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Recent advances in modern molecular technology and next-
generation sequencing platform have brought in enormous
insights into evolution. Although challenges remain, evo-
lutionary research now enters a new era and becomes
a hybrid discipline encompassing the fields of molecular
biology, genetics and genomics, metabolomics, neuroscience,
structural and chemical biology, bioinformatics, proteomics,
pharmacology, statistics, and computational biology. The
common bond or theme that unifies the various fields is
the need to reveal complex genotype-phenotype relationships
and their mechanistic regulations, attempting to understand
the diversifying functionality in life and ultimately find the
underlying causes and effective means of treating disease.

Articles in this special issue cover a broad range of
topics related to the evolution of genomes, transcriptomes,
proteomes, and interactomes in diverse organisms, including
humans.

Signal transduction networks are dynamic and constantly
under environmental selection in evolution.This topic is cov-
ered in the long review article “Multi-OMICs and Genome
Editing Perspectives on Liver Cancer Signaling Networks” by
S. Lin et al.This review coversmultiple advances in themulti-
OMICs and genome editing technologies, now available for
use in biomedical and cancer research, and provides new
perspectives in targeted therapy and precision medicine.
Proteome and interactome networks are also investigated
in an accompanying research paper “Positive Selection and
Centrality in the Yeast and Fly Protein-Protein Interaction
Networks.” S. Chakraborty and D. Alvarez-Ponce study the
selective pressures of yeast and fly proteome and show that

long-term positive selection has preferentially targeted the
periphery of the yeast interactome, while interestingly in
flies genes under positive selection encode significantly more
connected and central proteins.

Transcriptional and functional regulation and conser-
vation during evolution are touched upon in two other
reviews in this special issue. In “Circadian Control of Global
Transcription,” S. Li and L. Zhang discuss circadian rhythms
through investigating expression of clock-controlled genes
(CCGs). They summarize the circadian control of CCG
transcription in five model organisms, including cyanobac-
terium, fungus, plant, fruit fly, and mouse, providing an
overview to the function of the circadian clock, as well as
its output mechanisms adapted to meet the demands of
diverse environmental conditions. In “Roles of Hsp70s in
Stress Responses of Microorganisms, Plants, and Animals,”
A. Yu et al. review the heat shock protein 70s familymembers,
a class of molecular chaperones that are highly conserved
and ubiquitous in organisms ranging from microorganisms
to plants and humans. This review provides an overview of
the specific roles of Hsp70s in response to stress, particularly
abiotic stress, in diverse taxa.

Evolutionary principles and adaptation lessons learned
from research have been successfully applied to human
disease studies, revealing important insights into potential
targets for therapy. In the paper “Clinical End-Points Asso-
ciated with Mycobacterium tuberculosis and Lung Cancer:
Implications into Host-Pathogen Interaction and Coevolu-
tion,” Y. Tian et al. study the cross-link between pathogens
and cancer. They examined the association between the
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Mycobacterium tuberculosis (MTB) and lung cancer and
found that 62% of the lung cancer samples are MTB-L
positive, suggesting a link between MTB infection and lung
cancer development. In another paper “Lost Polarization
of Aquaporin4 and Dystroglycan in the Core Lesion after
Traumatic Brain Injury Suggests Functional Divergence in
Evolution,” H. Liu et al. study the roles of aquaporin4
and dystroglycan in brain edema formation after traumatic
brain injury. They found that at an early stage of traumatic
brain injury aquaporin4 and dystroglycan maintained the
polarized distribution, which were subsequently lost from
perivascular end-feet and induced cytotoxic brain edema.
In addition, in the study entitled “Identification and Evolu-
tionary Analysis of Potential Candidate Genes in a Human
EatingDisorder,” U. Sabbagh et al. set out to find genes linked
with eating disorders and associated with both metabolic
and neural systems (Night Eating Syndrome, NES). Through
a text-based analysis, they identified a number of potential
candidate genes including VGF. VGF human polymorphism
studies contribute to eating disorders and obesity, suggesting
a new approach to connect eGWAS and GWAS in NES
patients.

Model systems have been instrumental in elucidating
signaling mechanisms underlying biological function, pro-
viding interesting cues in evolutionary research areas. In
the article “Loss of flfl Triggers JNK-Dependent Cell Death
in Drosophila,” J. Huang and L. Xue study a gene, falafel
(flfl), that encodes a fruit fly Drosophila homolog of human
SMEK. They performed both gain-of-function and loss-
of-function analysis in Drosophila and identified flfl as a
negative regulator of JNK pathway-mediated cell death. In
another study “Neurotrophin, p75, and Trk SignalingModule
in the Developing Nervous System of the Marine Annelid
Platynereis dumerilii,” A. Lauri et al. study the evolution
of neurotrophic signaling in neuronal development, neural
circuit formation, and neuronal plasticity using the worm
Platynereis system.They discovered and validated nucleotide
sequences encoding putative neurotrophic ligands and recep-
tors in two annelids, suggesting roles of these molecules in
nervous system and circuit development, as well as their
involvement in shaping neural networks during protostome-
deuterostome evolution.

The great leap in evolutionary research would not be
possible without the development of modern molecular
technologies. CRISPR/Cas9 system is a powerful technology
to perform genome editing in a variety of cell types. In the
paper “A CRISPR-Based Toolbox for Studying T Cell Signal
Transduction,” S. Chi et al. adapted CRISPR/Cas9-based
tools to study human Jurkat cells. They showed that distinct
Cas9 variants, including wild-type Cas9, dCas9-KRAB, and
sunCas9 function as expected in different Jurkat cell lines.

With the advent of next-generation sequencing plat-
forms, a large number of genomewide sequencing data
become available, which greatly facilitate the evolution
research field to promote to a new height. In the paper
“Computational Analysis of the Binding Specificities of PH
Domains,” Z. Jiang et al. study Pleckstrin homology domain
proteins with significant insights into binding specificity and
abnormal regulation in disease. In addition, in another report

“SimFuse: A Novel Fusion Simulator for RNA Sequencing
(RNA-Seq) Data,” Y. Tan et al. developed the SimFuse
pipeline to accelerate fusion discovery from RNAseq data.
SimFuse utilizes real sequencing data as the fusions’ back-
ground to closely approximate the distribution of reads from
a real sequencing library and uses a reference genome as the
template from which to simulate fusions’ supporting reads,
improving the performance metrics, rigor, and control.

The future evolution researchers will need to be well
versed in interdisciplinary fields and have the appropriate
background to leverage the biological, clinical, and compu-
tational resources necessary to understand their data and
track dynamic evolution. The communication among these
specialty disciplines, acting in unison, will be critical as we
strive to uncover answers underlying the complex and often
puzzling molecular events in evolution.

We hope that this special issue would shed light on
major advances in the broad area of signal transduction
with evolutionary insights and engender novel hypotheses
and research innovations to investigate deeper mechanisms
and further to engineer signaling circuits for personalized
therapeutics in human disease.
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The advent of the human genome sequence and the resulting ∼20,000 genes provide a crucial framework for a transition from
traditional biology to an integrative “OMICs” arena (Lander et al., 2001; Venter et al., 2001; Kitano, 2002).This brings in a revolution
for cancer research, which now enters a big data era. In the past decade, with the facilitation by next-generation sequencing, there
have been a huge number of large-scale sequencing efforts, such asThe Cancer Genome Atlas (TCGA), the HapMap, and the 1000
genomes project. As a result, a deluge of genomic information becomes available from patients stricken by a variety of cancer types.
The list of cancer-associated genes is ever expanding. New discoveries are made on how frequent and highly penetrant mutations,
such as those in the telomerase reverse transcriptase (TERT) and TP53, function in cancer initiation, progression, and metastasis.
Most genes with relatively frequent but weakly penetrant cancer mutations still remain to be characterized. In addition, genes that
harbor rare but highly penetrant cancer-associatedmutations continue to emerge. Here, we review recent advances related to cancer
genomics, proteomics, and systems biology and suggest new perspectives in targeted therapy and precision medicine.

1. Genetic Alterations in the Cancer Genome:
Liver Cancer as an Example

Significant effort has been made to reveal the mutational
landscape of cancers. Herein, we use liver cancer as an exam-
ple to demonstrate recent advances. Primary liver cancer
is the sixth most frequent cancer worldwide and a leading
cause of death in Asia [1, 2], with hepatocellular carcinoma
(HCC) as the most common form, followed by intrahep-
atic cholangiocarcinoma (IHCC) [2]. Most liver cancers
are developed from liver cirrhosis with hepatitis B virus
(HBV) and hepatitis C virus (HCV) infections, with alcohol
consumption, metabolic diseases, and chemical exposure as
major predisposing factors [3–5].

The capacity of next-generation sequencing (NGS) has
dramatically increased over the years due to technological

advances. Cost per raw megabase of DNA sequence has
gone down from over $5000 in 2001 to $0.015 in mid-
2015, at a rate faster than Moore’s Law [6], allowing more
samples to be sequenced in parallel and more powerful
statistical analyses to be performed.Whole-genome sequenc-
ing (WGS) and exome sequencing have identified various
genetic alterations in liver cancer. The first whole-genome
sequencing of a HCC genome with HCV revealed more than
11,000 somatic substitutions in the tumor genome and 22
validated chromosomal rearrangements [7]. A later study
sequenced 27 HCCs, 25 of which were with HBV or HCV,
including 2 sets of multicentric tumors [8]. Multiple chro-
matin regulator genes, including ARID1A, ARID1B, ARID2,
MLL, and MLL3, were detected in ∼50% of the tumors. In
addition, HBV integration in the TERT locus was frequently
observed in a high clonal proportion. Another WGS study
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of 88 HCC tumors, among which 81 were associated with
HBV, found CTNNB1 to be the most frequently mutated
oncogene (15.9%) and TP53 to be the most frequently
mutated tumor suppressor (35.2%) [9]. Integrated analy-
sis of somatic mutations and focal copy-number changes
of 125 HCC tumors and whole exome sequencing on 24
of these samples identified 135 homozygous deletions and
994 somatic mutations [10]. New recurrent alterations in
ARID1A, RPS6KA3, NFE2L2, and IRF2 were found in this
study. To date, ∼1000 HCCs have been sequenced, which
provides a mutational landscape of HCC. Most common
mutations, including TERT promoter mutations (56%), TP53
(27%), CTNNB1 (26%), ARID2 (7%), ARID1A (6%), and
Axin1 (5%), as well as key signaling pathways, such as
the canonical WNT signaling pathway and the JAK/STAT
pathway, were shown to be altered in liver cancers [9, 11,
12].

Moreover, deep-sequencing technologies have greatly
facilitated pathogenic analysis of liver cancers stratified by
etiology. A recent exome sequencing study on 243 liver
tumors identified 161 putative driver genes associated with
11 recurrently altered pathways [13]. Association of muta-
tions and risk factors defined 3 groups of genes centered
on CTNNB1 (alcohol), TP53 (hepatitis B virus, HBV), and
AXIN1. TERT promoter mutations and TP53 alterations were
associated with early and advanced stages in the tumors,
respectively [13]. TERT reactivation is also associated with
HBV infection. Although genome integration is not required
for HBV replication, fragments of HBV DNA are found in
chronic HBV infections and 85–90% of HBV-related HCC
[14, 15]. Most of the integration events result in unidirec-
tional upregulation of genes at the integration sites [16].
Consistent with previous analysis of HBV integration sites
using PCR [17, 18], high-depth genome sequencing of HBV-
positive HCC samples identified frequent HBV integration
including the TERT locus [8, 19].

As the most frequently mutated target, telomerase plays a
central role in liver cancers. Telomerase extends the terminal
segment of eukaryotic chromosomes known as the telomeres
[1, 2, 20]. Normal cells could only undergo a finite number
of divisions in culture before entering a senescence state,
a phenomenon discovered by Hayflick and Moorhead in
the 1960’s [21]. In contrast, cancer cells counter the “end-
replication problem” by acquiring the capacity to maintain
the telomeres. 80–90% of human cancers sustain their telom-
eres by reactivating telomerase [22]. The catalytic core of
the telomerase consists of the catalytic protein component
encoded by TERT and the RNA component TERC [2,
23]. Additional components, such as dyskerin (DKC) and
telomerase Cajal body protein 1 (TCAB1), are required for
the holoenzyme to function in vivo [3, 4, 24–31]. Telomerase
expression is primarily controlled by the transcription of
TERT [32–34]. Most somatic cells do not express TERT and
lack telomerase activities [35–37]. The connection between
telomere regulation and liver cancers was first studied in
Japanese patients in the 1990’s. Shortening of telomeres
was reported in cirrhosis patients over 45 years with viral
hepatitis, and telomerase reactivation was also observed in
HCC patients [21, 38–41].

An important insight into the mechanism of TERT
reactivation was discovered in 2013, when two independent
studies identified recurrent somatic mutations in the core
promoter of TERT genes in different melanoma samples
[42, 43]. The most prevalent somatic mutations were two
mutually exclusive “C>T” transitions at -124 and -146 from
the translational start ATG of the TERT gene, respectively.
Thesemutations were subsequently identified in a wide range
of other human cancers including HCC, glioma, thyroid, and
bladder cancers [44, 45]. Additional less frequent mutations
were also detected in the TERT promoter, including the
tandem mutations “CC>TT” at −124∼125 and −138∼139 bp
from ATG, as well as a A>C transversion at −57 bp from
the ATG [43]. These mutations created de novo binding
motif for Ets/TCF transcription factors. A study of 23 human
urothelial cancer cell lines demonstrated that these promoter
mutations are correlated with higher levels of TERT mRNA,
protein, telomerase activity, and telomere length [46]. A
member of the Ets family, GABP, was found to be recruited
to the mutation site to activate TERT [47]. Together, recent
findings firmly established that the genetic alterations at the
TERT promoter play a central role for the cancer-specific
telomerase activation. In HCC, the -124C>T accounted for
93% of the total mutations detected, and the frequency of
-146C>Twas 6%. Promotermutationswere identified in 5 out
of 20 macronodules of cirrhotic but not in the 69 cirrhotic
tissues, suggesting that the TERT promoter mutation is an
early genomic alteration that transitions liver cirrhosis to
carcinogenesis [48]. Interestingly, TERT promoter mutations
were not detected in the benign hepatocellular adenoma;
in contrast, 7/16 (48%) malignant tumors transformed from
HCA and 58/106 (55%) of HCCs in normal liver exhibited
the mutations, all of which are significantly associated with
mutations activating canonical WNT signaling pathway.
Thus, telomerasewas activated at a later stage ofHCCwithout
cirrhosis.

2. Multi-Omics to Unravel
Cancer Mystery: Evolution of Functional
Genomics and Proteomics

The advent of human genome sequences has changed our
ways to address fundamental questions in human cancer.
With information available for thousands of genes, the
conventional method of studying one gene (or one protein)
at a time could now be complemented by more systematic
platforms that study multiple or even all genes at large scale.
A potential barrier to this prospect, however, is that most
genes have not yet been empirically characterized. For most
gene products (or proteins) in the proteome there is a lack
of functional information that can be obtained or derived
from any biological model. Toward this end, in the recent
past, high-throughput functional genomic and proteomic
strategies have been invented to facilitate the annotation of
large numbers of genes. Such “systems biology” approaches
aim to generate quantitative and dynamic models and to
interrogate key biological processes with holistic insights
(Figure 1). Herein we summarize a few such high-throughput
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Figure 1: Multi-OMIC systems approach to elucidate cancer signaling networks and precision medicine.

genome-wide functional platforms that have been developed
[49–53].

2.1. Gene Expression. Expression profiling techniques such
as microarray and RNA-seq provide an estimate of mRNAs
(transcription levels) present under a given condition in
a cell- or tissue-specific fashion. Making transcript level
measurements under many different conditions defines a
“transcriptome” for a given organism [54]. Microarray is
based on the hybridization of a cDNA library to a DNA
chip to determine relative abundance of usually fluorophore-
labeled targets [55]. RNA-seq takes advantage of next-
generation sequencing to quantify the amount of RNAs
after reverse transcription [56]. With gene expression data,
clustering analyses can be performed to group genes that are
similarly expressed. These expression profile clusters often
contain functionally related genes that are coregulated and
could suggest new functional hypotheses for uncharacterized
genes in the same clusters. For correlation measurement,
Pearson correlation coefficients are often used with proper
titration adjustments [57].

Gene expression is thought to be primarily regulated by
transcription factor binding at a given time [56]. Recent
studies also revealed important roles of lncRNAs [58] and
miRNAs [59] in gene regulation. With the facilitation of
modern technologies and next-generation sequencing, RNA-
seq gene expression can now be easily performed at the single
cell level [60].However, gene expression at the transcriptional
levels may not correlate well with the translational levels [61],
so protein-centric studies need to take additional proteomic
assays for validation.

2.2. Proteomics. Numerous proteomics approaches have
been developed and applied to study large-scale protein func-
tions. Protein localization mapping projects assign function-
ally related proteins to the same subcellular compartments
at similar times, given their possible involvement in similar
biological processes [62]. Reverse phase protein array (RPPA)
is a proteomics technology that allows for quantitative protein
expression measurement at large scale based on high-quality
antibodies [63].

On the other hand, large-scale macromolecular interac-
tion screening tools, such as yeast two-hybrid (Y2H) systems
or mass spectrometry (TAP/MS), have been widely used
to map protein-protein interaction networks in different
species, including human. Physically interacting protein part-
ners are believed to share signaling pathways, GO terms,
or memberships in protein families [64, 65]. Functionally
related gene products often act asmacromolecular complexes
and form topological modules in the interaction networks,
by which hypothesis of function for many unknown proteins
could be formulated.

2.3. Data Repositories for Cancer. TheHumanGeneMutation
Database (HGMD) is a comprehensive repository of germ-
line mutations in genes that are causal for, or are associated
with, human disease, including cancer [66]. The ClinVar
database [67] from NCBI also contains cancer mutation
annotations. Mode of inheritance information for each
cancer type can be obtained from two databases: Online
Mendelian Inheritance in Man (OMIM) [68] and Universal
Protein Resource (UniProt) [69].

The Cancer Genome Atlas (TCGA) is a large reposi-
tory for genetic mutations in more than 30 cancer types,
including ∼500 patient samples [70]. TCGA is also an
enormous resource for profiling of gene expression, copy-
number variation, DNA methylation, and so forth [71, 72].
The International Cancer Genome Consortium (ICGC) is a
collaborative organization that aims to coordinate large-scale
genomic, transcriptomic, and epigenomic data for over 50
cancer types around the world [73]. The Cancer Cell Line
Encyclopedia (CCLE) is another collaborative project with a
goal of providing comprehensive genomic data and compu-
tational analysis for ∼1,000 human cancer cell lines [74]. To
facilitate the easy use of multidimensional cancer genomic
data, cBioPortal was established to provide a web resource
for exploring, visualizing, and analyzing molecular profiling
data in cancer tissues and cell lines [75]. Furthermore, large-
scale phenotypic analysis can also help characterize genes and
suggest potential functional descriptions for many unknown
genes. By identifying possible phenotypes attributable to
disruptions or alterations in specific genes using technologies
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such as knock-outs or RNAi, genes with similar phenotypes
can be found that might function together in common
functional pathways in a given cellular context [57, 76].

3. An Evolving Systems Biology Toolkit for
Better Cancer Precision Medicine

A key leap forward in the development of a cutting-edge
cancer research toolkit is to design strategies to flexibly
express any genes in the human genome (Figure 1), in order to
study them in various cells, under different conditions and in
many biological processes of interest. In other words, there is
a dire need to develop diverse large-scale functional genomic
and proteomic platforms. High-throughput studies [64, 65,
77–82] often require large numbers of protein-encoding
genes to be expressed precisely, that is, in-frame without any
5UTRs, 3UTRs, or introns, into various expression systems.

3.1. High-Throughput Gateway Technology for Functional
Studies. Gateway is a modern molecular technology
amenable for high-throughput and automated biomedical
experiments. Gateway technology is designed for easy
transfer of DNA fragments based on site-specific
recombination principle [77, 83, 84]. In this big data era,
Gateway has emerged as a cutting-edge tool to facilitate large-
scale genomic and functional studies, such as mutagenesis,
sequence tagging, protein purification, promoter, and RNA
analysis. It has been increasingly appreciated and widely
adopted in a variety of cancer research areas.

Gateway technology enables convenient DNA transfer,
taking advantage of the recombination machinery between
the genomes of bacteria and phage. This process is reversible
and involves two enzyme mixes (“BP” and “LR” clonase) and
a set of recombination sequences (“att” sites).The recombina-
tion events are described briefly below. (i) Catalyzed by the BP
clonase mix, the attP site of the phage DNA recombines with
the attB site from the bacterial DNA, deriving two new sites,
attL and attR. (ii) Catalyzed by the LR clonase mix, the attL
and attR sites recombine in the excision reaction, reverting
back to the attP and attB sites.

When implementing the Gateway technology in molec-
ular biology, a typical “Gateway Cassette” is designed as a
module to insert into a vector.The four recombinational sites
(attB, attP, attL, and attR) are duplicated and modified. In
the BP reaction, we start with a “Donor” vector, containing
a Gateway Cassette with P1 and P2 sites and usually a
chloramphenicol resistance selection marker. The P1 and P2
sites on the Donor plasmid recombine with B1 and B2 sites,
respectively, which flank a DNA sequence of interest. In this
way, the DNA of interest can be cloned unidirectionally into
the Donor vector. The resulting product is known as an
“Entry” clone, containing two attL sites, L1 and L2.

Gateway Entry clones can be readily transferred via an
“LR” reaction into various expression vectors, known as
Destination vectors, for downstream functional studies. In
the LR reaction, the R1 and R2 sites on Destination plasmids
recombine with the L1 and L2 sites, respectively, on the Entry
clones. Many popular prokaryotic and eukaryotic expression

Destination vectors are available, such as yeast two-hybrid
AD and DB vectors, fluorescence-based PCA vectors, and
LUMIER Myc- and flag-tagged vectors for coimmunopre-
cipitation. In addition, other existing functional expression
vectors can be readily converted to Gateway-compatible
Destination Vectors, by inserting a Gateway Cassette. With
the fast growing of genomic information and larger-scale
research nowadays, the Gateway cloning system apparently
emerges as a powerful, high-throughput platform compatible
with the current research needs. A collection of genes, as
Gateway Entry clones, can be transferred at large scale to one
or more Destination Vectors in a simple reaction, manually
or robotically.

3.2. The Human ORFeome: A Versatile Tool for Cancer
Research. Large libraries of Gateway Entry clones, encom-
passing all possible open reading frames (ORFs) [84] in the
genomes of many species including humans, are necessary
for high-throughput functional studies. Ideally, the human
“ORFeome” corresponds to all full-length protein encoding
genes, including possible variants and isoforms in different
tissues, developmental stages, and across the human popula-
tion. However, identifying such a comprehensive ORFeome
collection is apparently challenging, due to limitations in
existing experimental strategies [85].

Initial efforts in the construction of a human ORFeome
library took advantage of public collections of human cDNAs,
such as the Mammalian Gene Collection (MGC) [86]. Using
MGC as template for PCR amplification, ∼8000 ORFs were
Gateway cloned without containing a stop codon; thus, N-
terminal and C-terminal protein fusions can both be feasible
downstream in Destination vectors. Because there may be
multiple splice isoforms and polymorphic variant ORFs for
the same gene, the 8000 ORFs represented ∼7000 distinct
genes. Clones shorter than 100nucleotides and cloneswithout
complete coding sequences (CDS) available in NCBI were
eliminated. Successfully cloned ORFs were consolidated as
the first version of the human ORFeome collection (hOR-
Feome v1.1) [87]. In 2007, the human ORFeome v3.1, adding
∼4,000 new ORFs, brings the total to 12,212 distinct ORFs,
representing 10,214 distinct genes [88]. In 2011, the human
ORFeome v8.1 was released, containing 16,172 ORFsmapping
to 13,833 distinct genes [89].This extensiveORF library repre-
sents an important resource of single-colony, fully sequence-
verified human ORFeome Entry clone collection. This set of
ORFs ranges in size from 75 to more than 10,000 base pairs.
In addition, an Expression Library version of this hORFeome
v8.1 was constructed in a lentiviral expression vector that
produces consistent titers and gene expression levels and
allows delivery to most cell types [89].

