings than larger trials, but funnel
plot asymmetry has several possible causes, and its presence
or absence cannot be equated with the presence or absence of
reporting bias. Moreover, many statistical methods have
been introduced to detect or adjust for reporting bias, but their
use is inappropriate in most meta-analyses because of too few
trials or excessive heterogeneity (Ioannidis, 2008).
POTENTIAL CHALLENGES TO HANDLE WITH MULTIPLE
SOURCES OF DATA

Comprehensive searching adds to the resources needed to
complete the systematic review, but searching some sources
may not always yield additional evidence. Among 114 systematic reviews that searched FDA documents, unpublished
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data were available from the FDA for 17% (McDonagh et al.,
2013). The extent and depth of the search strategy might be
adapted according to the review question and context. For
example, in a systematic review of a drug for an unapproved
indication, searching the FDA documents is unlikely to
provide unpublished evidence. Speciﬁc indications or guidelines for reviews that will most likely beneﬁt from searching
additional sources such as the FDA do not yet exist.
Another challenge is that multiple reports for the same trial
may be identiﬁed, and discrepancies for results can exist
between different sources (Hartung et al., 2014). Systematic
review authors then have to link all reports of the same trial
together and decide and describe clearly which report is to be
chosen as the primary source of information. Although there
is no established consensus, an order of priority may be
prespeciﬁed. For instance, FDA-prepared documents may be
considered as more reliable than journal articles. In fact, FDA
statistical reviewers reanalyze raw data, whereas journal
articles may be affected by selective reporting of a subset
of statistical analyses based on the results.
THE WAY FORWARD

Trial registration is now a legal requirement in the United
States, European Union, and many countries, but compliance
is far from perfect. Enhanced transparency is encouraged by
the alltrials.net campaign, an initiative of several organizations such as Cochrane, The BMJ, and the Centre for
Evidence-Based Medicine, calling for registration and
reporting of results of all clinical trials. Another project,
OpenTrials.net, will aggregate information from a wide variety of existing sources to provide a comprehensive picture of
all the data and documents available for all trials. One key
source of trial data is clinical study reports, which are prepared by trial sponsors and transmitted to regulators. These
documents are still infrequent but are becoming increasingly
publicly available through requests to the EMA and FDA.
Moreover, the goal to obtain reporting transparency will be
reached as prominent journals continue to establish clear
requirements for making trial data available (Taichman et al.,
2016). The clinicalstudydatarequest.com and the Yale University Open Data Access (http://yoda.yale.edu/, accessed 5
October 2016) websites allow researchers to request access
to individual patient data and supporting documents from
industry-sponsored clinical trials. Moreover, the European
Medicines Agency policy has released guidance on the
publication of clinical data for medicinal products. This policy has entered into force in 2015 for the publication of
clinical reports, but in a later stage it will also concern the
publication of individual patient data.
Systematic reviews must adapt to these improvements and
cover the multiple new information sources in their search
strategies. Conference proceedings, clinical trial registries,

regulatory agency reviews, and health technology assessment reports contain unpublished evidence that can be
essential in resolving publication bias and selective outcome
reporting.
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Research Techniques Made Simple: Mouse
Models of Autoimmune Blistering Diseases
Robert Pollmann1 and Rüdiger Eming1
Autoimmune blistering diseases are examples of autoantibody-mediated, organ-specific autoimmune disorders. Based on a genetic susceptibility, such as a strong HLA-class II association, as yet unknown triggering
factors induce the formation of circulating and tissue-bound autoantibodies that are mainly directed against
adhesion structures of the skin and mucous membranes. Compared with other autoimmune diseases, especially systemic disorders, the pathogenicity of autoimmune blistering diseases is relatively well described.
Several animal models of autoimmune blistering diseases have been established that helped to uncover the
immunological and molecular mechanisms underlying the blistering phenotypes. Each in vivo model focuses
on specific aspects of the autoimmune cascade, from loss of immunological tolerance on the level of T and B
cells to the pathogenic effects of autoantibodies upon binding to their target autoantigen. We discuss current
mouse models of autoimmune blistering diseases, including models of pemphigus vulgaris, bullous pemphigoid, epidermolysis bullosa acquisita, and dermatitis herpetiformis.
Journal of Investigative Dermatology (2017) 137, e1ee6; doi:10.1016/j.jid.2016.11.003
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INTRODUCTION

Autoimmune blistering diseases (AIBDs) are a group of rare
acquired blistering skin diseases that are divided into four
major groups based on clinical appearance and pathology:
pemphigus diseases, including the most common clinical
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subtypes pemphigus vulgaris (PV) and pemphigus foliaceus,
the pemphigoid diseases like bullous pemphigoid (BP), epidermolysis bullosa acquisita (EBA), and dermatitis herpetiformis (DH). These diseases share the common feature
of being caused by circulating autoantibodies targeting
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Figure 1. Mouse models of
autoimmune blistering diseases.
Autoantigens and mouse strains used for
immunization are shown for each
respective autoimmune blistering
disease. (a) Current animal models for PV,
BP, EBA, and DH use wild-type or
humanized HLA-transgenic mice. Some
models are limited because of weak
homology between human and mouse
proteins and established self-tolerance to
autoantigens in mice. (b) To avoid the
difﬁculty of self-tolerance, preventing the
mouse immune system from reacting
destructively against autoantigens of the
skin, enhanced models for PV and BP use
immunization of mice lacking the
autoantigen. After subsequent adoptive
transfer of splenocytes (containing
autoreactive T and B cells) in Rag2knockout recipient animals expressing
the autoantigen, an autoimmune
response is initiated that resembles
certain aspects of the human disease. BP,
bullous pemphigoid; COL7, type VII
collagen; COL17, type XVII collagen;
DH, dermatitis herpetiformis; Dsg3,
desmoglein 3; EBA, epidermolysis
bullosa acquisita; PV, pemphigus vulgaris.

Table 1. Models of AIBD using active immunization with the respective antigens
Blistering Disease
PV

BP

EBA

DH

Purpose of Model

Methods Used in the Model

References

Generation of mouse Dsg3-speciﬁc T
and B cells and characterization of
produced autoantibodies; induction
of a clinical phenotype in mouse

Immunization of Dsg3 knockout mice
with mouse Dsg3 and subsequent
transfer of splenocytes into Dsg3competent immunodeﬁcient Rag2knockout recipients
Transfer of Dsg3 knockout
splenocytes into immunodeﬁcient
Rag2-knockout, Dsg3-competent
recipients
Immunization of humanized HLAtransgenic, MHC class II knock-out
DBA/1J mice with human Dsg3
Human COL17 immunization of
wild-type mice by skin grafting from
humanized COL17-transgenic mice
Human COL17 immunization of
wild-type mice by skin grafting from
humanized COL17-transgenic mice
and subsequent transfer of
splenocytes in COL17-humanized
Rag2-knockout mice
Immunization of SJL/J mice with
mouse GST-tagged COL7C

Amagai et al., 2000; Tsunoda et al., 2003;
Takahashi et al., 2008

Study the role of HLA molecules
in loss of self-tolerance against
human Dsg3
Characterize human COL17-speciﬁc
T and B cells in initiation and effector
phases of disease

Characterize loss of self-tolerance
against COL7 and the mechanisms of
autoantibody-induced tissue damage
Study the role of HLA molecules
in disease induction after
gluten-sensitization

Gluten-sensitization of HLA-DQ8
etransgenic, MHC class II knockout
NOD mice

Aoki-Ota et al., 2004; Kawasaki et al., 2006

Eming et al., 2014; Schmidt et al., 2016

Olasz et al., 2007

Ujiie et al., 2010

Ludwig et al., 2011; Sitaru et al., 2006

Marietta et al., 2004

Abbreviations: BP, bullous pemphigoid; COL, collagen; DH, dermatitis herpetiformis; Dsg, desmoglein; EBA, epidermolysis bullosa acquisita; GST,
glutathione S-transferase; MHC, major histocompatibility complex; NOD, nonobese diabetic; PV, pemphigus vulgaris.

disease-speciﬁc autoantigens in the human skin, resulting in
painful blisters of the skin and/or mucous membranes. Several
mouse models of AIBD have been generated, allowing researchers to investigate key pathophysiological mechanisms.
e2
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These models are either passive, based on the transfer of
previously generated autoantibodies into mice to generate a
blistering phenotype in vivo, or active, based on immunization of wild-type or genetically modiﬁed mice with the
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Figure 2. Dsg3-speciﬁc
autoantibodies show a synergistic
effect when used in combination. In
an active disease model of PV
established by Amagai et al. (2000),
Dsg3e/e mice were immunized with
mouse Dsg3, and splenocytes were
subsequently transferred into Rag2
immunodeﬁcient knockout mice to
generate B cells producing a panel of
polyclonal Dsg3-speciﬁc antibodies.
Mice inoculated with hybridoma cells
producing a weakly pathogenic Dsg3speciﬁc antibody (NAK1) did not
develop an apparent PV phenotype. In
contrast, when mice were inoculated
with a combination of several
hybridoma cells (NAK1 þ NAK2 þ
NAK7 þ NAK11) they developed a
phenotype similar to PV including
patchy hair loss, IgG deposition in
the oral mucosa, and suprabasilar
acantholysis in the skin. Scale bar ¼
50 mm. Adapted from Kawasaki et al.
(2006) with permission from Elsevier.
Dsg3, desmoglein 3; PV, pemphigus
vulgaris.

autoantigen to induce an autoimmune response (see Iwata
et al., 2015 for a comprehensive review).
In this article we will describe current active mouse models
for AIBD that use immunization of wild-type or genetically
modiﬁed mice (Figure 1 and Table 1). The models help to
show certain key elements of disease pathogenesis as follows:
(a) the loss of tolerance to self-antigens leading to the generation of autoreactive immune cells, (b) the T- and Bcelledependent production of autoantibodies, and (c)
autoantibody-dependent tissue damage. Genetic modiﬁcation of mice can be deﬁned as (i) the introduction of exogenous genes, like human autoantigens, into the genome of
mice (gain of function); (ii) the knockout of endogenous genes
in mice (loss of function), and (iii) the knockin of modiﬁed
endogenous genes (change of function). These techniques
have been described comprehensively in previous Research
Techniques Made Simple articles (Grifﬁn et al., 2015;
Günschmann et al., 2014; Scharfenberger et al., 2014;
Tellkamp et al., 2014).
MOUSE MODELS FOR PV

In PV, autoantibodies directed against desmogleins (Dsg3 and
Dsg1) cause loss of keratinocyte adhesion, resulting in blisters
and erosions of the skin and mucous membranes. In most PV

patients, autoantibody titers correlate with the clinical activity,
indicating a critical role of autoantibodies in disease pathogenesis. Moreover, several in vitro and in vivo studies have
clearly shown the pathogenic relevance of Dsg3-reactive IgG
autoantibody (Amagai and Stanley, 2012). To study the
mechanisms leading to generation of pathogenic autoantibodies in PV, Amagai et al. (2000) developed an active disease
model using Dsg3e/e mice (Koch et al., 1997) that lack an
established self-tolerance against Dsg3. Isolated splenocytes
from Dsg3-immunized or naïve Dsg3e/e mice were transferred
into Rag2-knockout, but Dsg3-competent, recipients to induce
a Dsg3-speciﬁc autoimmune response in vivo (Amagai et al.,
2000; Aoki-Ota et al., 2004). This model allowed the stable
production of a panel of Dsg3-speciﬁc autoantibodies that bind
to Dsg3 in vivo. Some of these autoantibodies were also able to
induce a PV-like phenotype in wild-type mice.
Using this active mouse model, the same group demonstrated that single Dsg3-speciﬁc CD4þ T-cell clones are able
to induce a clinical phenotype in recipient mice by activating
Dsg3-reactive B cells (Takahashi et al., 2008). Further work
with monoclonal autoantibodies isolated from B-cell hybridomas that were generated in this model showed that each
Dsg3-speciﬁc autoantibody has distinct pathogenic potencies
(Tsunoda et al., 2003). Among the different isolated
www.jidonline.org
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Figure 3. Genotypying of HLA
transgenes in a humanized PV mouse
model. Eming et al. (2014) established
an HLA-transgenic mouse model by
introducing HLA-DRB1, HLA-DQB1,
and human CD4 co-receptor into mice
lacking endogenous expression of
mouse major histocompatibility
complex class II (I-Ab). Transgene
expression on the immune cell surface
was validated by ﬂow cytometric
analysis. Transgenic mice (solid line)
express human CD4, HLA-DR, and
HLA-DQ but do not express I-Ab
compared with wild-type mice (dotted
line), which showed no transgene
expression. Adapted with permission
from Eming et al. (2014), Copyright
2014. The American Association of
Immunologists, Inc. FITC, ﬂuorescein
isothiocyanate; PE, phycoerythrin; PV,
pemphigus vulgaris.

Figure 4. Disease severity is dependent on MHC haplotype in an immunization-induced mouse model of EBA. Different mouse strains were immunized with an
immunogenic peptide from the murine collagen type VII (COL7C) to induce experimental EBA with erosions, crusts, and alopecia mainly localized at the ears,
snout, and around the eyes. Representative phenotypes from three different strains are shown. After COL7C immunization of SJL/J mice carrying the MHC
haplotype H2s a severe disease phenotype was induced, whereas C57Bl/6 mice carrying a different MHC haplotype showed no clinical signs of EBA. Female
MRL/MpJ mice carrying the H2k haplotype were also susceptible to EBA induction. Adapted from Ludwig et al. (2011), with permission from Elsevier. EBA,
epidermolysis bullosa aquisita; MHC, major histocompatibility complex.

monoclonal autoantibodies, AK23 could induce blister formation after passive transfer of AK23 into neonatal wild-type
mouse or by inoculation of AK23-producing hybridoma
cells into Rag-2e/e recipient mice. AK23 recognizes a
calcium-dependent conformational epitope located at the
adhesive interface in the N-terminal domain of Dsg3
(Tsunoda et al., 2003), indicating that one highly potent
pathogenic autoantibody alone can induce a blistering
phenotype in PV. However, in another study by Kawasaki
e4
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et al. a combination of several weakly pathogenic autoantibodies generated in the same model was shown to also
induce a PV phenotype in mice, pointing to potential synergistic effects of polyclonal Dsg3-speciﬁc autoantibodies in
disease induction (Figure 2) (Kawasaki et al., 2006).
Because PV patients show a high prevalence of distinct
HLA-DRB1 alleles such as HLA-DRB1*04:02, DRB1*14:04,
and DQB1*05:03, Eming et al. (2014) generated a humanized
HLA-class IIetransgenic mouse in which antigen presentation
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MULTIPLE CHOICE QUESTIONS
1. Which of the following is not characteristic of all
autoimmune blistering diseases?
A. Blisters on the skin and/or mucous
membranes
B. IgG autoantibodies
C. Autoantibodies against autoantigens in the
skin
D. Loss of self-tolerance
2. Which knockout mice are immunized with
autoantigen in the active disease model of
pemphigus vulgaris?
A. Dsg1e/e mice
B. COL7e/e mice
C. Dsg3e/e mice
D. Dsg2e/e mice
3. Which domain of type VII collagen is used for
the immunization-induced model for
epidermolysis bullosa acquisita?
A. NC1
B. NC2
C. NC3
D. NC4
4. What is/are the main autoantigen(s) in bullous
pemphigoid?
A. COL17/BP180
B. BP230
C. COL17/BP180 and BP230
D. COL17/BP180 and BP250
5. Which Dsg3-speciﬁc antibody can induce a
pemphigus vulgaris-resembling phenotype in
wild-type mice?
A. AK7
B. AK47
C. AK3
D. AK23

immunization of mice transgenic for a PV-unrelated HLAmolecule (HLA-DRB1*04:01) did not induce a Dsg3-speciﬁc
antibody response, indicating that recognition of distinct
Dsg3 peptides by CD4þ T cells is highly speciﬁc for certain
HLA molecules that are highly prevalent in PV (Eming et al.,
2014). With the same model it was recently shown that
CD4þCD25þFoxP3þ T regulatory cells exert a downregulatory effect on the humoral Dsg3-speciﬁc immune
response, which supports the hypothesis that the Dsg3speciﬁc CD4þ T-celledependent immune pathogenesis of
PV is modulated by T regulatory cells (Schmidt et al., 2016).
ANIMAL MODELS FOR BP

BP is a subepidermal blistering disease characterized by autoantibodies against antigens in the epidermal basement
membrane, mainly type XVII collagen (COL-17)/BP180 (BP
antigen II of 180 kDa) and the intracellular plakin BP230 (BP
antigen I of 230 kDa). Autoantibodies from BP patients fail to
recognize mouse COL-17 in passive transfer models due to of
differences in the amino acid sequences between humans
and mice. Therefore, humanized mouse models for BP have
been used to study disease mechanisms in vivo (Nishie et al.,
2007). Olasz et al. (2007) established an active BP model
using transgenic mice expressing human COL-17 in the
murine basement membrane. Transgenic mice were generated by crossing COL-17 knockout mice with animals
expressing human COL-17 under the control of the human
keratin-14 promotor, allowing tissue-speciﬁc expression of
human COL-17 only in the basement membrane of transgenic
mice (Olasz et al., 2007). Skin grafts from COL-17-transgenic
mice were then transplanted onto syngeneic wild-type
recipients to induce a strong COL-17especiﬁc IgG response
with autoantibodies able to induce subepidermal blistering in
the skin graft.
The model was further developed by Ujiie et al. (2010), who
transferred splenocytes from human COL-17-immunized
wild-type mice into immunodeﬁcient Rag-2e/e/COL17e
humanized recipients. In this model, the depletion of CD4þ T
cells from the COL-17eimmunized mice suppressed the
production of COL-17especiﬁc IgG antibodies, whereas the
depletion of CD8þ T cells showed no effects, indicating
that CD4þ T cells, but not CD8þ T cells, are essential for
the production of antibodies against human COL-17 in the
humanized BP model.
ANIMAL MODELS FOR EBA

to CD4þ T cells is restricted to human HLA alleles, which are
highly prevalent in PV, thus allowing characterization of the
loss of self-tolerance against human Dsg3 by CD4þ T cells in
an HLA-restricted in vivo model system (Eming et al., 2014).
Mice were generated by introducing transgenic
constructs containing HLA-DRA1*01:01, -DRB1*04:02, and
HLA-DQA1*03:01, -DQB1*03:02 (DQ8) into mice lacking
functional endogenous murine major histocompatibility
complex (MHC) class II (I-Aße/e) (Figure 3). After immunization of HLA-DRB1*04:02-transgenic mice with immunodominant Dsg3 peptides, a CD4þ T cell-dependent immune
response against human Dsg3 with the production of pathogenic Dsg3 reactive IgG antibodies was observed. However,

In EBA, autoantibodies bind to type VII collagen (COL-7), an
anchoring ﬁbril protein of the dermal-epidermal junction,
leading to skin fragility and blistering of the skin and mucous
membranes. Most EBA sera recognizes the noncollagenous-1
domain of COL-7. Animal models for EBA are mainly based
either on the passive transfer of COL-7especiﬁc antibodies
(derived from human or other species like rabbits) or on the
direct immunization of mice with the autoantigen (see
Kasperkiewicz et al. [2016] for review). In the active
immunization-induced EBA mouse model, wild-type mice are
immunized with an immunogenic peptide of the COL-7
epitope from the murine noncollagenous-1 domain. After
4e8 weeks mice start showing a phenotype similar to EBA, with
subepidermal blister formation mainly located at the ears,
www.jidonline.org
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snout, and around the eyes (Ludwig, 2012; Sitaru et al., 2006).
This model is used to study both the initial autoimmune events
in loss of self-tolerance leading to development of autoreactive
COL-7especiﬁc T and B cells and to study mechanisms of
autoantibody-induced tissue damage and inﬂammation. For
instance, Ludwig et al. (2011) showed that the induction and
the severity of the EBA-like phenotype strongly depends on
the mouse’s MHC haplotype, because mouse strains carrying
the H2s haplotype are more prone to develop experimental
EBA after COL-7 immunization and show the highest disease
severity compared with other inbred mouse strains (Ludwig
et al., 2011) (Figure 4).

Amagai M, Tsunoda K, Suzuki H, Nishifuji K, Koyasu S, Nishikawa T. Use of
autoantigen-knockout mice in developing an active autoimmune disease
model for pemphigus. J Clin Invest 2000;105:625e31.

MOUSE MODELS FOR DH

Iwata H, Bieber K, Hirose M, Ludwig RJ. Animal models to investigate pathomechanisms and evaluate novel treatments for autoimmune bullous dermatoses. Curr Pharm Des 2015;21:2422e39.