4. The Human Interactome:
A Scaffold for Functional Proteomics and
Evolution in Cancer

Identification of human cancer genes in which mutations are
associated with specific clinical manifestations has facilitated
our understanding of disease mechanisms. However, like



BioMed Research International 5

their normal counterparts, protein products of cancer genes
do not function in isolation but are part of highly inter-
connected cellular signal transduction networks (Figure 1)
[90, 91].

4.1. Literature-Derived Interactome (LDI). Interactome net-
works could be derived from literature through two different
approaches: text mining and manual curation. Text mining
is performed computationally by searching for key words
in literature databases, such as PUBMED. Manual curation
of literature knowledge involves enormous amount of labor
and time. However, certain datasets of human molecular
interactions have been curated from the literature and stored
in public databases, such as BioGRID [92], CORUM [93],
BIND [94], DIP [95], STRING [96], HPRD [97], MINT [98],
GeneMania [99], and MIPS [100].

4.2. Empirically Derived Interactome (EDI). Modernmolecu-
lar biology has brought inmany advanced tools for functional
studies, but most of them experience limitations when it
comes to scale-up to a genome-wide investigation. However,
a number of experimental strategies have been employed in
large-scale human interactome mapping, such as yeast two-
hybrid [79, 101, 102], cofractionation [103], and affinity purifi-
cation followed by mass spectrometry (AP-MS) [104]. Early
efforts using high-throughput systematic yeast two-hybrid
platforms have generated preliminary humanprotein-protein
interactome network maps [79, 101]. In 2005, two studies
simultaneously reported the first version of human inter-
actome map. 2,754 high-confidence protein-protein interac-
tions among 1,549 proteins were reported in the CCSB-HI1
dataset [79], while 3,186 interactions involving 1,705 proteins
were reported in the Stelzl network [101]. A second generation
of interactomemapwas recently published, containing 13,944
interactions among 4,303 distinct proteins [102]. This map
covers a vast previously uncharted territory and is 30% larger
than the literature of all small-scale studies combined in
the past few decades. It is demonstrated to be helpful in
predicting novel cancer genes and other disease-associated
mechanisms.

Proteome-scale studies of human interactome networks
have also been performed using other high-throughput
approaches. Based on biochemical fractionation and quan-
titative mass spectrometry, Havugimana et al. identified a
map of 622 protein complexes in human cells. This inter-
actome map profiles 13,993 physical interactions between
3,006 proteins, revealing many interesting biological asso-
ciations [103]. Lately, another interactome network map
systematically charted by affinity purification followed by
mass spectrometry (AP-MS) provided another functional
view of protein complexes, covering 23,744 interactions
among 7,668 proteins with many unexpected hypotheses for
previously poorly characterized proteins [104]. Furthermore,
another group performed a quantitative network survey to
capture human interactome networks with higher resolution
in interaction strength and protein abundance [105]. They
used quantitative bacterial artificial chromosome with GFP
fusion interactomics (QUBIC) and identified 28,504 unique

interactions involving 5,462 proteins. It was demonstrated
that weak interactions dominate the network and have
topological properties.

To assess the specificity of interactome networks, a
random subset of interactions is selected typically for an
independent and orthogonal validation to confirm the overall
quality of the human interaction networks. It is noteworthy
that not all the interactions reported in literature are of high
quality or necessarily interpreted as “gold standard.” The
ones identified by multiple publications or methods tend
to be genuine interactions. As expected in any biological
assay, the resulting networks exhibit a large fraction of false
negatives. To assess the sensitivity of interactome networks,
high-confidence subsets of literature-derived interactions can
be employed as a comparison for sensitivity measurements.

5. Systems Biology Reveals Functional and
Evolutionary Insights into Human Diseases
Like Cancer

5.1. Computational Modeling. Computational modeling has
been useful in predicting the functional impact of genes and
mutations that are difficult to test experimentally. Polymor-
phism Phenotyping v2 (PolyPhen-2) [106] was developed
to predict the functional significance of a genetic variant
based on conservation, protein structure, and other features
using näıve Bayes classifier trained by supervised machine-
learning. Mapping of genetic variants to Pfam domains
(Pfam-A family only) can be performed using the program
Hmmer version 3 [107]. The IUPred program [108] can
be used to assess the likelihood of residues affected by a
genetic variant located in an intrinsically disordered region
of the protein. The regular expressions of known eukary-
otic linear motifs (ELMs) can be obtained from the ELM
database (http://elm.eu.org/). DSSP program [109] can be
used to compute solvent accessible area for each residue
mutated by a genetic variant. FoldX force-field algorithm
[110, 111] can be used to calculate the change in free
energy of unfolding (ΔΔ𝐺) for all mutations that could be
mapped to a published crystal structure from Protein Data
Bank (PDB) [112]. For interaction interface analysis, the
mutated residues can be mapped onto the available struc-
tures by using Mechismo (http://mechismo.russelllab.org/),
ProtInDB (PROTein-protein INterface residues Data Base),
and PDBePISA (Proteins, Interfaces, Surfaces, and Assem-
blies) [113] servers. The database of three-dimensional
interacting domains (3did) documents and predicts high-
resolution structures for domain-domain interactions [114].

Recently, a structure-based prediction of a proteome-
wide human protein-protein interaction network was
released [115]. Through experimental validation of a subset
of interactions, this computationally predicted interactome
(CPI) network was considered to be of high quality. HINT
(High-quality INTeractomes) is a database that extracts
high-quality protein-protein interactions [116]. Clusters of
cancer mutations in the human proteome can be identified
by mutation3D algorithm [117]. Looking into the future, the
union of all LDI, EDI, and CPI interactions reveals more



6 BioMed Research International

and more comprehensive human interactome networks,
and the interaction pairs argue for their potential biological
and functional relevance. However, future efforts are still
required to interpret condition-specific interactions and to
characterize the effects of genomic variation on interaction
networks [118], which will in turn generate insights into
genotype-phenotype relationships in human.

5.2. Computational Modeling and Network Analysis. Given
the highly connected nature of molecular signaling network
organization in the cell [119, 120], a conceptual framework
was developed to illustrate a global picture (known as “dis-
easome”) of all the known genes involved in human disease.
To construct such a “diseasome” network, a compendium
of 1,777 human disease genes and 1,286 associated diseases
[121] was obtained from the Online Mendelian Inheritance
in Man (OMIM) database. In the diseasome network, the
human “disease genome” (a long list of known disease
genes) was linked to the “disease phenome” (a list of known
genetic disorders), deriving a comprehensive set of almost
all known gene-disease network associations. This network-
based “genome-phenome” profile [122] is a bipartite graph, in
which a gene and a disease are linked together if mutations in
that gene have been implicated in that disease.

A Human Disease Network (HDN) was derived from the
original bipartite “diseasome” landscape [123]. In the HDN
network, nodes represent diseases, and edges represent the
association between diseases when they share at least one
gene in which mutations are associated with both diseases.
Overall, 867 of 1,284 diseases have at least one link to other
diseases, and 516 diseases form a single connected cluster,
the giant component, suggesting that most human diseases
share, to some extent, genetic origins. The HDN network is
clearly clustered by major disease classes, reflecting visible
differences between classes of disorders but commonality in
genetic origin within each disease class. Among the most
connected diseases is cancer, which is in part due to themany
common regulators (such as p53, PTEN, KRAS, ERBB2, and
NF1) associated with distinct subtypes of cancer.

Another type of biologically relevant networks concerns
disease gene network (DGN) [123]. In the DGN, nodes
represent disease genes, and edges represent their association
with the same disease. In this network, 1,377 of 1,777 disease
genes are connected to at least one other disease gene, and
903 genes form a giant component. The DGN provides a
complementary, gene-centered view of the diseasome than
the HDN.

Given that interactome networks cover a myriad of
genes implicated in human diseases, including cancers, they
provide useful insights into possible disease signaling mech-
anisms. Although existing empirically derived interaction
(EDI) networks are far from being complete, the overlap
with literature has been shown to be significant [102],
demonstrating the high quality of the EDI networks. On the
other hand, these networks offer novel biological hypotheses
and guide further studies of disease signal transduction
in relevant functional contexts. Functional consequences of
molecular interactions can be followed up to understand

the logic of complex biological networks.Therefore, emerging
human interactome networks will eventually facilitate our
understanding of human health and disease.

6. Novel Therapeutic Strategies and
Precision Medicine

A major problem in cancer treatment is to achieve specific
killing of cancer cells while preserving normal cells. Cancer
genomes vary from individual to individual.

6.1. New Promises of Gene Therapy from CRISPR. The idea
of gene therapy was proposed in the 1970’s [124]. The
90’s witnessed the first successful gene therapy treating
patients with severe combined immune deficiency (SCID)
by modifying cells with retroviruses carrying a functional
copy of the mutated gene [125–128]. However, complications
mostly due to integration of viral vector to oncogenes led to
suspension of many clinical trials [129]. Nevertheless, quite
a few gene therapy strategies made steady strides entering
the new century, including Gendicine (first gene therapy
product approved for clinical use in humans) [130], oncolytic
virus talimogene laherparepvec, and the immunostimulant
sipuleucel-T.

The breakthroughs in CRISPR (clustered regularly inter-
spaced short palindromic repeats) mediated genome editing
technology provide us with unparalleled opportunity to bring
precision medicine to the genome level [131–134]. Compared
to targeting malfunctioned molecules at the protein level,
it allows for restoration of proper spatiotemporal regulation
of the functional molecules without concerns for dosage
responses and side effects [131–134]. By correcting disease-
causing mutations in embryonic stem cells, disease preven-
tion ismade possible even before the onset of symptoms [135–
138]. As proof of principle studies, CRISPR-mediated muta-
tion corrections have been successfully performed usingmul-
tiple mouse disease models including hereditary tyrosinemia
and muscular dystrophy [135, 136], resulting in reversion and
prevention of diseases, respectively. Given its great poten-
tial, CRISPR/Cas9 can revolutionize personalized cancer
treatment: to model functional consequences of recurrent
mutations identified through high-throughput sequencing
efforts, to discover cancer drug targets by screening protein
domains [137], and to inhibit cancer by inactivating driver
mutations [138].

CRISPR/Cas9 system edits the genome by first creating
DNA double-strand breaks (DSBs) [139, 140]. When DSBs
occur, the cells activate one of the three mechanisms to
repair double-strand breaks: nonhomologous end joining
(NHEJ),microhomology-mediated end joining (MMEJ), and
homology-directed repair (HDR) [139, 140]. End-joining
mechanisms are error-prone and often lead to loss of gene
function as a result of random insertions or deletions. In con-
trast, a DNA sequence, which shares homology with the DSB
locus, can be used as a donor template for the HDR pathway
to precisely modify the DNA sequence [139, 140]. Sequence-
specific endonucleases, such as the zinc-finger nuclease
(ZFN) and the transcription-activator-like effector nuclease
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(TALEN), can introduce double-strand breaks at specific
sites of the genome, which dramatically favors the process
of HDR instead of NHEJ [139, 140]. ZFN and TALEN have
greatly facilitated genome engineering in a variety of model
systems [22, 141, 142]. However, the difficulties of designing
and building endonucleases tailored to specific genes of
interests and the relatively low cutting efficiency have limited
their applications. In recent years, Type II CRISPR system
emerged as a useful tool for genome editing, with major
advantages in cutting efficiency and versatility [131–134]. The
most commonly used CRISPR system was modified from the
CRISPR-associated endonuclease 9 (Cas9) in Streptococcus
pyogenes (SpCas9) [139, 140]. The recombinant Cas9 system
consists of three components: the Cas9 protein, the CRISPR
RNA (crRNA), and the transactivating crRNA (tracrRNA).
The crRNA and tracrRNA are often cloned into a single
chimeric guide RNA, known as single guide RNA (sgRNA),
resulting in an easy-to-use two-component system [139, 140].
The specificity of the endonuclease was determined by the
complementation of the sgRNA and its 20-nucleotide target
sequence in the genome [143]. The genomic target sequence
must be immediately upstream of a 5-NGG protospacer
adjacent motif (PAM) [143]. 5-NAG can also be tolerated
as an alternative PAM [144], albeit with reduced cleavage
efficiency [145]. Potential limitations of the CRISPR mainly
concern the off-target effects. The seed sequence close to the
PAM domain carries more weight in target specificity, while
the mismatches further away from the PAM domain and
towards the 5-end of the targeted genome sequence could
be tolerated to certain degree [145–147]. Efforts have been
made to evaluate and improve the fidelity of the Cas9 system.
For example, the Cas9(D10A) mutant, which functions as an
ssDNAase, can be usedwith a pair of sgRNAs complementary
to opposite strands of the target DNA, in order to reduce
off-targets [148–150]. This is because the DSB generated at
the desired site require both nicking events, while sites with
a single nicking event are primarily repaired by the more
precise excision-repair mechanisms rather than error-prone
end-joiningmechanisms. Similarly, catalytically inactive cas9
(dCas9) can be fused to the cleavage domain of the FokI
restriction endonuclease [151, 152].The simultaneous binding
of two fusion proteins (fCas9) to target sites that are 13∼18 bp
apart is required for the DSBs to occur [151, 152], as the FokI
only cleaves DNA when dimerized.

The efficiency of CRISPR-mediated genome editing is
context dependent, with low efficiencies being observed at
high “GC” regions or those in close proximity to heterochro-
matin [139, 140]. In such cases, multistep targeting might be
required. For example, TERT promoter mutations reside in a
genomic region with ∼80%GC content. A two-step approach
was employed to introduce TERT promoter mutations into
hESCs. First, two Cas9/sgRNAs were used to delete a 1.5 kb
region at TERT promoter encompassing the mutation spot.
Second, a sgRNA against the newly synthesized NHEJ-
derived junction was coelectroporated with Donor plasmids
containing the deleted region with cancer-associated TERT
promoter mutations [153]. In another study, a two-step “pop-
in/pop-out” strategy was used to create N-terminal tagged
TERT fusion protein. First, homologous recombination was

achieved byCRISPR/Cas9 targeting the translational start site
of TERT, with a donor template containing both the tag and
an eGFP expressing cassette flanked by LoxP sites. Success-
fully targeted cells were selected by flow cytometry. Second,
eGFP cassette was removed by Cre-mediated recombination
[154].

A potential limit of CRISPR-gene therapy concerns the
delivery methods. Recombinant AAV (rAAV) is widely con-
sidered to be an ideal viral vehicle for gene therapy, because
DNA cargo can persist as episomes in both dividing and
quiescent cells state with minimal genome integration. Even
though exogenous DNA carried by rAAV has been shown
to be effective in correcting mutations like the Fah mutation
in the liver [155], CRISPR technology could result in higher
efficiency of gene correction, as proof-of-concept studies
demonstrated by hydrodynamic injection of Cas9/sgRNA
and a single-stranded DNA to correct the Fah mutation in
hepatocytes via homology-directed repair [135]. However,
the size of the widely used SpCas9 (∼4.2 kb) is approaching
the cargo limit of rAAV (∼4.5 kb), leaving little room for
modification. Recently, a smaller Cas9 from Staphylococcus
aureus (SaCas9) was described [156]. The authors packaged
SaCas9/sgRNA into a single rAAV vector and successfully
targeted the Pcsk9 gene in the mouse liver.

A broad community of stakeholders have collaborated
closely to forge ahead with precision therapy, especially
CRISPR-mediated genome editing. Academic researchers
continue to provide more accurate insights into human
genetics and molecular basis of diseases, as well as develop
more powerful bioinformatics tools for analyzing data at
the genome scale. Diagnostic companies develop better tests
based onnewest data to achieve greater precision in interpret-
ing the likelihood of patient response to the therapy. Phar-
maceutical companies strive to increase CRISPR targeting
efficiency and minimize off-targeting effects, develop reliable
quality control process, and build platforms for reducing the
cost of CRISPR-mediated gene targeting. Hospitals and other
healthcare providers should actively adopt new technologies
for individualized prevention, detection, and treatment of
diseases. Meanwhile, efforts should be made to provide easy
health data access and share mechanisms and protect patient
privacy and data security, as well as create platforms to engage
different stakeholders in precision medicine as collaborating
partners.

6.2. Cell Transplantation. The advances of genome-
engineering techniques, as well as deeper understanding
of the expression profiles of stem/progenitor cells, provide
better prospects of cell therapy. As mentioned earlier, initial
clinical successes by transplanting genetically modified cells
to treat SCID provided valuable proof-of-concept. Here, we
used hepatocyte transplantation as an example to discuss
some of the promises and challenges of cell transplantation.

To date, only a few treatments can increase the life
expectancy of liver cancer patients including resection,
orthotopic or living donor liver transplantation, radio-
frequency ablation/percutaneous ethanol injection, tran-
scatheter arterial chemoembolization, and sorafenib [157].
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Although liver transplantation remains the primary thera-
peutic strategy for end stage liver diseases and acute liver
failures, donor shortage remains a primary hurdle. In an
aging population, the supply of liver allografts is unlikely
to meet the ever-increasing demand. Therapeutic cell trans-
plantations have been brought into preclinical and clinical
applications. There are potential advantages of hepatocyte
transplantation over liver transplantation, because hepato-
cyte transplantation is generally considered to be less inva-
sive, and the native livers are not surgically removed to allow
other strategies like gene therapy to be performed.

The potential of hepatocytes as the source for cellular
therapy has been demonstrated by years of animal exper-
iments. Rodent hepatocytes have remarkable proliferative
capacity in vivo [158, 159]. Hepatocyte transplantation was
effective in correcting metabolic diseases in several rodent
models, including the Gunn rat of Crigler-Najjar syndrome
type I [160], the Fah−/− (fumarylacetoacetate hydrolase)
mouse of tyrosinemia type I [161], the mutant human 𝛼1-
antitrypsin transgenic mouse [162], and the Long-Evans
cinnamon rat of Wilson’s disease [163], as well as chemically
or surgically induced acute liver failures [164, 165].

Amajor obstacle to overcome for translating animal stud-
ies to human patients is how to obtain enough hepatocytes in
a safe transplantation route. The most common route of hep-
atocyte transplantation is through the portal system. Donor
hepatocytes that can be safely infused through the portal vein
are usually less than 5% of the liver mass (∼2e8 cells/kg), in
order to avoid portal hypertension, translocation of the cells
to systemic circulation, and embolization in the lung [166]. As
many as 70∼80% of transplanted hepatocytes are entrapped
in the portal space or sinusoids and are subsequently cleared
by Kupffer cells and granulocytes [167, 168]. The integra-
tion of hepatocytes in the recipient liver is inefficient and
requires disruption of hepatic sinusoidal endothelia [169].
Moreover, the initial engraftment of transplanted hepatocytes
is unlikely to completely reverse the enzyme deficiency.
The continuous repopulation of the recipient liver requires
substantial selection advantage of the transplanted hepato-
cytes, which are artificially created in animal models by
extensive parenchymal loss or the proliferative deficiency of
endogenous hepatocytes. As a result, repeated hepatocyte
transplantation may be required to increase the number of
engrafted cells.Thepopulation of liver stem cells is potentially
a good source of cell transplantation, due to its expandability
in vitro and bipotent differentiation into hepatocytes and
cholangiocytes [170–173]. However, recent studies suggest
that mature hepatocytes are responsible for most of the
liver repopulation during homeostasis and injuries in vivo
[174–178]. Within the differentiated hepatocytes, there were
subpopulations demonstrating higher repopulating capaci-
ties than generic hepatocytes [179, 180]. To identify the best
population for cell therapy, comprehensive investigation of
the heterogeneity of repopulating cells in the liver is required.

6.3. Systems Biology and Therapeutic Strategies. Until
recently, a paradigm of drug discovery has been that for
each disease there will be one (or a few) molecular target(s)

that can be affected either positively or negatively by a
single chemical compound. This philosophy has clearly been
successful for many diseases and has led to the development
of “blockbuster” drugs such as the various ACE-inhibitors
or Gleevec. However, this one-gene-one-drug approach has
given rise to only ∼500 drug targets [181] which, after all,
represent a tiny portion of the predicted proteome, estimated
at ∼500,000 proteins taking into account all isoforms and
posttranslational modifications [182]. Moreover the “one-
gene-one-phenotype” approach is overly simplistic, because
one gene can have multiple functions whereas one function
can be handled by multiple genes. For example, various
“regulatory” proteins such as Ras, Myc, and NF-𝜅B each have
disparate functions that are dependent upon cellular context
[182]. Clearly, reliance on the “one-gene or one-protein
leading to one drug” paradigm will continue to produce
useful drugs, but this strategy is increasingly more difficult
to implement [183].

Systems biology approaches have been recently applied
to enable a holistic view of signaling networks in cancer
cells and effectively identify molecular changes in cancer
patients (Figure 1) [184]. For instance, global transcriptomic
data analyses in B-cell lymphoma fromThe Cancer Genome
Atlas (TCGA) revealed that older patients tend to exhibit
decreased metabolism and telomere function, while female
patients are likely associated with decreased interferon and
PD-1 signaling [185]. In addition, a critical leap forward
in proteomics is the gene-centric Human Protein Atlas
for expression profiles [186], which resolves tissue-specific
proteome variation of the human body [187] and provides
significant insights into cancer pathology [188–190].

An alternative strategy is to understand the structural fea-
tures and properties of molecular and physiological networks
[182, 191]. Although this approach may not have immediate
returns in terms of successful deployment of useful drugs
[182], it will, in the long run, lead to better understanding
of how to model networks and how to use those models
for in silico studies [191]. Examples are how genetic poly-
morphisms affect responses to individual drugs [192] and
how network interactions can be manipulated and altered
by the actions of oncogenes and tumor suppressor genes on
one side or by pharmacological intervention on the other
[193]. A major hurdle to be overcome is the identification
of cellular networks and all of their constituent units, along
with an understanding of the signaling within networks and
between/among networks.

7. Big Data Management and Security of
Medical Information

The significant improvement of sequencing technologies
makes human genomic data increasingly affordable and
available in the era of precision medicine [194]. This paper
discusses heavily how massive human genomic data open
the door to big data science and speed up discoveries.
Despite encouraging future, there are also emerging problems
with respect to storing, sharing, and analyzing big human
genomic data. The recent NIH data sharing policy change
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allows users to store and analyze human genomic data
using cloud-computing services, which address some of the
issues. But on the other hand, the privacy challenge becomes
more prominent with cloud computing as owners lose the
full control of the data. It becomes more complicated as
copies of data can be stored in a distributed file system
or automatically backed up by the cloud service provider.
Without necessary protection, it is risky to use the cloud
for handling human genomic data, of which information
leakage can lead to reidentification [195–199] and might
negatively impact patients. The NIH Security Best Practices
for Controlled-Access Data Subject to the NIHGenomeData
Sharing (GDS) Policy also states that researchers and their
institutions are accountable for ensuring the confidentiality
of human genomic data, instead of the cloud service provider.
There is an imperative need to develop practical and rigorous
privacy protection methods to alleviate the technical burden
from human genomic researchers. Several recent surveys
[197, 200] discussed the relevant techniques. But it remains
unclear how these techniques will perform when applied to
real human genomic data.There is a lack of direct comparison
of different methods in real-world scenarios. Some recent
efforts between the computer science community and the
biomedical informatics community to jointly tackle the
computation and privacy challenges seem promising [201]
and more collaborations are necessary to push the fronts.
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Proteins within a molecular network are expected to be subject to different selective pressures depending on their relative
hierarchical positions. However, it is not obvious what genes within a network should be more likely to evolve under positive
selection. On one hand, only mutations at genes with a relatively high degree of control over adaptive phenotypes (such as those
encoding highly connected proteins) are expected to be “seen” by natural selection. On the other hand, a high degree of pleiotropy
at these genes is expected to hinder adaptation. Previous analyses of the human protein-protein interaction network have shown
that genes under long-term, recurrent positive selection (as inferred from interspecific comparisons) tend to act at the periphery
of the network. It is unknown, however, whether these trends apply to other organisms. Here, we show that long-term positive
selection has preferentially targeted the periphery of the yeast interactome. Conversely, in flies, genes under positive selection
encode significantly more connected and central proteins. These observations are not due to covariation of genes’ adaptability and
centrality with confounding factors. Therefore, the distribution of proteins encoded by genes under recurrent positive selection
across protein-protein interaction networks varies from one species to another.

1. Introduction

Scientists have been fascinated for decades by the emergence
and fixation of advantageous alleles by positive selection
[1, 2]. Occasionally, a new mutation is beneficial or an
existing mutation becomes beneficial due to a change in
the environment. Under certain conditions, as individuals
carrying such mutations have an increased fitness, these
mutations can quickly spread through the population, leaving
a characteristic footprint in the patterns of DNA variability
[3, 4]. Certain genes are more likely than others to undergo
positive selection, and understanding the reasons is essen-
tial to understand adaptation. The propensity of genes to
undergo positive selection depends on the balance between
the potential beneficial and deleterious effects of mutations
at these genes [5]. On one hand, only genes whose variability
has a considerable impact on the organism’s fitness (i.e.,
genes with a high degree of control over advantageous traits)
will be able to respond to natural selection [6, 7]. On the
other hand, highly pleiotropic genes (at whichmutations have

a high likelihood of being deleterious) will less frequently
respond to positive selection [1, 8–10]. Genes do not act in
isolation; instead, they often function as parts of molecular
pathways and networks. Both the importance and the degree
of pleiotropy of genes are affected by their position within
such networks, and therefore, a network framework may
enable a better understanding of genes’ different propensities
to be targeted by positive selection.

Proteins within a molecular pathway or network have
different relative impacts on the final output of the system
(the phenotype, and ultimately fitness): alteration of certain
key proteins profoundly impacts the behavior of the system,
whereas alteration of other, less important proteins has only
marginal effects [11]. The relative importance of proteins
depends not only on their intrinsic properties (e.g., their
kinetic properties), but also on the position that they occupy
within the network. For instance, genes acting at the upstream
part, or at bifurcating points of metabolic pathways, tend to
have a great influence on metabolic flux [12–14], and proteins
involved in many protein-protein interactions are often
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essential [15–17]. Proteins’ degree of pleiotropy also depends
on network position, with highly connected proteins, and
those involved in a high number of pathways, being often
highly pleiotropic. Therefore, genes acting at different parts
of a network are expected to have different propensities to
undergo positive selection, but it is often not obvious what
parts of the network should be targetedmore often by positive
selection. Adaptive evolution is expected to target genes
acting at key network positions (as less important proteins
will rarely be seen by natural selection), particularly if the
network is far from its adaptive optimum, but adaptationmay
be hindered by pleiotropy at these positions. Indeed, even
though multiple studies have shown that genes’ propensity
to undergo adaptive evolution depends on their network
position, clear rules have not emerged.

Population genetics studies based on a handful of well-
defined metabolic and signaling pathways have so far sug-
gested that positive selection often targets genes with rel-
atively important pathway positions. For instance, positive
selection acted on (i) genes encoding enzymes that act at
bifurcating points of the Drosophila melanogaster pathways
involved in glucose metabolism [18] and the human N-
glycosylation pathway [19]; (ii) the gene encoding the first
enzyme of the Arabidopsis thaliana glucosinolate pathway
[13]; and (iii) genes encoding the most connected proteins in
the human insulin/TOR pathway [20]. Beneficial mutations
at genes acting at such key pathway positions may lead to
rapid evolutionary change. Simulation analyses of evolving
pathways suggest that, at the beginning of the adaptation
process, when pathways are far away from their optimum,
positive selection preferentially occurs at upstream genes,
and at those acting at branch points; however, once path-
ways approach their optimum, upstream genes are highly
constrained and downstream genes are the ones that undergo
positive selection [12, 14].

In the last years, a considerable amount of genomic
and functional data has accumulated, allowing evolutionary
biologists to study the distribution of genes under positive
selection in different kinds of large-scale networks. Genes
under positive selection in honey bees, as inferred from
the McDonald-Kreitman test [21], are lowly connected in
the gene coexpression network [22]. In the D. melanogaster
metabolic network, genes under positive selection, as inferred
from the comparison of six Drosophila genomes, do not
exhibit any particular network position; however, very few
genes under positive selectionwere found in this study, which
may have resulted in limited statistical power [23].

The relationship between genes’ propensity to exhibit
signatures of positive selection and the number of physical
protein-protein interactions in which the encoded product is
involved has only been addressed in humans, and contrasting
trends have been observed depending on the evolutionary
timescale considered. When recurring, long-term positive
selection was inferred from comparison of the human
and chimpanzee genomes [24], or from comparison of 10
mammalian genomes [16] (including 9 placentals and one
marsupial, which diverged 157–170 million years ago [25]),
using tests based on the nonsynonymous to synonymous
divergence ratio (𝜔 = 𝑑

𝑁
/𝑑

𝑆
), positive selection was found

to target preferentially genes acting at the periphery of
the human protein-protein interaction network (i.e., genes
encoding lowly connected proteins). Conversely, when recent
selective sweeps were inferred from comparison of hundreds
of human genomes, it was found that genes under positive
selection were significantly more connected than genes with
no signatures of positive selection [16, 26].

Are the trends observed thus far in the human protein-
protein interaction network common to all organisms? Here,
we characterize the distribution of genes under recurrent
positive selection in the interactomes of Saccharomyces cere-
visiae and D. melanogaster. For that purpose, we infer long-
term positive selection events by comparing the genomes of
five Saccharomyces and six Drosophila species. We find that,
similar to what was previously observed in humans [16, 24],
genes under positive selection act at the periphery of the S.
cerevisiae protein-protein interaction network. Conversely,
in D. melanogaster, genes under positive selection are sig-
nificantly more connected than genes with no signatures of
positive selection.

2. Materials and Methods

2.1. Tests of Positive Selection. For each S. cerevisiae gene,
the longest encoded protein was selected for analysis,
and orthologs were identified in another 4 Saccharomyces
genomes using a best reciprocal hit approach. Each S. cere-
visiae longest protein was used as a query in BLASTP search
(E-value cut-off: 10−10) against the proteomes of S. paradoxus,
S.mikatae, S. kudriavzevii, and S. bayanus.Thebest hit in each
proteome was used as a query in a second BLASTP search
(E-value < 10−10) against the S. cerevisiae proteome. If the
best hit identified in the second search was the original S.
cerevisiae protein, then the encoding genes were considered
to be orthologs. Only S. cerevisiae genes with identifiable
orthologs in all four Saccharomyces species were used in our
analyses.The same strategy was adopted to identify orthologs
of all D. melanogaster genes in the genomes of D. simulans,
D. sechellia, D. yakuba, D. erecta, and D. ananassae. We did
not include more distant species in our analyses in order
to (i) avoid saturation of synonymous sites; (ii) maintain a
high number of analyzable genes (genes with orthologs in
all considered species); and (iii) minimize problems resulting
from alignment of highly divergent sequences.

Groups of orthologous protein sequences were aligned
using ProbCons [27]. Given that gene annotations of non-
model organisms are performed using automatic methods,
which often produce imperfect genemodels [28, 29], and that
tests of positive selection are highly sensitive to such errors
[30–33], we stringently filtered our protein sequence align-
ments using a three-step procedure (as in [16]). First, Gblocks
version 0.91b [34] was used to eliminate nonalignable and
poorly alignable regions. Second, a sliding window approach
was used to identify alignment regions of 15 amino acids in
which one of the sequences presented 10 or more singleton
amino acids (amino acids that are unique to one sequence),
and regions of 5 amino acids in which all were singletons in
one of the species; such regions are unlikely to be correctly
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annotated. The original (unfiltered) sequence alignments
were combined with the coding sequences (CDSs) and the
results of the two first filtering steps to produce CDS align-
ments using an in-house pipeline. The resulting alignments
were used in a test of positive selection using the M8 versus
M7 test (see below). Third, for genes inferred to be under
positive selection, CDS sequence alignments were visualized
and erroneously annotated regions were manually removed
using BioEdit version 7.2.5 [35] before rerunning the test of
positive selection.

For each alignment, the presence of a set of codons with
𝜔 > 1 was inferred using the M8 versus M7 test [36]. The
likelihood of alignment under the M8 and M7 models was
estimated using the codeml program of the PAML package
version 4.4d [37]. In order to alleviate the problem of local
optima, all computations were repeated using three starting
𝜔 values (𝜔 = 0.04, 0.4, and 4). Both models assume
that codons’ 𝜔 values follow a beta distribution, with values
ranging from 0 to 1. The M8 model allows for an additional
class of codons with 𝜔

𝑠
> 1. The fit of both models was

compared using a likelihood ratio test: twice the difference
in the log-likelihood of both models [2Δℓ = 2 × (ℓM8 − ℓM7)]
was assumed to follow a 𝜒2 distribution with two degrees of
freedom [38]. Genes with a 𝑃 value lower than 0.05 and 𝜔

𝑠

higher than 1 were considered to be under positive selection.
Analyses were repeated using a more stringent 𝑃 value (𝑃 <
0.01 and 𝜔

𝑠
> 1), and controlling the false discovery rate

associated with multiple testing using the Benjamini and
Hochberg approach (𝑞 < 0.1 and 𝜔

𝑠
> 1) [39]. Unless stated

otherwise, genes considered to be under positive selection
throughout this study correspond to those with 𝑃 < 0.05 and
𝜔

𝑠
> 1.

2.2. Network Data and Analyses. Protein-protein interaction
data for S. cerevisiae andD. melanogaster were obtained from
the BioGRID database version 3.4.129 [40]. This database
contains only experimentally determined interactions. Only
physical nonredundant interactions between proteins from
the same organism were used in our analyses. Additional
analyses were conducted using interaction data from the
STRING database version 10 [41].This database contains data
from both experimentally determined and computationally
predicted (based on coexpression, phylogenetic profiles, etc.)
interactions. Only interactions with a confidence score ≥40%
were used in our analyses.

For each protein and network, degree was computed as
the number of other proteinswithwhich the protein interacts,
betweenness was computed as the number of shortest paths
among other proteins that pass through the protein [42],
and closeness was computed as one divided by the average
distance (number of steps) between the protein and all
other proteins. Betweenness and closeness computations
were conducted using Pajek version 4.05 [43].

2.3. Protein Abundance and Gene Expression Data. Protein
abundance data for S. cerevisiae and for the whole body
of D. melanogaster adults was obtained from the PaxDB
database version 4 [44]. Messenger RNA abundance data

for S. cerevisiae was obtained from [45]. Messenger RNA
abundance data for the whole D. melanogaster adult and
16 adult nonredundant tissues/organs were obtained from
the FlyAtlas database [46]. Probes were mapped to genes
using the Affymetrix annotation file “Drosophila 2” version
35. Probes matching multiple genes were not used in our
analyses. For genes matching multiple probes, the probe
with the highest mRNA abundance in the whole fly was
used. The expression breadth of each D. melanogaster gene
was computed as the number of tissues/organs in which
the gene is expressed. The considered tissues were brain,
head, eye, thoracicoabdominal ganglion, salivary gland, crop,
midgut, tubule, hindgut, heart, fat body, ovary, testis, male
accessory glands, virgin spermatheca, and carcass. A gene
was considered to be expressed in a tissue/organ if the
database reported presence in at least 3 out of the 4 biological
replicates.

2.4. Number of Publications. For each S. cerevisiae gene, the
number of publications in which it is referred was obtained
from the SaccharomycesGenome Database [47].The number
of publications related to each D. melanogaster gene was
obtained from FlyBase [48]. These data were obtained in
February 2016.

3. Results

3.1. Positive Selection Acted Preferentially at the Periphery of
the Yeast Protein-Protein Interaction Network. We identified
the orthologs of all S. cerevisiae genes in the genomes
of another four Saccharomyces genomes. A total of 2071
S. cerevisiae genes had identifiable orthologs in all four
genomes. Sequence alignments were filtered using highly
stringent criteria, and the filtered alignments were used in a
maximum likelihood test of positive selection [36]. A total of
91 genes exhibited signatures of positive selection according
to our initial criteria (𝑃 < 0.05 and 𝜔

𝑠
> 1). This number is

moderately higher than that resulting from a scan based on
three Saccharomyces genomes [49].

We reconstructed the yeast protein-protein interac-
tion network from the experimentally determined physi-
cal protein-protein interactions recorded in the BioGRID
database [40]. The network contained a total of 5864
nonredundant proteins and 81,040 nonredundant interac-
tions (Table S1 in Supplementary Material available online
at http://dx.doi.org/10.1155/2016/4658506). Out of the 5864
genes encoding the proteins represented in the network,
89 exhibited signatures of positive selection, 1956 did not
exhibit signatures of positive selection, and in the remaining
genes the test could not be performed, as orthologs were not
identified in all yeast species.

Genes with signatures of positive selection encode pro-
teins that exhibit a significantly lower number of interactions
(average for genes under positive selection: 18.01; average for
genes with no signatures of positive selection: 27.23; Mann-
Whitney𝑈 test,𝑃 = 0.016) and a significantly lower closeness
centrality (mean for genes under positive selection: 0.387;
mean for geneswithout signatures of positive selection: 0.400;
𝑃 = 0.008). Genes under positive selection also exhibit
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Figure 1: Distribution of proteins encoded by genes under positive selection in the S. cerevisiae protein-protein interaction network. (a)
BioGRID network. (b) Average network centrality metrics calculated from the BioGRID network. (c) STRING network. (d) Average network
centrality metrics calculated from the STRING network. In panels (a) and (c), proteins encoded by genes under positive selection are
represented in red, and the rest of the proteins are represented in gray. In panels (b) and (d), genes under positive selection are represented
in red, and genes with no signatures of positive selection are represented in gray. Error bars correspond to the standard error of the mean.
Genes were considered to be under positive selection if they exhibited 𝑃 < 0.05 and 𝜔

𝑠
> 1. For analyses based on more stringent criteria, see

Tables S3 and S4. 𝑃 values represented in the figure correspond to the Mann-Whitney 𝑈 test.

a substantially but not significantly lower betweenness cen-
trality (average for genes under positive selection: 6.73 × 10−5;
average for genes with no signatures of positive selection:
1.90 × 10−4;𝑃 = 0.636) (Figures 1(a) and 1(b); Table S2).When
a more stringent 𝑃 value cut-off was applied in our tests of
positive selection (𝑃 < 0.01), only 31 network genes were
considered to be under positive selection. When the results
of the tests of positive selection were corrected for multiple
testing (𝑞 < 0.1), only 5 of these genes remained significant.
Both gene sets encoded proteins with a substantially lower
degree and betweenness, but differences were not significant,
probably due to limited statistical power resulting from the
small sample sizes (Tables S3 and S4).

We repeated our network analyses using a denser network
obtained from the data recorded in the STRING database,

which contains not only experimentally determined but also
computationally predicted protein and gene interactions [41]
(Table S1). Similar results were obtained: proteins encoded
by genes under positive selection exhibit a significantly lower
degree and closeness and a substantially, but not significantly,
lower betweenness (Figures 1(c) and 1(d); Table S2). No
significant differences were observed when more stringent
criteria were used in the tests of positive selection (𝑃 < 0.01
or 𝑞 < 0.1; Tables S3 and S4).

We next considered whether our observations might be
due to covariation of both gene adaptability and network cen-
trality with different potentially confounding factors, rather
than to a direct link between adaptability and centrality.
Previous results in yeasts and other organisms have shown
that central genes tend to be highly expressed [50–58], and
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Figure 2: Differences inmRNA abundance, protein abundance, protein length, and number of publications between positively selected genes
(in red) and genes without signatures of positive selection (in gray) in S. cerevisiae. Genes were considered to be under positive selection if
they exhibited 𝑃 < 0.05 and 𝜔

𝑠
> 1. 𝑃 values represented in the figure correspond to the Mann-Whitney 𝑈 test.

previous works in humans have shown that highly expressed
genes are unlikely to undergo adaptive evolution [24, 59].
Combined, these observations raise the possibility that our
observations could merely be a byproduct of the distribution
of expression levels in the network. We found a positive
correlation between degree and both mRNA abundance
(BioGRID network: Spearman’s rank correlation coefficient,
𝜌 = 0.294, 𝑃 = 9.6 × 10−37; STRING network: 𝜌 = 0.320, 𝑃 =
7.1 × 10−44) and protein abundance (BioGRID network: 𝜌 =
0.452, 𝑃 = 2.1 × 10−103; STRING network: 𝜌 = 0.441, 𝑃 =
5.8 × 10−99). However, we found no differences between the
expression levels and protein abundances of genes under
positive selection and genes with no signatures of positive
selection in yeast (Figure 2), which allowed us to discard these
factors as the reason underlying our observations.

Also consistent with previous results in yeasts [60], we
observed a positive correlation between proteins’ length and
number of protein-protein interactions (BioGRIDnetwork: 𝜌
= 0.076, 𝑃 = 6.3 × 10−4; STRING network: 𝜌 = 0.078, 𝑃 = 4.1 ×
10−4). In line with previous results inmammals [16], we found
that yeast genes under positive selection encode significantly
longer proteins than those with no signatures of positive
selection (Figure 2), which is consistent with the power of
the test depending on the number of codons analyzed [61].
Combined, these observations indicate that our observation
that genes under positive selection tend to encode peripheral
genes cannot be due to covariation with protein length.

Interactomic datasets are known to be subjected to a
number of biases [62]. In particular, such datasets tend
to include a disproportionally high number of interactions
involving proteins that have been studied in great detail
(e.g., because of their particular importance or interest), as
more resources have been devoted to study them. Indeed, we
observed that protein degrees positively correlate with the
number of publications mentioning the proteins (BioGRID
network: 𝜌 = 0.651, 𝑃 < 10−6; STRING network: 𝜌 = 0.553,

𝑃 < 10−6) and that genes under positive selection tend to be
mentioned in a lower number of publications (𝑃 = 0.039;
Figure 2). Nonetheless, this bias is unlikely to explain our
observations: a partial correlation analysis shows that, in the
STRING network, 2Δℓ correlates with degree, even when
controlling for the number of publications (𝜌 = −0.066,
𝑃 = 0.003). In addition, when we used a subnetwork of
the BioGRID network containing only the interactions deter-
mined by high-throughput techniques (which are expected
to be less prone to this kind of bias) the difference between
the degree of proteins encoded by genes under positive
selection (mean = 15.31, median = 9) and the degree of the
proteins encoded by genes with no signatures of positive
selection (mean = 22.18, median = 11) remains substantially
and marginally significantly different (𝑃 = 0.058).

Another known problem of currently available inter-
actomes is their high rate of false positives [63–65]. To
alleviate this problem, we generated two highly stringent
subnetworks of our BioGRID and STRING networks. The
first subnetwork was generated by considering only those
protein-protein interactions determined by low-throughput
techniques (which are expected to produce more reliable
results than high-throughput techniques). In this case, the
difference between the degree of proteins encoded by genes
under positive selection (mean = 7.62, median = 5) and
the degree of proteins encoded by genes with no signatures
of positive selection (mean = 9.69, median = 5) remained
substantial; however, the differences were not statistically
significant (𝑃 = 0.808), probably owing to the reduced
statistical power resulting from filtering the network. The
second subnetwork was obtained by considering only the
interactions described in the STRING database with a confi-
dence score ≥50%.The degrees of proteins encoded by genes
under positive selectionwere significantly lower (genes under
positive selection: mean = 65.87, median = 43; genes with no
signatures of positive selection: mean = 80.93, median = 54;
𝑃 = 0.047). When an evenmore stringent cut-off was applied
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(score ≥90%), the differences were even more marked, but
nonsignificant (positively selected: mean = 22.05, median =
9.5; non-positively selected: mean = 27.92, median = 12; 𝑃 =
0.177), probably due to reduced statistical power.

3.2. Positive Selection Acted Preferentially at the Center of
the Fly Protein-Protein Interaction Network. We performed a
scan of positive selection using the genomes of sixDrosophila
species. Orthologs in all species were found for 10,340 D.
melanogaster genes, and signatures of positive selection were
detected in 533 of these genes using a 𝑃 value threshold
of 0.05. This number is smaller than those resulting from
previous scans of positive selection in Drosophila [31, 66],
as expected from the fact that we applied highly stringent
criteria, includingmanual inspection and editing of the align-
ments in which positive selection was detected (Section 2).
The protein-protein interaction network, constructed from
the data available at the BioGRID database [40], consisted
of 7968 nonredundant proteins and 36,589 nonredundant
interactions (Table S1). Out of the 7968 genes whose encoded
products are represented in the network, positive selection
was inferred in 350, no signatures of positive selection were
found in 6171, and the positive selection test could not be
performed on the rest because orthologs were not present in
some of the genomes.

Remarkably, we found that, contrary to what was found
in yeast (Figure 1; Table S2) and humans [16, 24], genes under
positive selection encoded proteinswith a significantly higher
degree (average for genes under positive selection: 10.49;
average for geneswith no signatures of positive selection: 9.19;
𝑃 = 0.049), betweenness (average for genes under positive
selection: 4.5 × 10−4; average for genes with no signatures
of positive selection: 3.8 × 10−4; 𝑃 = 0.008), and closeness
(average for genes under positive selection: 0.242; average for
genes with no signatures of positive selection: 0.239; 𝑃 =
0.045) (Figures 3(a) and 3(b), Table S5). Similar results were
obtained when a more stringent 𝑃 value cut-off was used
(𝑃 < 0.01), with the only exception that the differences are
not significant, albeit substantial, for betweenness (Table S6).
When the results of the positive selection test were corrected
formultiple testing by controlling the false discovery rate (𝑞 <
0.1), only 50 network genes retained signatures of positive
selection. These genes exhibit a higher degree, betweenness,
and closeness, even though the differences are not statistically
significant, probably due to a reduced statistical power due to
the small genes under positive selection (Table S7). Similar
results were also obtained when the network was assembled
from the contents of the STRING database [41]; in this case,
the differences are statistically significant for degree and
closeness when a 𝑃 value cut-off of 𝑃 < 0.05 was used to
detect positive selection (Figures 3(c) and 3(d), Table S5),
and for degree, betweenness, and closeness when the more
stringent cut-off of 𝑃 < 0.01 was used (Table S6) or when
correction for multiple testing was applied (𝑞 < 0.1; Table
S7).

Consistent with previous results in Drosophila and
other organisms [50–58], protein degree positively correlates
with mRNA abundance (BioGRID network: 𝜌 = 0.097,

𝑃 = 1.1 × 10−81; STRING network: 𝜌 = 0.338, 𝑃 = 8.2 × 10−114).
We also found degree to positively correlate with protein
abundance (BioGRID network: 𝜌 = 0.120, 𝑃 = 4.3 × 10−10;
STRING network: 𝜌 = 0.288, 𝑃 = 1.8 × 10−83) and with
expression breadth (BioGRID network: 𝜌 = 0.179, 𝑃 = 2.2 ×
10−47; STRING network: 𝜌 = 0.036, 𝑃 = 0.017). However,
none of these parameters significantly differs between genes
under positive selection and genes with no signatures of
positive selection (Figure 4). In addition, genes with different
expression breadths do not differ in their propensity to
exhibit signatures of positive selection (correlation between
expression breadth and the fraction of genes under positive
selection: 𝜌 = 0.018, 𝑃 = 0.948; Figure 5). These observations
allow us to discard the possibility that the observed higher
centrality of genes under positive selection (Figure 3; Tables
S5–S7) could be due to covariation of adaptability and
centrality with these expression parameters. Similar to what
is observed in yeast (Figure 2) and humans [16], genes under
positive selection tend to encode long proteins in Drosophila
(Figure 4). However, protein length does not correlate with
number of interactions (BioGRID network: 𝜌 = 0.028, 𝑃 =
0.133; STRING network: 𝜌 = 0.009, 𝑃 = 0.555), indicating
that our observations are not due to covariation with protein
length either.