DH is a blistering skin disease strongly associated with gluten
intolerance that is clinically characterized by an intensively
pruritic papulovesicular rash on the skin. Immunoﬂuorescence shows IgA deposition at the tips of the papillary dermis,
and gluten-induced IgA autoantibodies are directed against
transglutaminase-2 and -3 (Kárpáti, 2012). On the basis of the
strong genetic association of DH with HLA-DQ2 and HLADQ8, Marietta et al. (2004) used autoimmune-prone nonobese diabetic mice lacking the endogenous murine MHC
class II (I-Aße/e) and introduced the human HLA-DQ8
transgene to establish a transgenic model in which antigen
presentation to CD4þ T cells is restricted to HLA-DQ8. Blister
formation, neutrophil inﬁltration in the dermis, and deposition
of IgA antibodies at the dermal-epidermal junction were
observed in 16% of HLA-DQ8etransgenic nonobese diabetic
mice that were sensitized to gluten, whereas no blistering or
IgA deposition was observed in noneHLA-DQ8etransgenic
mice, indicating that HLA-DQ8 is required for blister formation (Marietta et al., 2004).
CONCLUSION

The current understanding of the pathophysiology of AIBDs
has been greatly increased by studies that have been performed in mouse models for these disorders. The current
models summarized in this article are based on the active
immunization with recombinant autoantigens. The mouse
models focus on various aspects of the autoimmune cascade
ﬁnally resulting in the production of antibodies directed
against the antigen of interest. In most cases, the mice develop
a clinical phenotype resembling certain aspects of the human
disease. However, so far there is no spontaneous mouse model
for AIBD, which limits the signiﬁcance of the established
in vivo systems with regard to modeling the human situation.
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Research Techniques Made Simple: Analysis
of Collective Cell Migration Using the Wound
Healing Assay
Ayman Grada1, Marta Otero-Vinas1,2, Francisco Prieto-Castrillo3, Zaidal Obagi4 and Vincent Falanga1,5
Collective cell migration is a hallmark of wound repair, cancer invasion and metastasis, immune responses,
angiogenesis, and embryonic morphogenesis. Wound healing is a complex cellular and biochemical process
necessary to restore structurally damaged tissue. It involves dynamic interactions and crosstalk between
various cell types, interaction with extracellular matrix molecules, and regulated production of soluble mediators and cytokines. In cutaneous wound healing, skin cells migrate from the wound edges into the wound to
restore skin integrity. Analysis of cell migration in vitro is a useful assay to quantify alterations in cell migratory
capacity in response to experimental manipulations. Although several methods exist to study cell migration
(such as Boyden chamber assay, barrier assays, and microfluidics-based assays), in this short report we will
explain the wound healing assay, also known as the “in vitro scratch assay” as a simple, versatile, and costeffective method to study collective cell migration and wound healing.
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COLLECTIVE CELL MIGRATION

Cell migration is deﬁned as the actual movement of individual
cells, cell sheets, and clusters from one location to another. The
term “cell motility” is often used interchangeably, but may
technically imply a less coordinated and purposeful movement
of cells. Two principal types of cell migration have been identiﬁed: single cell migration and collective cell migration.
Depending on the cell type, cytoskeletal structure, and the
context in which it is migrating, the cell can migrate in different
morphological variants such as mesenchymal, amoeboid
motility modes (Friedl and Wolf, 2003). Collective migration is

ª 2016 The Authors. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.
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SUMMARY
Advantages:
 Relatively inexpensive and easy to perform.
 Allows observation of cell movement and
morphology throughout the experiment.
 Testing conditions can be easily adjusted for
different purposes.
 Creates a strong directional migratory response.
 Ability to coat assay surface with an appropriate
extracellular matrix.
 Amenable to high throughput screening
platforms.
Limitations:
 May not be suitable for studying specialized
primary cells because a relatively large number
of cells are required for the assay.
 Not suitable for chemotaxis studies or for
nonadherent cells.
 Lack of standardization in its application makes it
difﬁcult to reproduce experiments.
 Scratching introduces mechanical injury to the
cells, leading to release of cellular contents into
the surroundings and potentially inﬂuencing the
migration process.
 Cell proliferation may interfere with the
measurement of cell migration. Therefore,
suppression of proliferation is a recommended
intervention.

the coordinated movement of a group of cells that maintain their
intercellular connections and collective polarity. Depending on
the anatomical and physiological context, collective migration
can manifest as (i) two-dimensional locomotion across a tissue
surface (also known as sheet migration) where cells migrate as
ﬂat monolayer sheets, such as epidermal keratinocytes during
wound healing, or (ii) three-dimensional locomotion across a
tissue scaffold where cells are organized as a network of
multicellular strands (Friedl and Gilmour, 2009).
WOUND HEALING

There are four main phases in wound healing: coagulation,
inﬂammation, migration-proliferation (including matrix deposition), and remodeling (Falanga, 2005). These phases do not
represent distinct events, but rather overlap and are continuous. After tissue injury and under the inﬂuence of various
growth factors and cytokines, keratinocytes at the rear of the
wound margins may display a high proliferative activity. These
cells then migrate forward onto the wound bed and help restore
the epidermal barrier structure and function. This overall process involves cell migration, proliferation, and differentiation.
In smaller wounds, the critical event is keratinocyte migration
rather than proliferation (Falanga, 2005). Cell migration begins
several hours after injury. Epidermal cells adjacent to the
wound margin become polarized (driven by the actin
e12
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cytoskeleton) and develop pseudopodium-like projections
preferentially oriented outward, into the free space, and within
24 hours, the cells detach from the basal lamina and are ready
for migration. Lamellipodial crawling refers to the pattern of
motion that epidermal cells exhibit during migration (Ridley
et al., 2003). Although we have predominantly referred to
keratinocytes, one must recognize that studies of cell migration
in skin processes and disease also involve other resident skin
cells, including ﬁbroblasts, microvascular endothelial cells,
and melanocytes, among others.
IN VITRO WOUND HEALING ASSAY

Studying the collective migration of cells in a two-dimensional
conﬂuent monolayer in highly controlled in vitro conditions
allows investigators to simulate and explore critical mechanisms of action involved in the process. A variation of this
method that tracks the migration of individual cells has been
described in the literature (Rodriguez et al., 2005). There is
argument about whether the assay can be equated to an actual
wound, which is obviously more complex, but the assay does
allow modeling and testing of cell movement under welldeﬁned conditions. This assay is suitable for cell types such
as keratinocytes and skin ﬁbroblasts that exhibit collective
migration, also known as “sheet migration” (Bindschadler and
McGrath, 2007). The technique involves making a linear thin
scratch “wound” (creating a gap) in a conﬂuent cell monolayer
(Figure 1) and subsequently capturing at regular time intervals
images of the cells ﬁlling the gap (Cory, 2011). One can then
analyze the images to quantify migration. Live cell imaging
using time-lapse microscopy allows recording of spatial and
temporal information and allows for investigation of dynamic
processes in living cells (Supplementary Movie S1 online). The
measurements are generally taken for 24 hours in an attempt to
limit the study to migration and minimize the contribution of
cell proliferation to gap ﬁlling. However, the time frame should
be adjusted according to the particular cell type to be studied.
To further reduce the risk of cell proliferation confounding the
study of migration, a low dose of the proliferation inhibitor
mitomycin C can be used. Mitomycin C is an antitumor antibiotic that inhibits DNA synthesis. The dose needs to be
carefully optimized to avoid toxic effects that may affect cell
migration. Using low serum concentrations in cell medium
(serum starvation) is the most common method to suppress cell
proliferation in wound healing assays. However, the duration
of serum starvation and the required serum concentrations
need to be rigorously determined for each studied cell line.
Serum starvation can elicit complex, unpredictable timedependent, and cell-type-dependent effects (Pirkmajer and
Chibalin, 2011).
APPLICATIONS OF THE WOUND HEALING ASSAY

 Quantitative and qualitative analysis of collective cell
migration under different experimental conditions.
 Studying the effects of cell-matrix and cell-cell interactions
on cell migration.
 High-throughput screening for genes involved in cancer
cell migration (Simpson et al., 2008), small molecule
screening (Yarrow et al., 2005), and drug discovery
(Hulkower and Herber, 2011).
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Figure 1. The in vitro wound healing assay. (a) Human skin ﬁbroblasts forming a conﬂuent monolayer. (b) In vitro “wound” was created by a straight line scratch
across the ﬁbroblast monolayer. Black arrows are pointed toward wound edges.

METRICS TO QUANTIFY CELL MIGRATION

The rate of cell migration can be quantﬁed using a single
metric or a combination of metrics. The following are the
most commonly used metrics:
1. Wound width can be calculated as the average distance
between the edges of the scratch. Manual quantiﬁcation
can be time consuming. The wound width should
decrease as cell migration progresses over time. Migration
rate can be quantiﬁed by dividing the change in wound
width by the time spent in migration:
Wi  Wf
t
¼ Rate of cell migration ðnm=hÞ

3. Relative wound density (RWD) can also be used to measure cell migration. This metric is employed in live cell
imaging platforms such as the IncuCyte system (Essen
BioScience, Ann Arbor, MI), and is the percentage of
spatial cell density in the wound area relative to the spatial
cell density outside of the wound area at each time point
(Johnston et al., 2015). Under normal conditions, RWD
will increase as cells migrate over time. This metric has the
advantage of allowing normalization for changes in cell
density caused by proliferation and pharmacological
effects.
% RWD ðtÞ ¼

RM ¼

RM

Wi ¼ initial wound width ðnmÞ

wt  w0
 100
ct  w0

wt ¼ Density of the wound area at time t
ct ¼ Density of the cell area at time t

Wf ¼ final wound width ðnmÞ
t ¼ duration of migration ðhourÞ

2. Wound area can be calculated by manually tracing the
cell-free area in captured images using the ImageJ public
domain software (NIH, Bethesda, MD). Under normal
conditions, the wound area will decrease over time. The
migration rate can be expressed as the change in the
wound area over time. Rotzer et al. (2016) showed how
the scratch wound assay can be used to assess the
migration capacity of keratinocytes under different experimental conditions (Figure 2). Alternatively, the migration
rate can be expressed as the percentage of area reduction
or wound closure. The closure percentage will increase as
cells migrate over time:


At¼0h  At¼Dh
100%
Wound Closure % ¼
At¼0h
At¼0h is the area of the wound measured immediately
after scratching ðt ¼ 0hÞ
At¼Dh is the area of the wound measured h hours after
the scratch is performed

MATERIALS AND EQUIPMENT
 Standard cell culture protocols are available for most cell lines and
can be obtained from the online literature.
 Plastic-bottomed multiwell tissue culture plates, 10 ml pipette tips,
razor or extra ﬁne permanent marker, cell culture incubator, CO2
supply, and, in the case of testing hypoxic conditions, a nitrogen
supply.
 Imaging equipment: bright-ﬁeld microscope connected to a digital
camera. Recently, an automated live cell content imaging platform
has become available that allows time-lapse microscopy
(including of green ﬂuorescent protein [GFPþ] cells) and quantitative image analysis. In this system, the entire unit is placed on a
tray in the tissue culture incubator connected to an external
dedicated computer.

PROCEDURE

Protocols will of course vary according to the cell type being
studied. However, there are some basic fundamental steps
(Figure 3) that are applicable for almost all cell types: (i) cell
culture preparation, (ii) scratch-making, (iii) data acquisition,
and (iv) data analysis.

www.jidonline.org
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Figure 2. Migration is increased in desmoglein 3 (Dsg3)-depleted keratinocytes in a p38MAPK-dependent manner. (a) Representative bright-ﬁeld images show
that silencing of Dsg3 resulted in signiﬁcantly increased migration speed compared with nontarget siRNA controls. This acceleration of gap closure was also
prevented by p38MAPK inhibition using SB20. (b) Wound closure expressed as the remaining area uncovered by the cells. The scratch area at time point 0 hours
was set to 1 (n ¼ 4e6; *P < 0.05, #P < 0.05 vs. respective DMSO condition). (c, d) Scratch-wound closure monitored over time in cells isolated from Dsg3þ/þ
and Dsg3/ mice. Bar is 150 mm (n ¼ 10e15 from four independent isolation procedures; *P < 0.05 vs. Dsg3þ/þ DMSO, #P < 0.05 vs. respective DMSO
condition). The black bar at the right lower corner is 150 mm. MAPK, mitogen-activated protein kinase; siRNA, small interfering RNA. Reprinted from Rotzer
et al. (2016), with permission from Elsevier.

e14

1. Cell culture preparation:
a. The required number of cells to form a conﬂuent
monolayer need to be determined according to the
particular cell type and the size of wells.
b. Place the culture dishes inside the incubator until a
conﬂuent monolayer is formed (Figure 1).
c. To inhibit cell proliferation, add an optimized (nontoxic)
dose of mitomycin C for a few hours after cells reach
conﬂuence and then removing mitomycin-C by washing
before making the scratch (Chen et al., 2013).

at 4 or 10 magniﬁcation. It is important to angle the
pipette correctly and apply consistent pressure to create
a consistent gap width. The gap should have relatively
smooth edges and little cellular debris. A ﬁne permanent marker tip can be used to draw several reference
points close to the scratch. Manual scratching may
reduce reproducibility due to well-to-well variation in
gap width. Commercially available “wound maker”
allows for uniform scratch-making (Supplementary
Teaching Slides online).

2. Scratch-making:
a. A sterile plastic micropipette tip or razor blade can be
used to simulate an in vivo wound by creating a
straight-edged, cell-free zone across the cell monolayer
in each well. A gap width of 0.5 mm allows observation

b. After creating the scratch, the monolayer is washed with
basal medium to remove cell debris, and complete medium is added. Most experiments are performed with cells
in a tissue culture incubator set at 37  C, 5% CO2, and 95%
air. These conditions can be altered, for example, to study
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Figure 3. Graphical abstract summarizing the workﬂow of the in vitro wound healing assay. The technique involves basic steps applicable to almost all cell
types: 1) cell seeding and preparation; 2) making a linear thin scratch “wound” (creating a gap) in a conﬂuent cell monolayer; 3) data acquisition through
microscopic image capturing and gap measurement at each time point; and 4) data analysis.

the effects of hypoxia on migration, whereby nitrogen is
infused to decrease the air/oxygen concentration. The time
needed for incubation should be determined empirically
for the particular cell type to be investigated. Each experimental condition is typically evaluated in a triplicate.
3. Data acquisition:
a. Snapshot method: Migration progress can be documented by taking sequential digital photographs of the
gap using bright-ﬁeld microscopy. A reasonable
approach is to captures three images per well per time
point. Wound area can be calculated using the ImageJ
public domain software.
b. Live cell imaging: Automated live-cell imaging platforms are well suited for long-term monitoring of cell
behavior because the microscope can be placed inside
the incubator itself. Cells are therefore imaged under
optimal physiological conditions for the duration of the
experiment. The system allows the end-point readout of
cellular events and exploration of kinetic, functional,
and quantitative measurement of living cells’ behavior.
4. Data analysis:
Summary statistics can be calculated, and a line chart can be
used to plot the mean migration rate versus time. To test a
hypothesis or compare migration rates of different cell populations, Student’s t-test is used to compare two samples and
analysis of variance with multiple testing corrections should
be performed for comparing three or more groups of data. A Pvalue < 0.05 is used to deﬁne statistical signiﬁcance. If the
data satisfy tests for normality and equal variance, then a t-test

should be performed to compare the mean of two groups; a
two-tailed unpaired t-test (if the samples are independent), or
a two-tailed paired t-test (if the samples are related) can be
performed. If the data fail the normality test, then nonparametric tests such as the Wilcoxon-Mann-Whitney test may be
used or Kruskal-Wallis nonparametric when comparing more
than two groups. One drawback of nonparametric tests is that
they have less power than conventional tests such as Student’s
t-test and analysis of variance. To mitigate this issue, a smaller
P-value can be used to deﬁne signiﬁcance (P < 0.01). To help
users perform statistical analysis, we provided instructions
and R code in the Supplementary Materials (online). Recent
advances in network science, machine learning, and
computational modeling can be utilized to model and simulate collective cell migration and “learn” patterns of complex
cellular behavior on a large scale, and perhaps predict responses to perturbations. Such in silico models can complement traditional experimental research and help in narrowing
research questions (Masuzzo et al., 2016).
CONCLUSIONS

The in vitro wound healing assay is a convenient and
economical method to assess and quantify collective cell
migration under different experimental conditions. Collective
cell migration is a hallmark of many physiological and
pathological processes pertaining to skin such as wound
repair and cancer metastasis. One can enhance accuracy and
reproducibility of the assay by creating cell monolayers with
the same degree of conﬂuence and making uniform in vitro
“wounds” in terms of size and geometry.

www.jidonline.org

e15

RESEARCH TECHNIQUES MADE SIMPLE 
MULTIPLE CHOICE QUESTIONS
1. Which of the following treatments can be used
to suppress cell proliferation so that it does not
interfere with in vitro measurement of cell
migration?
A. Mitomycin C
B. Paclitaxel
C. Serum starvation
D. Vinblastine
E. A and C
2. The wound healing assay is performed in the
following sequence:
A. Cell culture, image collection, scratch-making,
sequencing
B. Cell culture, scratch-making, data acquisition,
data analysis
C. Scratch-making, cell culture, freezing, image
collection
D. Cell coating, DNA sequencing, alignment to
a reference genome
E. Data acquisition, culture preparation,
scratch-making, data analysis

5. Which of the following measures can enhance
reproducibility of results when performing the
in vitro wound healing assay?
A. Always seed cells at the same density and
start the assay at the same degree of
conﬂuence.
B. If a manual scratch must be made, use
consistent pressure and pipette tip angle
to create uniform scratch sizes and shapes.
C. Incubate cells for no more than 24 hours.
D. Increase the sample number.
E. A and B
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Research Techniques Made Simple: Identiﬁcation
and Characterization of Long Noncoding RNA in
Dermatological Research
Dario Antonini1, Maria Rosaria Mollo2 and Caterina Missero2,3
Long noncoding RNAs (lncRNAs) are a functionally heterogeneous and abundant class of RNAs acting in all
cellular compartments that can form complexes with DNA, RNA, and proteins. Recent advances in
high-throughput sequencing and techniques leading to the identification of DNA-RNA, RNA-RNA, and RNAprotein complexes have allowed the functional characterization of a small set of lncRNAs. However, characterization of the full repertoire of lncRNAs playing essential roles in a number of normal and dysfunctional
cellular processes remains an important goal for future studies. Here we describe the most commonly used
techniques to identify lncRNAs, and to characterize their biological functions. In addition, we provide examples
of these techniques applied to cutaneous research in healthy skin, that is, epidermal differentiation, and in
diseases such as cutaneous squamous cell carcinomas and psoriasis. As with protein-coding RNA transcripts,
lncRNAs are differentially regulated in disease, and can serve as novel biomarkers for the diagnosis and
prognosis of skin diseases.
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The sequencing and functional analysis of the human
genome has demonstrated that while well-characterized
protein-coding genes account for only 2% of the genome,
approximately 80% of the genome is transcribed from one or
both strands, resulting in a large number of RNAs with little or
no protein coding potential. Long noncoding RNAs (lncRNAs)
are deﬁned as RNA transcripts equal to or longer than 200
nucleotides that do not encode for proteins (Geisler and
Coller, 2013). Regulation of their expression occurs by
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SUMMARY
Advantages:
 RNA-seq coupled with advanced bioinformatics
tools allow detection of even low abundance
of known or previously unidentiﬁed lncRNAs,
determining their primary structure and expression pattern.
 Well-established techniques such as quantitative
reverse transcription polymerase chain reaction,
Northern blots, and RNA FISH can be applied to
validate expression, length, and to identify the
localization of lncRNAs.
 Recent advances in genomics and proteomics
can be applied to the study of lncRNAs by
identifying in a high-throughput fashion
lncRNA-associating DNA, RNA, and proteins.
 Because lncRNAs can serve as crucial components
of large complexes, their functional characterization can be instrumental for therapeutic
intervention.
Limitations:
 lncRNAs have highly heterogeneous functions
requiring ad hoc studies for each single lncRNA.
 lncRNAs form complicated secondary and
tertiary structures that can depend on their
interacting molecules; therefore the function is
not easily predictable by their primary structure.
 lncRNAs may be part of different complexes;
therefore identiﬁcation of protein, RNA, and
DNA partners may not be entirely predictive
of their functions.

mechanisms similar to those observed for coding genes.
Similar to coding genes, lncRNA genes are often spliced,
although with fewer exons, capped at their 50 end, and polyadenylated at their 30 end, although some lncRNAs do not
contain a poly(A) tail.
LncRNAs have versatile functions due to their ability to pair
with other nucleic acids and to form secondary and tertiary
structures that can serve as scaffolds for multiple protein
complexes. Several studies have revealed the functional
relevance of lncRNAs in normal physiology, and their clinical
implication in a number of malignancies as well as in other
pathologies (Leucci et al., 2016; Schmitt and Chang, 2016;
Yan et al., 2015).
IDENTIFICATION AND VALIDATION OF lncRNAs

To generate a comprehensive and global expression proﬁle of
lncRNAs in a given cell type or tissue, the most accurate and
high-resolution method is RNA sequencing (RNA-seq) that
takes advantage of high-throughput next-generation
sequencing technologies (Figure 1a). The experimental design
is crucial to obtain quantitative data and the appropriate
comparison of different samples, especially when considering
e22
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healthy and patient tissues. The ﬁrst step is to create a cDNA
library from RNA samples by depleting the highly abundant
ribosomal RNA (for details see Whitley et al., 2016). After
sequencing, basic bioinformatics analysis, and data extraction, the sequenced reads can be mapped to the corresponding genome or transcriptome reference, using several
databanks including reference sequence (RefSeq; https://
www.ncbi.nlm.nih.gov/refseq/), GENCODE (https://www.
gencodegenes.org), lncrbadb (http://lncrnadb.com), and
NONCODEv4 (http://noncode.org). An advantage of RNAseq as opposed to microarrays is the potential of discovering novel transcribed regions and alternatively spliced
forms of known genes by transcriptome reconstruction.
Using RNA-seq to compare undifferentiated and differentiated human keratinocytes, Kretz et al. (2013) identiﬁed the ﬁrst
lncRNA (terminal differentiation-induced ncRNA [TINCR])
that controls human epidermal differentiation by a posttranscriptional mechanism. PolyA-selected RNA was used
to generate cDNA, and high-throughput transcriptome
sequencing was undertaken using the Illumina HiSeq platform.
Differential expression analysis was performed using human
RefSeq transcripts as a reference transcriptome.
The largest expression dataset of lncRNAs in skin generated
to date is from polyAþ RNA-derived cDNA from 216 samples
of lesional, nonlesional psoriatic skin, and normal skin (Tsoi
et al., 2015). More recently, Gupta et al. (2016) performed
RNA-seq to compare the expression of lncRNAs in normal
skin from healthy individuals and in lesional skin from patients with psoriasis before and after treatment with adalimumab, a humanized monoclonal antibody against tumor
necrosis factor-alpha. cDNA was generated from ribosomaldepleted RNA from more than 15 individuals for each
group, and sequences were obtained using the Illumina
HiSeq. Interestingly, in this case, lncRNAs were mapped using a combined dataset derived from RefSeq, GENCODE, and
a previously generated lncRNA catalog (Hangauer et al.,
2013). Data were validated by reanalyzing previously published RNA-seq data obtained from an independent set of
psoriatic skin (Li et al., 2014) with the combined database.
This approach validated the top-scoring lncRNA identiﬁed by
Gupta et al., underlying the crucial importance of publicly
available RNA-seq raw data that can be reanalyzed in subsequent experiments by other groups.
Once speciﬁc lncRNAs of interest have been identiﬁed, a
validation step is required (Figure 1b). Quantitative reverse
transcription polymerase chain reaction approaches are
useful to conﬁrm lncRNA expression levels under different
conditions. Although less quantitative and sensitive, Northern
blot can provide reliable visual evidence for the abundance
and length of the transcripts (Kretz et al., 2013). A useful
technique to determine the subcellular localization of
lncRNAs is single-molecule RNA ﬂuorescence in situ
hybridization (RNA FISH) analysis (Kretz et al., 2013;
Piipponen et al., 2016) (Figure 2c). Visualization of the subcellular localization of a given lncRNA by FISH technology
can shed light on its putative functions. This ﬂuorescent
method led to the demonstration that the lncRNA TINCR, a
crucial regulator of keratinocyte differentiation, is present at
low levels both in the nucleus and in the cytoplasm of undifferentiated human keratinocytes, whereas its expression
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Figure 1. Schematic experimental
procedure for the (a) identiﬁcation,
(b) validation, and (c) functional
characterization of lncRNAs. RNA
interactome analysis with highthroughput sequencing (RIA-Seq);
protein microarray analysis (PMA);
RNA binding protein (RBP) pull-down.
FISH, ﬂuorescence in situ
hybridization; lncRNA, long
noncoding RNA; qRT-PCR,
quantitative reverse transcription
polymerase chain reaction.

becomes abundant in the cytoplasm of differentiated human
keratinocytes, indicating that it plays a cytoplasmic function
as conﬁrmed by its ability to bind to and stabilize differentiation mRNAs (Kretz et al., 2013).

FUNCTIONAL STUDIES OF lncRNAs

LncRNAs have been shown to participate in many biological
processes including the control of gene transcription, DNA
replication, RNA splicing and stability, protein synthesis, and
www.jidonline.org
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Figure 2. Expression of the lncRNA PICSAR is speciﬁcally upregulated in cSCC cells and its depletion suppresses growth of cSCC xenografts. (a) The heatmap
of whole transcriptome analysis showing signiﬁcantly (P < 0.05) regulated lncRNAs in primary (Prim; n ¼ 5) and metastatic (Met; n ¼ 3) cSCC cell lines and in
NHEKs (n ¼ 4). (b) Expression of PICSAR in cSCC (n ¼ 6) and in normal skin (n ¼ 7) was determined by quantitative reverse transcription polymerase chain
reaction (qRT-PCR). (c) Expression of PICSAR in cSCC and NHEK was determined by RNA FISH (in red). Scale bar ¼ 10 mm. (d) PICSAR siRNA or negative control
transfected cSCC cells were injected subcutaneously into the back of immunodeﬁcient mice. Xenografts were harvested 18 days after inoculation and weighed.
Mean  SEM is shown; *P < 0.05. (e) Histology of the tumors was analyzed by hematoxylin and eosin (H&E) staining. The proliferation marker Ki-67 was
detected in xenografts by immunohistochemistry. Hematoxylin was used as a counterstain. Scale bar ¼ 100 mm. cSCC, cutaneous squamous cell carcinoma;
FISH, ﬂuorescence in situ hybridization; lncRNA, long noncoding RNA; NHEK, normal human keratinocyte; PICSAR, p38 inhibited cutaneous squamous cell
carcinoma associated lincRNA; SEM, standard error of the mean; siRNA, small interfering RNA. Figure reproduced with permission from Piipponen et al. (2016).

protein modiﬁcation. LncRNAs’ function is not easily predictable by their primary structure, given their ability to fold
into complicated secondary and tertiary structures that can
depend on their interacting molecules, which may be part of
different complexes. In the nucleus, lncRNAs can recruit
proteins to chromatin sites through RNA-DNA base pairing,
can function as scaffolds to create discrete protein complexes,
or act as decoys to remove proteins from target DNA. These
multifaceted functions are due to the biochemical versatility
of RNA, which can directly pair by the base-base interaction
with other nucleic acids, and fold into three-dimensional
structures providing complex and dynamic recognition surfaces. Although so far molecular and functional studies have
been performed only for a limited number of lncRNAs,
several approaches can be undertaken, including isolation of
other nucleic acids or proteins with which the lncRNA interacts (Figure 1c).
If the lncRNA is chromatin bound and interacts with
genomic DNA, RNA-DNA FISH can be used to simultaneously reveal the localization of a speciﬁc genomic region
with the RNA of interest. In addition, various genomic
methods are being developed to map the functional association of lncRNAs to distinct regions of the genome. Chromatin isolation by RNA puriﬁcation followed by deep
sequencing is based on pull-down assays, a method for
selectively isolating macromolecules based on afﬁnity
e24
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puriﬁcation. In this speciﬁc case, biotinylated oligonucleotides complementary to the lncRNA of interest are used as a
“handle” to bring down associated chromatin to catalog the
binding sites of novel RNA molecules in a genome (Chu et al.,
2015).
To discover RNA interacting with the lncRNA of interest,
RNA interactome analysis followed by deep sequencing is
also based on a pull-down assay. RNA interactome analysis
followed by deep sequencing has been used to identify RNA
binding to the lncRNA TINCR (Kretz et al., 2013), revealing
that TINCR interacts with and stabilizes a number of
differentiation-associated mRNAs through a 25-nucleotide
“TINCR box” motif.
Another important strategy that can shed light on the
biological function of lncRNAs is the analysis of interacting
protein partners. LncRNA pull-down assays allow puriﬁcation of RNA-protein complexes after which proteins can be
detected by mass spectrometry (Feng and Zhang, 2016). As
an alternative approach, Kretz et al. (2013) have used
TINCR RNA-labeled probes to hybridize commercially
available human protein microarrays containing 9,400
spotted proteins. Data obtained from protein microarray
analysis revealed that Staufen1, a RNA-binding protein,
displayed the strongest TINCR RNA binding signal (Kretz
et al., 2013). Impaired differentiation of epidermal tissue
was observed in the absence of both TINCR and STAU1,
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suggesting that the TINCR-STAU1 complex mediates stabilization of differentiation mRNAs and is required for
epidermal differentiation.
In another recent study, Piipponen et al. (2016) identiﬁed
PICSAR (p38 inhibited cutaneous squamous cell carcinoma
associated lincRNA, or LINC00162) as the highest expressed
lncRNA in cutaneous squamous cell carcinoma (cSCC) cells
compared with normal human keratinocytes (Figure 2a).
Increased expression levels of PICSAR were also demonstrated in tissue derived from cSCCs, compared with normal
skin (Figure 2b).
To assess the biological function of aberrant expression
of PICSAR, Piipponen et al. designed siRNA speciﬁcally to
knock down PICSAR in cSCC cells. They determined that
PICSAR knockdown caused a signiﬁcant inhibition in tumor
growth associated with reduced cell proliferation in xenograft models (Figure 2d and e) (Piipponen et al., 2016).
Accordingly, PICSAR-depleted cSCC cells exhibited
impaired proliferation and migration, and decreased
extracellular signal-regulated kinase 1/2 activity. To determine the molecular effects of PICSAR on cSCC cells,
Piipponen et al. performed RNA-seq analysis in PICSARdepleted cSCC cells compared with controls. Among the
most upregulated genes after PICSAR depletion were the
dual-speciﬁcity phosphatases DUSP1 and DUSP6 whose
product dephosphorylate and inactivate mitogen-activated
protein kinases (Piipponen et al., 2016). Interestingly, in
the presence of a DUSP6 inhibitor, PICSAR knockdown had
no effect on extracellular signal-regulated kinase 1/2 activation, indicating that DUSP6 may be the link between
PICSAR and the extracellular signal-regulated kinase 1/2
signaling pathway (Piipponen et al., 2016). The exact
molecular mechanism by which PICSAR regulates mRNA
expression of several genes remains to be explored, and
further studies will beneﬁt from the identiﬁcation of
PICSAR-interacting molecules.
In conclusion, in this overview, we discuss how to determine the relevance of lncRNAs in normal physiology and
diseases of the skin, using multidisciplinary approaches
including RNA-seq, RNA FISH, and RNA and protein interactome analysis. Future studies aimed at determining
lncRNAs altered in skin diseases will help identifying novel
potential biomarkers of these diseases as well as targets of
therapeutic treatments.

2. Validation of novel identiﬁed lncRNAs may be
determined by:
A. Quantitative reverse transcription
polymerase chain reaction (qRT-PCR)
B. RNA interactome analysis followed by deep
sequencing (RIA-seq)
C. Chromatin isolation by RNA puriﬁcation
followed by deep sequencing (ChIRP-seq)
D. lncRNA interacting protein analysis
3. RNA ﬂuorescence in situ hybridization (RNA
FISH) is capable of:
A. Identifying RNA-interacting proteins
B. Identifying the RNA interactome
C. Determining the subcellular localization
of RNA
D. Identifying the functional role of RNA
4. Identiﬁcation of lncRNA-binding proteins can be
achieved by:
A. RNA interactome analysis followed by deep
sequencing (RIA-seq)
B. Chromatin isolation by RNA puriﬁcation
followed by deep sequencing (ChIRP-seq)
C. RNA pulldown followed by Mass
Spectrometry
D. Speciﬁc knockdown of lncRNA
5. RNA interactome analysis followed by deep
sequencing (RIA-seq) is capable of:
A. Localizing the cellular compartment in which
the lncRNA is expressed
B. Identifying the RNAs that interact with
lncRNA
C. Identifying novel transcribed regions and
alternative spliced forms of annotated genes
D. Identifying the RNA interacting proteins
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Research Techniques Made Simple: Experimental
Methodology for Single-Cell Mass Cytometry
Tiago R. Matos1,2,3, Hongye Liu1,2 and Jerome Ritz1,2
Growing recognition of the complexity of interactions within cellular systems has fueled the development
of mass cytometry. The precision of time-of-flight mass spectrometry combined with the labeling of
specific ligands with mass tags enables detection and quantification of more than 40 markers at a single-cell
resolution. The 135 available detection channels allow simultaneous study of additional characteristics of
complex biological systems across millions of cells. Cutting-edge mass cytometry by time-of-flight (CyTOF)
can profoundly affect our knowledge of cell population heterogeneity and hierarchy, cellular state, multiplexed signaling pathways, proteolysis products, and mRNA transcripts. Although CyTOF is currently scarcely
used within the field of investigative dermatology, we aim to highlight CyTOF’s utility and demystify the
technique. CyTOF may, for example, uncover the immunological heterogeneity and differentiation of
Langerhans cells, delineate the signaling pathways responsible for each phase of the hair cycle, or elucidate
which proteolysis products from keratinocytes promote skin inflammation. However, the success of mass
cytometry experiments depends on fully understanding the methods and how to control for variations when
making comparisons between samples. Here, we review key experimental methods for CyTOF that enable
accurate data acquisition by optimizing signal detection and minimizing background noise and sample-tosample variation.
Journal of Investigative Dermatology (2017) 137, e31ee38; doi:10.1016/j.jid.2017.02.006

CME Activity Dates: 21 March 2017
Expiration Date: 20 March 2018
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 relationship(s) 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.

1
3

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 William Beaumont Hospital and the Society
for Investigative Dermatology. William Beaumont Hospital is
accredited by the ACCME to provide continuing medical
education for physicians.
William Beaumont Hospital 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-Apr17 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.

Division of Hematologic Malignancies, Dana-Farber Cancer Institute, Boston, Massachusetts, USA; 2Harvard Medical School, Boston, Massachusetts, USA; and
Academic Medical Center, Department of Dermatology, University of Amsterdam, Amsterdam, The Netherlands

The abbreviation “CyTOF”, in addition to being the name of this technique, is also the name of a commercial product that enables researchers to use the
method. The authors are in no way endorsing any speciﬁc commercial products

a

Correspondence: Tiago R. Matos, Department of Dermatology, Room L3-119, Academic Medical Center, University of Amsterdam, Meibergdreef 9, 1105 AZ
Amsterdam, The Netherlands. E-mail: tiagoreismatos@gmail.com
Abbreviations: CyTOF, mass cytometry by time-of-ﬂight; MCA, metal-conjugated antibody; MCB, mass-tag cellular barcoding

ª 2017 The Authors. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.

www.jidonline.org

e31

RESEARCH TECHNIQUES MADE SIMPLE 
SUMMARY POINTS
 The success of mass cytometry experiments is
dependent on wellethought-out goals, a detailed
experimental design, and practice with CyTOF
technology and protocols.
 When designing custom metal-conjugated
antibody (MCA) panels, account for target
antigen abundance and signal crosstalk.
 Custom MCAs need to be thoroughly validated
and titrated.
 Staining protocols may need to be tested to
optimize marker signal detection. Metal nucleic
acid intercalators should be included in the
experiment for accurate single-cell identiﬁcation
and live:dead discrimination.
 To minimize sample-to-sample variation, it is
important to normalize samples based on bead
standards and/or a sample barcoding strategy.

INTRODUCTION

Growing recognition of the complexity of interactions within
cellular systems has fueled development of new technologies
capable of a broad, holistic scope of analysis. In mass
cytometry by time-of-ﬂight (CyTOF)a, cells are probed with
metal-conjugated antibodies (MCAs). Tagged cell suspensions are then passed through a droplet nebulizer to enter into
argon plasma, where individual cells are atomized and
ionized, and abundant common ions are removed. Then,
time-of-ﬂight mass spectrometry detects the ionized metal
tags through 135 detection channels and can measure over
45 parameters in each cell (Bandura et al., 2009) (Table 1).
Mass cytometry has been described in detail in previous reviews (Bendall et al., 2012; Doan et al., 2015). Despite the
innovative applications of this technique, it is currently
scarcely used within the ﬁeld of investigative dermatology.
CyTOF technology may lead to a greater comprehension of
cutaneous cellular phenotype heterogeneity, development,
hierarchy, and relationship to other tissues. CyTOF may allow
simultaneous study of cell state (such as proliferation, hypoxia, or enzymatic activity) and deeper understanding of
expression of mRNA transcripts, cytokines, growth factors, or
transcription factors within cell subsets. Examples of questions that may be addressed using this technique are abundant. Which signaling pathways of innate lymphoid cells
effectively regulate immune homeostasis or contribute to
autoimmunity? Which proteolysis products of keratinocytes
promote skin inﬂammation? Which cancer cells have predictive value for early diagnosis, prognosis, development of
drug resistance, or relapse?
This review aims to highlight CyTOF’s novelty and utility,
demystify the technique, and provide guidance on design of
the multistep experimental methodology that requires
detailed understanding and planning to ensure accurate and
consistent results. We will focus on speciﬁc considerations
needed when designing a panel of desired markers,
e32
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Table 1. Summary description of mass cytometry
technology, advantages and limitations
Advantages
 Possible to simultaneously
analyze over 45 parameters
(e.g., 40 antibody-tagged
markers, cell viability, and
DNA content)
 Possible to study cell death,
cytokine production, and
cell signaling simultaneously
 Minimal background noise from
signal overlap or endogenous
cellular components
 Cost per probe per
test z $1.50e$3.001
 Cost per analyzed
cell z 0.005 cents2
 A single dataset can be analyzed
simultaneously by various
analysis methods to test
multiparameter hypotheses

Limitations
 Cells are destroyed through
the CyTOF process; thus, it is
not feasible to further culture
or analyze cells after data
acquisition
Slow sample throughput
(maximum of 2,000
events/second), whereas
ﬂow cytometry can operate
25e50 times faster
 Some cellular properties
cannot be measured
(e.g., pH or ion concentration)
 Low efﬁciency (only 30e60% of
cells of a sample are measured)
 CyTOF’s multiplexed,
high-dimension data requires
new analysis tools

Abbreviation: CyTOF, mass cytometry by time-of-ﬂight.
CyTOF allows the characterization and quantiﬁcation of over 40 markers
simultaneously on millions of individual cells. Metal-tagged antibodies are
used to label multiple internal and external cellular markers of interest,
which can be quantiﬁed by time-of-ﬂight mass spectrometry at a singlecell resolution. It can lead to unprecedented breakthroughs of
understanding the complex differentiation process and interaction
between cell subpopulations, new cell types, functional proﬁles, and
biomarkers.
1
Estimated based on the price of commercially conjugated reagents or
unconjugated antibodies and commercial conjugation kits, in contrast to
$2.00e$8.00 for ﬂuorescent ﬂow cytometry (Bendall et al., 2012).
2
The cost of reagents, disposables, and data acquisition, in contrast to
w$22 to measure cells by single-cell RNA sequencing using the Fluidigm
C1 system (Fluidigm, San Francisco, CA) and molecular identiﬁers (Spitzer
et al., 2016).

optimizing the staining protocol, performing metal conjugation of antibodies, and barcoding multiple samples.
EXPERIMENTAL DESIGN

Mass cytometry experiments include precise and lengthy
multistep protocols that generate immense amounts of data at
single-cell resolution (Figure 1). It is therefore imperative to
establish a meticulous experimental strategy and to have clear
objectives at the onset of each experiment. After deﬁning
speciﬁc experimental aims, it is important to deﬁne the types
of cells that will be studied, experimental conditions,
comparative groups, and controls. In some cases, FACS or
magnetic-activated cell sorting is needed to enrich for rare
subsets of cells to avoid long CyTOF acquisition times (sample throughput: ﬂow cytometry ¼ 25,000 vs. CyTOF ¼
500e2,000 cells/second). At least 300 events of the rarest
population should be acquired for analysis.
Watanabe et al. (2015) recently used mass cytometry to
compare the relative functional capacities (including TNF-a,
IL-2, IL-4, IL-13, IFN-g, IL-17, IL-22, and IL-10) of skin-tropic
(CLAþ) central memory, migratory memory, and effector
memory T cells from human blood. T cells were isolated from
peripheral blood of healthy individuals and stimulated with
phorbol 12-myristate 13-acetate and ionomycin. The opportunity to simultaneously study those many markers from a
single sample enabled the authors to conclude that effector
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Figure 1. Schematic representation of mass cytometry experiment design. See text for details.

memory T cells secrete more T helper type 1, T helper type
17, and T helper type 22 proinﬂammatory effector cytokines,
whereas central memory T cells have higher T helper type 2
cytokine production.
It is important to start an experimental design by listing the
markers necessary to deﬁne the cell populations that will be
studied. Further markers can then be added to the panel for
speciﬁc experimental measurements. Complementary staining
panels can even be combined to study more than 40 markers
from the same sample. For example, Bendall et al. (2011)
aimed to develop an immune system map of healthy human
bone marrow cells, allowing comparisons with bone marrow
cells after drug treatment or in cases of disease. This could
allow mechanistic studies and pharmacologic intervention.
The authors wanted to simultaneously analyze 52 different
single-cell parameters, which are more markers than either
CyTOF (w40) or ﬂow cytometry (w15e20) can detect at a
single time. Two complementary staining panels were used for

the same samples. (Each panel had the same 16 core markers
and an additional 18 panel-speciﬁc markers). Merging the data
allowed analysis of the biochemical intracellular signaling in
rare and diverse subsets of human bone marrow cells.
A recent study showed that each CyTOF instrument has its
own signal sensitivity proﬁle for metal isotopes, suggesting that
it may be difﬁcult to accurately compare data acquired by
different instruments. This should be taken into account in
experimental design, especially for multicenter studies using
different CyTOF instruments (Tricot et al., 2015). Even though it
is currently possible to normalize variation over time relative to
a single CyTOF instrument by including calibration beads with
each run, it is not yet possible to normalize data acquired by
different instruments. An alternative is to include a standard/
control sample (having several vials of the same sample frozen)
together with each run of the samples of interest. Each sample’s
data can later be normalized according to the control sample
that was analyzed within that same run. It has also been
www.jidonline.org
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Table 2. Factors that can inﬂuence signal detection
Factors to account for signal detection with minimum background
Antigen abundance
System sensitivity to metal isotope
Background signal (environment)
Crosstalk (abundance sensitivity, metal isotope purity, metal ion oxidation)

suggested that beads should be embedded with elements
representing the complete detectable mass range to allow an
algorithm to be developed to normalize output for each
channel and instrument (Tricot et al., 2015).
METAL-CONJUGATED ANTIBODY PANEL DESIGN

Design of mass cytometry panels requires the assignment of a
distinct metal isotope to each of the antibodies from the list of
desired markers. There are several commercially available,
ready-to-use panels that have been designed to study distinct
cell types and functional systems. However, when customizing
panels by adding new markers or designing a new panel,
careful planning and awareness of multiple factors that can
inﬂuence signal acquisition are needed to optimize signal
detection and minimize background noise (Table 2). The nature of the current CyTOF mass window results in an optimal
detection of metals in the range of 153e176 Da. Therefore,
low-abundance targets should be tagged with metals within
this mass range (Figure 2). In CyTOF, the main sources of
background noise come from environmental contamination
with untagged metals or the measurement of the isotope signal
in undesired channels, referred to as crosstalk. Environmental
contamination of samples can drastically compromise data
acquisition. This is reduced by the use of water puriﬁed by
reverse osmosis (e.g., Milli Q water; Merck Millipore, Darmstadt, Germany) and certiﬁed metal-free buffers and containers.
Sources of crosstalk include oxidation, isotopic purity, and
signal abundance sensitivity. Several ions oxidize at low frequencies (0.1e3.0%), resulting in a mass gain that is then
read by the corresponding channel. Oxidation can be minimized by optimizing the plasma temperature, which is part of
the daily CyTOF tuning procedure. Isotopic purity is generally
high (95e99%), but nevertheless, the signal from residual
metal isotopes can bleed and be read by corresponding
channels. Online tools are available to help researchers minimize crosstalk and optimize study-speciﬁc MCAs.

Figure 2. Metal-conjugated antibody panel design. Example of mass response
curve with optimal detection of metals in the range of 153e176 Da (pink bar).
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METAL-ANTIBODY CONJUGATION

Over 500 metal conjugated antibodies are commercially
available to study human and mouse cells. It is also possible to
conjugate in-house additional IgG antibodies to one of the
existing 36 metal isotopes or request a custom conjugation
service, available through commercial vendors or institutional
core facilities (Lou et al., 2007). Each new custom MCA should
be validated with relevant positive and negative control cell
lines with known expression of the marker being tested. It is
also often necessary to compare the results acquired by CyTOF
with conventional ﬂow cytometry, using a ﬂuorochrometagged antibody identical to the puriﬁed clone used for the
metal-antibody conjugation (Figure 3). To avoid ion detector
saturation, new MCA and commercial ready-to-use MCA
concentrations must be titrated. To facilitate these comparisons
it is useful to store several vials of the same target cell population that can be thawed and used as a control, because then
the expected expression of a speciﬁc marker would already be
known from previous tests. When purchasing custom MCAs it
is important to know what validations and titrations were
conducted, to determine whether these are relevant to the
speciﬁc research project at hand.
CELL-STAINING PROTOCOL

The cell-staining protocol can also depend on the experimental
goals; for example, consideration should be given to whether
cells need to be stimulated or whether the study involves cells
surface markers, intercellular markers (cytokines and chemokines), intranuclear markers (transcription factors), or tetrameters (T-cell speciﬁcity). Online resources, for example at http://
web.stanford.edu/group/nolan, offer CyTOF-validated protocols for cell staining. Protocols must occasionally be slightly
adjusted to optimize signal sensitivity. For instance, a possible
adjustment may be due to the down-regulation of some surface
markers (e.g., chemokine receptors) when cells are stimulated.
Wong et al. (2015) noticed a 10% difference in frequency of
CXCR5 expression on tonsillar and peripheral CD4þ T cells
upon phorbol 12-myristate 13-acetate/ionomycin stimulation,
which was prevented by including metal-tag antibodies against
the trafﬁcking receptors (i.e., CXCR5), together with the stimulation medium. This is likely because metal-tag antibodies
have a higher antibody conjugate stability compared with
ﬂuorophore-tag antibodies during cell incubation (Wong et al.,
2015).
If necessary to achieve a better separation between cell
subsets expressing or not expressing a marker, a secondary
antibody can be used (e.g., antieKi67-PE followed by antie
PE-metal) to amplify the signal. Some antigens can be tagged
using either surface or intracellular staining protocols (e.g.,
CTLA-4), resulting in different signal intensities. In our experience, protocol adjustments are based on studying the same
markers by traditional ﬂow cytometry or by testing distinct
staining protocols side by side. Because protocol optimization
may take several rounds of trial and error, we use control
samples (e.g., cell lines or healthy control samples) before
analyzing precious experimental samples.
For discrimination between live and dead cells, rhodium
103 nucleic acid intercalators or cisplatin (platinum-195,
-194, or -198) should be included in the experimental protocol. Rhodium and cisplatin label only dead cells, because

RESEARCH TECHNIQUES MADE SIMPLE 

Figure 3. Example of validation of custom metal antibody conjugation (ICOS-154Sm). (a) An initial validation of custom metal-conjugated antibodies can be
carried out by assessing the expression of the marker in previously known populations (e.g., by searching for information published in the literature; Ito et al.,
2008). (b) Results from identical cell samples analyzed by CyTOF and ﬂow cytometry can be compared for a limited number of markers. Here, a ﬂuorochrometagged antibody identical to the puriﬁed clone used for the metal-antibody conjugation was used for FACS. Alternatively, positive and negative control cell lines
should be used. DNA2 stands for iridium-193. CyTOF, mass cytometry by time-of-ﬂight; SSC, side scatter.

they have compromised cell membranes. Resulting data can
then be gated on rhodium-negative or cisplatin-negative cells
to ensure analysis of live cells only.
For accurate single-cell identiﬁcation, cells can be stained
with two distinct iridium isotopes (iridium-191 and iridium193) after ﬁxation and permeabilization. Iridium intercalates
DNA with high afﬁnity, allowing detection of all DNAcontaining cells and aiding the identiﬁcation of single-cell
events (excludes doublets).
MASS-TAG CELLULAR BARCODING

Using a newly developed mass-tag cellular barcoding (MCB)
strategy, it is possible to individually barcode up to 20

samples that can then be processed together in a single tube.
After data acquisition, software deconvolutes samples based
on the barcode present in each cell, allowing the analysis and
comparison of each original sample separately. It guarantees
consistent quality of signal detection and better efﬁciency of
data acquisition by reducing the time needed to wash the
instrument between samples. When the MCB is done before
cell staining, it also reduces antibody consumption and
staining protocol workﬂow time and adds consistency
throughout sample processing and staining that is crucial to
providing accurate comparisons among samples.
Each sample can be barcoded with a unique combination
of two or three of six available palladium isotopes (Figure 4).
www.jidonline.org
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Figure 4. Single-cell barcode and
deconvolution. (a) Each sample is
barcoded with a unique combination
of three of six available palladium (Pd)
isotopes. (b) Five events from a 6choose-3 mass-tag cellular barcoding
(MCB)-multiplexed ﬂuorescent cell
standard (FCS) ﬁle are shown in singlecell format displayed on a vertical
dashed line. Events 1, 2, and 3
correspond to barcode single cells as
indicated by the isotope symbols,
Event 4 is a barcode doublet, and
Event 5 is classiﬁed as debris. The red
line segments indicate barcode
separation, assuming the 6-choose-3
scheme, which is always set as the
distance between the third and fourth
highest barcode intensities. Without
this assumption, the last two events
would have larger barcode separations
but would still be discarded because
their barcodes would not match any
in the 20-sample scheme. (c) Examples
of a barcode singlet (three positive
barcode channels) and a barcode
doublet (more than three positive
barcode channels) as seen in the timeof-ﬂight spectra used to visualize cells
while acquiring data at the instrument.
ms, mass spectra. Adapted with
permission from Macmillan Publishers
Ltd: Zunder et al., 2015.