Protein degreeswere found to positively correlatewith the
number of publications mentioning each protein (BioGRID
network: 𝜌 = 0.249, 𝑃 < 10−6; STRING network: 𝜌 = 0.251,
𝑃 < 10−6). However, three lines of evidence demonstrate that
this has not biased our results. First, the average number
of publications does not significantly differ between genes
under positive selection and genes with no signatures of
positive selection (𝑃 = 0.161; Figure 4). Second, we
repeated our analyses using the D. melanogaster protein-
protein interaction network generated by Giot et al. [67].This
network is the result of a large-scale experiment in which
virtually every possible interaction was tested, and therefore
it is expected to be unbiased. Similar to our analyses on the
entire BioGRID network, we observed that proteins encoded
by genes under positive selection exhibited a higher degree
(genes under positive selection: mean = 6.50, median = 3;
genes with no signatures of positive selection: mean = 5.81,
median = 3; 𝑃 = 0.224). Third, when we repeated our
analyses on a subnetwork containing only those interactions
determined by high-throughput techniques, we observed sig-
nificant differences between proteins encoded by genes under
positive selection and those encoded by proteins with no
signatures of positive selection (positively selected: mean =
10.42, median = 4; non-positively selected: mean = 8.97,
median = 4; 𝑃 = 0.046).

Finally, we repeated our analyses on two highly stringent
subnetworks of our BioGRID and STRING networks. When
we considered only those protein-protein interactions deter-
mined by low-throughput experiments, proteins encoded by
genes under positive selection remained substantially more
central; however, the differences were not statistically sig-
nificant, probably due to reduced statistical power resulting
from filtering our network (positively selected: mean = 2.91,
median = 1; non-positively selected: mean = 2.56, median = 1;
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Figure 3: Distribution of proteins encoded by genes under positive selection in the D. melanogaster protein-protein interaction network.
(a) BioGRID network. (b) Average network centrality metrics calculated from the BioGRID network. (c) STRING network. (d) Average
network centrality metrics calculated from the STRING network. In panels (a) and (c), proteins encoded by genes under positive selection
are represented in red, and the rest of the proteins are represented in gray. In panels (b) and (d), genes under positive selection are represented
in red, and genes with no signatures of positive selection are represented in gray. Error bars correspond to the standard error of the mean.
Genes were considered to be under positive selection if they exhibited 𝑃 < 0.05 and 𝜔

𝑠
> 1. For analyses based on more stringent criteria, see

Tables S6 and S7. 𝑃 values represented in the figure correspond to the Mann-Whitney 𝑈 test.

𝑃 = 0.708). When we considered only the interactions
described in the STRING database with a confidence score
≥50% or ≥60%, proteins encoded by genes under positive
selection remained significantly more central (𝑃 = 2.3 ×
10−3 and 8.1 × 10−3, resp.). When only interactions with a
score ≥90% were considered, the differences were even more
marked, but nonsignificant (genes under positive selection:
mean = 15.15, median = 4; genes with no signatures of positive
selection:mean = 12.89,median = 4;𝑃 = 0.756), probably due
to reduced statistical power.

4. Discussion

We have performed two scans of positive selection by com-
paring the genomes of five Saccharomyces and six Drosophila

species and investigated the position of the proteins encoded
by genes under positive selection in the protein-protein
interaction networks of S. cerevisiae and D. melanogaster.
Consistent with previous results in humans [16, 24], we
found that genes under positive selection encode significantly
less connected proteins in the interactome of S. cerevisiae.
However, the opposite was observed in Drosophila: proteins
encoded by genes under positive selection are significantly
more connected than those encoded by genes with no
signatures of positive selection. These observations were not
due to covariation of network centrality and positive selection
with protein abundance, expression level, protein length, or,
in the case of Drosophila, expression breadth. Equivalent
results were obtained when considering betweenness and
closeness (two descriptors of the global position of proteins
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Figure 4: Differences in mRNA abundance, expression breadth, protein abundance, protein length, and number of publications between
positively selected genes (in red) and genes without signatures of positive selection (in gray) inD. melanogaster. Genes were considered to be
under positive selection if they exhibited 𝑃 < 0.05 and 𝜔
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> 1. 𝑃 values represented in the figure correspond to the Mann-Whitney 𝑈 test.
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Figure 5: Percent of genes under positive selection among genes
with different expression breadths in D. melanogaster. Genes were
considered to be under positive selection if they exhibited 𝑃 < 0.05
and 𝜔

𝑠
> 1.

within the network, which take into account not only their
direct interactors, but rather their potential role in connecting
different parts of the network [42, 68]). Equivalent results
were also obtained by analyzing the STRING database [41],
which contains both experimentally determined and compu-
tationally predicted gene interactions.

Our observations imply that interactome position has
an impact on the propensity of genes to undergo adaptive
evolution. In other words, genes under positive selection
do not distribute randomly in protein-protein interaction
networks. Previous studies in humans have suggested that the
relationship between network centrality and the propensity
of genes to undergo positive selection depends on the
timescale considered: genes that underwent positive selection
recurrently during long evolutionary times, as revealed from
comparison of the genomes of different species, act at the
periphery of the human interactome [16, 24], whereas genes
that underwent positive selection recently, as inferred from
comparison of human genomes, encode highly interactive
proteins [16, 26]. Our study shows that the distribution

of genes under positive selection in the protein-protein
interaction network also varies from one species to another.

The test of positive selection that we used [36] can detect
adaptation events that affected the protein sequence in a
recurring manner during long evolutionary periods (e.g., as
a result of an arms race dynamics [69]), and not adaptation
events in the regulatory region. Therefore, our study focused
on the adaptation at the protein sequence level (likely protein
function), rather than at the regulatory level. This was also
the case of the study by Kim et al. [24], and the interspecific
analysis conducted by Luisi et al. [16]. In contrast, studies in
which positive selectionwas inferred from the SNP frequency
spectrum, estimated from comparison of DNA sequences of
alleles of the same species (e.g., the population genomics
studies conducted by Luisi et al. [16] and by Qian et al.
[26]), may have captured recent adaptation events, at both the
regulatory and the protein sequence level.

Genes within a network have different hierarchical posi-
tions and, therefore, a different relative potential to affect
adaptive phenotypes. In the context of protein-protein inter-
action networks, centrality is a proxy for this relative impor-
tance.Mutations affecting proteins involved in a high number
of protein-protein interactions, or those with a high global
centrality, are expected to have a high influence on network
dynamics, and to have highly pleiotropic effects (indeed,
highly pleiotropic genes tend to encode highly interactive
proteins [70]). Consistently, genes encoding central proteins
are often essential [15–17] andhighly constrained by purifying
selection [15, 16, 50, 71, 72].

At least two opposing forces may determine the direction
of the relationship between genes’ adaptability and network
centrality. On one hand, beneficial mutations at genes encod-
ing the “key” proteins of the network (e.g., those involved
in a high number of protein-protein interactions) are likely
to have a great impact on phenotypes and fitness, whereas
beneficial mutations at genes encoding less important pro-
teins (those whose variability does not impact much the final
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output of the network) will rarely be seen by natural selection.
This is expected to result in positive selection targeting
preferentially genes acting at the center of the network.
On the other hand, pleiotropy is thought to constrain the
adaptation of protein sequences. Mutations at genes involved
in many biological processes, or in many interactions, are
expected to affect a high number of phenotypes, thus making
it unlikely that such genes can experience drastic changes at
the protein sequence level [1, 8–10]. In addition, purifying
selection may rapidly remove most nonsynonymous muta-
tions from these genes, further hindering adaptation at the
protein level. This is expected to result in positive selection
acting preferentially at the network periphery. Nonetheless,
compensatory mutations may promote recurring adaptation
events at highly pleiotropic proteins. Adaptation of one aspect
of the function of a protein may have negative side effects
on other aspects of its function, which can be ameliorated or
restored by subsequent adaptation events [73, 74].

It is possible that the balance between both forces is
different in yeasts and Drosophila and that it is also different
when considering the long-term evolutionary history of
mammals versus the recent evolutionary history of humans.
However, it is not obvious why the balance might be different
in different organisms and/or timescales. One factor affecting
the relative importance of both forces may be the point of
the adaptive landscape in which a population is. Adaptive
walks often proceed by an initial period of fixation of large-
effect adaptive mutations, followed by fixation of mutations
of smaller effects [1, 75, 76]. Populations that are poorly
adapted to the environment (e.g., due to an environmental
change) might undergo big adaptive leaps by fixing muta-
tions at highly central genes. Conversely, populations that
are near their adaptive optimum may undergo adaptation
preferentially at the network periphery. Consistent with this
model of diminishing returns, simulation of the adaptation
of hypothetical, randomly generated metabolic pathways has
shown that the first steps of adaptation (when pathways are
far away from their optimal function) take place through
positive selection acting at upstream genes, and those acting
at branch points (the ones with a higher degree of control
over the pathway flux), whereas at the end of the simulations
(when pathways are near the optimum) pathways are fine-
tuned by positive selection at downstream genes (which have
a smaller influence on flux) [12, 14]. It is unclear, however, why
the Drosophila network would be far away from its optimal
functioning compared to the yeast andmammalian networks.

Effective population size (𝑁
𝑒
) may be another key mod-

ulator of the centrality of genes under positive selection. In
organisms with large 𝑁

𝑒
, the efficacy of natural selection is

high, and evenmutationswith small selection coefficientswill
be fixed or removed by natural selection. This is expected
to result in genes under positive selection at both the center
and the periphery of the network. Conversely, in organisms
with small 𝑁

𝑒
, genetic drift can outpower natural selection,

and only mutations with large effects are expected to be
fixed/removed by natural selection [6], which is expected
to result in positive selection mostly at the center of the
network. Nonetheless, this is unlikely to explain the differ-
ent trends observed in yeasts, Drosophila, and humans, as

D. melanogaster is thought to have 𝑁
𝑒
higher than humans

and lower than yeast (e.g., see [77–80]).
Another potentially important consideration is the so-

called “cost of complexity.” Large-size mutations will more
often be disruptive in complex organisms (those with many
characters) than in simple ones [1, 81]. This may promote
adaptation at the periphery of the networks of complex
organisms. However, it is again unlikely that this factor
has caused the observed differences between Drosophila and
yeasts and mammals, as Drosophila exhibits an intermediate
complexity between yeasts and mammals [82, 83]. The cost
of complexity might be partially reduced by network mod-
ularity, as it may significantly reduce the pleiotropic effects
of adaptive mutations by containing genes in small areas of
influence [84, 85]. Nonetheless, there is no reason to think
that the Drosophila interactome is more modular than those
of yeast and human [86, 87], and Drosophila genes under
positive selection exhibit high betweenness and closeness
centralities, which is not compatiblewith their being confined
in modules.

The five Saccharomyces species used in our analysis
(all belonging to the Saccharomyces sensu stricto complex)
diverged 10–20 million years ago [88]. The six Drosophila
species analyzed in this study (all belonging to the melano-
gaster group) diverged ∼30 million years ago [89]. Kim et
al. [24] inferred positive selection from comparison of the
human and chimpanzee genomes, which diverged ∼6million
years ago [90, 91], and the 10 mammalian genomes studied
by Luisi et al. [16] diverged 157–170 million years ago [25].
Therefore, the divergence time considered in our scan of
positive selection in Drosophila falls within the range of the
divergence times for the species used in the scans for the other
taxa, indicating that the peculiar distribution of genes under
positive selection within theDrosophila network is not due to
divergence times.

Therefore, it is unclear why the distribution of genes
under recurrent positive selection is different in theDrosoph-
ila interactome and in the human and yeast interactomes. In
any case, our observations imply that even though network
position is a key factor determining genes’ propensity to
undergo positive selection, the relationship between both
factors is complex and lineage-specific.
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The purpose of this studywas to find genes linkedwith eating disorders and associatedwith bothmetabolic and neural systems. Our
operating hypothesis was that there are genetic factors underlying some eating disorders resting in both those pathways. Specifically,
we are interested in disorders that may rest in both sleep andmetabolic function, generally called Night Eating Syndrome (NES). A
meta-analysis of theGene ExpressionOmnibus targeting themammalian nervous system, sleep, and obesity studies was performed,
yielding numerous genes of interest. Through a text-based analysis of the results, a number of potential candidate genes were
identified. VGF, in particular, appeared to be relevant both to obesity and, broadly, to brain or neural development. VGF is a
highly connected protein that interacts with numerous targets via proteolytically digested peptides. We examined VGF from an
evolutionary perspective to determinewhether other available evidence supported a role for the gene in humandisease.We conclude
that some of the already identified variants in VGF from human polymorphism studies may contribute to eating disorders and
obesity. Our data suggest that there is enough evidence to warrant eGWAS and GWAS analysis of these genes in NES patients in a
case-control study.

1. Introduction

Obesity is a markedly prevalent problem within the devel-
oped world, and eating disorders may be partly to blame for
this. However, many patients, by default, receive a diagnosis
of “eating disorder not otherwise specified” [1, 2]. Nonethe-
less, EDs have biochemical indicators, such as serotonin,
norepinephrine, and dopamine, which can be detected [3].

Night Eating Syndrome (NES) is a disorder characterized
by a patient eating at night, with full awareness, and the
person may not be able to return to sleep unless they eat.
More formal diagnoses include eating a certain percentage
of calories (25% or more) after the last evening meal, or
with multiple episodes per week of waking specifically to
eat. Patients diagnosed with this disorder have a series
of other problems (obesity, dental issues, etc.) that may
revolve around the consumption of too many calories or
the disruption of normal metabolism [4]. Dispute in the
academic community centers around whether or not NES
is characterized by disinhibition or other primarily neural

issues, or metabolic/circadian issues that might be primarily
physiological in nature [5]. We carried out our initial study
assuming that both neural and metabolic factors may be
playing a role in something that is a relatively common
disease, affecting perhaps 1-2% of the general population and
as many as 10% of obese individuals [4].

Deeper analyses of EDs in recent years have shown that
there are genes thatmay play a role in ED.Notably, the TLQP-
21 derivative of VGF gene has been linkedwith the prevention
of obesity in diet-induced mice [6–8].

Neuropeptide precursorVGF is a secreted, proteolytically
digested protein synthesized by neurons [9]. The gene and
protein name is nonacronymic, despite potential action on
vasopressin. Peptides derivative of VGF have been linked
to synaptic plasticity, memory, circadian rhythm, depres-
sion, regulation of arginine vasopressin (AVP) secretion,
and homeostasis [10–14]. VGF-derived peptide TLQP-21,
its parent peptide TLQP-62, and the neuroendocrine reg-
ulatory protein, NERP-3, have been identified as bioactive
with functions in regulating energy expenditure, memory,
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and homeostasis, respectively [6, 13, 15, 16]. However, the
mechanisms of this activity remain largely unknown [16].
Other derivative peptides have also been identified as active
(NERP-1, NERP-2, andNERP-4), but their functions have yet
to be fully characterized [8, 9].

TLQP-21 appears to be further derived from the TLQP-
62 peptide, an abundant peptide of VGF, and has been
demonstrated to dose-dependently increase energy expen-
diture in rats through an intracerebroventricular treatment
[6, 7]. It also increased uncoupled protein (UCP-1) in white
adipose tissue. In the same study, TLQP-21 has also been
shown to prevent the effects of high-fat diet in mice that
were fed for 14 days [8, 17, 18]. Furthermore, in Siberian
hamsters, a seasonal energy balance effect of TLQP-21 was
observed, where intracerebroventricular infusions decreased
food intake and body weight. This effect was ultimately
attributed to a decrease in food intake per feeding session,
rather than a reduction in energy expenditure [19].

NERP-3 has been identified in only one study as a
biologically active peptide using a comprehensive peptidomic
approach [11]. NERP-3 appeared to colocalize with AVP in
the paraventricular nucleus and supraoptic nucleus of the
hypothalamus. As the suprachiasmatic nucleus is responsible
for the regulation of circadian rhythm, the distribution of
NERP-3 there as illustrated in that study therefore suggests
that the peptide might act as a mediator in the control of
circadian rhythm, and VGF-deficient mice have been shown
to have a shorter circadian time [19]. NERP-3 is also mani-
festly more conserved in sequence, in comparison to NERP-
4, among mammalian species. NERP-4 has identical amino
residues in humans, mice, and rats. It has only been found to
be functional within the hypothalamus and pituitary. Its func-
tion, however, has not been characterized in any study [16].

The wide-ranging effects of the VGF-derived peptides
determined in previous studies suggest strongly that VGF
is a regulator of several processes involved in metabolism
and therefore may be a good candidate gene to study to find
potential up- and downstream genetic factors involved in
metabolic disorders and more broadly eating disorders.

We examine VGF and three other genes identified in a
broad screen of the Gene Expression Omnibus for potential
involvement in Night Eating Syndrome. These genes were
broadly selected because of their functions as detailed inGene
Ontology and their relationship to processes that might be
important toNES specifically.The proteins coded for by these
genes include CALR, MANF, and HTRA1.

In addition, examining overlap in significant data across
our examinedGEOdatasets, we found several genes that were
significant in two different datasets and broadly examined
their identity and function.

2. Materials and Methods

2.1. Expression Analysis. The datasets for the analysis were
collected from the Gene Expression Omnibus (GEO) [20].
The GEO website has a new feature named GEO2R that
does some analysis of datasets [21]. The GEO2R does nor-
malization of data with log 2 transformation along with
Benjamini & Hochberg (false discovery rate) plus adding

the annotation information. The GEO2R provides the R
script of the online process that GEO2R performed for the
particular dataset. GEO2R uses version 2.14.1 of R to perform
the analysis. In order for the GEO2R to perform analysis,
experimental groups must be assigned. Given our interest in
the linkage between sleep and obesity, the datasets we were
interested in (1) had to be in mammals, particularly humans
or model organisms, (2) preferably should have the design
of control versus experimental group or involve time course
data allowing splitting into defined groups, and (3) should
reflect differences in sleep habits; obesity or, more broadly,
metabolism; and brain function and/or development.The fol-
lowing datasets from GEO were passed through the GEO2R
online application: GSE3293, GSE2870, GSE2871, GSE96,
GSE4692, GSE4697, GSE2392, GSE6514, GSE8700, GSE19185,
GSE39375, and GSE929 (Table 1). Samples were assigned to
the case or control group depending upon the experiment
being examined. For the time course experiments involving
sleep, disturbed sleep was compared to undisturbed sleep
across all categories, which bins “disturbed” versus “undis-
turbed” sleep studies for comparison. For this time course,
“undisturbed” sleep was used as a control. The GEO2R used
the limma package from Bioconductor to display the 𝑡-test
score, 𝑝-test score, and adjusted 𝑝-score. After each dataset
was analyzed by GEO2R, the supplementary R script was
copied and the 𝑝 value was changed to the critical value
of 0.001 and also set to output only values reflecting that 𝑝
value.This change facilitated downstream analysis, while still
allowing for significant corrected data to be seen. The output
of the data was imported to Excel where the 𝑍-score was
calculated through the use of the inverse normal distribution
(NORMSINV) function. All of the analyses from the GEO2R
and the calculated 𝑍-score were combined. Genes of interest
were selected by using criterion of |𝑧| ≥ 5.5, which is well
above |𝑧| ≈ 5 that corresponds to a Bonferroni-corrected 𝑝
value of less than 0.05. We also subsequently examined any
significant genes that overlapped between any of the datasets
we examined.

2.2. Evolutionary Analysis. A sample of 55 VGF coding
sequences were collected from the publicly available database
NCBI (http://www.ncbi.nlm.nih.gov/), accessed on 06/22/14
for analysis. The sequences were exclusively from eutherian
mammals of different clades (Table 2).

VGF mRNA coding nucleotide sequences were trans-
lated to amino acids, aligned using ClustalW [22], and
adjusted manually. Phylogenetic reconstruction of the result-
ing 2028 bp alignment was conducted using MEGA version
6 [23]. Trees were constructed by maximum likelihood and
Nearest-Neighbor Interchange (NNI) with 500-bootstrap
replication.

The various missense mutations in human CALR,
HTRA1, MANF, and VGF sequences from the results of
the GEO meta-analysis discussed above were obtained from
dbSNP [24] and screened for potential deleterious effects by
two in silico methods: SIFT [25] and PolyPhen-2 [26]. SIFT
scores substitutions numerically from 0 to 1. The amino acid
substitution is predicted to be damaging if the score is ≤
0.05 and otherwise is considered tolerated. The output of
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Table 1:TheGEO datasets analyzed in this study listed by accession, with the purpose of the experiment listed as well as the species examined
and the number of samples.

GEO acc. ID Species Title/function # of samples
GSE3293 Mus musculus Leptin Regulated Mouse Gallbladder Genes 8
GSE2870 Rattus norvegicus Ogle-5P01NS037520-05/chronic stress 18
GSE2871 Rattus norvegicus giza-affy-rat-84719/brain injury 47
GSE96 Homo sapiens Large-scale analysis of the human transcriptome 85
GSE4692 Mus musculus Diet-induced obesity 6
GSE4697 Mus musculus High-fat diet 8
GSE2392 Mus musculus/Rattus norvegicus Brain injury 61
GSE6514 Mus musculus Spontaneous sleep and prolonged wakefulness time course 90
GSE8700 Rattus norvegicus Epididymal fat tissues of diet-induced obese rats 15
GSE19185 Mus musculus Leptin treated ob/ob mice 8
GSE39375 Mus musculus Obesity and fasting 10
GSE929 Mus musculus Developing cortex 12

PolyPhen-2 is a prediction of either “probably damaging”
(high confidence), “possibly damaging,” or “benign” accom-
panied by a score ranging from 0.0 (benign) to 1.0 (dam-
aging). The sequences and structures sourced by PolyPhen-
2 in our analysis are UniProtKB/UniRef100 Release 2011 12
(14 Dec. 2011) and PDB/DSSP Snapshot (03 Jan. 2012) (78304
structures), respectively.

2.3. Statistical Analysis. In order to evaluate evolutionary
rates across species, the McDonald-Kreitman test [27] was
used and assessed with Fisher’s Exact Test. This test was
conducted onCALR,HTRA1,MANF, andVGF selected from
the results of the GEO meta-analysis discussed above. The
goal was to compare the synonymous and nonsynonymous
variation in each gene within humans and between humans
and the house mouse. Mus musculus represents a good
subject of comparison as most of the relevant expression
studies conducted so far have been conducted on mice and
rats as model organisms. The numbers of synonymous and
nonsynonymous variations within humans were obtained
by querying dbSNP for synonymous codons and missense
mutations which have been validated by the 1000 Genomes
Project [28]. The specific interest in SNPs obtained from
the 1000 Genomes Project is to ensure conservative but
accurate estimate representation of variation, as information
referenced from the project is from verified human genomic
data. To obtain the same information for comparison between
humans and mice, we aligned the protein coding nucleotide
sequence of both species using ClustalW [22] in the MEGA6
package [23] and evaluated the number of synonymous and
nonsynonymous substitutions. 𝑝 values below 0.05 were
considered significant.

3. Results

3.1. Expression Analysis. The analysis of all datasets resulted
in 1,052 genes that are significant and possible candidates for
further studies. From the datasets, the following number of
genes was significant: GSE3293 (172 genes), GSE2870 (164
genes), GSE2871 (40 genes), GSE96 (64 genes), GSE4692 (35

genes), GSE4697 (107 genes), GSE2392 (25 genes), GSE6514
(200 genes), GSE8700 (120 genes), GSE19185 (35 genes),
GSE39375 (37 genes), and GSE929 (52 genes). The complete
list of these genes is available upon request. Many of these
genes had little if any annotation. Following up on all
data including from the GEO annotation of the original
experiments, GeneCards data, and GO functions, a set of
potential candidates with interesting functionality with some
identification in both neural development and sleep and
obesity or eating disorders was assembled. From this sample
of significant data, 38were selected for further,more in-depth
literature analysis (Table 3(a)). Many of these genes appeared
in dataset GSE6514, in part because the genes in this set
overall had better available literature; thus, despite the wide
representation of genes across datasets, this set is overrep-
resented in the genes from the final literature review list in
Table 3(a). We undertook a review of the literature of these
selected genes, paying particular attention to the definition of
NES and any attendant functions. While many of these genes
could potentially be involved in the link between sleep and
obesity that we sought to define, themost promising of the 38
genes examined is the geneVGF.Three other genes also stood
out because of their Gene Ontology [29] functionalities or
other literature. In addition, we examined all data across sets
to see if any genes were significantly different in more than
one dataset. Our results (Table 3(b)) show that 6 genes met
this stringent criterion: they had varying levels of functional
annotation available, described below.

Calreticulin (CALR) is a calcium binding protein that is
likely to have a role in transcriptional regulation. Importantly,
the protein has been shown to inhibit the binding of androgen
receptor in vivo, as well as having a role in retinoic acid-
induced neuronal differentiation [30]. CALR binds to the
amino acid sequence motif, KXGFFKR. This amino acid
motif is found in alpha-integrin as a cytoplasmic domain.The
protein may inhibit commitment to adipocyte differentiation
and has been found to be a candidate gene involved in sleep
in Drosophila [31].

Mesencephalic astrocyte-derived neurotrophic factor
(MANF) has been found to be important in the survival
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Table 2: This table shows the mammalian species examined in
this study, along with the “accession.version” number of the VGF
sequence analyzed.

Organism Reference sequence
Pongo abelii XM 002817792.1
Chlorocebus sabaeus XM 008018472.1
Macaca mulatta XM 001114019.1
Pan troglodytes XM 003949223.1
Callithrix jacchus XM 002743967.2
Odobenus rosmarus XM 004399054.1
Macaca fascicularis XM 005549512.1
Leptonychotes weddellii XM 006733716.1
Otolemur garnettii XM 003794166.1
Mustela putorius XM 004761584.1
Spermophilus tridecemlineatus XM 005328486.1
Condylura cristata XM 004688258.1
Chinchilla lanigera XM 005396865.1
Rattus norvegicus NM 030997.1
Trichechus manatus XM 004386747.1
Equus caballus XM 001916011.3
Heterocephalus glaber XM 004840148.1
Pteropus alecto XM 006918591.1
Tursiops truncatus XM 004312315.1
Orcinus orca XM 004268845.1
Ceratotherium simum XM 004442177.1
Vicugna pacos XM 006201407.1
Nomascus leucogenys XM 003276606.1
Peromyscus maniculatus XM 006971252.1
Mesocricetus auratus XM 005080400.1
Sorex araneus XM 004620862.1
Oryctolagus cuniculus XM 008250723.1
Bos taurus XM 870373.5
Octodon degus XM 004630477.1
Lipotes vexillifer XM 007472135.1
Saimiri boliviensis XM 003934284.1
Myotis lucifugus XM 006106213.1
Eptesicus fuscus XM 008141437.1
Microtus ochrogaster XM 005344565.1
Orycteropus afer XM 007939997.1
Mus musculus XM 006504434.1
Jaculus jaculus XM 004666201.1
Ochotona princeps XM 004586958.1
Chrysochloris asiatica XM 006859658.1
Echinops telfairi XM 004705611.1
Panthera tigris XM 007074009.1
Homo sapiens NM 003378.3
Physeter catodon XM 007126398.1
Bubalus bubalis XM 006047303.1
Elephantulus edwardii XM 006889712.1
Balaenoptera acutorostrata XM 007187021.1
Myotis brandtii XM 005879163.1
Felis catus XM 004001431.1
Cavia porcellus XM 003470139.2
Pan paniscus XM 003807207.1
Bos mutus XM 005892862.1
Erinaceus europaeus XM 007517981.1
Pantholops hodgsonii XM 005955976.1
Ovis aries XM 004021273.1
Sus scrofa XM 005658608.1

of dopaminergic neurons. Importantly, this is a highly con-
served protein and recent studies suggest that it may be
a candidate for modification to slow the progression of
Parkinson’s Disease. While it has a role in regulation of genes
during expression, it has a broader pattern of expression in
adult animals studied including within adipose tissue and the
spleen and seems to protect against ischemic damage in the
heart and brain [32]. It is upregulated in endurance training
in rats [33].

HtrA serine peptidase 1 (HTRA1) is a member of the
trypsin family of serine proteases and is likely a regulator
of cell growth. Associated with autosomal-dominant cerebral
small-vessel disease and age-related macular degeneration
(and variations within the promoter region of the gene have
been found to be causal), the protein regulates the availability
of insulin-like growth factors by cleaving IGF binding pro-
teins [34–36]. Perhaps, more interestingly, HTRA1 has been
found to play a role in gingivitis and aggressive periodontitis
[37]. This is particularly interesting as there is a link between
NES and tooth loss that is, as yet, not sufficiently explained
but has been hypothesized to be due to lower salivary
production at night.

VGF is associated with such biological processes such
as glucose homeostasis, insulin secretion, and response to
dietary excess. A recent study has suggested that TLQP-
21, a VGF-derived peptide, is involved in increased energy
expenditure and prevents the early phase of diet-induced
obesity. We felt that this was important, as the VGF gene
itself was found to be significant in a study related to sleep
and brain development, but the available literature linked
VGFwith homeostatic processes, insulin secretion, and other
metabolic functions that could be associated with obesity.
Therefore, the fact that VGF was isolated from one screen but
found to be involved in processes outside those relative to that
screen was considered when we moved forward with further
analysis.

The genes that showed overlap across two GEO datasets
were relatively varied in their function. Of these, insulin-like
growth factor binding protein 2 (IGFBP2) was potentially the
most interesting, as its regulation of insulin appears to have
implications both in epithelial growth and differentiation
in cancer [38] and in protection from obesity and insulin
resistance [39]. Due to its function and clear implications of
the protein in obesity within a model organism, we would
suspect that it is a good potential candidate gene for Night
Eating Syndrome.

The remaining genes that were found to be significant
do not appear, from our review of the literature, to be as
intricately involved in both brain and metabolic processes
as these genes. This, of course, does not exclude them from
being potentially significant drivers of NES and we feel that
they should be included in future analyses, perhaps focusing
on circadian rhythms [40]. However, for the purposes of this
analysis, we chose to focus on these genes as themost suitable
potential candidates for future research on biomarkers asso-
ciated with eating disorders in part because there is already
a foundation of research supporting the hypothesis that they
play a role in processes important to Night Eating Syndrome,
but they have not necessarily been tied directly to night eating
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Table 3: (a)The identities of genes resulting from the GEO analysis, along with their significance and function (derived fromGene Ontology
and NCBI). Data is sorted by𝑍-score (ascending). As noted in the text, this is a sample of the 1,052 significant genes found across all datasets.
(b)The identities of geneswhichwere significant acrossmore than one datasetwithin ourGEOanalysis, notingwhich sets theywere significant
within, their adjusted 𝑝 value in that set, and a broad functional class.

(a)

Dataset (GEO) ID 𝑝 value (adjusted) Gene symbol 𝑍-score Function (GO)
GSE6514 1423795 at 3.68𝐸 − 13 Sfpq −8.79 DNA binding
GSE6514 1416332 at 2.76𝐸 − 10 Cirbp −7.93 RNA binding

GSE6514 1442051 at 1.38𝐸 − 09 Hist2h3c1 −7.68
Negative regulation of
transcription from RNA
polymerase II promoter

GSE6514 1422660 at 1.46𝐸 − 09 Rbm3 −7.63 RNA binding
GSE6514 1452091 a at 2.33𝐸 − 09 Rbm28 −7.54 RNA binding
GSE6514 1435854 at 5.53𝐸 − 09 Opalin −7.41 Molecular function
GSE6514 1427464 s at 6.11𝐸 − 09 Hspa5 −7.37 ATP binding
GSE6514 1425993 a at 1.50𝐸 − 08 Hsph1 −7.23 ATP binding
GSE6514 1424638 at 3.36𝐸 − 08 Cdkn1a −7.11 Cyclin-dependent protein kinase
GSE6514 1454725 at 1.42𝐸 − 07 Tra2a −6.89 RNA binding
GSE6514 1417574 at 1.61𝐸 − 07 Cxcl12 −6.86 Growth factor activity

GSE6514 1416749 at 1.66𝐸 − 07 Htra1 −6.84 Insulin-like growth factor
binding

GSE6514 1436094 at 3.05𝐸 − 07 Vgf −6.74 Neuropeptide hormone activity
GSE6514 1420093 s at 3.13𝐸 − 07 Hnrpdl −6.73 DNA binding
GSE6514 1451566 at 3.93𝐸 − 07 Zfp810 −6.68 Metal ion binding
GSE6514 1416354 at 8.52𝐸 − 07 Rbmx −6.56 RNA binding
GSE6514 1448654 at 9.60𝐸 − 07 Mtch2 −6.53 Transport
GSE6514 1439630 x at 1.12𝐸 − 06 Sbsn −6.50 Molecular function
GSE6514 1423796 at 1.23𝐸 − 06 Sfpq −6.48 DNA binding
GSE6514 1441075 at 1.28𝐸 − 06 Nostrin −6.47 DNA binding
GSE6514 1454014 a at 1.94𝐸 − 06 Mkks −6.40 ATP binding
GSE6514 1429862 at 2.03𝐸 − 06 Pla2g4e −6.38 Phospholipase A2 activity
GSE6514 1428470 at 2.88𝐸 − 06 Exoc2 −6.32 Ral GTPase binding

GSE6514 1426722 at 3.53𝐸 − 06 Slc38a2 −6.28 Amino acid transmembrane
transporter activity

GSE6514 1448454 at 4.83𝐸 − 06 Srsf6 −6.22 Negative regulation of mRNA
splicing

GSE6514 1417303 at 6.37𝐸 − 06 Mvd −6.17 ATP binding
GSE6514 1460645 at 8.39𝐸 − 06 Chordc1 −6.12 Hsp90 protein binding
GSE6514 1451047 at 9.49𝐸 − 06 Itm2a −6.09 Integral membrane protein
GSE6514 1452318 a at 9.49𝐸 − 06 Hspa1b −6.09 NF-kappaB binding
GSE2871 AF020212 s at 0.0000095 Dnm1l −6.32 Apoptosis, inferred
GSE6514 1417606 a at 1.00𝐸 − 05 Calr −6.08 Androgen receptor binding
GSE6514 1452170 at 1.05𝐸 − 05 Chpf2 −6.06 Molecular function
GSE6514 1428112 at 1.08𝐸 − 05 Manf −6.06 Growth factor activity
GSE6514 1435158 at 1.14𝐸 − 05 Rbm12b1 −6.04 RNA binding

GSE2870 1369751 at 0.00002325

TRHR
thyrotropin
releasing
hormone
receptor

−6.17
Thyrotropin releasing hormone

receptor, GPCR signaling
pathway
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(a) Continued.

Dataset (GEO) ID 𝑝 value (adjusted) Gene symbol 𝑍-score Function (GO)

GSE2871 rc AI172162 at 0.0000257 Psmb4 −6.01
Negative regulation of

inflammatory response to
antigenic stimulus

GSE2870 1367851 at 0.00005068 Prostaglandin
D2 synthase −6.00 Regulation of circadian cycle

GSE2392 1427660 x at 0.00038711 IGK-V28 −6.04 Response to lipopolysaccharide

(b)

Set 1 ID (set 1)
𝑝 value

(adjusted),
set 1

Gene symbol Set 2 ID (set 2)
𝑝 value

(adjusted),
set 2

Broad function

GSE96 35670 at 3.11𝐸 − 03 Atp1a3 GSE2871 D00189 at 7.46𝐸 − 04

Dystonia in
mice

GSE6514 1438635 x at 3.70𝐸 − 04 B930041F14Rik GSE19185 ILMN 1250201 1.79𝐸 − 03 Channel activity

GSE2871 AF055884 s at 7.46𝐸 − 04 Deaf1 GSE6514 1448446 at 6.95𝐸 − 03

Zinc finger
transcriptional
regulator, SPN

GSE96 40422 at 2.03𝐸 − 03 IGFBP2 GSE19185 ILMN 2930897 7.56𝐸 − 03

Insulin-like
growth factor
binding protein

GSE6514 1422660 at 1.46𝐸 − 09 Rbm3 GSE19185 ILMN 1234453 7.50𝐸 − 03 RNA binding

GSE96 39756 g at 5.81𝐸 − 03 Xbp1 GSE6514 1437223 s at 4.75𝐸 − 05

MHC class 2
regulation

and little is known of their evolutionary history.We therefore
proceededwith an evolutionary analysis of these genes.While
this list could be seen as arbitrary, our goal was to show that
some subsets of the identified genes were potential candidate
genes for involvement inNES, not to be exhaustive in analyses
of these lists.

As noted, VGF appears to act on downstream targets
via peptides. We analyzed the evolution of these peptides as
well as the variation of these peptides within humans and
between humans and other mammalian species. We further
investigated CALR, MANF, and HTRA1, examining both
SNPs and their evolution utilizing the McDonald-Kreitman
test (Table 5) [27].

3.2. Evolutionary Analysis of Positive Selection. The PAML-
4 [41, 42] package offers a program CODEML which uses
codon substitution models to perform maximum likelihood
analyses of coding sequences. Several of these models avail-
able in the program were used to estimate different 𝑑𝑁/𝑑𝑆
ratios (𝜔 parameter). The opposing models (neutral) were
also conducted and compared using likelihood ratio tests
(in an effort to avoid false positives). The F3x4 estimation
of codon frequencies was used. The tests run were the one-
ratio (M0), neutral (M1a), selection (M2a), beta (M7), and
beta&𝜔 (M8) models. M7 and M8 are opposing models,
where M7 does not allow for positive selection and assumes
beta-distribution for 𝜔 ≤ 1 and M8 allows for positive
selection (𝜔 > 1). M8 identified some sites as possible
regions of positive selection based on the Bayes empirical
Bayes (BEB) approach. A likelihood ratio test (LRT) (Table 4)
was applied to evaluate the significance of the result using

the formula 2Δ ln L to compare the M8 model to the null
M7 model with d.f. = 2. The LRT did not reach statistical
significance, as the calculated LRT value 5.573 fell slightly
short of the chi-squared value 5.991. Further, M1 could not be
rejected in favor of M2, which allows for positive selection,
as the LRT yielded a value of 0. Therefore, overall positive
selection of the gene could not be inferred from these tests.

Though the overall negative test does not allow inference
of selection acting on the entire gene, multiple sites were
calculated to have a 𝑑𝑁/𝑑𝑆 ratio greater than 1 by using
both methods of naive empirical Bayes (NEB) and the Bayes
empirical Bayes (BEB). The specific sites predicted to be
under positive selection are presented in Table 4. As shown
on the graph in Figure 1, these sites largely fall at posi-
tions within and downstream of identified peptides NERP-
4 and TLQP-21. That these sites clustered near functionally
important peptides strongly suggests that changes within
these peptidesmight have functional significance, warranting
further investigation. Even when factoring in the calculated
standard error, some of the ratios were estimated to be
comfortably above 𝜔 = 1. Results of the NEB estimation are
reported for the purpose of within-protein comparison.

3.3. Phylogenetic Analysis. The evolutionary history was
inferred by using the maximum likelihood method based on
the JTT matrix-based model [43]. The tree with the highest
log-likelihood (−10181.7394) is shown. All positions with less
than 35% site coverage were eliminated. That is, fewer than
65% alignment gaps, missing data, and ambiguous bases were
allowed at any position. There were a total of 617 positions
in the final dataset. Evolutionary analyses were conducted
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Table 4: Tests of overall positive selection of VGF protein using CODEML of PAML.

Model ln La Parameter estimates −2Δln Lb Positively selected sites
M0 (one-ratio) −22230.135

𝜔 = 0.240

M3 (discrete) −21925.088
𝑝0 = 0.308; 𝜔0 = 0.031
𝑝1 = 0.580; 𝜔1 = 0.272
𝑝2 = 0.112; 𝜔2 = 0.763

n.s.e

M1a (neutral) −22088.358 𝑝0 = 0.870; 𝜔0 = 0.184
𝑝1 = 0.131; 𝜔1= 1.000

M2a (selection) −22088.358
𝑝0 = 0.869; 𝜔0 = 0.184
𝑝1 = 0.089; 𝜔1 = 1.000
𝑝2 = 0.042; 𝜔2 = 1.000

n.s.

M7 (beta) −22007.790
𝑝 = 0.843, 𝑞 = 2.462

M8 (beta&𝜔 > 1) −22005.004 𝑝0 = 0.976; 𝑝 = 0.955
𝑞 = 3.090; 𝑝1 = 0.024; 𝑤 = 1.054 n.s.

499, 501, 512, 576, and
579c;

442, 505, and 518d
alog-likelihood; blikelihood ratio test (LRT) for detection of positive selection; csites inferred to be under positive selection pressure posterior probability by
BEB method; dsites inferred to be under positive selection pressure posterior probability by NEB method; enot significant.

Table 5: Evaluation of McDonald-Kreitman 2 × 2 contingency table by Fisher’s Exact Test (FET).

Nonsynonymous Synonymousc Total
VGF

𝑝 = 0.0011

Within species variationa 27 16 43
Fixed species differencesb 79 146 225

Total 106 162 268
Calr

𝑝 < 0.0001

Within species variationa 30 24 54
Fixed species differencesb 5 39 44

Total 35 63 98
Htra1

𝑝 = 0.0016

Within species variationa 19 22 41
Fixed species differencesb 45 163 208

Total 64 185 249
Manf

𝑝 = 0.0002

Within species variationa 7 2 9
Fixed species differencesb 5 39 44

Total 12 41 53
aAll known mutations within humans; bdifferences when comparing human gene to mouse; conly those polymorphisms identified by dbSNP as either
synonymous or missense (nonsynonymous) are considered in this table. 𝑝 values less than 0.05 are considered significant.

in MEGA6 [23]. The phylogenetic reconstruction looked
relatively typical for a mammalian gene; however, certain
lineages were much more highly derived. One working
hypothesis at this point is that shifts in diet and, importantly,
the timing of eatingmay have contributed to the evolutionary
pattern shown (Figure 1).

3.4. Variation Analysis in VGF-Derived Peptides. Each cur-
rently identified peptide derivative of VGF, with even a mod-
est amount of research available, was marked and mapped
onto the amino acid sequence of the gene. Using publicly
available resources, ENSEMBL [44] (http://www.ensembl
.org/) and dbSNP [24] (http://www.ncbi.nlm.nih.gov/SNP/),
we determined which currently existing variants are located
within the regions of interest (Figure 2). This analysis was

conducted strictly on human sequences, which have the
most available variation data. We then ran several variation
analysis tools to predict whether such mutations in sequence
would be tolerated, theoretically, or damaging to function.
In addition, we used the CODEML program provided in the
PAML package to determine whether any part of the protein
was, in theory, rapidly evolving or whether any amino acid
sites were under selection.

We therefore created a spreadsheet tool in which all
coding variations in VGF can be examined. Several SNPs that
were not well tolerated were found and plotted along a run-
ning 𝑑𝑁/𝑑𝑆 calculation for each amino acid (calculated from
PAML). In general, VGF peptides were more conservative
than the gene average, as evidenced by both the absence of
significance when testing for overall positive selection and
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Figure 1: A phylogenetic tree was constructed by maximum likeli-
hood and Nearest-Neighbor Interchange (NNI) with 500-bootstrap
replication. The numbers at the nodes are indications of bootstrap
reliability, showing percentages of times the node was replicated
within the bootstrap trials. Most of these clusters are calculated to
be reliable at >70%. We did not collapse weak nodes, but they are
noted on the tree; treeswith nodes that read 0 are veryweak andwere
rounded to 0% representation within the bootstrap replicates. Gen-
erally, the higher confidence nodes reflect more divergence as well.
There is excellent support for the generally accepted primate node.

the calculated 𝜔 ratio (𝑑𝑁/𝑑𝑆) for the protein in its entirety.
VGF-derived peptides of interest have been mapped onto the
protein at their appropriate sites, allowing the exploration
of mutations within specifically relevant regions. The least
conserved portion of the protein was between NERP-4 and
TLQP-21 peptides. The spreadsheet is available upon request
from the corresponding author. Notably, using two common
tools to determine how well mutations may be tolerated,
we found that a large percentage of mutations were likely
poorly tolerated or could contribute to protein dysfunction.
As compared to CALR and HTRA1, VGF has a notably larger
number of known variants in humans that are predicted to
be detrimental to function, further establishing it as a more
likely candidate to investigate (Figure 3).

Again, we saw that VGF had the lowest percentage of
SNPs predicted to be tolerated according to analysis with
both PolyPhen-2 and SIFT. MANF could not be examined
due to the very low number of polymorphisms. All proteins
were significant under the McDonald-Kreitman test, but this
may be due to the presence of rare mutations within the
1000-genome polymorphism set examined [28] and MANF
has such a low number of variants that the results must be
considered with some suspicion. Regardless, the significant
difference suggests that evolution has acted in a different fash-
ion within humans than it has in the time frame between the
divergence of mice and that of humans.While this is, in itself,
not unusual, in all cases, the most parsimonious explanation
was excess of nonsynonymous variation within humans.

4. Discussion

It is evident that VGF is a precursor to peptides with
multiple functions and significant pathophysiological roles.
The current body of research on this protein leaves many of
these functions to be determined. Our aim was to determine
whether there were potential candidate genes for NES within
the human genome, and we believe we have established the
notion that VGF appears to be a one such candidate. It has
well conserved peptides that are known to function through
downstream targets to affect metabolism and regulation of
neurotransmitters [8, 10, 13, 45]. Its key regulatory position
may provide it with a role as a modulator of metabolism
through several mechanisms. For example, at least two
possible candidates have been identified as receptors for the
TLQP-21 peptide [15, 45]. This investigation is the first of its
kind with respect to an evolutionary analysis of VGF, and,
from that perspective, the sequence conservation within the
peptides causes the mutations predicted to be damaging, or
poorly tolerated, found within these peptides of potential
clinical interest as either biomarkers or therapeutics (or
both). The difference in evolutionary rate between different
peptides derived from the protein is also an interesting facet
and warrants further examination.

We believe that a next step approach may involve using
VGF as a candidate gene in screens of obese versus nonobese
humans in a case-control study focusing on both coding
region SNPs and expression changes of VGF and downstream
genes. Further examination of CALR1 and HTRA1 may also
be warranted given the significant McDonald-Kreitman tests
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for both.We believe that examination of IGFBP2 is warranted
given the function of the protein in model organism studies
as well as the fact that it appeared as significant in two distinct
GEO screens.