Alternatively, osmium and ruthenium tetroxides (OsO4 and
RuO4), which bind covalently with fatty acids in cellular
membranes and aromatic amino acids in proteins, can be
used independently or combined with palladium isotopes for
MCB of cells (Catena et al., 2016). When studying peripheral
blood mononuclear cells, it is also possible to use six distinct
anti-CD45 antibodies conjugated with different metal isotopes (Lai et al., 2015).
Some drawbacks of MCB are that cell yields can be
reduced by up to 50% after barcoding. There are several
factors that can inﬂuence cell loss, such as low initial cell
number, cell type, container type, procedures for liquid
transfer, and mixing. One MCB protocol put forth by Zunder
et al. (2015) includes an early sample pooling step,
which creates a single high-abundance sample rather than
multiple low-abundance samples, improving the cell yield.

Additionally, MCB requires ﬁxation and permeabilization of
cells that, when done before antibody staining, may affect the
ability to detect some epitopes. Epitopes that are sensitive to
the paraformaldehyde ﬁxation step should be stained with
antibodies before barcoding. Alternatively, it is necessary to
identify a paraformaldehyde-compatible epitope for the same
marker of interest (Behbehani et al., 2014; Zunder et al.,
2015) (Table 3).
CALIBRATION BEADS

To minimize the variance in mass cytometry instrument performance over time that may produce sample-to-sample
signal variation, calibration beads should be added to the
sample immediately before the sample is injected into the
instrument for CyTOF acquisition. After acquisition, data
normalization can be carried out using an algorithm to

Table 3. Advantages and limitations of mass-tag barcoding
Advantages
 Reduces technical variability (cell-to-antibody ratio-dependent effects on
staining, pipetting errors, sample acquisition, etc.)
 Reduces antibody consumption, staining protocol workﬂow time,
and data acquisition time
 Allows staining of valuable samples with low cell numbers by
combining numerous samples together
 Excludes debris and cross-sample doublets (e.g., cell events
with more or less than three palladium isotopes)
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Limitations
 Barcoding reagents can be costly
 Low cell yield (w50%)
 Barcoding method can affect quality of antibody staining
for some epitopes
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MULTIPLE CHOICE QUESTIONS
1. Which of the following are two main considerations when designing a CyTOF panel?
A. Antigen abundance and crosstalk
B. Use only ready-to-use panel kits and
commercially available MCAs
C. Low number of available probes and sample
cell type
D. Vast variability of signal detection across
channels and low isotopic purity
2. What are the principal sources of signal
background in CyTOF?
A. Concentration of metal-conjugated
antibodies and reagents during staining
B. Environmental contamination and crosstalk
C. Plasma temperature and instrument state of
maintenance
D. Endogenous cell signal and spectral overlap
3. Which cell-staining protocol should be used for
CyTOF experiments?
A. Standard CyTOF protocol
B. Same protocol as for ﬂow cytometry
C. CyTOF staining protocol tested for speciﬁc
experiment panel
D. Any CyTOF-validated protocol
4. What can be done to ensure an accurate analysis
of live single cells?
A. Use only fresh and ﬁltered cell samples.
B. Use nucleic acid intercalators.
C. Acquire data on the same day as performing
the staining protocol.
D. Use calibration beads.
5. Which CyTOF-speciﬁc strategies should be used
to control for sample-to-sample variation?
A. Use a commercial, ready-to-use panel kit and
high-quality reagents.
B. Incorporate nucleic acid intercalators and
use the same cell concentration in all
samples.
C. Make sure to use appropriate statistical tests
and the same analysis software for all samples.
D. Normalize samples based on bead standards
and barcode samples.

analyze the calibration bead signal variation that was
captured simultaneously with the cell samples, enabling
correction of both short- and long-term signal ﬂuctuations
(Finck et al., 2013). This normalization algorithm is currently
part of the general CyTOF software package.

CONCLUSION

The success of mass cytometry-based experiments is dependent on wellethought-out goals, detailed experimental
design, and knowledge of potential technical pitfalls and
limitations. A methodical approach is essential to control for
experimental noise when conducting precise comparisons
between samples. This approach facilitates the ability to
harness the full potential of mass cytometry to characterize
complex biological systems at single-cell resolution. CyTOF
may lead to key discoveries in investigative dermatology,
including identiﬁcation of signaling phenotypes with predictive value for early diagnosis, prognosis, or relapse, and a
thorough characterization of intratumor heterogeneity and
disease-resistant cell populations that may ultimately unveil
novel therapeutic approaches.
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Research Techniques Made Simple: Mass
Cytometry Analysis Tools for Decrypting
the Complexity of Biological Systems
Tiago R. Matos1,2,3, Hongye Liu1,2 and Jerome Ritz1,2
Mass cytometry by time-of-flight experiments allow analysis of over 40 functional and phenotypic cellular
markers simultaneously at the single-cell level. The data dimensionality escalation accentuates limitations,
inherent to manual analysis, as being subjective, labor-intensive, slow, and often incapable of showing the
detailed features of each unique cell within populations. The subsequent challenge of examining, visualizing,
and presenting mass cytometry data has motivated continuous development of dimensionality reduction
methods. As a result, an increasing recognition of the inherent diversity and complexity of cellular networks is
emerging, with the discovery of unexpected cell subpopulations, hierarchies, and developmental pathways,
such as those existing within the immune system. Here, we briefly review some frequently used and accessible
mass cytometry data analysis tools, including principal component analysis (PCA); spanning-tree progression
analysis of density-normalized events (SPADE); t-distributed stochastic neighbor embedding (t-SNE)ebased
visualization (viSNE); automatic classification of cellular expression by nonlinear stochastic embedding
(ACCENSE); and cluster identification, characterization, and regression (CITRUS). Mass cytometry, used
together with these innovative analytic tools, has the power to lead to key discoveries in investigative
dermatology, including but not limited to identifying signaling phenotypes with predictive value for early
diagnosis, prognosis, or relapse and a thorough characterization of intratumor heterogeneity and diseaseresistant cell populations, that may ultimately unveil novel therapeutic approaches.
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SUMMARY POINTS
 New methods are being continuously developed
to analyze and best represent multidimensional,
complex CyTOF data.
 Principal component analysis (PCA) provides a
visualization of the data in three-dimensional
space and identiﬁes the parameters with the
most variance among the dataset.
 Spanning-tree progression analysis of densitynormalized events (SPADE) clusters cells into a
minimum-spanning hierarchical tree for twodimensional visualization.
 In t-distributed stochastic neighbor embedding
(t-SNE)ebased visualization (viSNE) and automatic classiﬁcation of cellular expression by
nonlinear stochastic embedding (ACCENSE),
each single cell data point has a unique location
in a two-dimensional representation, reﬂecting
the cells’ immunophenotypic similarity or differences in high-dimensional space.
 Cluster identiﬁcation, characterization, and
regression (CITRUS) identiﬁes cellular features
that correlate to an experimental endpoint of
interest.

INTRODUCTION

New methods are being developed to examine, visualize, and
present the multidimensional complexity of cellular function
and identity and the role of individual cells within biological
systems. Mass cytometry by time-of-ﬂight mass spectrometry
(CyTOF)1 currently has the capacity to allow investigation of
40 or more distinct parameters at the single-cell level
(Figure 1). Although the technique has not yet been widely
adopted within the ﬁeld of investigative dermatology, it has
potential to, for example, allow identiﬁcation of cell signals
for early diagnosis in cutaneous T-cell lymphoma, allow early
detection or predict relapse in psoriasis and atopic dermatitis,
and allow thorough characterization of drug-resistant cell
populations in skin cancer, eventually unveiling new therapies. The large amount of data generated and potential of the
technique to delineate rare cell subsets has driven the need to
develop dimensionality reduction methods and analysis
algorithms to best analyze and represent mass cytometry data.
A signiﬁcant limitation of traditional data clustering methods
through biaxial plots and histograms, such as has been used
to represent traditional ﬂow cytometry data, is that preexisting knowledge of the deﬁning markers of each population is required. This limits the ability of researchers to
discover unexpected cellular subsets and does not allow examination of system-level phenotypic diversity. Furthermore,
1
The abbreviation “CyTOF”, in addition to being the name of this technique, is also
the name of a commercial product that enables researchers to use the method. The
authors are in no way endorsing any speciﬁc commercial products.
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manual analysis of individual markers and combinations of
markers is a subjective, slow, and labor-intensive process,
which results in a signiﬁcant scalability restriction and can
introduce several inherent biases. Although CyTOF technology and experimental methodology have been described in
detail in previous reviews (Doan et al., 2015; Matos et al.,
2017), comprehensive understanding is also required with
respect to the tools available for analysis of high-dimensional
datasets to make meaningful use of the results. In this short
review, we focus on some of the most commonly used and
accessible novel CyTOF data analysis tools, including principal component analysis (PCA), spanning-tree progression
analysis of density-normalized events (SPADE), t-distributed
stochastic neighbor embedding (t-SNE)ebased visualization
(viSNE), automatic classiﬁcation of cellular expression by
nonlinear stochastic embedding (ACCENSE), and cluster
identiﬁcation, characterization, and regression (CITRUS).
DIMENSION REDUCTION AND VISUALIZATION
ALGORITHMS
PCA

PCA is a well-established and widely used tool for visualizing multidimensional data that was adopted to analyze
large mass cytometry datasets (Bendall et al., 2011;
Jackson, 1991; Newell et al., 2012). PCA identiﬁes those
parameters among a certain dataset that present the most
variance by generating linear combinations from a large list
of parameters into new compound variables (principal
components). As a result, the quotient of the relative variation of each principle component over the total variance
gives an idea of the effectiveness of each component in
separating out data points. In addition, PCA results in
models that can be used to project new data points in
linear time. For example, it allows graphical visualization
of the expression intensity of several functional markers (yaxis) throughout the cell differentiation process (x-axis)
(Figure 2). PCA also allows visualization of the data in
three-dimensional space, often prominently displaying the
ﬁrst three data components of maximal variance. However,
this feature can also be a limitation, because it may mask
noteworthy biological differences that are more subtle
variances in the data. Another constraint is the inherent
assumption that the given data are parametric. PCA also
represents the data through linear projections, which may
not be representative of the inherent structure of the original data. To overcome this constraint, nonlinear methods
such as t-SNE (described in following sections) were
developed for high-dimensional data analysis. Newell at
al. (2012) used PCA to represent simultaneously 25
markers from a single cell sample, hence quantifying the
expression of functional markers among several CD8þ Tcell subsets. This representation method displayed a
greater phenotypic and functional complexity among
CD8þ T cells than previously appreciated (Figure 2). The
holistic study of many functional and phenotypic markers
and their expression levels through several differentiation
subsets would not be possible by conventional manual
analysis. This study also observed that subsets that develop
in response to different viruses have distinct combinatorial
patterns of cytokine expression, showing the remarkable
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Figure 1. Mass cytometry experiment workﬂow. The experimental procedure can be separated into multiple steps, including sample preparation, cell staining,
cell barcoding, acquisition of CyTOF data, data processing (randomization, normalization, and cell de-barcoding), and high-dimensional data analysis. Brieﬂy,
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Figure 2. 3D-principal component
analysis (PCA) elucidates the
phenotypic and functional complexity
of CD8D T-cell memory
differentiation. In this example, PCA
was used to represent simultaneously
25 markers from a single cell sample,
hence quantifying the expression of
functional markers among several
memory CD8þ T-cell subsets. (a) The
cytometry dataset is plotted on the ﬁrst
three principal component axes and
shown from three different
perspectives (rotated around the PC2axis). Cells are gated according to their
surface memory markers, naive
(green), central memory (Tcm, yellow),
effector memory (Tem, blue), and
short-lived effector (Tslec, red),
which show main phenotypic clusters.
(b and c) To analyze only memory
cells, cells were gated to exclude
the naive compartment (cells with
low value for PC1). The average
expressions for each (b) phenotypic
and (c) functional parameter were
normalized and plotted as a function
of normalized PC2 values. In this way,
the phenotypic progression of CD8þ
memory T cells are represented by the
x-axis (0 ¼ early differentiated Tcm,
1 ¼ mature Tslec), and the y-axis
represents the average expression of
each marker. The functional
progression of these numerous
markers during CD8þ T-cell memory
differentiation would not be possible
by conventional manual gating.
Reprinted from Newell et al., 2012,
with permission from Elsevier.

ﬂexibility of CD8þ T cells in responding to pathogens. A
similar approach could be used to study the diversity and
complexity of skin-speciﬁc T cells or innate lymphoid cells,
complementing the recent in situ topographic characterization of innate lymphoid cells in human skin (Brüggen
et al., 2016).
SPADE

In contrast to PCA, which draws out the underlying variance within a dataset, the goal of clustering algorithms is to
visualize common patterns within datasets. In the context
of immune-phenotyping, automatic clustering algorithms
aim to deﬁne the most prevalent cell populations by clustering cells based on markers expression similarity (Levine
et al., 2015).

SPADE was the ﬁrst algorithm speciﬁcally developed for
mass cytometry data analysis that includes both clustering
and dimension reduction. In SPADE, cells are clustered into a
hierarchical tree shape for two-dimensional visualization
(Bendall et al., 2011; Qiu et al., 2011). Each cluster of a
SPADE tree is graphically represented by a circular node in
which the node size symbolizes the frequency of data points
within that population (number of hits), and the node color
shows the signal intensity of a selected marker (intensity of
hit). Each node is connected to related nodes by a minimumspanning tree algorithm. Minimum-spanning tree is a classic
computer algorithm that searches for a tree-like graph through
a set of spatial nodes by using the least possible number of
connections. Such a tree might mimic a relational map of
immune cell types in their cell development. This method

=
cells are isolated from blood or solid tissue samples. After the optional enrichment step, the cell suspension is stained with cisplatin or rhodium to distinguish
dead cells. Principally, cells were probed with surface, intracellular, or intranuclear markers after tetramer staining (if applicable). Cells can be further barcoded
by mass-tag cell barcoding (after cell ﬁxation) or CD45-Pd cell barcoding (before cell ﬁxation) systems. Fixed cells are stained with iridium or rhodium DNAinterchelator and resuspended in deionized water for subsequent acquisition on CyTOF. Collected data are converted into an FCS ﬁle, and metal signals are
normalized. De-barcoded samples are loaded onto a bioinformative platform (usually in a MATLAB or R environment or online server such as Cytobank.org) of
choice for high-dimensional cytometric analysis. Adapted from Cheng and Newell, 2016, with permission from Elsevier. CyTOF, time-of-ﬂight mass cytometry;
FCS, Flow Cytometry Standard.
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Figure 3. Flowchart of a SPADE tree
construction and result visualization.
This example illustrates how a SPADE
tree is generated from raw cytometry
data and how it displays the dataset
results. (a) The cytometry dataset
analysis by two parameters detects one
rare population and three abundant
populations. (b) The original data is
subjected to density-density downsampling. (c) Agglomerative clustering
results of the down-sampled cells. (d)
Minimum spanning-tree algorithm
connects the cell clusters. (e) Colored
SPADE trees. Nodes are colored by the
median intensities of markers, allowing
visualization of the markers’ expression
across the numerous heterogeneous
cell populations. The ﬁnal SPADE tree
representation enables determination
of how many different subsets are
present within a dataset, the relative
population density (size), the
expression of various markers (color)
within each subset, and the relationship
among subsets (links). Reprinted by
permission from Macmillan Publishers
Ltd: Nature Biotechnology (Qiu et al.,
2011), copyright 2011. SPADE,
spanning-tree progression analysis of
density-normalized events.

allows comparison between expression of markers among
clusters and across distinct samples in a dimension-reduce,
big-picture view of diverse cell populations (Figure 3). A
limitation of SPADE is that it cannot reproduce the same
representation of results when the same dataset is analyzed
more than once, because the algorithm involves several stochastic steps. The rigid connections established within the
data representation structure (graph) may mislead the positioning of some cell nodes, possibly obscuring the underlying
biology. Lee et al. (2015) recently used CyTOF and SPADE to
deﬁne in detail the phenotype and functional characteristics
of distinct subsets of nasal dendritic cells in mice. SPADE
clearly portrayed a map of the vast heterogeneity of nasal
dendritic cells and identiﬁed new subsets that were not
perceptible by manual gating on the basis of canonical
marker expression. Moreover, it enabled simultaneous comparison of all subsets before and after stimulating factor (FMS)related tyrosine 3 kinase ligand treatment, showing which
subsets became functionally active and/or expanded in
number of cells.
viSNE and ACCENSE

t-SNE allows visualization of high-dimensional data
through a nonlinear reduction where each data point is
given a location in a two- or three-dimensional map (Van

der Maaten et al., 2008). Newer t-SNEebased strategies
have been developed to visualize complex mass cytometry
data: viSNE and ACCENSE. In contrast to PCA, these
algorithms effectively capture nonlinear relationships
among the data, and unlike SPADE, they do not cluster
cells into exclusive nodes. Each single-cell data point has a
unique location in a two-dimensional representation,
similar to a biaxial scatterplot, reﬂecting their proximity in
high-dimensional space. viSNE is a graphical userinterfaced tool based on t-SNE, whereas ACCENSE has
extended t-SNE with clustering of the resulting twodimensional scatter data into density-based clusters.
Thus, close proximity between any two cells is based on
their immunophenotypic similarity, predeﬁned by input
markers. For example, to generate a map of the various
memory T-cell subpopulation markers such as CD31,
CD45RA, CD45RO, CCR7, or CD62-L can be selected. The
algorithm then clusters cells according to their similarity
within these markers.
A color scale can then be used to visualize each marker’s
relative expression in the population. However, this type of
representation may obscure subtle density differences among
cell populations. Another drawback of these algorithms is the
inability to currently analyze large numbers of different
samples simultaneously. For example, the current version of
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Figure 4. viSNE creates a map of the immune system. (a) In this example, viSNE projects a one-dimensional curve embedded in three dimensions (left) to two
dimensions (right). The color gradient shows that nearby points in three dimensions remain close in two dimensions. (b) Application of viSNE to a healthy human
bone marrow sample. viSNE automatically separates cells based on their subtype. Each point in the viSNE map represents an individual cell, and its color
represents its immune subtype based on independent manual gating. The axes are in arbitrary units. (c) Biaxial plots representing the same data shown in b. Select
subpopulations are shown with canonical markers where the square color matches the subtype in b. The actual gating used is more complex and uses a series of
biaxial plots for each population. Note, unlike b, these plots do not separate between all subtypes in a single viewpoint. (d) The same viSNE map represented in b,
but this time each cell is colored based on CD11b expression. Gated cells are all CD33 high and show a CD11b (maturity) gradient. Many of these cells were not
classiﬁed as monocytes by manual gating (grey cells b). Reprinted by permission from Macmillan Publishers Ltd: Nature Biotechnology (Amir et al., 2013),
copyright 2013. viSNE, t-distributed stochastic neighbor embeddingebased visualization.

the commercial software Cytobank (Cytobank, Inc., Mountain
View, CA) can analyze up to 2 million cells.
Healthy and cancerous bone marrow samples were
recently studied using viSNE. Healthy samples were
graphically represented and contrasted with cancerous
samples that exhibited an abnormal map. Marker expression patterns were analyzed from diagnosis to relapse,
allowing identiﬁcation of disease-speciﬁc subsets (Amir
et al., 2013) (Figure 4). ACCENSE helped further characterize CD8þ T-cell subpopulations and identify new subsets that were not noticeable on biaxial plots (Shekhar
et al., 2014) (Figure 5).
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CLUSTERING AND CORRELATION WITH CLINICAL
OUTCOME
CITRUS

CITRUS aims to not only showcase biological mechanisms
and hierarchies and deﬁne population subsets, similar to
previously described algorithms, but also to identify
cellular features that correlate to an experimental endpoint
of interest. Bruggner et al. (2014) showed that CITRUS
accurately identiﬁed subsets of cells associated with AIDSfree survival in HIV-infected patients. CITRUS clusters cells
based on similarity of cell markers. Such methods can
delineate clusters of cells with speciﬁc behavioral
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Figure 5. ACCENSE quantiﬁes distinct subsets of CD8D T cells. In this example, ACCENSE was able to stratify cells into phenotypic subsets by the local
probability density of cells (ACCENSE map location of hits) based on the 35 markers studied. It identiﬁed a novel subset with a unique multivariate phenotype that
is not distinguishable on a biaxial plot of markers. (a) Illustration of a sample mass cytometry dataset. Rows correspond to different cells, and columns correspond
to the different markers. Entries correspond to transformed values of mass-charge ratios that indicate expression levels of each marker. (b) Biaxial plots exemplify
the manual gating approach to identify cell subsets. (c) The two-dimensional t-SNE map of CD8þ T cells, where each point represents a cell (n ¼ 18,304) derived
by down-sampling the original dataset. (d) A composite map depicting the local probability density of cells as embedded in panel c, computed using a kernelbased transform. Local maxima in this two-dimensional density map represent centers of phenotypic subpopulations and were identiﬁed using a standard peakdetection algorithm. viSNE also generates a similar two-dimensional t-SNE map; however, each subpopulation has to be identiﬁed and demarcated manually,
whereas ACCENSE automatically deﬁnes subsets based on local cell density in the map. Reprinted from Shekhar et al., 2014, in accordance with permission
rights to reprint material published in PNAS. ACCENSE, automatic classiﬁcation of cellular expression by nonlinear stochastic embedding. t-SNE, t-distributed
stochastic neighbor embedding; viSNE, t-distributed stochastic neighbor embeddingebased visualization.

characteristics such as those that have activated speciﬁc
signaling pathways, which can potentially be associated
with clinical outcomes such as time to recovery or overall
survival after a drug treatment or surgery. By specifying the
outcome of interest for each sample from the vast cytometry data uploaded, regularized statistic algorithms can
recognize cells exhibiting behavior predictive of outcome.
The phenotype and behaviors of each cluster are delineated through distinct data representations including conventional biaxial plots that can result in a predictive model
for the analyses or validation of future samples. To run
correlation analysis with enough statistical power, CITRUS
requires input from more than eight samples for each
group. Gaudillière et al. (2014) applied this method to
monitor patients undergoing hip replacement surgery to
characterize the phenotypical and functional immune responses predictive of recovery from surgical trauma
(Figure 6). Because the patients’ clinical histories of postsurgical recovery were known, CITRUS identiﬁed intracellular signaling markers that strongly correlated with
recovery from fatigue, functional hip impairment, and pain
after surgery. Likewise, CITRUS could be used to analyze
immune cell populations and molecular markers from patients with inﬂammatory or autoimmune diseases before
and after receiving biologic treatments. It could show
which cell subset or markers are predictive of therapeutic
outcome, allowing early adjustments to treatment protocols in patients predicted to be nonresponders, reducing
adverse effects and costs.

barcoded and normalized based on calibration beads.
CyTOF data can be exported in the form of Flow Cytometry
Standard (FCS) ﬁles, which can be analyzed by standard
ﬂow cytometry software such as FCS Express (De Novo
Software, Los Angeles, CA) and FlowJo (FlowJo, LLC,
Ashland, OR), or by using cloud-based analysis tools, such
as Cytobank. Cytobank allows transfer and storage of
multiple CyTOF FCS ﬁles; attachment of related data
including protocols, presentations, annotations, and images; and sharing of data and analysis with chosen collaborators. Additional analytical tools may be needed,
including but not limited to dose response, heat maps,
SPADE, viSNE, CITRUS, and dot and histogram overlays.
viSNE can be publicly licensed to academic users as a
MATLAB-based tool from the Dana Pe’er Lab of Computational Systems of Biology webpage (http://www.c2b2.
columbia.edu/danapeerlab/html/software.html). The Nolan
Laboratory also publically offers some of these algorithms,
such as SPADE and CITRUS (https://github.com/nolanlab).
ACCENSE is freely offered at http://www.cellaccense.com,
and a PCA algorithm is included in the open-sourced R
basic package (The R Foundation, Vienna, Austria).
These analysis tools may provide different types of biological information about the same dataset, making it
acceptable to concurrently use distinct tools in a single
experiment (Table 1). Nevertheless, the accessibility to
CyTOF analysis tools continues to improve, with numerous
groups developing similar and new analysis methods for
CyTOF data.

AVAILABILITY OF SOFTWARE

CONCLUSION

After mass cytometry data acquisition, each respective
sample must be deconvoluted if samples were initially

The continuous development and enhancement of analysis
tools for mass cytometry expands our ability to study
www.jidonline.org
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Table 1. Analysis algorithms for mass cytometry data
Algorithm
Type of
Name
Information

Figure 6. Overview of CITRUS. CITRUS enables correlation of the multitude
of cellular parameters studied with clinical outcomes information. Cells from
(a) all samples are combined (b) and clustered using hierarchical clustering. (c)
Descriptive features of identiﬁed cell subsets are calculated on a per-sample
basis and (d) used in conjunction with additional experimental metadata to
train (e) a regularized regression model predictive of the experimental
endpoint. (f) Predictive subset features are plotted as a function of
experimental endpoint, (g) along with scatter or density plots of the
corresponding informative subset. In this example, the abundance of cells in
subset A was found to differ between healthy and diseased samples (f; subset
A abundance in healthy patients and diseased patients). Scatter plots show
that cells in subset A have high expression of marker 1 and low expression of
marker 2 relative to all other cells (shown in gray). In this study, CITRUS
identiﬁed T-cell subsets whose abundance is predictive of AIDS-free survival
risk in patients with HIV. Reprinted from Bruggner et al., 2014, in accordance
with permission rights to reprint material published in PNAS.

complex and heterogeneous biological systems at the level
of individual cells. This enables our understanding of the
progression and development of healthy and pathologic
cells, such as in psoriasis, atopic dermatitis, and vitiligo.
For example, why do some lesions reoccur only in the
same anatomical site? Why are some areas of the body
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Advantages

Limitations
 May miss subtle variances
within data
 Assumes that
data are
parametric
 Data representation is
restricted to
linear
projections

Reference
Jackson,
1991;
Newell
et al.,
2012

PCA

Parameters
with most
variance
within
dataset

Visualization
in 3D space

SPADE

Cell
population
hierarchies

Qiu et al.,
 Delineates the  Lacks
reproducibility 2011
presence of
rare cell types  Rigid structure
 Can compare connectivity
clusters and
expression
markers
among cell
subsets and
across
samples

Cell subset
t-SNEe
heterogeneity
based
viSNE and
ACCENSE

Single-cell
representation
(without
clustering)

CITRUS

Correlation to
experimental
endpoint of
interest

Allows
correlation
between
sample and
clinical
outcome

Unfeasible to
Amir et al.,
analyze vast
2013;
numbers of cells1 Shekhar
et al.,
2014
More than eight Bruggner
et al.,
samples per
2014
group are
required

Abbreviations: 3D, three-dimensional; ACCENSE, automatic classiﬁcation
of cellular expression by nonlinear stochastic embedding; CITRUS, cluster
identiﬁcation, characterization, and regression; PCA, principal component
analysis; SPADE, spanning-tree progression analysis of density-normalized
events; t-SNE, t-distributed stochastic neighbor embedding; viSNE,
t-distributed stochastic neighbor embeddingebased visualization.
1
The cloud-based software Cytobank viSNE can currently handle up to
2 million cells.

more commonly affected? What distinguishes pathological
cells in a stable versus a progressive disease? Diseasespeciﬁc cell subsets can be identiﬁed, characterized,
monitored during treatment, and perhaps screened for
early biomarkers predictive of relapse risk. Differences may
be revealed among cells responsible for the clinical heterogeneity of cutaneous T-cell lymphoma, ultimately
unveiling disease-speciﬁc biomarkers and personalized
novel therapeutic approaches. Innovative therapies can be
studied to speciﬁcally target malignant cell populations
resistant to conventional treatments, such as in melanoma.
Ultimately, the goal of this article is to demystify the
developing tools for mass cytometry and its data analysis so
these technologies can be adopted and the results understood to address these and other important research questions in the coming years.
CONFLICT OF INTEREST
The authors state no conﬂict of interest.
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MULTIPLE CHOICE QUESTIONS
1. What is the best CyTOF data analysis tool?
A. Same methods as for ﬂow cytometry
B. The analysis method depends on speciﬁc
experimental goals.
C. Manual clustering methods through biaxial plots
D. Comparisons of marker expression using
histograms
2. Identify one advantage of principal component
analysis (PCA).
A. Displays data in two-dimensional
representation
B. Results are represented through linear
projections
C. Identiﬁes parameters with the most variance
D. Capable of analyzing only a few parameters
3. Which of the following is a limitation of
spanning-tree progression analysis of
density-normalized events (SPADE)?
A. Incapable of reproducing the same
representation of results when analyzed more
than once
B. Represents cell subset hierarchies
C. Assumes that data is parametric
D. Does not allow comparing marker
expression among subsets and samples
4. Select one advantage of t-distributed stochastic
neighbor embedding (t-SNE)ebased visualization
(viSNE) and automatic classiﬁcation of cellular
expression by nonlinear stochastic embedding
(ACCENSE).
A. It captures only nonlinear relationships
among the dataset.
B. It clusters cells into exclusive nodes.
C. It allows representation of single cells
without clustering
D. It allows the researcher to identify clusters
capable of predicting the sample’s outcome.
5. What is the novel application of analyzing data
using cluster identiﬁcation, characterization, and
regression (CITRUS)?
A. It is capable of displaying data in
three-dimensional representations.
B. It identiﬁes rare cell subsets with the highest
expression of studied markers.
C. It allows the researcher to deﬁne cell
population hierarchies.
D. It identiﬁes cellular features that correlate to
an experimental endpoint of interest.
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Research Techniques Made Simple:
High-Throughput Sequencing of the T-Cell Receptor
Tiago R. Matos1, Menno A. de Rie1 and Marcel B.M. Teunissen1
High-throughput sequencing (HTS) of the T-cell receptor (TCR) is a rapidly advancing technique that allows
sensitive and accurate identification and quantification of every distinct T-cell clone present within any biological sample. The relative frequency of each individual clone within the full T-cell repertoire can also be
studied. HTS is essential to expand our knowledge on the diversity of the TCR repertoire in homeostasis or
under pathologic conditions, as well as to understand the kinetics of antigen-specific T-cell responses that lead
to protective immunity (i.e., vaccination) or immune-related disorders (i.e., autoimmunity and cancer). HTS can
be tailored for personalized medicine, having the potential to monitor individual responses to therapeutic
interventions and show prognostic and diagnostic biomarkers. In this article, we briefly review the methodology, advances, and limitations of HTS of the TCR and describe emerging applications of this technique in the
field of investigative dermatology. We highlight studying the pathogenesis of T cells in allergic dermatitis and
the application of HTS of the TCR in diagnosing, detecting recurrence early, and monitoring responses to
therapy in cutaneous T-cell lymphoma.
Journal of Investigative Dermatology (2017) 137, e131ee138; doi:10.1016/j.jid.2017.04.001
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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

T lymphocytes form an essential component of the adaptive
immune system. Each individual T cell expresses a unique Tcell receptor (TCR) that speciﬁcally recognizes a single
1
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antigenic determinant. Taking the whole T-cell population
together, the adaptive immune system has a spectacularly
large and highly diverse TCR repertoire at its disposal,
capable of identifying unlimited numbers of antigens, hence
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HTS of the TCR accurately identiﬁes and quantiﬁes each
and every T cell present in a certain biological sample,
allowing study of each unique clone and the full T-cell
repertoire, including over time and among different
tissues and/or individuals.

which in particular takes place in the hypervariable
complementarity determining region 3 (CDR3). This hypermutation process of TCR genes can lead to over 1018 different
ab TCRs, making it highly improbable that two TCRs with an
identical nucleotide CDR3 sequence will be generated
(Murphy, 2011). Consequently, the TCR nucleotide sequence
of each T cell is akin to a barcode that enables recognition
and tracking of each speciﬁc T-cell clone (Figure 1).

Advantages of HTS of TCR

OVERVIEW OF METHODOLOGY

SUMMARY POINTS
What HTS of the TCR Does

 High clone detection sensitivity. Approximately
100-fold greater than other current technologies
(e.g., ﬂow cytometry).
 Extremely accurate, with lower rate of false
negatives and false positives than analysis of
the TCR by PCR.
 Capable of successfully studying any type of
tissue and small samples, including standard-size
punch biopsy or shave biopsy samples, because
it is a cDNA- or DNA-based technology, and the
ampliﬁcation step enables the detection of
scarce cells.
 Technique does not require radioactive agents as
in the previously commonly used Southern
blotting.
 Can be used for a wide range of applications,
from expanding our knowledge of the adaptive
immune system to monitoring responses to
therapeutic interventions and studying new
diagnostic and prognostic biomarkers.

Limitations of HTS of TCR

 Technology’s sensitivity is limited only by the
amount of DNA probed. For example, if the DNA
of a million cells is analyzed, then the clone
detection sensitivity is about 1:1,000,000.
 Variations in tissue processing can lead to DNA
degradation. Section thickness and sample cell
size may affect accurate ampliﬁcation and representation of all gene segments. A certain gene
may also be lost as a cell undergoes malignant
transformation.
 Pairing the a with b or g with d chains of a speciﬁc
TCR is generally possible only when analyzing
single cells.
 It is generally still not possible to match the
studied TCR sequences to their speciﬁc epitope.

providing protection against constant diverse pathogenic
threats. TCRs are heterodimer molecules consisting of either a
combination of a and b chains, the most common TCR, or a
combination of g and d chains (Figure 1). The superb speciﬁcity and diversity occurs during lymphocyte development by
randomized combinations of DNA from distinct variable,
diversity, joining (V(D)J) gene segments and by deletion and/
or insertion of nucleotides at the junctions of these segments,

A recently developed methodology, known as immunosequencing, combines bias-controlled multiplexed PCR with
high-throughput sequencing (HTS) of the CDR3 of the TCR.
Subsequent innovative bioinformatic analysis enables the
simultaneous identiﬁcation, quantiﬁcation, and tracking of
each individual lymphocyte and of the entire repertoire
within any sample of interest (Figure 2). To describe HTS of
the TCR brieﬂy, DNA or mRNA is extracted from the biologic sample of interest (e.g., blood or skin), and the CDR3
region is ampliﬁed from the isolated DNA or cDNA (synthetized by reverse transcription of mRNA). Then, in a
second PCR step, bias-controlled V and J gene primers are
used to further amplify the rearranged V(D)J segments,
which ﬁnally are subjected to HTS. Clustering algorithms
are subsequently used to correct the raw data for
sequencing errors (Figure 3). Lastly, the unique CDR3
segments and the V(D)J genes within each rearrangement
are identiﬁed and quantiﬁed (Figure 2), based on previously described sequences, which can be accessed within
the IMGT data bank (http://www.imgt.org), offering a
common standard for nomenclature, numbering, and
annotation (Lefranc et al., 2009; Robins et al., 2009). These
results allow identiﬁcation of somatic allelic mutations,
study of the lymphoid clonality and diversity in healthy and
malignant tissues, and tracking of each clone over time
(e.g., as a biomarker during disease progression or therapy)
among different anatomical sites or within deﬁned
populations.
VARIANTS OF PCR AND OTHER TECHNIQUES TO STUDY
THE TCR

Multiple variants of PCR can be applied to analyze the
CDR3, and for a better understanding of the literature, some
relevant methods will be brieﬂy explained. Most PCR protocols require an initial treatment with restriction enzymes
to reduce the DNA length or to enable linking of deﬁned
oligonucleotides and use double-strand DNA synthesis
during ampliﬁcation, known as linear ampliﬁcationmediated PCR (LAM-PCR). As an alternative approach,
nonrestrictive LAM-PCR (nrLAM-PCR) avoids using restriction enzymes while the single DNA strands are ampliﬁed
directly by competitive exponential PCR (Gabriel, 2009).
Because the time span of the linear DNA synthesis step is
limited, the resultant nrLAM-PCR products display substantial variability in length, because size is no longer determined by restriction enzymes. As a consequence, analysis
by gel electrophoresis is not possible (PCR products appear
as a smear instead of a sharp band), but nrLAM-PCR allows
unbiased HTS by restriction site motifs. The overall sensitivity and efﬁciency of nrLAM-PCR is superior compared
www.jidonline.org e132
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Figure 1. The T-cell receptor (TCR) can function as a unique identifying bar code of T cells. (a) In the germline genome, the multiple gene segments of the TCR
have not yet been rearranged. Speciﬁcity and diversity occurs during lymphocyte development by combining the distinct variable (V), diversity (D), and joining (J)
gene segments and by deletion and/or insertion of nucleotides at the junctions of those segments (C, Constant gene segments). This randomized process makes it
highly improbable that two T-cell receptors with the same complimentary determining region 3 (CDR3) nucleotide sequence will be generated. Thus, the unique
TCR nucleotide sequence of each T cell is akin to a bar code that enables recognition and tracking of each speciﬁc T-cell clone. The unique mRNAs are
translated into the peptide chains of the TCR. (b) TCR proteins heterodimerize to form either a combination of a and b chains or g and d chains.

with other LAM-PCR techniques if the amount of input DNA
is not a strict limitation (Gabriel, 2009).
Rapid ampliﬁcation of cDNA ends, also known as onesided PCR or anchored PCR, starts with the generation of
the ﬁrst strand of cDNA with a speciﬁc primer targeting a
known sequence within the mRNA transcript (e.g., C-gene
region of the TCR), and the other terminus is covalently linked
Figure 2. High-throughput TCR
sequencing. (a) The biological sample
of interest is collected. (b) DNA is
extracted or cDNA is synthetized. (c)
Bias-controlled multiplexed PCR
ampliﬁes and sequences the CDR3
from the DNA or cDNA. Then, biascontrolled V and J gene primers are
used to amplify the rearranged V(D)J
segments. (d) Bioinformatics can then
be used to identify, quantify, and track
each individual lymphocyte and the
entire repertoire within any sample of
interest. It is possible to identify and
quantify the unique CDR3 segments
and the V(D)J genes within each
rearrangement, based on previously
described sequences that can be
accessed within data banks. CDR3,
complementarity determining
region 3; TCR, T-cell receptor; V(D)J,
variable, diversity, joining.
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to an “anchor” oligonucleotide sequence. Then, doublestrand cDNA synthesis by PCR is performed by using
a primer that speciﬁcally binds to the anchor and to a second
primer of interest.
Multiplex PCR uses multiple primer sets within a single
PCR mixture, resulting in multiple PCR products (amplicons)
of varying sizes. For example, multiple primers covering all
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Figure 3. High-throughput TCR CDR3 sequencing captures entire T-cell diversity. (a) Comparison of standard TCRb spectratype data and calculated TCRb
CDR3 length distributions for sequences using representative TCR Vb gene segments. CDR3 length is plotted along the x-axis, and the number of unique CDR3
sequences with that length or the relative intensity of the corresponding peak in the spectratype is plotted along the y-axis. The length of the differently colored
segments within each bar of the histograms indicates the fraction of unique CDR3 sequences that was observed 1e5 times (black), 6e10 times (blue), 11 e100
times (green), or more than 100 times (red). (b) A representative spectratype of TCRb CDR3 cells that use the Vb10 gene segment. The CDR3 sequences were
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Table 1. Comparison of approaches for analysis of the TCR
Type of Information
Protein/mRNA/DNA level
Tissue sample preparation
Cellular throughput
(approximate maximum)
Combined analysis of other
markers
Dependent on availability of
speciﬁc antibodies
Antigen speciﬁcity possible
TCR repertoire information
Further information
about TCR sequence repertoire

Flow Cytometry

Mass Cytometry

HTS of the TCR

Protein
Obligatory to prepare single-cell
suspension from tissue
25,000 events/second

Protein
Obligatory to prepare single-cell
suspension from tissue
2,000 events/second

mRNA/DNA
Direct extraction of mRNA/DNA
from tissue
Not applicable

Up to 20

Up to 40

Not possible1

Yes

Yes

No

Up to 30 (combination
of tetramers)
Limited2
Cells can be sorted and
then subjected to HTS

Up to 100 (combination
of tetramers)
Limited2
No, cells are destroyed
through the mass cytometry process

No
Complete
Can identify and quantify the V(D)J
genes and the nucleotide and amino
acid sequences

Abbreviations: HTS, high-throughput sequencing; TCR, T-cell receptor; V(D)J, variable, diversity, joining.
Possible only when starting with sorted single cells or cloned cells.
2
Availability of antibodies to TCR repertoire is incomplete.
1

known V genes can be used when studying the lengths and
sequences of the CDR3 of the TCR repertoire. The design of
the primers for multiplex PCR is of utmost importance: the
primer length (18e22 bases) and the annealing and melting
temperature must be optimized to act accurately within a
single reaction mixture. In addition, binding of primers to
each other (primer dimers) must be excluded, and a linear
ampliﬁcation protocol must be applied to prevent bias between the primers.
The TCR repertoire can also be analyzed by other techniques besides PCR, including ﬂow cytometry or mass
cytometry (Table 1). However, comprehensive analysis of the
TCR repertoire by cytometry is restricted because of the
limited availability of anti-TCR antibodies.
TERMS TO DESCRIBE TCR REPERTOIRE DIVERSITY

The lexicon of terms applied to describe the diversity of T-cell
clones in biological samples includes metric terms such as
clonality, richness, and entropy.
Clonality is a metric of relative abundance that allows
evaluation of clonal expansion based on the probability of
ﬁnding the same sequence in two different replicates. A
higher clonality score reﬂects greater clonal expansion and
can be attributed to expansion within the memory compartment, an uneven homeostatic proliferation of the naive T-cell
repertoire, or may be indicative of a T-cell tumor. For
example, cutaneous T-cell lymphoma (CTCL) samples
commonly have a high clonality value, because there is a
single pathogenic T-cell clone largely predominating in skin
lesions (Chitgopeker et al., 2014).

Richness measures how many distinct T-cell clones (unique
TCRs) are present in a sample. The diversity richness of the
repertoire is strongly linked to a healthy immune system,
ensuring continuous surveillance and response to unlimited
foreign antigens, controlling for acute and chronic infections,
and preventing mutant cells from unrestricted proliferation.
Entropy provides a theoretic measurement of the probability of a certain clone being present within the total T-cell
repertoire, combining information on abundance and richness. Entropy is the degree of uncertainty associated with
identifying clones in the total repertoire based on the total
number of clones, their identity, and their relative
abundances.
APPLICATIONS OF HIGH-THROUGHPUT TCR SEQUENCING
IN DERMATOLOGY

High-throughput TCR sequencing is increasingly becoming
an important tool in the ﬁeld of investigative dermatology,
including monitoring the immune response to infectious
diseases or vaccines, studying pathogenesis of Tcelleassociated diseases, facilitating diagnosis and early
recurrence detection, and assessing T-cell responses during
therapies.
Monitoring the immune response to infectious diseases or
vaccines

The exposure to pathogens or vaccines induces a speciﬁc
adaptive immune reaction, which can be monitored by HTS.
The study of the TCRs of all present T cells allows analyzing
the efﬁcacy of inducing persistent T-cell memory by tracking
unique sequences that were initially present in the naive

=
sorted by CDR3 length into a frequency histogram, and the sequences within each length were then color-coded on the basis of their Jb use. The inset represents
CDR3 sequences having a length of 39 nucleotides (nt), as well as the number of times that each of these sequences was observed in the data. The origin of the
nucleotides in each sequence is color-coded as follows: Vb gene segment, red; template-independent N nucleotide, black; Db gene segment, blue; Jb gene
segment, green. (c) Shown are the results of TCRg HTS of lesional skin from a patient with stage III cutaneous T-cell lymphoma. The two rearranged TCRg allele
sequences of the malignant clone are indicated by asterisks. A healthy diverse population of benign inﬁltrating T cells was present. Parts a and b were adapted
from Robins et al. (2009), with permission from the American Society of Hematology. Part c was adapted from Kirsch et al. (2015), with permission from The
American Association for the Advancement of Science. CDR3, complementarity determining region 3; D, diversity; HTS, high-throughput sequencing; J, joining;
TCR, T-cell receptor; V, variable.
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Figure 4. High-throughput TCRb CDR3 region sequencing identiﬁes expanded T-cell clones and discriminates CTCL from benign inﬂammatory skin disorders.
(a) Clonality of lesional skin T cells increased with advanced stage of CTCL. (b, c) TCR sequencing identiﬁed expanded populations of clonal malignant T cells in
CTCL skin lesions. (b) The V versus J gene usages of T cells from a lesional skin sample are shown. The green peak includes the clonal malignant T-cell
population. (c) The individual T-cell clone sequence is shown with detailed information on the CDR3 amino acid sequence and V and J gene usage. The nine
most frequent TCR sequences of benign inﬁltrating T cells are also shown. In this patient, the malignant T-cell clone made up 10.3% of the total T-cell population
in lesional skin. (d, e) The most frequent T-cell clone expressed as the fraction of total nucleated cells successfully discriminates CTCL from benign inﬂammatory
skin diseases. The most frequent TCR sequence expressed as a fraction of total nucleated cells is shown for (d) individual samples and (e) aggregate data. This
analysis allowed discrimination of CTCL from benign inﬂammatory skin diseases and healthy skin. Reprinted from Kirsch et al. (2015), with permission from The
American Association for the Advancement of Science. ACD, allergic contact dermatitis; CDR3, complementarity determining region 3; CTCL, cutaneous T-cell
lymphoma; ED, eczematous dermatitis; J, joining; MF, mycosis fungoides; Nml, normal; TCR, T-cell receptor; V, variable.