While any of the 1,052 significantly different genes iden-
tified have the potential to be candidates for NES (see
Supplement 1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2016/7281732), we suggest that both
the identification and analysis of the genes in this study,
which indicate an ample number of genes that intricately link
neural development and sleep behavior with eating disorders,
warrant a rigorous case-control study of NES patients versus
healthy weight controls, using more extensive genome-wide

analyses. While NES is almost certainly a complex, multi-
genic disease (as are most other EDs), this data suggests that
there might be genes with sufficient causal action to be pulled
out in even a small-scale study focused on expression changes
in an eGWAS screen or on associated SNPs using a GWAS
screen. It is also possible that a study of obese, non-night
eating patients versus obese NES patients may prove useful as
our data suggest that they may not entirely overlap in genetic
etiology. However, this would likely be a more problematic
study to construct as ruling out night eating habits may prove
to be rather difficult. Prior to this study, the impetus for
performing any such analyses was not clear; we therefore
believe that this study marks a significant advance in this
area. While we were not exhaustive in our examination of the
evolution of all 1,052 identified candidates, we feel that a next
logical step involves examining how many of the genes are
under circadian control and how many have excess of poorly
tolerated SNPs relative to background frequency. For exam-
ple, we know that VGF appears to be under circadian control
in the suprachiasmatic nucleus (SCN) [40], and this pattern
may hold for other genes in our dataset. These examinations
could further expand the list of good potential candidate
genes involved in NES, as well as potentially other diseases.

We also hypothesize that some of the missense mutations
found in the variation screens conducted in this analysis
are in fact involved in the modulation of metabolism and
therefore likely affect metabolism and, potentially, weight.
As these mutations are typically overlooked and used in
control populations, we caution that experimental studies
should be conducted with tighter control populations than
may normally be considered in the study of these proteins.
This is particularly notable in VGF, which appears to have a
preponderance of mutations predicted to be poorly tolerated
relative to other genes examined in this study (though this
excess of poorly tolerated variation is only marginally signif-
icant compared to other proteins examined). Particularly, for
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studies of diseases which are as common as eating disorders,
it may be especially necessary to examine healthy weight
and behavior populations for establishing which variations
are basal and which may be associated with any eating
disorder.Thismay be particularly problematic for any disease
associated with obesity, which has generally high prevalence
worldwide [46].
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In vertebrates, neurotrophic signaling plays an important role in neuronal development, neural circuit formation, and neuronal
plasticity, but its evolutionary origin remains obscure.We found and validated nucleotide sequences encoding putative neurotrophic
ligands (neurotrophin, NT) and receptors (Trk and p75) in two annelids, Platynereis dumerilii (Errantia) and Capitella teleta
(Sedentaria, for which some sequences were found recently by Wilson, 2009). Predicted protein sequences and structures of
Platynereis neurotrophic molecules reveal a high degree of conservation with the vertebrate counterparts; some amino acids
signatures present in the annelid Trk sequences are absent in the basal chordate amphioxus, reflecting secondary loss in the
cephalochordate lineage. In addition, expression analysis of NT, Trk, and p75 during Platynereis development by whole-mount
mRNA in situ hybridization supports a role of these molecules in nervous system and circuit development. These annelid data
corroborate the hypothesis that the neurotrophic signaling and its involvement in shaping neural networks predate the protostome-
deuterostome split and were present in bilaterian ancestors.

1. Introduction

During vertebrate development, differentiating neurons con-
nect to themselves and to their target cells in order to
generate a functional nervous system.Neurotrophic signaling
ensures correct wiring, controlling cell survival and death,
differentiation, neurite outgrowth, and target innervations
[1–3] (as anticipated by the Nobel Prize Winners Levi-
Montalcini andCohen in 1986 [4, 5]). Neurotrophic signaling
is also active in the adult nervous system, where it is
involved in learning, memory, and plasticity, modulating
long-term potentiation (LTP [6, 7]). Despite the importance
of the neurotrophic signaling pathway for the functioning
of the vertebrate nervous system, it is only very recently
that its evolutionary origin and early function started to
be revealed from invertebrate data [8–13]. In vertebrates,
several neurotrophin ligands (NT), such as brain derived-
neurotrophic factor (BDNF), nerve growth factor (NGF),
NT3, and NT4/5 (and the NGF-related NT6/7 found in fish),

bind to the high affinity tyrosine kinase receptors TrkA, TrkB,
and TrkC, members of the RTK (receptor tyrosine kinase)
superfamily, signaling through a tyrosine kinase intracellular
domain (TK). They also bind to the low affinity coreceptor
p75, member of the TNRF (tumor necrosis factor recep-
tor) superfamily, signaling through an intracellular death
domain (DD).Generally, uponneurotrophin binding, theTrk
receptors are autophosphorylated in their TK domain and
activate MAPK/ERK, AKT, and PLC𝛾 signaling (promoting
cell survival, cytoskeletal rearrangement, long-term potenti-
ation, and neuronal plasticity in the growing neural circuits
[3]). When the immature form of neurotrophin (proneu-
rotrophin) binds p75 together with the Sortilin homodimer,
it induces neuronal death and controls responses to neuronal
injuries [14–16]. It is clear that much of the complexity of the
neurotrophic signaling has evolved in the vertebrate lineage
only, in the course of the two rounds of genome duplication.
The jawless lampreys, for example, seem to possess only single
ancestral forms of NT and two Trk receptors [17].
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Table 1

Gene Forward primer Reverse primer

Pdu Trk
(GenBank:
KU206573)

5R A: GGCACCTTTCCCAGACACAGGGCATCAGGGCC,
5R B: GCAGACTCCATAAAATGTCACAATATTCTCGTG,
5R C: CAAGGTACACTCTACCAAAAGCCCCTTCTCCTAATTC,
5N C: TCCTAATTCTCGAATAAATCTGATCTGCTT,
5R D: CAGGTAATTCGGATTATCCAACACATGAGG,
5N D: ACATGAGGTGCATTTAAGGGCATGGTC,
5R E: TCTTGGATCAACCTCAATTTCAGGGATTTGACA

ATAAGAGACAGTAATCCGTAATTAAGCAATGA

Pdu Nt
(GenBank:
KU206574)

GACGGAGGCTGGTCGCAAAAAACATGTCAC GGGGGTATCACCGCATATCTTGCAGCAA

Pdu p75
(GenBank:
KU206572)

5R: AGTAATACCCCTGCCGACATTCGCAGACT,
5N: GCAGACTGTGTCGTTAGTTATCGTACAGGG

3R: GCTTCATGTGTGCAACTACAGAGAGGATAC,
3N: GATACAGTGTGTATGGAAATGCCCGTCCCAG

C.t. Trk ATGTTTTTGAGTGACGTTGCGTGCT ATCGGCGATGATTTCCAAATATGGTGG
C.t. Nt1 ATGCAGCTTGATTGCTGGC (scaffold 4) AGTCAGAGTTGCGGTACAGCA
C.t. Nt2
(GenBank:
KU206575)

ATCGACATGCAGTGGAATCAAAGAAAATCC (scaffold669) ATTTTCCATCAACTGAAATCGATCAGAC

Neurotrophic signaling has long been considered a verte-
brate novelty; yet, the cloning and characterization of neu-
rotrophic signaling-related molecules also in invertebrates
changed this view. A conserved Trk receptor was found in the
cephalochordate amphioxus [10] and in other deuterostomes
[18, 19]. Several neurotrophic signaling-related molecules
were also found in various protostomes (such as Lymnaea
[8, 9] and Drosophila [11]), suggesting an early bilaterian
origin of neurotrophic signaling. This was recently con-
firmed via the identification of complete Trk, p75, and
NT-like genes in the genome of the crustacean Daphnia
pulex [12] and the isolation of a functionally equivalent
Trk and neurotrophin molecule in mollusks [13]. Here, we
investigate candidate ligands and receptors for neurotrophic
signaling in Platynereis dumerilii, a marine annelid that
belongs to the Errantia, a group of mostly freely moving
annelid worms [20]. In comparison to other protostome
models, Platynereis has undergone less evolutionary change
yet is likewise amenable to molecular and genetic techniques
and experimental manipulation; it is thus especially suitable
for the study of ancestral molecules and cell types [21, 22].
Indeed, sequence comparison and prediction of domains and
structure reveal the presence of canonical orthologs of NT,
Trk, and p75 in Platynereis. Among known orthologs of non-
chordate invertebrates, Platynereis neurotrophic molecules
show the highest level of amino acid identity to the ver-
tebrate counterparts found thus far. Further, whole-mount
in situ hybridization analysis shows that these genes are
expressed in the embryonic and larval central and peripheral
nervous system. Furthermore, we identified a conserved NT
ortholog in Capitella teleta, another annelid that belongs to
the Sedentaria [20], an assembly of mostly sessile families.
Therefore, together with recent findings in Ecdysozoa and
other protostomes [12] and mollusks [13], our data support
the notion that vertebrate-type NT, Trk, and p75 molecules
existed in ancient annelids and bilaterians.

2. Materials and Methods

2.1. Platynereis dumerilii and Capitella teleta Culture. Platyn-
ereis dumerilii embryos and larvae were obtained from an
established breeding culture at EMBLHeidelberg as described
previously [21]. After fertilization, the embryos were raised in
plastic cups, in natural seawater at 18∘C, under standard light
cycle conditions. Capitella teleta embryos and larvae were
obtained as described [25].

2.2. Isolation of Platynereis and Capitella Neurotrophic
Orthologs. Platynereis dumerilii (Table 1) sequence fragments
were identified from available transcriptome and genome
resources (Larsson et al., unpublished) upon BLAST searches
with several domains of the vertebrate homologous sequen-
ces. A cDNA library was obtained from mixed larval stages
between 24 hpf and 5 dpf using the GeneRacer Advanced
RACE Kit (Life Technology) and the candidate sequence
fragments were amplified and extended using standard poly-
merase chain reaction (PCR) and rapid amplification of
cDNA ends (RACE). Capitella genes were retrieved from
available resources (JGI genome portal from the Department
of Energy Joint Genome Institute, University of California
[26]) and compared to previously reported ones [12]. They
were experimentally validated using a cDNA library of mixed
stages. Genes were amplified using a high fidelity Phusion
Polymerase (Thermo Fisher Scientific) (Table 1).

2.3. Domain Prediction and 3D In Silico Modeling. Protein
domains were scanned and predicted using several tools
from the Expasy suite: Prosite [27], SignalP 4.0 [28], and
ProP 1.0 [29]. Protein 3D models were predicted using
CPHmodels 3.2 [30] and M4T [31]. The predicted structures
were visualized with Chimera (developed by the Resource for
Biocomputing, Visualization, and Informatics, funded by the
National Institutes of Health, NIGMS 9P41GM103311 [32]).



BioMed Research International 3

For TrkA-NGF in Figure 2(c), the experimentally determined
complexes in TrkA-NGF were used for comparison (DOI:
10.2210/pdb1www/pdb [23]). For p75-NT3 in Figure 2(c) the
experimentally determined symmetrical complexes in p75-
NT3 were used for comparison (DOI: 10.2210/pdb3buk/pdb
[24]).

2.4. Phylogenetic Analysis. Sequence data were retrieved
from Uniprot (The Universal Protein Resource [33]) and
NCBI databases [34] or experimentally determined. For some
genes we used the sequences indicated in Wilson, 2009
[12]. Sequence alignments were generated with Muscle [35]
and visualized with Geneious [36]. Maximum likelihood
(ML) trees were generated with PhyML [37], performing 100
bootstrap replicates with the LG substitution model.

2.5. Whole-Mount Single ISH Hybridization and Image Pro-
cessing. Whole-mount in situ hybridization was performed
as described [38], with slight modifications for detection of
weakly expressed genes.

The full-length sequences or PduTrk, p75, and NT were
cloned into PCR Topo II, and antisense RNA probes were
transcribed in vitro. For staining of the nervous system a
mouse antiacetylated tubulin (Sigma), at a dilution of 1 : 250,
was used as primary antibody, while DyLight 488 anti-mouse
(Jackson Laboratories) was used as secondary antibody,
diluted 500 times. Images were processed with Fiji [39]
or Imaris (Bitplane). Brightness and contrast were adjusted
equally across the whole images. Images were cropped and
processed in Illustrator to assemble figures.

3. Results and Discussion

3.1. Isolation and Characterization of Platynereis Trk, p75,
and NT. An intracellular tyrosine kinase (TK) domain was
retrieved from a Platynereis EST collection with several
features diagnostic of Trk-like receptors (Figure 1(a), gray in
the amino acids sequence, and Figure S1, in Supplementary
Material available online at http://dx.doi.org/10.1155/2016/
2456062): a binding domain for PTB containing proteins
(1), an ATP binding site (2), a catalytic domain with the
key amino acid aspartate (3), and an autophosphorylation
loop (4). We found that the Platynereis Trk TK domain
even contains a conserved docking site for the PLC𝛾
[vertebrates: P(VIS)YLD(IV)L(GE), Platynereis: PVYLDIIA]
(5 in Figure 1(a) and Figure S1(c)) that, in vertebrates,
catalyses the formation of DAG (Diacylglycerol) and IP3
(Inositol Triphosphate) from PIP2 (Phosphatidylinositol 4,5-
Bisphosphate) upon activation and initiates a pathway impli-
cated in cytoskeletal rearrangement, long-term potentiation,
and neuronal plasticity [40, 41]. Notably, conservation of the
tyrosine for the PLC𝛾 docking site is also observed in the Trk
ortholog of Daphnia pulex (DpulexTrk, although the amino
acids surrounding the tyrosine do not seem to be conserved
in Daphnia, Figure 1 and Figure S1 [12]) and in Aplysia [13].
Conversely, this docking site is completely absent in the basal
chordate amphioxus [10, 12] (Figure 1(a), Figure S1), which
indicates that the amphioxus Trk ortholog has been subject
to secondary loss. To determine whether Platynereis Trk has

a chordate-likeN-terminal NT-binding domain, we extended
the sequence by 5 RACE and found highly stereotypical
extracellular domains (similar to DpulexTrk, Figure 1(a),
Figure S1). These comprised cell adhesion modules and
characteristic clusters of cysteines (bold in Figure 1(a)).
Beyond the signal peptide, two LRR (leucine rich repeats)
domains are present (green in Figure 1(a)), followed by
two predicted IgG (immunoglobulin) domains (purple in
Figure 1(a)) that mediate NT binding in vertebrates [42]. The
full-length version ofPlatynereisTrk shares 36,7% amino acid
identity with the human TrkB, while its highly conserved
TK domain shares more than 60% identity with the human
TrkB (a high conservation, as compared to the Trk ortholog
recently found in mollusks [13]). Thus, Platynereis Trk is the
protostome Trk ortholog with the highest degree of amino
acid identity to the vertebrate Trk counterpart.The evidences
from Daphnia, Aplysia, and Platynereis indicate that the
central core of the extracellular immunoglobulin domains
was assembled before the protostome-deuterostome split,
contrary to previous belief. It is plausible that Lymnaea lost
one canonical IgG domain during evolution, due to domain
reshuffling [43], but retained the ability to exert trophic
functions [9].

Next, we isolated and RACE-extended the sequence of
Platynereis p75 (Figure 1(b), Figure S2), the putative ortholog
of the vertebrate low affinity coreceptor p75 that binds to
the complex of Trk/NT [2, 3]. Similar to Trk, Platynereis p75
exhibits several conserved features (Figure 1(b) and Figure
S2).The intracellular part contains a canonical death domain
(DD, in the gray region highlighted in the amino acids
sequence), known to activate caspases implicated in cell death
and common to all the death receptors of the TNFRSF super-
family (to which p75 belongs).This domain is absent from the
TNFR found inDrosophila (Wengen [44]). However, because
the death domain is present in p75 orthologs of arthropods
and other protostomes ([12] and this study), it is likely that
a receptor with such domain was established already at
the base of Bilateria and lost or highly modified in some
lineages. Accordingly, Drosophila also seems to have lost a
fully assembled Trk gene or it is not possible to recognize
due to the high level of molecule divergence, similar to the
presence of multiple neurotrophin molecules with a highly
divergent primary sequence [11]. Four prototypical CRDs
(cysteine rich domains) constitute the extracellular portion
of Platynereis p75 (orange in Figure 1(b)), similar to p75 in
vertebrates and other deuterostomes. Notably, Daphnia p75
harbors 3 conserved CRDs only [12].

After a putative neurotrophic receptor (Trk) and core-
ceptor (p75) had been successfully characterized, we next set
out to identify a putative candidate NT ligand. This search
was more challenging as the vertebrate neurotrophins evolve
relatively fast, concomitant with the extracellular domains of
Trk and other RTK receptors [45]. Nevertheless, we could
find one single hit for a possible NT-like molecule in the
Platynereis transcriptome. Protein sequence analysis pre-
dicted that, similar to its vertebrate counterparts, Platynereis
NT is composed of a signal peptide sequence comprising the
first 20 amino acids and a proneurotrophin domain contain-
ing an N-glycosylation site, which is important for secretion
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Figure 1: Sequence analysis of PlatynereisTrk (PduTrk) and p75 (Pdup75) shows conserved domains. (a) Predicted a.a. sequence ofPlatynereis
Trk, multiple sequence alignment for Platynereis Trk TK intracellular domain. Predicted domains are outlined in different colors in the
sequence and represented in the schematic drawing on the right. LRR, green: leucine rich repeats domains, IgG, purple: immunoglobulin
domain, light blue: transmembrane domain, and TK, gray: intracellular tyrosine kinase domain. Important signatures are also highlighted
in the sequence, numbered in the alignment (1–5), and described more in detail in the text. 1: juxtamembrane domain, Src binding site, 2:
ATP binding site, 3: conserved aspartate (D) in the catalytic site, 4: autophosphorylation domain, and 5: binding for PLC𝛾. (b) Predicted
a.a. sequence and multiple sequence alignment for Platynereis p75. Predicted domains: CRD1–4, orange: cysteine rich domains, light blue:
transmembrane domain, and DD, gray: intracellular death domain.The alignment shows the extracellular CRD1, CRD2, and CRD4 domains
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Figure 2: Sequence analysis of PduNT and 3D modeling of the extracellular domain of PduTrk, NT, and p75. (a) Predicted a.a. sequence,
schematic representation, and multiple sequence alignment for Platynereis NT. The alignment is done for the “Cys-Knot” domain (mature
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(Figure 2(a)). Following the predicted protease cleavage site
(RSKR) a core of around 120 amino acids rich in cysteines is
found (Figure 2(a), green in the sequence overview). Amino
acid sequence analysis and multiple sequence alignment
(Figure 2(a)) show that this core of cysteines resembles the
one present in the vertebrate neurotrophins (which fold into
a Cys-Knot). As observed in the vertebrate neurotrophin
sequences, the Cysteine “5” in the putative core of Platynereis
NT is flanked by highly hydrophilic amino acids (serine
and asparagine, red asterisks in Figure 2(a)), a key feature
to predict the typical Cys-Knot foldings [46, 47]. A special
motif of knotted cysteines folded by disulfide bonds is
typical of growth factors and many extracellular proteins
and hormones harbor such a motif (such as transforming
growth factor-𝛽, TGF-𝛽, and platelet-derived growth factors,
PDGF) [46, 48]. In these signaling molecules, such folding
exposes the hydrophobic residues on the surface and helps
the dimerization. Differences exist between the Cys-Knot
of the different growth factor subfamilies, but all comprise
6 cysteines essential for the formation of disulfide bonds,
which fold the special loops inside the 𝛽 strands of these
molecules [48], most likely an old molecular invention. The
Cys-Knot of Platynereis NT belongs to the one shared by all
neurotrophin molecules (Figure 2(a)). Further, as compared
to the recently discovered Aplysia NT [13], we found that
Platynereis NT shares a high amino acid identity with the
vertebrate counterparts (Figure 2(a)). It shares more than
40% identity with human NT3 (in contrast to the 30% of
AplysiaNT), 36,7% with human NGF (in contrast to the 32%
of Aplysia NT), and 37% with BDNF (in contrast to the 28%
of Aplysia NT). Thus, Platynereis neurotrophin is the most
conserved protostome neurotrophin found so far.

In vertebrates, specific foldings of the Trk extracellular
portion composed of IgG and LRR domains and of the
p75 receptor (composed of 4 CRD) allow NT binding ([23,
24]). Thus, to further challenge sequence similarity and to
assess whether Platynereis Trk, NT, and p75 might produce
similar foldings to the vertebrate counterparts, we employed
homology-based modeling algorithms and performed 3D
structure prediction for Platynereis Trk, NT, and p75 (Figures
2(b) and 2(c)). These algorithms do not rely on a set protein
or any a priori folding knowledge but identify and align
related proteins, based on a PSI BLAST search and secondary
structure prediction, upon which a 3D model is finally built.
According to the homology-based 3D structure prediction,
the Platynereis Trk extracellular domains are expected to
assemble in canonical 𝛽-helices of the LRR and the IgG
domains (Figure 2(b)), closely resembling the vertebrate
situation (compare with the left panel of Figure 2(c) that
shows experimentally obtained structures of human TrkA
and NGF [23]).

Similarly, for Platynereis NT we predicted prototypical
antiparallel 𝛽-sheets and heel-like folds that in vertebrates
are determined by the Cys-Knot (Figure 2(b), middle panel).
This special arrangement exposes the hydrophobic amino
acids on the surface, which mediates homodimerization of
neurotrophin monomers [49].

Similar to the vertebrate ortholog, our 3D modeling of
the Platynereis p75 ectodomain predicts 𝛽-sheets folding into

an elongated structure, with convex patches formed at the
CRD2 site and between CRD3 and CRD4 (Figure 2(b), right
panel); these sites have shown to be the binding patches
for the neurotrophins dimmer (Figure 2(c), right panel)
[24]. Our in silico data are only predictive and need to be
validated experimentally. Biochemical analysis and crystal
structures studies of the ectodomains binding to the ligands
are needed to rule out whether this degree of amino acid
conservation truly translates into functionally conserved
domains. Nevertheless, as the models are based on primary
and secondary structure alignments, these predictions are a
strong indication that the extracellular domain of Platynereis
Trk and p75 and the Platynereis NT possess all requisites to
fold and bind to each other in a vertebrate-like fashion.

Amino acid sequence and structure prediction, as well
as reciprocal BLAST, suggested that the single Platynereis
Trk, p75, and NT proteins are orthologous to the vertebrate
Trks, p75, and NTs. To confirm, we assessed the phylogenetic
relationships of Platynereis neurotrophic signaling-related
genes to their vertebrate and invertebrate counterparts.

Maximum likelihood (ML) analysis supports orthology
of Platynereis Trk (Figure 3(a)) that, as expected, clusters
with other invertebrate Trk orthologs (“iTrk” in Figure 3(a))
and is most closely related to Capitella Trk. None of the
invertebrate Trk sequences ismore closely related to a specific
vertebrate Trk type, suggesting that the latter are vertebrate-
specific. Our tree likewise resolves specific clusters of Ror and
Musk genes (including invertebrate members). Both Ecdyso-
zoa (e.g., Daphnia) and Lophotrochozoa (e.g., Platynereis
and Capitella) thus possess Trk, Ror, and Musk orthologs.
These data support the hypothesis that the diversification
of the RTK receptors into three different families (including
true Trk receptors with their specific extracellular modules)
predated the protostome-deuterostome split [45].

The TNFRSF superfamily contains highly divergent
members, separated into different family groups [50]. Our
phylogenetic analysis resolves the separation of some of the
TNFRSF into separate families and supports orthology of
Platynereis p75 with vertebrate and invertebrate p75 proteins
(Figure 3(b)). From this analysis it is also apparent that the
divergence of these families most likely occurred before the
divergence of deuterostomes and possibly was already estab-
lished in the cnidarian-bilaterian ancestor (as suggested by
the presence of aNematostella p75, found performing BLAST
searches against the Nematostella database: Nematostella
vectensis v1.0 [51]).