T-cell population but appear in the T-cell population with a
memory phenotype after an immune response. Moreover, it
allows tracking the memory T cells over time, unveiling
whether the vaccine or infection provides long-lasting protection. This cumulative knowledge may allow researchers to
identify T-cell clones that exclusively react to an antigen of
interest, which might eventually be used as a biomarker of
exposure or for early detection and prevention of disease
spread.
Gaide et al. (2015) used HTS of the TCR to clarify the
clonal origin of both central memory T cells in lymph
nodes and resident memory T (TRM) cells in peripheral
tissues after skin vaccination. They noted that after skin
immunization, a mutual native T-cell precursor gives rise

to both antigen-reactive skin TRM cells and lymph node
central memory T cells with overlapping TCR repertoires,
hence creating memory T cells with different effector
properties but with identical antigen speciﬁcity in distinct
tissue compartments. In addition, TRM cells could rapidly
generate a contact hypersensitivity response, whereas
central memory T cells were responsible for a moderate
and delayed response. These data indicate that TRM cells
mediate allergic contact dermatitis, which explains the
site-speciﬁcity, recurrence, and refractory characteristics of
this disease. Similar approaches may help in the study of
human diseases for which the clinical features resemble
TRM-mediated diseases, including psoriasis, vitiligo, and
ﬁxed drug eruption.
www.jidonline.org e136
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Studying pathogenesis of T-cell diseases

Besides elucidating the pathogenesis of allergic contact
dermatitis, HTS also allowed demonstration that allopurinolinduced severe cutaneous adverse reactions are driven by
clonotype-speciﬁc T cells in a dose-dependent response to
oxypurinol (Chung et al., 2015). Studies of the TCR g gene by
HTS showed that CTCL is caused by mature memory T cells
after undergoing normal thymic maturation and not by
lymphoid progenitor cells or immature T cells (Kirsch et al.,
2015). By means of a modiﬁed HTS technique, Ruggiero
et al. (2015) assessed the TCR a- and b-chain diversity in
Sézary syndrome, and correlations between the restriction of
the repertoire and clinical severity of CTCL skin involvement
were found.
Facilitating diagnosis and early recurrence detection

High-throughput TCR sequencing has been shown to facilitate the diagnosis of CTCL. TCRg PCR is currently the common diagnostic method of CTCL; however, it detects only the
malignant T-cell clone in a subgroup of patients. Kirsch et al.
(2015) showed that HTS of the TCR b and g alleles is more
sensitive and speciﬁc than TCRg PCR in detecting the pathogenic expanded T-cell clone. HTS can function as an early
deﬁnitive diagnostic tool for CTCL, and importantly, distinguish early stages of CTCL from benign inﬂammatory skin
diseases (Figure 4).
Assessing immune response to therapy

In a clinical trial testing topical resiquimod gel (an agonist for
toll-like receptors 7 and 8) as a treatment for CTCL, it was
noted that HTS of the TCR was more speciﬁc in assessing
malignant T-cell clone clearance than clinical score evaluation (Rook et al., 2015). HTS showed that the malignant T-cell
clone was reduced in 90% of the treated patients and that
malignant T-cell eradication was correlated with the recruitment and expansion of new benign T cells.
SUMMARY AND FUTURE DIRECTIONS

HTS of the TCR is a highly sensitive and precise technique
that allows quantiﬁcation of the relative frequency of each
clone within the full T-cell repertoire. It enables concomitant
study of each unique T cell and all clonal populations over
time and comparison of different biologic tissues of the same
individual or among different individuals who may be either
healthy or suffering from a certain disease.
HTS technology is based on the speciﬁc detection of the
CDR3 region on just one of the two chains of the TCR heterodimer. An important next step forward would be establishment of technology that is able to simultaneously deﬁne
both chains of the TCR. Currently, the most common way to
deﬁne both peptide chains of the same TCR is through
single-cell analysis. However, a recently developed method
called pairSEQ seems to be able to accurately pair TCRa and
TCRb sequences out of hundreds of thousands of lymphocytes without the need for single-cell technologies (Howie
et al., 2015). Once established, this development may
signiﬁcantly contribute to another highly anticipated goal:
being able to link TCR sequences to their speciﬁc target
antigenic peptides. These new methods will augment TCR
datasets with complementary information on the target
epitope recognized by each TCR and link these TCR
e137 Journal of Investigative Dermatology (2017), Volume 137

MULTIPLE CHOICE QUESTIONS
1. What does HTS of the TCR identify?
A. Identiﬁes the DNA sequence of the entire
TCR
B. Identiﬁes the speciﬁc epitope of each TCR
C. Identiﬁes the variable and constant region of
each TCR
D. Identiﬁes and quantiﬁes each and every
T cell present in a sample
2. All of the following are advantages of HTS of the
TCR, except the following:
A. Uses highly accurate radioactive agents
B. High clone detection sensitivity
C. Can be applied to any biologic tissue and
small samples
D. Low rate of false positives and false negatives
3. All of the following steps are part of the HTS of
the TCR methodology, except the following:
A. Bias-controlled multiplexed PCR
B. Western blot
C. Advanced bioinformatics
D. HTS of the CDR3 of the TCR
4. What does the clonality score measure?
A. The probability of a clone being present
within the total cell repertoire
B. How much a sample is dominated by clonal
expansion
C. How many distinct clones are present in a
sample
D. How many T cells belong to each clonal
population
5. HTS can be used to study the following:
A. The immune response to infectious diseases
or vaccine
B. Pathogenesis of T-celleassociated diseases
C. Diagnosis biomarkers and/or immune
response to therapies.
D. All of the above

sequences to lymphocytic phenotypic markers. In addition,
these new methods build on the current applications of HTS
as a monitoring tool for lymphoid malignancies and hematopoietic transplants and potentiate the identiﬁcation and
development of lymphocytes speciﬁc for tumor antigens or
self-antigens for anticancer or autoimmune therapeutics,
respectively.
HTS is meaningfully expanding our understanding of the
complex and exquisite role of T cells in the immune system
and may lead us in groundbreaking personalized medicine

RESEARCH TECHNIQUES MADE SIMPLE 
by accurately monitoring and improving therapeutic interventions and possibly uncovering diagnostic and prognostic biomarkers.
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Research Techniques Made Simple:
Cost-Effectiveness Analysis
Connie R. Shi1,2 and Vinod E. Nambudiri2
Cost-effectiveness analysis (CEA) is a research method used to determine the clinical benefit-to-cost ratio of a
given intervention. CEA offers a standardized means of comparing cost-effectiveness among interventions.
Changes in quality-adjusted life-years, disability-adjusted life-years, or survival and mortality are some of the
common clinical benefit measures incorporated into CEA. Because accounting for all associated costs and
benefits of an intervention is complex and potentially introduces uncertainty into the analysis, sensitivity analyses can be performed to test the analytic model under varying conditions. CEA informs the identification of
high-value clinical practices and can be used to evaluate preventative, diagnostic, and therapeutic interventions
in dermatology.
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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.

WHAT IS COST-EFFECTIVENESS ANALYSIS?

Cost-effectiveness analysis (CEA) is a research method that
characterizes the costs of interventions relative to the
amount of beneﬁt that they yield. CEA provides a standardized means of comparing interventions to identify
those that provide maximal clinical effect per incremental
unit of cost. CEA can be applied to preventive, diagnostic,
and therapeutic interventions. Outcomes captured by such
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analyses can include mortality beneﬁt, symptom reduction,
or improved quality of life after a treatment or procedure.
CEA is one type of economic analysis used in health services research; other related but separate concepts are
outlined in Table 1.
Given the interest in delivering high-value care across all
clinical specialties including dermatology, research identifying clinical practices that deliver a high level of

1

Harvard Medical School, Boston, Massachusetts, USA; and 2Department of Dermatology, Brigham and Women’s Hospital, Harvard Medical School, Boston,
Massachusetts, USA
Correspondence: Vinod E. Nambudiri, 221 Longwood Avenue, Boston, Massachusetts, 02115 USA E-mail: vnambudiri@partners.org
Abbreviations: CEA, cost-effectiveness analysis; DALY, disability-adjusted life-year; ICER, incremental cost-effectiveness ratio; QALY, quality-adjusted life-year

e143 Journal of Investigative Dermatology (2017), Volume 137

ª 2017 The Authors. Published by Elsevier, Inc. on behalf of the Society for Investigative Dermatology.

RESEARCH TECHNIQUES MADE SIMPLE 
SUMMARY POINTS
What is cost-effectiveness analysis?

Cost-effectiveness analysis (CEA) is a research method
used to determine the clinical beneﬁt-to-cost ratio of interventions. CEA offers a standardized means of
comparing cost effectiveness among interventions.
Changes in quality-adjusted life-years (QALYs),
disability-adjusted life-years (DALYs), or survival and
mortality are some of the common outcome measures of
clinical beneﬁt incorporated into CEA.
CEA can be used to evaluate screening, preventative,
diagnostic, and therapeutic interventions.
Limitations of cost-effectiveness analysis

Accounting for all associated costs and beneﬁts of an
intervention is complex, potentially introducing uncertainty into the analysis. Sensitivity analyses can be performed to test the analytic model under varying
conditions.
There remains no universally accepted standard for
cost-effectiveness thresholds.

Table 1. Comparison of concepts in health economics
analysis
Concept
Cost analysis
Cost-beneﬁt analysis
Cost-effectiveness
analysis
Comparative
effectiveness research1

Deﬁnition
Calculation of the costs associated with an
intervention
Characterization of the cost of an intervention
relative to the monetary beneﬁt of its outcome
Characterization of the cost of an intervention
relative to the clinical beneﬁts of the outcome,
measured in nonmonetary values
A ﬁeld of research that aims to discriminate
among clinical interventions according to their
clinical effectiveness, cost effectiveness, and
appropriateness

1

Nambudiri and Qureshi, 2013.

effectiveness at a relatively lower cost can be valuable in
guiding policy on allocation of health care resources. It is thus
increasingly relevant for dermatologists to understand CEA
and demonstrate cost-effectiveness in current practice.
METHODS IN COST-EFFECTIVENESS ANALYSIS

Core elements of cost-effectiveness analysis include identifying clinical interventions, accounting for all associated costs,

and deﬁning outcome measures for analysis. The Panel on
Cost-Effectiveness in Health and Medicine provides recommendations on variables that should be included in cost and
outcome deﬁnitions used in CEA (Sanders et al., 2016). Cost
calculations should include not only the price of administering
an intervention but also costs associated with facility and staff
resources, intervention adverse effects, and indirect costs of
patient suffering and lost productivity, among others.
Table 2 outlines various outcome measures used in CEA.
The most commonly used outcome measures are the
disability-adjusted life-year (DALY) and quality-adjusted
life-year (QALY). For both DALYs and QALYs, a value of
1 is assigned to a single year lived with perfect health. To
determine the DALYs associated with a condition, a
disability weight is assigned based on the level of impairment caused by the condition, with larger disability
weights correlated with greater impairments to health
(Jamison et al., 2006). The disability weight is then subtracted from 1 to determine the DALY. QALYs are calculated in a similar fashion but incorporate quality of life
changes into the measurement. Standardized quality of life
surveys such as the EuroQol ﬁve dimensions questionnaire
(EQ-5D) are commonly used to derive QALY values (Prieto
and Sacristán, 2003). DALY and QALY determinations are
informed by standardized disease severity, symptom, and
quality of life measurements and in many cases are preferable markers of health outcomes over simply counting
life-years prolonged (Jamison et al., 2006). Dermatologyrelated instruments that have been developed and validated include the Dermatology Life Quality Index (DLQI),
Children’s Dermatology Life Quality Index, Psoriasis Area
and Severity Index (PASI), SCOring Atopic Dermatitis
(SCORAD), and Functional Assessment of Cancer Therapy
Melanoma (FACT-M), among others.
Decision analysis models are used to analyze large
volumes of patient outcomes in CEA. A decision tree,
which allows visualization of the different clinical pathways being compared and their possible outcomes, is an
example of a simple decision analysis model (Figure 1).
Probabilities of an intervention’s success or failure are
estimated from existing literature on efﬁcacy, and the decision tree allows for the incorporation of outcomes such
as cost and QALYs. However, the decision tree is less well
adapted to handling recurrent conditions and longer-term
outcomes. The Markov model, an iterative model that accommodates transitions among various disease states,
can be better suited for representing conditions that
recur, evolve, and progress over time (Sonnenberg and
Beck, 1993).

Table 2. Deﬁnitions of selected outcome measures used in CEA1
Outcome measure
Mortality (deaths averted)
Life-years gained/lost
Disability-adjusted life-years gained/lost
Quality-adjusted life-years gained/lost

Deﬁnition
The number of deaths prevented by an intervention
The remaining life expectancy at the time of an averted death, weighted in favor of younger persons.
A unit of the amount of health lost because of a condition, taking into account the burden of morbidity
associated with the condition
A unit of the years of life saved and adjusted for health-related quality of life with that condition

1

Adapted from Jamison et al., 2006.
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Figure 1. Representative decision
tree of management pathways for
verruca vulgaris. The ﬁgure illustrates
an example of a clinical decision tree
for the management of a common
dermatologic condition using select
strategies currently used in clinical
practice. It does not exhaustively show
all therapeutic options.

There is inherent uncertainty in estimations of the inputs
and outputs in CEA. Sensitivity analyses are incorporated into
CEA to test decision analysis models under varying conditions. A sensitivity analysis might include testing outcomes
after changing the estimate of a treatment cost or under assumptions of lesser treatment efﬁcacy than reported in the
literature.
The calculated incremental cost-effectiveness ratio (ICER)
allows for comparison of cost-effectiveness between interventions. The basic formula for the ICER of an intervention
X relative to a comparison intervention Y (e.g., the current
standard of care, the control treatment, or no intervention if
there is no current available therapy) is as follows:
ICER
¼

ðcost of intervention X  cost of comparison intervention YÞ
ðeffect of intervention X  effect of comparison intervention YÞ

ICER is commonly reported in units of $/DALY or $/QALY.
Historically, a commonly used threshold below which an
intervention is considered cost effective has been $50,000/
QALY, but recommended cost-effectiveness thresholds vary
widely. For instance, the National Institute for Health and
Care Excellence in the United Kingdom uses a threshold
range
of
£20,000e£30,000/QALY
(approximately
$25,351e$38,026/QALY) (McCabe et al., 2008), whereas the
World Health Organization recommends thresholds of less
than three times a nation’s per capita gross domestic product/
QALY (Marseille et al., 2015). The threshold for cost effectiveness remains an area of active discussion in health economics research (Neumann et al., 2014).
CEA IN DERMATOLOGY: PREVENTION

A large-scale retrospective CEA published by Gordon et al. in
the Journal of Investigative Dermatology in 2009 investigated
the cost effectiveness of routine sunscreen use for skin cancer
prevention versus usual practice (i.e., discretionary sunscreen
e145 Journal of Investigative Dermatology (2017), Volume 137

use) in Australia. Program participants were supplied with
sunscreen to use over the course of the study.
The net societal costs per person—which included total
costs incurred by patients (i.e., time to attend provider visits),
providers (i.e., provider salaries, facility costs, sunscreen costs),
and the Australian government, the predominant payer in the
Australian health care system—over the 5-year period were
$405 and $275 for the daily sunscreen treatment intervention
and usual practice groups, respectively. However, the authors
noted that the intervention represented a net savings for the
Australian government because of decreased need for treatment of squamous cell carcinoma, basal cell carcinoma, and
actinic keratosis in the intervention group, yielding a total
savings of $88,203 over the 5-year period. At an investment of
just $0.74 per person per year, the authors concluded that the
intervention was favorably cost effective for Australia
compared with other public health prevention interventions.
Variables examined in the sensitivity analyses included
misdiagnosis costs, costs associated with sunscreen purchase,
costs associated with medical visits (which showed wide
variation), and proportion of actinic keratoses treated, for
which there is no single standardized clinical pathway
(Table 3). The intervention consistently offered net cost savings to the government across the sensitivity analyses; however, variation in medical costs and in the proportion of
actinic keratoses treated had signiﬁcant effects on estimated
cost-effectiveness ratios (Table 3), illustrating how calculated
cost-effectiveness ratios can change by varying assumptions
and inputs in these analyses. Although the generalizability of
the study to other countries remains to be seen, this article
provides an example of a CEA with direct impact on dermatology and skin cancer prevention.
In another recent CEA related to dermatology, a study
published in JAMA Pediatrics examined the cost effectiveness
of six different daily total-body moisturizer treatments used as
a means of prevention for the ﬁrst 6 months of life among
newborns at high risk for developing atopic dermatitis
(Xu et al., 2016). Unlike the aforementioned skin cancer
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Table 3. Sensitivity analyses of the incremental costeffectiveness ratio of population-wide routine
sunscreen use under varying conditions
Incremental costeffectiveness ratio (mean
per person)
Base analysis
Costs involved in skin cancer
misdiagnoses (positive predictive
value)
Medical costs ($)
Time to visit a GP ($)
Time to apply sunscreen ($)
Sunscreen purchases ($)
Out-of-pockets for GP visit ($)
Proportion of AKs treated

0.60

3.72
3.62

0.801
Low
High2
Low
High
Low
High
Low
High
Low
High
0%
25%
100%

3.79
3.81
0.33
3.79
3.70
3.77
3.66
3.52
3.93
3.77
3.70
6.31
5.02
1.15

Abbreviations: AKs, actinic keratosis; GP, general practitioner.
Includes the scenario of higher accuracy and less resource use in experienced or specialist doctors.
2
Includes the scenario of higher costs of skin cancers treated in hospitals.
From Gordon et al., 2009, reprinted with permission.
1

study, which used observed clinical outcomes from a randomized controlled trial as the effect measure, this CEA
adapted cost and effect ﬁndings from a previous report that
showed the relative risk reduction of atopic dermatitis after
moisturizer treatment among newborns (Simpson et al.,
2014). Sensitivity analyses examined treatment effects
ranging from 28%e90% relative risk reductions. The cost
effectiveness of moisturizer treatments ranged from $353/
QALY to $8,386/QALY for the least and most expensive
moisturizers included in the study, both well below
commonly accepted thresholds for cost effectiveness in the
United States.
The authors noted that moisturizers, despite evidence of
clinical cost- effectiveness, are not included in insurance
coverage and thus are frequently out-of-pocket expenses that
pose economic burdens for patients with atopic dermatitis.
The two preventive studies cited here highlight cost-effective
interventions for which intervention costs are most often
borne by patients, despite the beneﬁts and cost savings
accruing to government and insurance payers. This discordance represents a challenging dilemma in cost-effectiveness
research but potentially also an opportunity for advocacy in
expanding payment coverage for these beneﬁcial, evidencebased, cost-effective interventions in disease prevention.
CEA IN DERMATOLOGY: THERAPEUTICS

Given the range of treatment options that exist for dermatologic diseases and concerns of escalating costs associated
with novel therapies, CEA is increasingly conducted to evaluate emerging treatments. For example, in an analysis of
trametinib plus dabrafenib in the treatment of BRAF V600-

MULTIPLE CHOICE QUESTIONS
1. This unit of cost effectiveness is deﬁned as
ðcost of intervention X  cost of comparison intervention YÞ
ðeffect of intervention X  effect of comparison intervention YÞ

A.
B.
C.
D.

Cost-beneﬁt ratio
Quality-adjusted life-year
Incremental cost-effectiveness ratio
Average cost effectiveness

2. What type of analysis is performed to simulate
real-world uncertainty in the parameters of the
cost-effectiveness analysis and test assumptions
under varying conditions?
A. Cost-beneﬁt analysis
B. Sensitivity analysis
C. Comparative effectiveness analysis
D. Chi-square analysis
3. This type of model can be useful in costeffectiveness analysis for simulating the complex course of chronic disease or conditions in
which there is transition back and forth between
disease states.
A. Decision tree analysis
B. Logistic regression model
C. Cox proportional hazards model
D. Markov model
4. Which of the following is a commonly used
threshold for valuing a single quality-adjusted
life-year (QALY) in cost-effectiveness analysis?
A. $500/QALY
B. $5,000/QALY
C. $50,000/QALY
D. $500,000/QALY
5. Which of the following costs should be factored
in as part of a cost-effectiveness analysis for a
newly developed pharmaceutical treatment?
A. Retail price of the drug
B. Physician time necessary to administer the
drug to patients
C. Patient time out of work to recover from
adverse effects of the drug
D. All of the above

mutated melanoma in Switzerland, the authors found that
based on current pricing, trametinib plus dabrafenib had an
ICER of 385,603 Swiss francs/QALY (approximately
$379,624/QALY), making it a less cost-effective treatment
than vemurafenib monotherapy, despite potentially being
more clinically effective (Matter-Walstra et al., 2015). It is
www.jidonline.org e146
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important to appreciate, however, that because treatment
prices change with time, so too may cost-effectiveness calculations. Thus, updating historical analyses to reﬂect current
costs may prove informative.
CEA has also been used to identify cost-effective interventions in current practice. In a CEA of topical regimens
for mild to moderate localized psoriasis, a Markov model was
constructed to simulate clinical pathways for psoriasis
management (Sawyer et al., 2013). Use of the iterative
Markov model in this study illustrates its value in analyses
of chronic and frequently relapsing diseases such as
psoriasis. The authors concluded that the most cost-effective
ﬁrst-line therapy for psoriasis of the body was twice-daily
potent corticosteroids, with an ICER of £20,000/QALY
(approximately $25,351/QALY), whereas very potent corticosteroids were the most cost-effective treatment for scalp
psoriasis.
As these examples show, CEA identiﬁes interventions
within dermatology that confer beneﬁts to patients, provide
cost savings for health systems, and inform policy decisions.
CEA of both preventive and therapeutic measures brings into
greater focus the relative advantages and disadvantages of
implementing various interventions from both clinical and
cost perspectives.
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Research Techniques Made Simple:
An Introduction to Use and Analysis of
Big Data in Dermatology
Mackenzie R. Wehner1, Katherine A. Levandoski2, Martin Kulldorff3 and Maryam M. Asgari2
Big data is a term used for any collection of datasets whose size and complexity exceeds the capabilities of
traditional data processing applications. Big data repositories, including those for molecular, clinical, and
epidemiology data, offer unprecedented research opportunities to help guide scientific advancement. Advantages of big data can include ease and low cost of collection, ability to approach prospectively and retrospectively, utility for hypothesis generation in addition to hypothesis testing, and the promise of precision
medicine. Limitations include cost and difficulty of storing and processing data; need for advanced techniques
for formatting and analysis; and concerns about accuracy, reliability, and security. We discuss sources of big
data and tools for its analysis to help inform the treatment and management of dermatologic diseases.
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WHAT ARE BIG DATA?
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(Laney, 2001), all of which have been growing rapidly
(Figure 1). Although there is no predeﬁned threshold for
volume, in general, anything 1 petabyte (1015 bytes, or the
approximate size of 1 million human genomes) or greater is
considered big data (Figure 2). The ability to monitor, record, and store information from large populations from
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SUMMARY POINTS
 Big data describes any collection of datasets
whose size and complexity exceeds the capabilities of traditional data processing applications.
 Big data has the potential to help inform the
treatment and management of dermatologic
diseases through improved risk assessment, surveillance, diagnosis, and treatment methods.
 While big data presents spectacular research
opportunities, there are important limitations to
consider, including storage costs, processing
challenges, and concerns about accuracy, reliably, and security.

sources including electronic medical records, insurance
claims, surveys, disease registries, biospecimens, apps and
social media, the internet, and personal monitoring devices
has shepherded the era of big data into use in health care.
The volume of health care data in the United States in 2017
is rapidly approaching zettabyte levels (iHT2, 2013). This
wealth of structured and unstructured data has the potential to substantially affect health care delivery through
improved risk assessment, surveillance, diagnosis, and
treatment methods.
WHAT ARE SOME BIG DATA SOURCES IN HEALTH CARE?

There are many big data sources in health care. OptumLabs
(https://www.optumlabs.com), an open collaborative research
center, provides de-identiﬁed clinical data from electronic
health records and claims data for over 100 million
insured members (Borah, 2016). Sentinel (https://www.
sentinelinitiative.org), a US Food and Drug Administration
Figure 1. The 3 Vs of big data. The 3
Vs of big data are volume (amount of
data), velocity (speed at which data is
generated), and variety (number of
types of data), all of which have been
growing rapidly. After “The 3Vs That
Deﬁne Big Data,” Diya Soubra,
Data Science Central, http://www.
datasciencecentral.com/forum/topics/
the-3vs-that-deﬁne-big-data. GPS,
global positioning system.
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initiative, uses data from electronic health records, insurance
claims, and registries to monitor postmarketing, real-world
safety of medicines. Sentinel data were used to estimate the
validity of International Classiﬁcation of DiseaseseNinth
Revision codes (Centers for Disease Control, 1998) for
ascertaining Stevens-Johnson syndrome and toxic epidermal
necrolysis in 12 collaborating research units, covering almost
60 million people (Davis et al., 2015). UK Biobank and Kaiser
Permanente Biobank are examples of medical data and tissue
samples collected for research purposes. UK Biobank (www.
ukbiobank.ac.uk) is a cohort of 500,000 participants in the
UK who have provided baseline information and blood,
urine, and saliva samples and who are being followed prospectively through their regular care. The Kaiser Permanente
Research
Biobank
(https://www.dor.kaiser.org/external/
DORExternal/rpgeh) is composed of 220,000 health plan
members who have contributed genetic and electronic health
record data. This was recently used in a large genome-wide
association study of cutaneous squamous cell carcinoma,
which identiﬁed 10 single-nucleotide polymorphisms associated with cutaneous squamous cell carcinoma at genomewide signiﬁcance and provided new insights into the genetics of heritable cutaneous squamous cell carcinoma risks
(Asgari et al., 2016). For genomic data, such as those found in
biobanks, the National Center for Biotechnology Information
has developed the Gene Expression Omnibus (https://www.
ncbi.nlm.nih.gov/geo), which acts as a public archive and
repository of microarray, next-generation sequencing, and
high-throughput functional genomic data. Geographic information systems, such as the National Cancer Institute
Geographic Information Systems and Science for Cancer
Control (https://gis.cancer.gov), capture geographic data that
allow for mapping of disease trends. Solar UV radiation data
are available through this system, and the association between cutaneous melanoma incidence rates and county-level
UV exposure has been examined (Richards et al., 2011).
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Figure 2. Logarithmic scale depicting volume of big data. The relative scale of different datasets is depicted. There is no predeﬁned threshold for volume that
deﬁnes big data, but in general, anything one petabyte or greater is considered big data.

Computer-based geographic information systems, web-based
geospatial technologies such as global positioning systems in
smartphones, and geospatial modeling can be used to follow
disease trends and to examine mobility and social networks
and their impact on disease (Birch, 2016; Ray et al., 2016).
To enhance the utility of biomedical big data from these
diverse sources, the National Institutes of Health established
Big Data to Knowledge (https://datascience.nih.gov/bd2k). It
aims to make digital data “ﬁndable, accessible, interoperable,
and reusable (FAIR),” with the following speciﬁc goals: (i) to
improve the ability to ﬁnd and use big data, (ii) to develop
analysis tools for big data, (iii) to increase training in data
science, and (iv) to establish centers of excellence in data
science (Margolis et al., 2014). Big Data to Knowledge has
funding opportunities in many areas, including curating,
coordinating, and organizing big data, developing big data
educational curricula, and improving big data standards
(https://www.nlm.nih.gov/ep/BD2KGrants.html).
HOW DO ANALYTIC TECHNIQUES FOR BIG DATA DIFFER
FROM THOSE FOR TRADITIONAL DATA?

Although big data can be used for traditional hypothesis
testing and can be especially valuable for research on rare
diseases or exposures, big data analyses are often hypothesis
generating. Rather than test a hypothesis, they can provide
evidence for new hypotheses that can later be tested with

traditional techniques. Big data analyses often center on
identifying patterns. Unlike traditional predictive modeling
based on a small number of covariates, big data predictive
modeling often involves variables that are not preselected.
Thus, compared with traditional data analysis, big data
analysis has the potential to be more exploratory. Given the
multiplicity inherent in the many potential patterns evaluated,
such big data analyses beneﬁt from special statistical methods
that account for this multiple testing using P-value adjustments or false discovery rates.
ANALYTIC TECHNIQUES FOR BIG DATA

There are many computational and statistical methods used to
analyze big data. Data mining is a process through which
data are analyzed from different perspectives to identify unsuspected patterns. Using insurance claims, data mining with
TreeScan software was used to explore unsuspected adverse
reactions associated with antifungal drug exposure (Kulldorff
et al., 2013). TreeScan is free data mining software available for download online (TreeScan, Boston, MA; https://
www.treescan.org). Cluster analysis focuses on grouping
similar patients or observations by demographics, medical
history, genetics, or geography. For example, the spatial
scan statistic was used to detect geographic clusters of basal
cell carcinomas in a Northern California population with
the goal of targeting screening and prevention efforts
www.jidonline.org e155
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(Ray et al., 2016). Another example is cluster analysis of
different quality-of-life scoring systems in psoriasis patients,
which showed lack of correlation of disease severity with
psychological distress instruments (Sampogna et al., 2004).
Machine learning allows algorithms to learn from a training
dataset to make predictive models without specifying the
model in advance. Machine learning is currently being
explored to track pigmented lesions over time and identify
lesions at higher risk for malignancy (Li et al., 2016). Machine
learning was recently used to develop a diagnosis algorithm
for skin cancer based on clinical images (Esteva et al., 2017).
The algorithm, which uses only pixels and disease labels as
inputs, matches the performance of dermatologists in identifying cancerous and noncancerous lesions (Esteva et al.,
2017). Deployable on mobile devices, machine learning
algorithms that train computers to make reliable diagnoses
directly from clinical images hold the potential to make a
signiﬁcant clinical impact by extending the reach of dermatologists beyond the clinic (Esteva et al., 2017). Decision tree
learning is a type of machine learning in which the independent variables are used to create a hierarchical tree
structure with leaves and branches, which can predict an
outcome (see Figure 3 for example). There are two main types
of decision tree analyses: classiﬁcation tree analysis, where
the predicted outcome is dichotomous such as for melanoma
mortality, and regression tree analysis, where the predicted
outcome is a continuous variable such as age at melanoma
diagnosis. Both classiﬁcation and regression tree analyses
were used to identify histological features of melanoma
associated with CDKN2A germline mutations (Sargen et al.,
2015). Bayesian networks are another type of machine
learning that use probabilistic graphs to explore relationships
between, for example, symptoms and disease, to be used in
clinical decision making or diagnosis. Cognitive computing is
a type of machine learning that tries to mimic the functioning
of the human brain. Natural language processing algorithms
allow computers to extract useful information from text, such
as electronic health records, well enough to yield meaningful
data. Such algorithms can identify mentions of a risk factor or

Figure 3. Decision-tree learning to predict melanoma mortality
(hypothetical). Hypothetical example illustrating the utility of decision-tree
learning for melanoma mortality prediction showing “leaves” (independent
variables) such as tumor thickness, ulceration, and tumor location, and
probability of survival (outcome).
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of an outcome disease in clinic notes, recognizing that the
same exposure or diagnosis can be expressed in many
different ways and with potential misspellings and distinguishing a positive diagnosis from a rule-out diagnosis.
Natural language processing has been used in dermatology
research to ﬁnd nonmelanoma skin cancer diagnoses in
electronic pathology reports (Eide et al., 2012).
ANALYTIC PLATFORMS FOR BIG DATA

There are two approaches to analytic platforms for big data: (i)
a divide-and-conquer approach (distributed data) and (ii) a
centralized approach using a platform that provides both
database storage and analytics in a centralized fashion, such
as SAP HANA (SAP, Walldorf, Germany; http://www.sap.
com/product/technology-platform/hana.html). SAP HANA is
a computing platform that offers tools for storing, managing,
and analyzing big data. When big data are in different
physical locations, distributed data analysis can be used with
some of the analysis conducted locally on the complete data
while the ﬁnal analysis occurs centrally using summary data
from each site. The advantage of distributed data for medical
information is that data remain at local sites, minimizing
storage costs and maximizing data integrity and patient
privacy.
SUMMARY AND FUTURE DIRECTIONS IN DERMATOLOGY

The term big data is more than just very large data or a large
number of data sources but encompasses a new approach to
complex data. It offers a new, hypothesis-generating
framework to conduct research and requires novel analysis
methods. It has signiﬁcant advantages but also has limitations (Table 1), and traditional data analytics are still

Table 1. Advantages and limitations of big data
Advantages
 Large sample size
 Data can be inexpensive to collect
and acquire: in many cases the data
have already been collected through
routine clinical care (electronic health
records) or through the participants
themselves (internet searches or
personal monitoring devices)
 Both retrospective and prospective
approaches are often available
 Multiple data points from different
sources can be combined, leveraging
the advantages of different collection
sources or smaller datasets

Limitations
 Storage: datasets can
require considerable
resources to store
 Formatting and data
cleaning: advanced
computer science can be
required before the data
is analyzable
 Quality control: can be
difﬁcult and often has to
be done through small
representative samples
 Security and privacy
concerns: often more
complex than for
traditional datasets
 Accuracy and consistency
of methods: many
approaches are relat
ively new and imperfect,
although these may
continue to improve
over time
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MULTIPLE CHOICE QUESTIONS
1. What are the 3 Vs that characterize big data?
a. Value, viability, and variety
b. Volume, velocity, and viability
c. Volume, velocity, and variety
d. Volume, value, and variety
2. What distinguishes big data analyses from
traditional data analyses?
a. They can be used to both test and generate
hypotheses.
b. Variables are often not preselected for
prediction modeling.
c. They often center around identifying and
evaluating patterns.
d. All of the above
3. What analytic technique focuses on grouping
similar patients by characteristics such as
demographics, genetics, or geography and can
be used to inform geographically targeted
screening and prevention efforts?
a. Cluster analysis
b. Decision-tree learning
c. Bayesian networks
d. Cognitive computing
4. Which of the following is NOT a limitation of big
data?
a. Storage may require considerable resources.
b. Formatting and analysis may require
advanced computer science.
c. Big data can be used only for retrospective
analyses.
d. Big data have more complex security and
information privacy concerns than traditional
datasets.
5. Which of the following is NOT a potential
application of big data?
a. Improve risk prediction for very rare diseases
b. Identify distinct disease phenotypes in
heterogeneous diseases that may merit
different therapies
c. Identify causal associations
d. Perform drug and medical device surveillance

crucially important. In dermatology, big data can be used to
improve risk prediction models, support targeted screening
for high-risk individuals (e.g., targeted skin cancer
screening), optimize management of a variety of skin diseases, and offer clinical decision support (e.g., assistance in
deciding whether to biopsy a pigmented lesion). We can
further investigate the genetics of skin disease (e.g., genome-

wide association studies) (Asgari et al., 2016; Frelinger,
2015) and examine distinct disease phenotypes within heterogeneous diseases that could beneﬁt from tailored therapies (e.g., in psoriasis or eczema). Big data may be an
excellent way to perform surveillance and evaluate safety of
medications and devices, especially for rarer outcomes. Big
data in dermatology present spectacular opportunities,
allowing researchers to maximize the potential of existing
data sources and opening up new, efﬁcient, and powerful
methods for future research.
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Research Techniques Made Simple:
Bioinformatics for Genome-Scale Biology
Amy C. Foulkes1, David S. Watson2, Christopher E.M. Grifﬁths1, Richard B. Warren1, Wolfgang Huber3
and Michael R. Barnes2
High-throughput biology presents unique opportunities and challenges for dermatological research. Drawing
on a small handful of exemplary studies, we review some of the major lessons of these new technologies. We
caution against several common errors and introduce helpful statistical concepts that may be unfamiliar to
researchers without experience in bioinformatics. We recommend specific software tools that can aid dermatologists at varying levels of computational literacy, including platforms with command line and graphical
user interfaces. The future of dermatology lies in integrative research, in which clinicians, laboratory scientists,
and data analysts come together to plan, execute, and publish their work in open forums that promote critical
discussion and reproducibility. In this article, we offer guidelines that we hope will steer researchers toward
best practices for this new and dynamic era of data intensive dermatology.
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 Bioinformatics methods allow efﬁcient and
powerful analysis of multi-omic data in a way that
could not be achieved using simpler methods.
 Bioinformatics software are customizable to all
ranges of computational ability; however, some
informatics tasks are difﬁcult and require
experience.
 Involving bioinformatician colleagues from
project conception should improve project
design, maximizing the opportunity to detect
relevant association.
 Sharing data, metadata, and code, and
propagating the culture of bioinformaticians,
will fuel best practices in dermatology research,
promoting open research and reproducibility.

Physicians are key instigators of research data collection
requiring computational biology. Structured and validated
analysis pipelines for most omic data have been implemented
for researchers at various levels of complexity. Software has
been designed for all ranges of computational ability, from
simple “point and click” graphic user interfaces to highly
customizable command line interfaces, with the latter
approach offering superior ﬂexibility and analytical
complexity. Although programming may seem like a daunting
challenge for those without backgrounds in math, computer
science, or statistics, with practice, computational methods
for exploratory and inferential analytics can become a
familiar part of the research toolkit. Of course, there is no
substitute for expertise, and we advise all research teams
working with omic data to consult a bioinformatician early
and often. Here we highlight several points of special relevance to the dermatologist and dermatology researcher,
based on the ﬁrst-hand experience of a junior clinician.

LIMITATIONS

CONSIDERATIONS BEFORE DATA COLLECTION
Experimental Design

ADVANTAGES

 Some statistical analysis methods require an
understanding of underlying assumptions—
erroneous assumptions can lead to false results.
 The use of some analytical pipelines requires
access to high-performance computing facilities:
this may be achieved by access to omic core
facilities that provide researchers with
compressed datasets that are amenable to
computer-based analysis.

(Li et al., 2014; Swindell et al., 2016), and these developments have increased the dermatology-relevant data
openly available in repositories (Table 1).
Bioinformatics refers to the tools used to collect, classify,
and analyze such datasets, collectively enabling the ﬁeld of
computational biology. Bioinformatics techniques have been
developed to make sense of the output of omic platforms,
including HTS, microarrays, liquid chromatography-mass
spectrometry, and others (Kimball et al., 2012).

Table 1. High-throughput sequencing repositories
Repository

Website

Curator

Europe
European Nucleotide
Archive (ENA)
ArrayExpress

http://www.ebi. European Bioinformatics
ac.uk/ena
Institute
http://www.ebi. European Bioinformatics
ac.uk/arrayexpress
Institute
European Genomehttps://www.ebi. European Bioinformatics
phenome Archive (EGA) ac.uk/ega/home
Institute
United States
dbGAP
https://www.ncbi. The National Center for
nlm.nih.gov/gap Biotechnology Information
Gene Expression
https://www.ncbi. The National Center for
Omnibus (GEO)
nlm.nih.gov/geo Biotechnology Information
Short Read Archive (SRA) https://www.ncbi. The National Center for
nlm.nih.gov/sra Biotechnology Information
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Researchers in dermatology use a wide variety of HTS techniques, many of which have been discussed previously in the
Research Techniques Made Simple series. These include
transcriptome analysis with RNA sequencing (RNA-seq)
(Antonini et al., 2017; Whitley et al., 2016), immunosequencing (Matos et al., 2017), genome-wide epigenetics
(Capell and Berger, 2013), proteomics, metabolomics, metagenomics, and assessment of the microbiome (Jo et al., 2016).
Additionally, the Molecular Revolution in Cutaneous Biology
series provided an overview of HTS techniques (Anbunathan
and Bowcock, 2017; Botchkareva, 2017; Johnston et al.,
2017; Kong and Segre, 2017; Sarig et al., 2017), as did
Grada and Weinbrecht (2013) in an earlier Research Techniques Made Simple publication. However, researchers often
do not reach out to data analysts until a study is practically
complete. At that point, they may look for a mathematically
inclined colleague to ﬁll in the blanks of a statistical model
and provide a friendly P-value suitable for publication. This
order of events is all wrong. As Ronald Fisher famously put it
back in 1938, “To consult the statistician after an experiment
is ﬁnished is often merely to ask him to conduct a postmortem examination. He can perhaps say what the experiment died of” (Fisher, 1938).
The data analysis strategy, including the choice of statistical
approaches, should be integral to planning any research
study. Hypothesis testing, regression, and other statistical
methods rely on rigorous collection and quality of the data,
and any lapses here usually cannot be ﬁxed retrospectively.
How many samples are required to adequately power your
experiment? If samples cannot be processed all at once, does
it matter how they are grouped into separate batches? If the
data do not corroborate your hypothesis, can a modiﬁed
research question generate interesting results? Failure to
consider these questions before data collection may doom a
study before it even begins. Statistical expertise is required to
answer these questions, which is why we urge researchers
to team up with a data analyst who can help guide them
through these tricky issues. This will typically either be a
statistician, with a background in math and statistics, or a
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Table 2. Principles of hypothesis testing from Li et al.
(2014)
Step in Hypothesis Testing
Ask a clinically relevant, testable
question

Choose an experimental design
and statistical framework
Set up a null hypothesis, that is,
a testable claim that becomes the
target of statistical analysis
Fix a rejection region, that is, the
degree of evidence against the
null hypothesis at which it may
be rejected
Conduct the experiment: collect
data, compute the test statistics

Report results: all and only those
genes that fall within the rejection
region are declared differentially
expressed

Example
Is there a signiﬁcant difference
between this set of genes expressed
in subjects with psoriasis versus
those without?
Gene expression is modeled as a
linear function of disease condition
There is no signiﬁcant difference
between the average expression of
gene g in subjects with and without
psoriasis
Genes whose t-statistics correspond
to false discovery rates  5% are
declared differentially expressed
Expression levels for each gene gi
are regressed onto one or several
clinical predictors, generating a
vector of t-statistics
A number of genes were
signiﬁcantly differentially expressed
in plaques of psoriasis when
compared with control samples

bioinformatician, more likely with a background in computer
science and machine learning. Although there is considerable
overlap in their respective areas of expertise, statisticians and
bioinformaticians may offer differing (and sometimes complementary) perspectives on a given biological question.
One of the most fundamental tools in statistical analysis is
hypothesis testing. The principles of hypothesis testing are
illustrated in Table 2, which highlights the work of Li et al.
(2014) as an exemplar study in the ﬁeld (see Supplementary
Slides online). In this exploratory study, RNA-seq was used
to evaluate the transcriptomes of lesional psoriatic and

normal skin (from a large cohort of 174 individuals). A subset
of these samples has been studied previously using microarrays, allowing for comparison of the methodologies; RNAseq identiﬁed many more differentially expressed transcripts
enriched in immune system processes.
Detailed discussion of requirements for testing a hypothesis
will facilitate better downstream clinical data collection, ultimately maximizing the opportunity to detect a clinically
relevant association. Several key themes tend to dominate
experimental design considerations, including selection of
appropriate numbers of biological replicates (Schurch et al.,
2016), minimization of batch effects (Leek et al., 2010), and
appropriate correction for multiple testing (Allison et al.,
2006). For a general overview of issues related to HTS study
design, we recommend other excellent reviews (Allison et al.,
2006; Conesa et al., 2016).
The steps outlined in Table 1 apply to most forms of omic
data. Methods for computing test statistics vary depending on
the data and underlying statistical assumptions. Common
data types and test statistics used in dermatological research
are discussed elsewhere (Silverberg, 2015).
Batch Effects

Often a study’s sample size exceeds the maximum number of
samples that can be simultaneously processed by the available
equipment. In such cases, it is common to process the samples
in multiple batches. This inevitably introduces batch effects, in
which technical artifacts become signiﬁcant, perhaps even
dominant drivers of variation in a dataset. There are several
methods for batch adjustment (Oytam et al., 2016).
Each method has its merits, but none can overcome
poor study design. If a batch is confounded with a clinical
covariate—say, all disease samples were processed in Batch A,
and all healthy samples were processed in Batch B—then there
is no way to disentangle the technical from the biological
variation. Ideally, each batch would represent a microcosm of
Figure 1. Common methodology for
processing of short reads.
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Table 3. Open source programming languages and
resources for bioinformatics analysis of omic data
Open Source Resource

Figure 2. Example bioinformatic pipeline used by Li et al. (2014).

the experiment itself, with proportionate numbers of samples
from all relevant groups. Although this cannot always be done
in practice, the closer researchers come to attaining this goal,
the more accurate their results will be.
CONSIDERATIONS AFTER DATA COLLECTION
Software and Workﬂows for Omic Analysis

As a rule of thumb, processing of raw HTS data, including
genome alignment and assembly, is likely to require access to
one or several devoted computers that can execute jobs in
parallel. However, once the initial data processing is complete,
in most cases the biological downstream analysis can be performed using a laptop. The analysis of omic data, including
HTS, is supported by a range of widely used software packages
that can be arranged into analysis workﬂows. Many packages
have been made freely available by their authors with an open
source license, and in this ﬁeld there is very little correlation
between the price of software and its usefulness. A workﬂow is
a software pipeline that takes raw data as input, transforms and
summarizes the data, conducts exploratory and/or inferential
analytics, and exports results ready for biological interpretation. Command line genomic analysis tools can be scaled to
use available computing resources and are highly customizable to meet the requirements of an experiment. Many standard analysis tools can also be accessed remotely using the
Galaxy workﬂow environment (https://usegalaxy.org). Galaxy
offers users a simple but highly customizable graphic user
interface environment to perform many bioinformatics tasks.
Galaxy is also well documented and serves as an excellent
introduction to HTS analysis pipelines.
Processing HTS Data

The short read is the common currency of HTS methods, but the
way the read is processed is highly dependent on the analysis
objective (Figure 1). In most cases processing commences with
alignment to a reference genome using a tool, such as BurrowsWheeler Aligner or bowtie2, producing binary alignment map
ﬁles. The alignment ﬁles can serve as the input to many other
processes; in genetics they are used for variant calling, in epigenomics for peak calling, and in transcriptomics to estimate
transcript abundance. A recent revolution in transcriptomics is
alignment-free mapping methods, such as Kallisto (Bray et al.,
2016) and Salmon (Patro et al., 2017). These tools circumvent
the cumbersome alignment step and directly estimate transcript
abundance; they are several orders of magnitude faster than
e166 Journal of Investigative Dermatology (2017), Volume 137

Analysis code repositories
Bioconductor
CRAN
Bioperl
Biopython
GitHub
BioJulia
Workﬂow tools
Galaxy
Visualization
ShinyR
Plotly

URL
bioconductor.org
www.cran.org
bioperl.org
biopython.github.io
github.com
github.com/BioJulia
usegalaxy.org
Shiny.rstudio.com
plot.ly

alignment-based methods and so computationally efﬁcient that
they can be run on a laptop computer. The workﬂow used by Li
et al. (2014) is illustrated in Figure 2.
Programming Environments

Although many programming environments are used in bioinformatics, the most popular choices tend to be R (R Core
Team, 2014) and Python (Python Software Foundation,
2013). Software packages for these languages are often
released under open source licenses, which means the tools
are free to use and the code is publicly accessible. Large user
communities have developed around these languages, and R
in particular has become a lingua franca for bioinformaticians. This has been aided in no small part by the
Bioconductor project (Huber et al., 2015), a major repository
for biostatistical software based primarily on R. The site also
hosts discussion forums, encouraging active user engagement
and collaborative learning.
Several programming environments are widely used in
bioinformatics, including R, Matlab (Mathworks, 2012), and
Java (see Table 3). These are open source and freely available,
enabling statistical and graphical data manipulation within
large, active user communities.
Hypothesis Testing in the Age of Big Data

Hypothesis tests and P-values are the workhorses of medical
research, but some additional complexities enter the scene
when we do not perform only one or a few tests, but thousands
or millions. Interpreting P-values is quite different in omic
contexts than in more traditional low-throughput research. Say
you test 10,000 genes in search of biomarkers to distinguish
between case and control samples. You ﬁnd 500 with P-values
below 0.05, not to mention 10 with p-values below 0.001.
Not bad, right? Wrong! Because P-values are uniformly
distributed under the null hypothesis, we should expect 5% of
all tests to reach the nominal signiﬁcance level of 0.05 by
chance alone. That’s a manageable problem when testing one
or two hypotheses, but in omic experiments we typically test
something on the order of thousands to millions of hypotheses.
Some early articles attempted to mitigate the issue by
controlling the family-wise error rate, deﬁned as the probability of ﬁnding at least one false positive in a series of hypothesis tests. For example, the Bonferroni correction used by
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MULTIPLE CHOICE QUESTIONS

Figure 3. Reproducibility: Creating a virtuous circle.