Higher rates of evolutionary change and shorter overall
sequence lengths render the phylogenetic analysis of neu-
rotrophins more difficult. Nevertheless, ML analysis of the
predicted mature core of Platynereis NT confirms orthology
with vertebrate neurotrophin (Figure 3(c)). We could resolve
the presence of two different branches (NT3-NGF and NT4-
BDNF) that likely originated at the base of the vertebrates via
duplication of a single ancestral neurotrophin [52]. Among
the invertebrate sequences, our analysis resolves a group of
ecdysozoan NTs (including Daphnia pulex NT), which is
distinct from that of the Lophotrochozoa and froma cluster of
deuterostome NTs (the acorn worm NTs: SkNTa and SkNTb
and SpNT2) being closer to protostome rather than vertebrate
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Figure 3: Phylogenetic analysis of annelid Trk, p75, and NT. (a) Trk; (b) p75; (c) NT. Statistical support per node is shown. Outgroups or
midbranching was used to root the trees; Platynereis sequences are indicated with dotted black squares. ML bootstrap values are indicated
for 100 replicates. For comparison, different members of the RTK (a) and TNFRSF (b) superfamily are shown (details in the text). In (a) only
the tyrosine kinase domain is used for the analysis, and in (c) only the mature protein (Cys-Knot) is used, i: invertebrate, and v: vertebrates.
The species used for comparison are indicated as in Figures 1 and 2. In addition, Sp: Strongylocentrotus purpuratus, GalG: Gallus gallus,
Lymnaea: Lymnaea stagnalis, Aply: Aplysia, Dm: Drosophila melanogaster, Hr: Helobdella robusta, and Nv: Nematostella vectensis. TickIs:
Ixodes scapularis tick, TickRm: Rhipicephalus microplus tick, and Dap or Dpulex: Daphnia pulex.

homologs (confirming previous reports [12]). Further, we
found and validated the presence of an additional NT in
Capitella teleta (NT2, not reported previously). Despite the
high degree of sequence divergence found in neurotrophin
molecules we noted that, conversely to what has been
previously reported based solely on CTN1, annelids seem
to possess a more “chordate-like neurotrophin sequence”
as Platynereis NT and the newly discovered Capitella NT

(CTN2) fall into a group together with the chordate-like
deuterostome NT of sea urchin (SpNT). Thus, it is likely
that a prototypic neurotrophin already existed before the
protostome-deuterostome divergence. Since the genomes of
Platynereis and Strongylocentrotus may still be incomplete,
we cannot exclude the presence of more protostome-like (in
Platynereis) or chordate-like (in Strongylocentrotus) family
members. In the absence of strong support for any of the basal
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bilaterian nodes, the exact number of neurotrophin paralogs
necessarily remains unsettled. Similar to other extracellular
ligands, neurotrophins may have duplicated several times
in different lineages and generated highly divergent forms
(such as the Spz in arthropods [11, 12] and the apCRNF
in Aplysia [53]), which are difficult to recognize as putative
neurotrophin orthologs [45]. Furthermore, the fast evolution
and divergence of neurotrophin molecules might have trig-
gered domain reshuffling of RTK receptors [43, 45] (possibly
explaining the different forms of Trk-like molecules found
in invertebrates, bearing losses and gain of various domains,
such as for Trkl and Lymnaea Trk [12]). More exhaustive
ortholog searches and phylogenetic analyses in additional
protostome and deuterostome genomes will be needed to
clarify the early stages of neurotrophin evolution.

3.2. Platynereis NT, Trk, and p75 Are Expressed in the Develop-
ing Embryonic and Larval Nervous System. To gain insight
into possible sites of activity of neurotrophic signaling in
Platynereis, we investigated Nt, p75, and Trk mRNA expres-
sion at several larval stages. In the early trochophore larvae,
Nt and Trk mRNA were detected in the brain (Figures
4(a)–4(c), 4(e), and 4(f)) and p75 in the developing trunk
nervous system (midline region and the left and right trunk,
Figures 4(d) and 4(f)). We identified the cells producing
NT (Figures 4(a)–4(b), 4(e), and 4(f)) as the apical tuft
cells (yellow arrow in Figure 4(b)) and the crescent cells
(orange arrow in Figure 4(b)) that are part of the apical
organ. The apical organ differentiates first in the larval brain
and is later complemented by developing adult brain parts
[54]. Cells expressing Trk were found deeper in the dorsal
developing adult brain (Figures 4(c), 4(c), 4(e), and 4(f)),
in cells that form part of a nonvisual, light sensitive region,
which comprises vertebrate-type ciliary photoreceptors [21],
produces melatonin, and harbors a circadian clock [55]. This
early Nt and Trk expression suggests that the early forming
apical organ emits neurotrophic signals that are received by
cells of the later forming ciliary photoreceptor region and
that Platynereis Trk might be involved in circadian clock
entrainment (as reported for vertebrate TrkB [56]).

At later larval stages (referred to as nectochaete [57]),
when the trunk nervous system and musculature differen-
tiate, Platynereis Nt expression was still observed in the
apical organ region, but additional expression sites became
apparent in the trunk. Those included the ciliary bands,
the ventral midline, and peripheral superficial and deep
cells (green and red arrows in Figure 4(g), schematics in
Figure 4(j)), likely including also nonneuronal cells (such
as prospective skin cells and developing muscle cells). At
the same stages, Platynereis Trk is expressed broadly in
the developing nervous system (Figures 4(h)–4(j)). Double
WMISH revealed that while Trk and p75 clearly share a
domain of expression at the posterior growth zone of the
developing worm (white arrow in Figure 4(i)), their expres-
sion is almost mutually exclusive in the anterior nervous
system. Here, Trk is expressed more broadly, at the left

and right site of the neural tissue, while p75 is expressed
mostly in cells surrounding the midline, where Nt is found
(Figures 4(g)–4(j)). The more restricted expression of p75
around the site of NT secretion suggests that p75-NT might
signal together independently from Trk, as reported from
vertebrates. In Platynereis proliferating neuronal progenitors
are found mostly on the surface of the ectoderm, in the
medial-most domain around the wnt4+ midline (NT+),
while differentiated neurons are located more laterally and
basally [58]. It would be interesting to test whether NT
secreted from Platynereis midline acts together with p75 in
the nearby territory during neuronal progenitor proliferation,
while Platynereis Trk signaling might be more predominant
in differentiated neurons. For instance, in the vertebrate
embryo target cells secrete neurotrophic ligands that attract
the Trk+ axons of developing neurons, thus promoting
innervation and also providing signals for neuronal survival
[1]. Nt+ cells in Platynereis apical organ, neuronal midline,
skin, and muscles might accordingly represent also a central
and peripheral target sites for the outgrowing axons of
developingTrk+neurons, consistent with a role of the annelid
neurotrophic signaling in axon pathfinding.

3.3.The Evolution of the Neurotrophic Signaling in Eumetazoa.
While it is clear that Trk, NT, and p75 were distinctly present
and that the original tyrosine kinase had already split into
different subfamilies in bilaterian ancestors (such as Trk, Ror,
and Musk shown in Figure 3(a) [45]), the situation is less
clear for bilaterian outgroups. According to Sossin [45], a
common precursor molecule for Trk/Musk/Ror possessing
a Frizzle/Kringle extracellular domain (similar to the ones
present in Ror and Musk and in sponge tyrosine kinase
receptors) and a conserved intracellular tyrosine kinase was
likely present at the base of Eumetazoa. The split of the three
families occurred only at the base of the Bilateria. In line
with this, a Trk receptor and neurotrophin ligands appear
to be absent from Nematostella ([59] and Antonella Lauri,
unpublished), which seems to have only a p75 molecule
(Figure 3(b)). Thus, a bona fide Trk and NT with their full
complement of extracellular domains appear to have been
evolved in the bilaterian stem line only (in contrast to p75,
Figure 5).

4. Conclusions

In conclusion, our data on the highly conserved annelid
neurotrophic molecules corroborate recent hypotheses that
vertebrate-like representatives of neurotrophic signaling
molecules existed at the base of Bilateria, predating the
protostome-deuterostome split. The identification of a p75
ortholog in Nematostella furthermore indicates that this
receptor was already present in the cnidarian-bilaterian
ancestor. Urbilaterian neurotrophic signaling thus included a
Trk receptor with a typical extracellular domain, as found in
some extant, slow-evolving invertebrates (such asPlatynereis)
and in vertebrates, a p75 coreceptor, and one or more NT
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Figure 4: Expression of PduNT, p75, and Trk in the developing worm. (a–b) Apical views. Expression of Nt in cells of the apical organ at
48 hpf ((a) and the inset in (b) show a close-up on the Nt+ cells). Bright field images (a, a), confocal z-projections (b). The yellow arrow
indicates the apical tuft cells; the orange arrow indicates the crescent cells. (c, c) Apical views. Expression of Trk in cells in the dorsal brain
(the inset in (c) shows a close-up on the Trk+ cells). Bright field image (c), confocal z-projection (c). (d) Ventral view. Expression of p75
in the developing nervous system of the trunk, VNC: ventral nerve cord, confocal z-projection. In (a)–(d), D: dorsal, V: ventral. (e) Virtual
cross sections show the position of theNt+ (dashed red contour)/Trk+ cells (dashed orange contour) along the z-axis. (f) Schematic drawings
of the apical view (left) and ventral view (right) showing Nt (light gray), Trk (dark gray), and p75 (light blue) expression of the trochophore
larvae. (g) Superficial and deepNt expression in the juvenile larva (nectochaete, around 3 dpf). Expression in the ciliary band (c.b.) along the
superficial (green arrows) and deep (red arrows) periphery and in themidline (inset in (g)) is observed. (h)Trk expression in the ventral trunk
nervous system and in the brain in the nectochaete stage. (i) Double WMISH showing the expression of Trk and p75 in the juvenile larva.
The white arrow indicates colocalization at the posterior end. Different Z-projections from the same confocal scan are outlined by yellow
squares: the upper one shows a single channel (magenta for Trk) within a z-projection of the dorsal brain (p75 mRNA is not found here);
the lower square shows the posterior growth zone. (j) Schematic drawing of the expression of Nt, Trk, and p75 expression in the juvenile. In
all the confocal images, the axonal scaffold of the nervous system is stained with acetylated tubulin (ac.tubulin, in green) and nuclei are blue
(DAPI, 4,6-diamidino-2-phenylindole). Asterisks: Nt expression in the pygidium (white in (g) and black in (j)); in (j) Nt expression in the
ciliary bands (c.b., red asterisk) is indicated by a gray outline. A gray circle in (j) and a dashed yellow circle in the other panels indicate the
stomodeum as reference.
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ligands, possibly performing trophic functions in the nervous
system.
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CRISPR/Cas9 system is a powerful technology to perform genome editing in a variety of cell types. To facilitate the application
of Cas9 in mapping T cell signaling pathways, we generated a toolbox for large-scale genetic screens in human Jurkat T cells. The
toolbox has three different Jurkat cell lines expressing distinct Cas9 variants, including wild-type Cas9, dCas9-KRAB, and sunCas9.
Wedemonstrated that the toolbox allows us to rapidly disrupt endogenous gene expression at theDNA level and to efficiently repress
or activate gene expression at the transcriptional level. The toolbox, in combination with multiple currently existing genome-wide
sgRNA libraries, will be useful to systematically investigate T cell signal transduction using both loss-of-function and gain-of-
function genetic screens.

1. Introduction

T cells play an essential role in the human immune system
and have been identified as mediators of various systemic
autoimmune diseases. In the past two decades, the studies
of how T cell receptors (TCRs) are stimulated by non-self-
antigens and how T cell activation is regulated are central
topics in the immunology field [1, 2]. T cell stimulation
is triggered by the engagement of the TCR to a cognate
peptide-major histocompatibility complex (MHC) on anti-
gen presenting cells (APCs). Following the formation of a
TCR-peptide-MHC complex, two tyrosine residues, which
are part of the immunoreceptor tyrosine-based activation
motifs (ITAMs) within the short proximal cytoplasmic
tails of their TCR-associated CD3 and 𝜁-chain subunits,
are phosphorylated [1]. Such phosphorylation of ITAMs is
mediated by the T cell Src-related protein tyrosine kinases
(Src-PTKs) such as Lck. Phosphorylated ITAMs further
recruit the cytoplasmic kinase ZAP-70 via its tandem Src-
homology domains binding to the doubly phosphorylated
ITAMs. ZAP-70 subsequently phosphorylates two signaling

adaptor proteins, the linker for the activation of T cells (LAT)
and the SH2-domain-containing leukocyte protein of 76 kDa
(SLP-76). These two molecules function as the scaffolds to
recruit many other signaling molecules, which eventually
lead to T cell activation [2].

Most of our fundamental knowledge of TCR signaling
transduction came from the studies of several human T
cell lines, particularly the Jurkat leukaemic T cell line [3].
To investigate how signaling effector proteins mediate T
cell activation response, a series of Jurkat mutants were
generated by usingmutagenesis. For example, J.CaM1 cell line
is a Jurkat-derived Lck deficient mutant, which is impaired
in T cell signaling [4]. This cell line was generated by
sorting mutagenized Jurkat cells, which had a defective Ca2+
mobilization response triggered by TCR stimulation. Using a
similar Ca2+ flux based strategy, the P116 cell line, which lacks
ZAP-70 expression, was generated and has been widely used
in studies of ZAP-70 function [5].

With the development of sequence-specific DNA nucle-
ase technologies, genome editing is becoming a critical
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approach used to analyze biological functions in cell lines
and animal models [6]. More recently, clustered regularly
interspaced palindromic repeats- (CRISPR-) associated (Cas)
protein 9 (known as CRISPR-Cas9) system has been demon-
strated to target and induce site-specific DNA double-strand
breaks (DSBs) directed by a single-guide RNA (sgRNA) [7].
The DNA repair of DSBs is mediated by either nonho-
mologous end joining (NHEJ) or homology directed repair
(HDR), which can be used to introduce random or specific
mutations, repair of endogenous mutations, or insertion
of DNA elements [8]. Interestingly, the deactivated Cas9
(dCas9), which results from inactivated nuclease domains
in Cas9, is also able to function as a DNA-binding scaffold
to either silence (CRISPRi) or activate (CRISPRa) gene
expression, depending on the transcription effector domains
fused to Cas9 [9–11]. Consequently, the CRISPR-Cas9 system
has been widely used to precisely and effectively generate
engineered eukaryotic cells [12–14]. Recently, a series of stud-
ies performed both loss-of-function and gain-of-function
screens in a genome-wide scale in E. coli [15], zebrafish
cells [16], and K562 tumor cell lines [17] as well as primary
mouse dendritic cells [18]. In addition, several human sgRNA
libraries for genome-wide screen have been established
[10, 19, 20]. However, to our knowledge, a CRISPR-based
genome-wide screen to study T cell activation has not been
reported, which might be largely due to a lack of Jurkat
cell lines optimized for such screens. Here we developed a
toolbox of three Jurkat cell lines, which are engineered for
CRISPR, CRISPRi, or CRISPRa screens, respectively. These
cell lines were derived from a single cell clone and expressed
uniform and normal levels of TCR and CD28 receptors to
ensure they could undergo efficient T cell stimulation. We
also demonstrated that we could use CRISPR, CRISPRi,
and CRISPRa to target endogenous genes and regulate their
expression levels in these cell lines. Collectively, this toolbox
represents a useful platform for systematically dissecting T
cell signaling pathways.

2. Results

The CRISPR-Cas9 system has proven to be a powerful tool
to perform individual gene editing and large-scale genetic
screens [19] (Figure 1(a)). Recently, the CRISPR/Cas9 system
has been used in Jurkat T cells as well as primary human
T cells [21–24]. However, to our knowledge, no Cas9-based
loss-of-function genetic screen has been reported in human
T cells, probably due to the difficulty of expressing functional
Cas9 within T cells. To facilitate future genetic screen using
human T cells, we sought to generate a Jurkat cell line stably
expressing functionalWT-Cas9 and optimized for large-scale
genetic screens.

We first cloned wild-type Cas9 and a 2A-linked blue flo-
rescent protein (BFP) reporter gene into a lentiviral construct
driven by the spleen focus-forming virus promoter (SFFV).
This lentivirus was generated and used to infect Jurkat T
cells. After lentiviral transduction, flow cytometry sorting
was used to isolate a bulk population of BFP-positive Jurkat
cells with normal surface expression amounts of both TCR

and CD28 receptors, two major cell surface receptors that
contribute to T cell activation.We named this cell population
as JXBulk. To test whether WT-Cas9 protein in JXBulk cells
had any genome editing function, we designed an sgRNA
to specifically target the beta-2 microglobulin (B2M) gene.
B2M is a subunit of MHC class I molecules, which are highly
expressed in all leukocytes, including human T cells. It has
been demonstrated that disruption of B2M gene resulted
in ablating MHC class I surface expression [25]. Therefore,
the loss of MHC class I expression after expressing sgRNA
against B2M served as a functional readout of WT-Cas9
activity in JXBulk cells. We expressed a control sgRNA
(sgRNAControl) or an sgRNA targeting B2Mgene (sgRNAB2M)
in JXBulk cells by electroporation. The sgRNA expressing
vector also contains the GFP gene as a reporter.Wemeasured
the expression level of surface MHC class I molecules in
GFP+ JXBulk cells using FACS analysis. We found that
there was little effect on MHC class I expression in the
sample expressing sgRNAControl. In contrast, about 40% of
JXBulk cells completely lost MHC class I expression 6 days
after electroporation of sgRNAB2M (Figure 1(b)). Our kinetic
results also indicated that the disruption of MHC class I
expression caused by WT-Cas9 mediated gene editing was
permanent and irreversible (Figure 1(c)).

To further optimize the efficiency of WT-Cas9, JXBulk
cells were single cell sorted and over 48 single cell subclones
were further cultured. We compared the efficiency of WT-
Cas9 function in these subclones. We found that clone 17
(hereafter referred to as JX17) displayed much higher gene
editing efficiency than JXBulk. Our results show that more
than 60% of JX17 cells lose their MHC class I expression 6
days after sgRNAB2M electroporation (Figure 1(c)).Therefore,
single cell sorting and subcloning are an effective approach
to identify cells with optimal Cas9 efficiency. Our results
also suggested that it required at least 6 days of cell growth
after expression of sgRNA into JX17 cells to permit WT-
Cas9 to reach maximal gene editing efficiency in a Cas9-
based genetic screen and this should be considered for future
genetic screens.

It is reported that wild-type Cas9 is able to cleave off-
target sites that have up to five mismatches relative to the
guide RNA [26, 27]. To test whether the loss of MHC
class I expression we observed in Figure 1(b) was caused
by off-target effects of wild-type Cas9 expressed in JX17,
we performed a rescue experiment. Briefly, JX17 cells were
electroporated with sgRNAB2M as described in Figure 1(b),
and we sorted MHC class I-negative JX17 cells, whose
endogenous B2M gene was disrupted by electroporation of
sgRNAB2M. We then expressed either an empty vector or the
human B2M cDNA in these sorted cells by electroporation.
48 hours later, we measured surface expression of MHC class
I by flow cytometry (Figure 1(d)). We found that exogenous
expression of B2M gene, but not empty vector, increased
MHC class I surface expression level, suggesting the loss of
MHC class I expression indeed resulted fromB2Mdeficiency.

We next tested whether the effectiveness of WT-Cas9
disruption of the target gene was related to the sgRNA dose.
Six days after sgRNA transfection, the transfected JX17 cells
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Figure 1: A Jurkat T cell line optimized for WT-Cas9 mediated genome editing. (a) WT-Cas9 generates DNA double-strand breaks at the
targeted genome locus, resulting in disruption of the target gene. (b) JX17 cells achieve high genome editing efficiency. Jurkat cells stably
expressingWT-Cas9 protein were transfected with constructs expressing the sgRNAControl or the sgRNAB2M. Cells were grown for 6 days and
then analyzed for MHC I expression in the GFP+ transfected cells. Data are shown in histogram and are representative of four independent
experiments. (c) Disruption of gene byWT-Cas9 is irreversible. Jurkat cells were transfected with sgRNAs as described in (b).The expression
of MHC class I was assessed by FACS at different time points after transfection. The chart summarizes the results of three independent
experiments (data represent the mean value ± SD). (d) Loss of MHC class I expression was restored by exogenous expression of B2M gene.
JX17 cells were electroporated with sgRNAB2M as described in (b). MHC class I-negative JX17 cells were sorted and electroporated with either
an empty vector (blue histogram) or a plasmid expressing B2M gene (red histogram). The expression of MHC class I was assessed by FACS
48 hours after electroporation. The grey histogram represents the negative control (unstained sample). (e) WT-Cas9 edits genome in an
sgRNA dose-dependent manner. The transfected cells were divided into four populations according to their GFP expression. The percentage
of cells losing MHC I expression was quantified by flow cytometry 6 days following transfection. The chart summarizes the results of three
independent experiments (data represent mean value ± SD).

were divided into four groups with negative, low, medium,
or high expression of GFP, whose expression should be
proportional to sgRNA level in cells.The expression of control
sgRNA did not affect the surface level of MHC class I. In
contrast, there was an sgRNA dose-dependent increase in the
percentage of T cells that lost expression of surfaceMHCclass
I molecules. We found that an intermediate expression level
of sgRNA was sufficient to reach maximal gene editing in
JX17 cells (Figure 1(e)). Collectively, these results revealed the
potential of JX19 cell line as a useful platform to performWT-
Cas9 mediated genetic screens.

CRISPR interference (CRISPRi) has been demonstrated
to be a robust system to turn down gene expression at the
transcriptional level with minimal off-target effects [28]. The
Krüppel associated box (KRAB) domain, a transcriptional
repression domain, is often fused to dCAS9 and used in
CRISPRi systems (Figure 2(a)) [29]. In addition to repressing
coding RNAs, CRISPRi can also target transcripts including
noncoding RNAs and microRNAs [30]. However, a T cell
line specifically optimized for the CRISPRi system has not
been established. To address this issue, we stably expressed
a dCas9-BFP-KRAB fusion protein, which was described
previously [10], in Jurkat T cells. We sorted BFP+Jurkat cells
expressing dCas9-KRAB (hereafter referred to as JKBulk)
with high expression of TCR and CD28 receptors. To test
the activity of dCas9-KRAB in JKBulk, we transfected an

sgRNA targeting the CD28 gene and measured surface CD28
expression at different time points following transfection
(Figures 2(b) and 2(c)). Similar to the WT-Cas9 system,
we also used single cell sorting to identify a subclone cell
line (JK28) with optimal dCas9-KRAB activity. We observed
that about 40% of JKBulk cells and approximately 70%
of JK28 cells had reduced CD28 expression amounts 6
days after transfection (Figure 2(b)). Interestingly, unlike
the WT-Cas9-based genomic DNA editing, the reduction
of CD28 expression was gradually recovered, which might
result from the degradation of the CD28 sgRNA as the
cells were cultured following transient transfection of the
CD28 sgRNA (Figure 2(c)). Our results suggested that stable
expression of sgRNA might be needed to maintain dCas9-
KRABmediated gene silencing. Hence, delivery of sgRNA via
viral transductionmight be ameans to achieve long time gene
silencing in JK28 cells.