Li et al. (2014) strongly controls the family-wise error rate by
setting the signiﬁcance threshold as the quotient of the type I
error a and the total number of hypothesis tests m, so that all
and only tests with P  a/m are declared signiﬁcant. Although
the Bonferroni correction is guaranteed to control the familywise error rate, it is an overly conservative method that is
likely to lead to many false negatives as m grows.
Current practice is to control not the false positive rate (i.e.,
the proportion of truly null features that are nominally signiﬁcant) but the false discovery rate (i.e., the proportion of
nominally signiﬁcant features that are truly null). This latter
value is typically estimated using the Benjamini-Hochberg
algorithm (Hochberg and Benjamini, 1990) or some variant
thereof. This method takes a list of P-values as input and
returns a matched list of adjusted P-values, also known as Qvalues. Applying a 5% false discovery rate threshold means
that 1 in 20 genes in the hit list will be a false positive. Given
10,000 uniformly distributed P-values, as hypothesized
earlier, minimum Q-values are typically greater than 0.5.
VISUALIZATION

The communication of results is key for data exploration,
summarization, and ultimately publication. Readers can more
readily absorb a well-made graphic than any table of
numbers. Visualizing HTS results can be challenging because
of the data’s high dimensionality, but projection techniques
like principal component analysis (Pearson, 1901), multidimensional scaling (Torgerson, 1952), and t-distributed stochastic neighbor embedding (van der Maaten et al., 2008)
can render large matrices as easily digestible two-dimensional
or three-dimensional scatterplots. Matos et al. (2017) show
how these methods can give powerful insights for dermatological research. More recent interactive tools such as plotly
(https://plot.ly/), shiny (https://shiny.rstudio.com/), and ggvis
(http://ggvis.rstudio.com/) can also aid in data exploration or
even create widgets for HTML publication.
CODE SHARING AND REPRODUCIBILITY

A number of studies have found an alarming lack of reproducibility in modern omic and clinical research (Open
Science Collaboration, 2015). Many factors contribute to
this problem, including the widespread failure to publish
analysis code (Baker, 2016). Although some inroads have
been made toward establishing best practices in molecular
biology (Brazma et al., 2001), script sharing remains rare
overall. Results may vary greatly depending on subtle, unstated analytic choices that are invisible without access to
both raw data and the complete analysis script. Code sharing

1. Which is an accurate description of batch effect?
A. Technical source of variation added to
samples during handling
B. An uncommon problem in HTS experiments
C. Where proportionate samples are
analyzed in each experiment
D. A problem that is not possible to adjust
for using bioinformatic techniques
2. The relevant signiﬁcance measure in
omic data is
A. the P-value.
B. the false discovery rate.
C. the false positive rate.
D. the family-wise error rate.
3. Which of the following is an analysis
code repository?
A. GEO
B. R
C. Galaxy
D. GitHub
4. Which of the following statements is
true regarding sharing of analysis code?
A. This allows reproducibility of an analysis.
B. Sharing of analysis code is
technically challenging.
C. Analysis code is required alongside
submission of data and metadata for
submission of original articles to
major journals.
D. There is no code sharing repository.
5. Which of the following is a major repository
for biostatistical software?
A. ShinyR
B. Plotly
C. Ggvis
D. Bioconductor

is a critical ingredient for open science; this will be apparent
to researchers who have tried to reuse data in repositories,
where code is absent and subject data are often incomplete,
making reproduction challenging at best. Excellent platforms
exist for publishing code. Taking advantage of sites like
GitHub (https://github.com) can assist during peer review,
enabling precise debate on the merits of particular methods.
Set-up can be technically challenging, but user-friendly
guides exist (http://happygitwithr.com). Researchers should
ensure that they or their bioinformatician colleagues document and archive code, analogous to the use of a laboratory
book as a record of research. This will ensure that bioinformatician turnover will not prevent ongoing analysis,
because code will be clear, maintained, and transferable.
www.jidonline.org e167

RESEARCH TECHNIQUES MADE SIMPLE 
SUMMARY AND FUTURE DIRECTIONS

Embedding biostatisticians and computational biologists
within clinical and academic research teams, as well as
promoting better data and code sharing practices, will allow
dermatologists to better document and communicate their
research. The days of assembly line research—in which clinicians recruit patients, laboratory scientists process samples,
and analysts crunch numbers—are coming to an end. The age
of big data demands a rigorous, integrated approach.
Appropriate statistical design and analysis methods should be
discussed and decided on up front to meet most research
objectives. By incorporating good experimental design and
analytical work practice early, research quality and reproducibility will improve, and peer review by journals and grant
awarding bodies is likely to be more favorable (Figure 3).
Patients will be the ultimate beneﬁciaries of dermatology’s
drive to the forefront of life science research.
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 RTMS ANSWERS

RTMS Article 49, October 2016 Research Techniques
Made Simple: Laser Capture Microdissection in
Cutaneous Research
QUESTIONS

1. What does LCM do?
A. Sorts cells based on morphology (size, granularity,
density)
B. Sorts cells with either IR or UV laser technology
C. Collects cells of interest with laser technology
D. Photoablates cells of interest with laser technology

ANSWERS

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

2. What is the thinnest diameter of the UV-LCM laser beam?
A. 0.5 mm
B. 5.0 mm
C. 7.5 mm
D. 30 mm
3. Which technique uses a thermosensitive EVA ﬁlm to
sequester cells of interest?
A. IR-LCM
B. UV-LCM
C. Laser microbeam microdissection
D. FACS
4. In the absence of a cover slip, the optical resolution of
complex tissues may be limited. This issue can be
addressed by:
A. Using a temporary cover slip
B. Increasing the thickness of the tissue section
C. Decreasing the thickness of the tissue section
D. Staining with immunohistochemistry
5. Which of the following statements regarding the LCM
technique is NOT true?
A. UV-LCM is better suited for single cell microdissection
B. IR-LCM is more time consuming than UV-LCM
C. The EVA membrane undergoes conformational change
when exposed to IR laser energy
D. The downstream analysis of proteins is limited in FFPE
tissue sections due to undesirable protein and nucleic
acid crosslinking

ª 2016 Society for Investigative Dermatology

www.jidonline.org

i

RTMS ANSWERS 

RTMS Article 50, November 2016 Research Techniques
Made Simple: Assessing Risk of Bias in Systematic Reviews
QUESTIONS

1. The protocol for a systematic review should.
A. Be written and made publicly available before
conducting the review
B. Contain information on the sources of data that will be
used
C. Contain information on the outcomes that will be
assessed
D. Contain information on the criteria used to include and
exclude studies
E. All of the above
2. Publication bias occurs because.
A. The peer review process takes too long
B. Studies with statistically nonsigniﬁcant ﬁndings are less
likely to be published
C. Journals prefer to publish studies with nonsigniﬁcant
ﬁndings rather than those with statistically signiﬁcant
ﬁndings
D. Systematic reviewers change their outcome of interest
after designing their protocol
3. Because they involve searches of the existing literature
and pooling of multiple primary studies, systematic
reviews.
A. Are not prone to bias because they have a larger
sample size than primary studies
B. Are always able to ﬁnd all available data on a topic
C. Have their own sources of bias in addition to biases
that exist in any primary studies
D. Are easy to conduct and can be accomplished without
signiﬁcant effort

5. Which of the following is true regarding competing
interests?
A. Authors of systematic reviews should disclose all
potential competing interests
B. If a nonindustry organization funded the conduct of
a systematic review, but did not design, conduct, or
write the review, then the funding does not need to be
declared
C. Although declaring competing interests is still
important, funding from industry has been shown to
have no effect on the results of systematic reviews
D. Systematic reviews without industry funding never use
“spin” when writing systematic review reports

ANSWERS

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

4. Which of the following is not a type of “spin”?
A. Discussing limitations (e.g., explaining potential
sources of missing data)
B. Misleading reporting (e.g., not fully reporting the
methods used to collect data)
C. Misleading interpretation (e.g., discussing
nonsigniﬁcant results as if they were signiﬁcant)
D. Inappropriate extrapolation (e.g., application of the
study results to a patient population not actually
studied in the systematic review)
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 RTMS ANSWERS

RTMS Article 51, December 2016 Research Techniques
Made Simple: Workﬂow for Searching Databases to
Reduce Evidence Selection Bias in Systematic Reviews
QUESTIONS

1. Which of the following would result in publication bias?
A. Trials with negative results were not published and
could not be selected in the systematic review.
B. Trials with statistically signiﬁcant results were cited
more often by subsequent articles, increasing the
likelihood of being selected in the systematic review.
C. Trials were published in languages other than English
and could not be selected in the systematic review.
D. Trials were published more than once, increasing the
likelihood of the trial being selected in the systematic
review.
E. All of the above
2. Searching beyond bibliographical databases for a
systematic review potentially reduces which of the
following?
A. Publication bias
B. Validity of the systematic review
C. Outcome reporting bias
D. Labor intensity of the search
E. A and C

5. Which of the following are some limitations of sources of
unpublished trials?
A. Clinical trial registries include ongoing and completed
trials and potentially posted trial results.
B. Reviews obtained from regulatory agencies typically
lack sufﬁcient detail to assess the risk of bias for a trial.
C. Conference abstracts are not restricted by treatment
type (pharmacological and nonpharmacological).
D. Searching conference abstracts, clinical trial registries,
and regulatory and health technology assessment
agency websites is burdensome.
E. B and D

ANSWERS

1. A.
2. E.
3. E.
4. E.
5. E.

3. The sources to search for published trials include which
of the following?
A. MEDLINE only
B. The Cochrane Central Register of Controlled Trials
C. The Cochrane Database of Systematic Reviews
D. EMBASE
E. B, C, and D
4. The sources to search for unpublished trials include
which of the following?
A. clinicaltrials.gov
B. alltrials.net
C. Drugs@FDA
D. Proceedings to the American Academy of Dermatology
Annual Meeting
E. A, C, and D
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RTMS ANSWERS 

RTMS Article 52, January 2017 Research Techniques Made
Simple: Mouse Models of Autoimmune Blistering Diseases
QUESTIONS

1. Which of the following is not characteristic of all
autoimmune blistering diseases?
A. Blisters on the skin and/or mucous membranes
B. IgG autoantibodies
C. Autoantibodies against autoantigens in the skin
D. Loss of self-tolerance

ANSWERS

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

2. Which knockout mice are immunized with autoantigen in
the active disease model of pemphigus vulgaris?
A. Dsg1e/e mice
B. COL7e/e mice
C. Dsg3e/e mice
D. Dsg2e/e mice
3. Which domain of type VII collagen is used for the
immunization-induced model for epidermolysis
bullosa acquisita?
A. NC1
B. NC2
C. NC3
D. NC4
4. What is/are the main autoantigen(s) in bullous
pemphigoid?
A. COL17/BP180
B. BP230
C. COL17/BP180 and BP230
D. COL17/BP180 and BP250
5. Which Dsg3-speciﬁc antibody can induce a pemphigus
vulgaris-resembling phenotype in wild-type mice?
A. AK7
B. AK47
C. AK3
D. AK23

iv
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 RTMS ANSWERS

RTMS Article 53, February 2017 Research Techniques
Made Simple: Analysis of Collective Cell Migration Using
the Wound Healing Assay
QUESTIONS

1. Which of the following treatments can be used to
suppress cell proliferation so that it does not interfere
with in vitro measurement of cell migration?
A. Mitomycin C
B. Paclitaxel
C. Serum starvation
D. Vinblastine
E. A and C
2. The wound healing assay is performed in the following
sequence:
A. Cell culture, image collection, scratch-making,
sequencing
B. Cell culture, scratch-making, data acquisition, data
analysis
C. Scratch-making, cell culture, freezing, image collection
D. Cell coating, DNA sequencing, alignment to a
reference genome
E. Data acquisition, culture preparation, scratch-making,
data analysis
3. Advantages of the wound healing assay include all of the
following except:
A. Affordable and easy to set up
B. High reproducibility
C. It does not require the use of speciﬁc chemoattractants
or gradient chambers
D. Suitable for chemotaxis studies
E. B and D

5. Which of the following measures can enhance
reproducibility of results when performing the
in vitro wound healing assay?
A. Always seed cells at the same density and start the
assay at the same degree of conﬂuence.
B. If a manual scratch must be made, use consistent
pressure and pipette tip angle to create uniform
scratch sizes and shapes.
C. Incubate cells for no more than 24 hours.
D. Increase the sample number.
E. A and B

ANSWERS

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

4. Applications of the wound healing assay may include:
A. Helping to identify therapies to promote cell migration
in wound healing
B. Evaluation of the effects of inhibitors/enhancers on the
migratory capacity of a particular cell population
C. Investigating the mechanisms regulating cancer cell
migration and evaluating the efﬁcacy of potential
therapeutic drugs
D. Studying regulation of actin cytoskeletal structures and
cell polarity
E. All of the above
ª 2016 Society for Investigative Dermatology
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RTMS ANSWERS 

RTMS Article 54, March 2017 Research Techniques Made
Simple: Identiﬁcation and Characterization of Long
Noncoding RNA in Dermatological Research
QUESTIONS

1. Identiﬁcation of a novel lncRNA may be performed by:
A. mQuantitative reverse transcription polymerase chain
reaction (qRT-PCR)
B. RNA ﬂuorescence in situ hybridization (RNA FISH)
C. Chromatin isolation by RNA puriﬁcation followed by
deep sequencing (ChIRP-seq)
D. RNA sequencing (RNA-seq)
2. Validation of novel identiﬁed lncRNAs may be
determined by:
A. Quantitative reverse transcription polymerase chain
reaction (qRT-PCR)
B. RNA interactome analysis followed by deep
sequencing (RIA-seq)
C. Chromatin isolation by RNA puriﬁcation followed by
deep sequencing (ChIRP-seq)
D. lncRNA interacting protein analysis

5. RNA interactome analysis followed by deep sequencing
(RIA-seq) is capable of:
A. Localizing the cellular compartment in which the
lncRNA is expressed
B. Identifying the RNAs that interact with lncRNA
C. Identifying novel transcribed regions and alternative
spliced forms of annotated genes
D. Identifying the RNA interacting proteins

ANSWERS

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

3. RNA ﬂuorescence in situ hybridization (RNA FISH) is
capable of:
A. Identifying RNA-interacting proteins
B. Identifying the RNA interactome
C. Determining the subcellular localization of RNA
D. Identifying the functional role of RNA
4. Identiﬁcation of lncRNA-binding proteins can be
achieved by:
A. RNA interactome analysis followed by deep
sequencing (RIA-seq)
B. Chromatin isolation by RNA puriﬁcation followed by
deep sequencing (ChIRP-seq)
C. RNA pulldown followed by Mass Spectrometry
D. Speciﬁc knockdown of lncRNA
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 RTMS ANSWERS

RTMS Article 55, April 2017 Research Techniques Made
Simple: Experimental Methodology for Single-Cell Mass
Cytometry
QUESTIONS

1. Which of the following are two main considerations when
designing a CyTOF panel?
A. Antigen abundance and crosstalk
B. Use only ready-to-use panel kits and commercially
available MCAs
C. Low number of available probes and sample cell type
D. Vast variability of signal detection across channels and
low isotopic purity
2. What are the principal sources of signal background in
CyTOF?
A. Concentration of metal-conjugated antibodies and
reagents during staining
B. Environmental contamination and crosstalk
C. Plasma temperature and instrument state of
maintenance
D. Endogenous cell signal and spectral overlap
3. Which cell-staining protocol should be used for CyTOF
experiments?
A. Standard CyTOF protocol
B. Same protocol as for ﬂow cytometry
C. CyTOF staining protocol tested for speciﬁc experiment
panel
D. Any CyTOF-validated protocol

5. Which CyTOF-speciﬁc strategies should be used to
control for sample-to-sample variation?
A. Use a commercial, ready-to-use panel kit and
high-quality reagents.
B. Incorporate nucleic acid intercalators and use the same
cell concentration in all samples.
C. Make sure to use appropriate statistical tests and the
same analysis software for all samples.
D. Normalize samples based on bead standards and
barcode samples.

ANSWERS

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

4. What can be done to ensure an accurate analysis of live
single cells?
A. Use only fresh and ﬁltered cell samples.
B. Use nucleic acid intercalators.
C. Acquire data on the same day as performing the
staining protocol.
D. Use calibration beads.
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RTMS ANSWERS 

RTMS Article 56, May 2017 Research Techniques Made
Simple: Mass Cytometry Analysis Tools for Decrypting
the Complexity of Biological Systems
QUESTIONS

1. What is the best CyTOF data analysis tool?
A. Same methods as for ﬂow cytometry
B. The analysis method depends on speciﬁc experimental
goals.
C. Manual clustering methods through biaxial plots
D. Comparisons of marker expression using histograms
2. Identify one advantage of principal component analysis
(PCA).
A. Displays data in two-dimensional representation
B. Results are represented through linear projections
C. Identiﬁes parameters with the most variance
D. Capable of analyzing only a few parameters
3. Which of the following is a limitation of spanning-tree
progression analysis of density-normalized events
(SPADE)?
A. Incapable of reproducing the same representation of
results when analyzed more than once
B. Represents cell subset hierarchies
C. Assumes that data is parametric
D. Does not allow comparing marker expression among
subsets and samples

5. What is the novel application of analyzing data using
cluster identiﬁcation, characterization, and regression
(CITRUS)?
A. It is capable of displaying data in three-dimensional
representations.
B. It identiﬁes rare cell subsets with the highest expression
of studied markers.
C. It allows the researcher to deﬁne cell population
hierarchies.
D. It identiﬁes cellular features that correlate to an
experimental endpoint of interest.

ANSWERS

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

4. Select one advantage of t-distributed stochastic neighbor
embedding (t-SNE)ebased visualization (viSNE) and
automatic classiﬁcation of cellular expression by
nonlinear stochastic embedding (ACCENSE).
A. It captures only nonlinear relationships among the
dataset.
B. It clusters cells into exclusive nodes.
C. It allows representation of single cells without
clustering
D. It allows the researcher to identify clusters capable of
predicting the sample’s outcome.
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 RTMS ANSWERS

RTMS Article 57, June 2017 Research Techniques Made
Simple: High-Throughput Sequencing of the T-Cell
Receptor
QUESTIONS

1. What does HTS of the TCR identify?
A. Identiﬁes the DNA sequence of the entire TCR
B. Identiﬁes the speciﬁc epitope of each TCR
C. Identiﬁes the variable and constant region of each TCR
D. Identiﬁes and quantiﬁes each and every T cell present
in a sample

ANSWERS

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

2. All of the following are advantages of HTS of the TCR,
except the following:
A. Uses highly accurate radioactive agents
B. High clone detection sensitivity
C. Can be applied to any biologic tissue and small
samples
D. Low rate of false positives and false negatives
3. All of the following steps are part of the HTS of the TCR
methodology, except the following:
A. Bias-controlled multiplexed PCR
B. Western blot
C. Advanced bioinformatics
D. HTS of the CDR3 of the TCR
4. What does the clonality score measure?
A. The probability of a clone being present within the total
cell repertoire
B. How much a sample is dominated by clonal expansion
C. How many distinct clones are present in a sample
D. How many T cells belong to each clonal population
5. HTS can be used to study the following:
A. The immune response to infectious diseases or vaccine
B. Pathogenesis of T-celleassociated diseases
C. Diagnosis biomarkers and/or immune response to
therapies.
D. All of the above
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RTMS Article 58, July 2017 Research Techniques Made
Simple: Cost-Effectiveness Analysis
QUESTIONS

1. This unit of cost effectiveness is deﬁned as
ðcost of intervention X  cost of comparison intervention YÞ
ðeffect of intervention X  effect of comparison intervention YÞ

A.
B.
C.
D.

Cost-beneﬁt ratio
Quality-adjusted life-year
Incremental cost-effectiveness ratio
Average cost effectiveness

2. What type of analysis is performed to simulate real-world
uncertainty in the parameters of the cost-effectiveness
analysis and test assumptions under varying conditions?
A. Cost-beneﬁt analysis
B. Sensitivity analysis
C. Comparative effectiveness analysis
D. Chi-square analysis

5. Which of the following costs should be factored in as part
of a cost-effectiveness analysis for a newly developed
pharmaceutical treatment?
A. Retail price of the drug
B. Physician time necessary to administer the drug to
patients
C. Patient time out of work to recover from adverse effects
of the drug
D. All of the above

ANSWERS

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

3. This type of model can be useful in cost-effectiveness
analysis for simulating the complex course of chronic
disease or conditions in which there is transition back
and forth between disease states.
A. Decision tree analysis
B. Logistic regression model
C. Cox proportional hazards model
D. Markov model
4. Which of the following is a commonly used threshold
for valuing a single quality-adjusted life-year (QALY)
in cost-effectiveness analysis?
A. $500/QALY
B. $5,000/QALY
C. $50,000/QALY
D. $500,000/QALY
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RTMS Article 59, August 2017 Research Techniques Made
Simple: An Introduction to Use and Analysis of Big Data in
Dermatology
QUESTIONS

1. What are the 3 Vs that characterize big data?
A. Value, viability, and variety
B. Volume, velocity, and viability
C. Volume, velocity, and variety
D. Volume, value, and variety
2. What distinguishes big data analyses from traditional data
analyses?
A. They can be used to both test and generate hypotheses.
B. Variables are often not preselected for prediction
modeling.
C. They often center around identifying and evaluating
patterns.
D. All of the above

ANSWERS

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

3. What analytic technique focuses on grouping similar
patients by characteristics such as demographics,
genetics, or geography and can be used to inform
geographically targeted screening and prevention efforts?
A. Cluster analysis
B. Decision-tree learning
C. Bayesian networks
D. Cognitive computing
4. Which of the following is NOT a limitation of big data?
A. Storage may require considerable resources.
B. Formatting and analysis may require advanced
computer science.
C. Big data can be used only for retrospective analyses.
D. Big data have more complex security and information
privacy concerns than traditional datasets.
5. Which of the following is NOT a potential application of
big data?
A. Improve risk prediction for very rare diseases
B. Identify distinct disease phenotypes in heterogeneous
diseases that may merit different therapies
C. Identify causal associations
D. Perform drug and medical device surveillance
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RTMS Article 60, September 2017 Research Techniques
Made Simple: Bioinformatics for Genome-Scale Biology
QUESTIONS

1. Which is an accurate description of batch effect?
A. Technical source of variation added to samples during
handling
B. An uncommon problem in HTS experiments
C. Where proportionate samples are analyzed in each
experiment
D. A problem that is not possible to adjust for using
bioinformatic techniques

ANSWERS

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

2. The relevant signiﬁcance measure in omic data is
A. the P-value.
B. the false discovery rate.
C. the false positive rate.
D. the family-wise error rate.
3. Which of the following is an analysis code repository?
A. GEO
B. R
C. Galaxy
D. GitHub
4. Which of the following statements is true regarding
sharing of analysis code?
A. This allows reproducibility of an analysis.
B. Sharing of analysis code is technically challenging.
C. Analysis code is required alongside submission of data
and metadata for submission of original articles to
major journals.
D. There is no code sharing repository.
5. Which of the following is a major repository for
biostatistical software?
A. ShinyR
B. Plotly
C. Ggvis
D. Bioconductor
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