To test whether the sgRNA is a limiting factor for
CRISPRi activity, we divided the transfected JK28 cells
into four populations with GFP negative, low, medium,
or high expression level. We measured surface expression
level of CD28 by flow cytometry 6 days following transfec-
tion (Figure 2(c)). Figure 2(d) revealed a dose relationship
between the sgRNA expression and the percentage of cells
with low expression of CD28. Notably, over 80% of cells lose
CD28 expression in the populationwith highGFP expression
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Figure 2: Engineering of A Jurkat T cell line for dCas9-KRAB mediated gene silencing. (a) In the CRISPRi system, dCas9 fused to KRAB
domain can repress transcription of target gene. (b) sgRNAexpression in JK28 cells can remarkably downregulate its targeting gene expression.
Jurkat cells stably expressing dCas9-KRAB protein were transfected with constructs expressing sgRNAControl or sgRNACD28. Cells were grown
for 6 days and then analyzed for CD28 expression in the GFP+ transfected cells. Data are shown in histogram and are representative of three
independent experiments. (c) Transcription repression mediated by dCas9-KRAB is reversible. JKBulk and JK28 cells were transfected with
sgRNAs as described in (b). The percentages of the cells with reduced expression of CD28 were assessed by FACS at different time points
after transfection.The data summarize the results of three independent experiments (data represent mean value ± SD). (d) sgRNA expression
is a limiting factor for CRISPRi function. The transfected cells were divided into four populations according to their GFP expression. The
percentage of cells losing CD28 expression was quantified by flow cytometry 6 days following transfection. The data summarizes the results
of three independent experiments (data represent mean value ± SD). (e) Silencing CD28 expression by CRISPRi interference IL-2 production
in activated T cells. IL-2 assays were performed in the indicated conditions.The data summarize the results of three independent experiments
(data represent mean ± SD).

level. Thus, robust expression of sgRNA is likely preferable in
a CRISPRi based genetic screen.

We next aimed to test whether gene silencing using
dCas9-KRAB could induce a functional change of the JK28
cell line. CD28 is a costimulatory receptor that can provide a
second signal, when combined with TCR ligands, to induce
interleukin 2 (IL-2) production [31]. Blocking CD28 function
by using CTLA4-Ig, a CTLA4-immunoglobulin recombinant
fusion protein, during Jurkat T cell activation largely inhib-
ited the production of the cytokine IL-2 (Figure 2(e)) [31].
We testedwhether transfected sgRNA targetingCD28 in JK28
cells could result in a similar effect. We found that silencing
CD28 expression using dCas9-KRAB markedly reduced IL-
2 production. In contrast, JK28 cells expressing control
sgRNA did not affect the amount of IL-2 production. This
result demonstrated that dCas9-KRAB in JK28 cells potently
mediated gene silencing that could result in alteration of
Jurkat T cell function.

Recently, Tanenbaum et al. developed a sunCas9 system,
which could be used to activate gene transcription (CRISPRa)
[11]. In this system, multiple copies of the transcriptional
activating effector domain (VP64) are recruited to a single
dCas9 protein fused with the SunTag. The sgRNA targets
the sunCas9 system to the promoter region of an endoge-
nous gene and turns on its transcription (Figure 3(a)). To
generate a T cell line with functional sunCas9, Jurkat cell
lines were generated to express both dCas9-SunTag-P2A-
BFP and GCN4-sfGFP-NLS-VP64, which were described

previously [11]. TransducedGFP+BFP+Jurkat cells with high-
level expression of TCR and CD28 receptors were single cell
sorted and 24 single cell subclones were further cultured.
To test the sunCas9 function in transduced cells, these cells
were infected with a lentivirus that expressed either an
sgRNAcontrol or an sgRNA targeting CXCR4 (sgRNACXCR4).
CXCR4 is a chemokine receptor that is highly expressed
in T cells and plays important roles in T cell trafficking
and homing. We measured the CXCR4 expression using
flow cytometry 6 days after lentivirus infection. Among
24 single cell subclones we screened, one clone (JS19) has
the highest activity of sunCas9 system. In JS19 cells, we
observed a remarkable upregulation of CXCR4 expression
(6-fold) in JS19 cells expressing sgRNACXCR4 compared to
those infected with sgRNAControl virus (Figure 3(b)). CXCR4
is well-expressed in Jurkat cells (Figure 3(b)), so we next
tested whether a gene that is normally not expressed in T
cells could be induced using JS19 cell line. To this end, we
chose the platelet-derived growth factor receptor (PDGFR),
which is a cell surface tyrosine kinase growth factor receptor
formembers of the platelet-derived growth factor family [32].
Jurkat cells normally are negative for PDGFR expression [33].
Consistentwith this, we detected little expression of PDGFRB
in JS19 cells expressing sgRNAControl. In contrast, transduc-
tion of sgRNA targeting PDGFRB substantially enhanced
PDGFR expression level in JS19 cells. Taken together, these
results showed that sunCas9 system in JS19 robustly increased
the transcription of an endogenous gene and could be a
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Figure 3: A Jurkat T cell linewith sunCas9 system. (a) In theCRISPRa system, dCas9 fused to SunTag is able to recruitmultiple copies of VP64
and can activate gene transcription. (b-c) sgRNA expressions in JS19 cells can substantially upregulate their targeting gene expressions. JS19
cells were transduced with virus expressing the sgRNAControl (blue histograms), the sgRNACXCR4 (red histogram in (b)), or the sgRNAPDGFRB

(red histograms in (c)). Cells were grown formore than aweek and then analyzed forCXCR4 expression (b) andPDGFRB expression (c) in the
transduced cells.The grey histograms represent the negative control (unstained sample). Data are shown in histograms and are representative
of three independent experiments.

useful platform to perform a gain-of-function genetic screen
in human T cell lines.

3. Discussion

Systematic investigation of a signaling pathway depends on
the ability to manipulate potential effector genes involved
within this pathway through deletion, suppression, or over-
expression. To study T cell signaling transduction, we devel-
oped a toolbox including three human T cell lines, JX17, JK28,
and JS19. Using this toolkit, it should be possible to perform
both loss-of-function and gain-of-function genetic screens in
the Jurkat-derived human T cell lines. To help researchers
determine which cell line they should use in their future
screens, we compared these three cell lines based on our
results as well as previous studies [6, 10] and summarized
results in Table 1.

Notably, our toolkit has the following unique advan-
tages. First, these three cell lines were sorted to ensure
they expressed high level of the TCR and CD28. Therefore,
these cell lines could undergo efficient T cell activation; for
example, JK28 was able to produce a substantial amount of
IL-2 after T cell activation (Figure 2(e)). Second, all three
cell lines are derived from the same population of Jurkat
cells maintained in our lab.Though expressing different Cas9
variants, there is minimal internal variation among these

cell lines. Thus, the results generated from different genetic
screens can be compared in a similar context. Lastly, we
should be able to combine multiple genetic screens using
this toolbox to address the same biological question at the
same time. For example, two independent loss-of-function
screens, one using JX17 cells expressing WT-Cas9 and the
other using JK28 cells expressing dCas9-KRAB, could be
performed side by side. We would expect to identify the
candidate genes with high confidence. On the other hand,
researchers will be able to use JK28 cells (CRISPRi) and JS19
cells (CRISPRa) to screen for both loss-of-function and gain-
of-function phenotypes in the same biological assay. These
two screen results should complement each other to provide
a rich and comprehensive understanding of T cell signaling.

In sum, we believe that our toolbox will be a useful
platform to study T cell function. The programmability of
Cas9 and extensive protein engineering of Cas9 will lead to
the development of more Cas9 variants with novel functions.
We expect to further increase family members in our toolbox
in the future.

4. Experimental Procedures

4.1. Cell Culture and Reagent. Jurkat cells were grown in
RPMI-1640 containing 5% FCS/Pen/Strep. Anti-HLA-PE-
Cy7 (clone: G46-2.6), anti-CXCR4-APC (clone: 12G5), and
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Table 1: Comparisons between JX17, JK28, and JS19.

JX17 JK28 JS19
Genetic screen type Loss-of-function Loss-of-function Gain-of-function
Mechanism Frame shift genome mutation Transcriptional repression Transcriptional activation
Regulation Permanent Reversible Reversible∗

Target region Gene∗ Gene, microRNA, and lincRNA∗ Gene, microRNA, and lincRNA∗

Efficiency >70% >80% 3–6-fold
sgRNA expression time required >5 days >6 days A week
Available genome-wide libraries Ref. [19, 20] Ref. [10] Ref. [10]
∗Based on [6].

anti-PDGFRB (clone: REA363) were purchased from BD,
Biolegend and Miltenyi Biotech, respectively.

4.2. sgRNA Sequence Selection. For sgRNAB2M, we manually
chose a 20 nt guide sequence preceding the 5-NGG PAM,
which contains the ATG start codon of B2M gene. For
the sgRNA used in CRISPRi system, we followed the rule
that the sgRNA should be located within a region from
−50 to +300 bp relative to the transcriptional starting site
(TSS) [34]. Since the TSS site of the human CD28 gene was
previously mapped to between +1 and +61 of the 1st exon [35]
and ATG start codon located at +223, we chose an sgRNA
sequence around the ATG start codon for the convenience.
For sgRNACXCR4, we used an sgRNA sequence that was
validated in the previous study [11]. The sgRNAPDGFRB and
sgRNAControl were generously provided by Dr. Boettcher
at UCSF from an sgRNA library (unpublished data). The
following sgRNA were used:

sgRNAControl: GTAGAACGAGCCAACCATTT,

sgRNAB2M: GGCCGAGATGTCTCGCTCCG,

sgRNACD28: GAGCATCTTTGTCCTGACGA,

sgRNACXCR4: GCAGACGCGAGGAAGGAGGGC-
GC,
sgRNAPDGFRB: ATCCTGAGCGAACGGGCGAT.

4.3. Generation of Jurkat Cells Stably Expressing Cas9Variants.
We fused the WT-Cas9 that was flanked by two nuclear
localization sequences (NLS) with T2A-BFP and inserted
this cassette into a lentivirus vector under SFFV promoter.
The dCas9-KRAB and dCas9-SunTag as well as scFV-sfGFP-
VP64 constructs were described previously [10, 11]. Lentivirus
expressingCas9 variantswas generated using 293FT cells.The
WT Jurkat T cells were expanded in the medium containing
the virus for a week and these cells were harvested and
stainedwith anti-CD28 (Tonbo, clone: CD28.2) and anti-CD3
(Tonbo, clone: UCHT1). The BFP+CD28+CD3+ Jurkat cells
were then isolated using flow cytometry for further culture.
For the sunCas9 system, Jurkat cells were transduced with
both dCas9-SunTag virus and scFV-sfGFP-VP64 virus. One
week after transduction, BFP+GFP+CD28+CD3+Jurkat cells
were sorted. Upon request, all of the three cell lines (JX17,

JK28, and JK19) are available from Dr. Haopeng Wang’s lab
at ShanghaiTech University (wanghp@shanghaitech.edu.cn).

4.4. Expression of sgRNA in Jurkat Cells by Electroporation
or Lentiviral Transduction. The sgRNAs were cloned into
pLKO.1-GFP vector (a gift from Dr. Shen from NIBS) [36].
To facilitate FACS-based stable clone selection, the origi-
nal pLKO.1-puro plasmid (Addgene# 8453) was modified.
Briefly, EGFP was cloned into the original pLKO vector
to replace the puroR sequence using BamHI and KpnI,
and then DNA sequence containing gRNA scaffold was
cloned into a site following the U6 promoter using NdeI
and EcoRI. sgRNA sequence was inserted into the pLKO.1-
GFP vector by using the BfuAI site. This vector is avail-
able upon request by sending an email to Dr. Xiaodong
Wang (wangxiaodong@nibs.ac.cn) or Dr. Zhirong Shen
(shenzhirong@nibs.ac.cn). Jurkat cells were transfected with
these sgRNA plasmids using electroporation according to
the preset protocol in Genepulser (Bio-Rad). At different
time points after transfection, Jurkat cells were harvested
and analyzed by using BD Fortessa flow cytometer. For
the sunCas9 system, JS19 cells were infected with lentivirus
encoding the sgRNA. Transduced cells were cultured for a
week. Measurements of surface CXCR4 level were performed
by FACS.

4.5. IL-2 Assay. Jurkat T cells were stimulated by super-
antigen SEE presented by Raji B cells in the presence or
the absence of CTLA4-Ig as described [31]. After 22 hours,
the supernatants were collected and IL-2 production was
measured by using Human IL-2 ELISA Kit (BD Biosciences)
according to the manufacturer’s instructions.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

The authors thank Marianne Mollenauer for excellent tech-
nical assistance; R. Locksley and Z. Wang (UCSF) for access
and assistance with cell sorting; Z. Shen (National Institute



BioMed Research International 9

of Biological Sciences) for providing pLKO.1; M. Tanen-
baum (UCSF) for providing sunCas9 system plasmid; M.
Boettcher (UCSF) for providing dCas9-KRAB virus as well
as sgRNAControl and sgRNAPDGFRB sequences; C. Liu and
W. Shang (ShanghaiTech University) for critical reading of
and comments on the paper. This work was supported by
a postdoctoral training grant from the Arthritis Foundation
(Haopeng Wang) and an NIH T32 training grant (Haopeng
Wang) as well as the Howard Hughes Medical Institute
(Arthur Weiss).

References

[1] A. K. Chakraborty and A. Weiss, “Insights into the initiation of
TCR signaling,” Nature Immunology, vol. 15, no. 9, pp. 798–807,
2014.

[2] H. Wang, T. A. Kadlecek, B. B. Au-Yeung et al., “ZAP-70:
an essential kinase in T-cell signaling,” Cold Spring Harbor
perspectives in biology, vol. 2, no. 5, Article ID a002279, 2010.

[3] R. T. Abraham and A. Weiss, “Jurkat T cells and development
of the T-cell receptor signalling paradigm,” Nature Reviews
Immunology, vol. 4, no. 4, pp. 301–308, 2004.

[4] M. A. Goldsmith and A. Weiss, “Isolation and characterization
of a T-lymphocyte somatic mutant with altered signal trans-
duction by the antigen receptor,” Proceedings of the National
Academy of Sciences of the United States of America, vol. 84, no.
19, pp. 6879–6883, 1987.

[5] B. L. Williams, K. L. Schreiber, W. Zhang et al., “Genetic
evidence for differential coupling of Syk family kinases to the T-
cell receptor: reconstitution studies in a ZAP-70-deficient Jurkat
T-cell line,” Molecular and Cellular Biology, vol. 18, no. 3, pp.
1388–1399, 1998.

[6] M. Boettcher and M. T. McManus, “Choosing the right tool for
the job: RNAi, TALEN, or CRISPR,”Molecular Cell, vol. 58, no.
4, pp. 575–585, 2015.

[7] M. Jinek, K. Chylinski, I. Fonfara, M. Hauer, J. A. Doudna,
and E. Charpentier, “A programmable dual-RNA-guided DNA
endonuclease in adaptive bacterial immunity,” Science, vol. 337,
no. 6096, pp. 816–821, 2012.

[8] J. A. Doudna and E. Charpentier, “The new frontier of genome
engineering with CRISPR-Cas9,” Science, vol. 346, no. 6213,
2014.

[9] L. A. Gilbert, M. H. Larson, L. Morsut et al., “CRISPR-
mediated modular RNA-guided regulation of transcription in
eukaryotes,” Cell, vol. 154, no. 2, pp. 442–451, 2013.

[10] L. A. Gilbert,M.A.Horlbeck, B. Adamson et al., “Genome-scale
CRISPR-mediated control of gene repression and activation,”
Cell, vol. 159, no. 3, pp. 647–661, 2014.

[11] M. E. Tanenbaum, L. A. Gilbert, L. S. Qi, J. S. Weissman, and
R. D. Vale, “A protein-tagging system for signal amplification in
gene expression and fluorescence imaging,” Cell, vol. 159, no. 3,
pp. 635–646, 2014.

[12] F. A. Ran, P. D. Hsu, J. Wright, V. Agarwala, D. A. Scott, and F.
Zhang, “Genome engineering using the CRISPR-Cas9 system,”
Nature Protocols, vol. 8, no. 11, pp. 2281–2308, 2013.

[13] P. D. Hsu, E. S. Lander, and F. Zhang, “Development and
applications ofCRISPR-Cas9 for genome engineering,”Cell, vol.
157, no. 6, pp. 1262–1278, 2014.

[14] J. G. Zalatan, M. E. Lee, R. Almeida et al., “Engineering
complex synthetic transcriptional programs with CRISPR RNA
scaffolds,” Cell, vol. 160, no. 1-2, pp. 339–350, 2015.

[15] D. Bikard, W. Jiang, P. Samai, A. Hochschild, F. Zhang, and
L. A. Marraffini, “Programmable repression and activation of
bacterial gene expression using an engineered CRISPR-Cas
system,” Nucleic Acids Research, vol. 41, no. 15, pp. 7429–7437,
2013.

[16] L.-E. Jao, S. R.Wente, andW. Chen, “Efficientmultiplex biallelic
zebrafish genome editing using a CRISPR nuclease system,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 110, no. 34, pp. 13904–13909, 2013.

[17] P. Mali, L. Yang, K. M. Esvelt et al., “RNA-guided human
genome engineering via Cas9,” Science, vol. 339, no. 6121, pp.
823–826, 2013.

[18] O. Parnas, M. Jovanovic, T. M. Eisenhaure et al., “A genome-
wide CRISPR screen in primary immune cells to dissect
regulatory networks,” Cell, vol. 162, no. 3, pp. 675–686, 2015.

[19] O. Shalem, N. E. Sanjana, E. Hartenian et al., “Genome-scale
CRISPR-Cas9 knockout screening in human cells,” Science, vol.
343, no. 6166, pp. 84–87, 2014.

[20] T. Wang, J. J. Wei, D. M. Sabatini, and E. S. Lander, “Genetic
screens in human cells using the CRISPR-Cas9 system,” Science,
vol. 343, no. 6166, pp. 80–84, 2014.

[21] X. Liang, J. Potter, S. Kumar et al., “Rapid and highly efficient
mammalian cell engineering via Cas9 protein transfection,”
Journal of Biotechnology, vol. 208, pp. 44–53, 2015.

[22] A. Hendel, R. O. Bak, J. T. Clark et al., “Chemically modified
guide RNAs enhance CRISPR-Cas genome editing in human
primary cells,”Nature Biotechnology, vol. 33, no. 9, pp. 985–989,
2015.

[23] K. Schumann, S. Lin, E. Boyer et al., “Generation of knock-
in primary human T cells using Cas9 ribonucleoproteins,”
Proceedings of the National Academy of Sciences, vol. 112, no. 33,
pp. 10437–10442, 2015.

[24] C. Li, G. E. Griffin, Y. Liu et al., “Inhibition of HIV-1 infection
of primary CD4+ T-cells by gene editing of CCR5 using
adenovirus-delivered CRISPR/Cas9,” Journal of General Virol-
ogy, vol. 96, no. 8, pp. 2381–2393, 2015.

[25] L. Riolobos, R. K. Hirata, C. J. Turtle et al., “HLA engineering of
human pluripotent stem cells,”MolecularTherapy, vol. 21, no. 6,
pp. 1232–1241, 2013.

[26] Y. Fu, J. A. Foden, C. Khayter et al., “High-frequency off-target
mutagenesis induced by CRISPR-Cas nucleases in human cells,”
Nature Biotechnology, vol. 31, no. 9, pp. 822–826, 2013.

[27] C. Kuscu, S. Arslan, R. Singh, J.Thorpe, andM. Adli, “Genome-
wide analysis reveals characteristics of off-target sites bound by
the Cas9 endonuclease,” Nature Biotechnology, vol. 32, no. 7, pp.
677–683, 2014.

[28] L. S. Qi,M.H. Larson, L. A. Gilbert et al., “RepurposingCRISPR
as an RNA-guided platform for sequence-specific control of
gene expression,” Cell, vol. 152, no. 5, pp. 1173–1183, 2013.

[29] M.H. Larson, L. A. Gilbert, X.Wang,W. A. Lim, J. S.Weissman,
and L. S. Qi, “CRISPR interference (CRISPRi) for sequence-
specific control of gene expression,” Nature Protocols, vol. 8, no.
11, pp. 2180–2196, 2013.

[30] M. Kampmann, M. A. Horlbeck, Y. Chen et al., “Next-
generation libraries for robust RNA interference-based
genome-wide screens,” Proceedings of the National Academy
of Sciences of the United States of America, vol. 112, no. 26, pp.
E3384–E3391, 2015.

[31] R. Tian, H. Wang, G. D. Gish et al., “Combinatorial proteomic
analysis of intercellular signaling applied to the CD28 T-cell
costimulatory receptor,” Proceedings of the National Academy of
Sciences, vol. 112, no. 13, pp. E1594–E1603, 2015.



10 BioMed Research International
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Pleckstrin homology (PH) domains share low sequence identities but extremely conserved structures. They have been found in
many proteins for cellular signal-dependent membrane targeting by binding inositol phosphates to perform different physiological
functions. In order to understand the sequence-structure relationship and binding specificities of PH domains, quantum
mechanical (QM) calculations and sequence-based combinedwith structure-based binding analysis were employed in our research.
In the structural aspect, the binding specificities were shown to correlate with the hydropathy characteristics of PH domains and
electrostatic properties of the bound inositol phosphates. By comparing these structure properties with sequence-based profiles of
physicochemical properties, PH domains can be classified into four functional subgroups according to their binding specificities
and affinities to inositol phosphates. The method not only provides a simple and practical paradigm to predict binding specificities
for functional genomic research but also gives new insight into the understanding of the basis of diseases with respect to PH domain
structures.

1. Introduction

PH (pleckstrin homology) domains, consisting of about 100–
120 amino acid residues, are found in a wide range of
proteins involved in intracellular signalling or as constituents
of the cytoskeleton [1–4]. Although their sequences bear
very low similarity, all the determined three-dimensional
structures have seven 𝛽-strands forming two perpendic-
ular anti-parallel-sheets and one C-terminal 𝛼-helix [5].
PH domains bind either plasma-membrane phosphoinosi-
tides or cytosolic inositol phosphates with few exceptions.
The specific binding of PH domains to different inositol
phosphates is important for the signal-dependent mem-
brane targeting [6–8]. To date, the most studied inositol
phosphates include inositol 1,3,4-triphosphate (Ins(1,3,4)-
P
3
), inositol (1,4,5)-trisphosphate (Ins(1,4,5)-P

3
), and inositol

1,3,4,5-tetrakisphosphate (Ins(1,3,4,5)P
4
). Some PH domains

have been shown to interact also with protein kinase C or
heterotrimeric G proteins [9, 10] in signalling pathways. In
addition, PH domains are increasingly found to be connected
to human disorders. For examples, Bruton tyrosine kinase

(Btk) is involved in X-linked agammaglobulinemia (XLA)
[11, 12], an immunodeficiency. FGD1 protein and AKT1 are
connected to Aarskog-Scott syndrome (ASS) [13] cancer [14,
15], respectively.

In the present work, we will focus on eleven well-known
PH domains whose three-dimensional structures have been
determined. Five out of these PH domains bind inositol
phosphates with different specificities [16–21]. In addition
to evolution, PH domains have been divided into four
functional subclasses according to binding affinities and
specificities [2] (Table 1). In summary, PH domains in Group
3 bind their preferred ligands with similar affinities to those
in Group 1, whereas PH domains in Group 2 have 4–8-
fold weaker binding affinities. In addition, PH domains in
Group 4 have low affinity and less specificity. Concerning
the three inositol phosphates, the affinity of Ins(1,4,5)P

3
to

its preferred PH domains is generally lower than those of
Ins(1,3,4,5)P

4
and Ins(1,3,4)P

3
[22, 23]. To understand the

sequence-structure relationship of the four groups of PH
domains, we have investigated a number of sequence profiles
to characterize their physicochemical properties [24]. More
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Table 1: Binding specificities of representative PH domains.

Group 1 Group 2 Group 3 Group 4
PI(3,4,5)P

3
/Ins(1,3,4,5)P

4 +a + + −

PI(4,5)P
2
/Ins(1,4,5)P

3 − + −
−

PI(3,4)P
2
/Ins(1,3,4)P

3 − − + −

PH domain
Btk, Grp1, Gap1m

Gap1IP4BP, Vav, cytohesin-1, Sos,
ARNO, TIAM1-N

PLC𝛿1, 𝛽Ark, 𝛽-spectrin,
DAGK𝛿, RasGAp, OSBP, IRS-1,

Plec-N

Dapp1, Akt,
PDK1 Dynamin, TIAM1-C

a+, − represent specific binding or nonspecific binding. Gap1IP4BP represents one of the members of Ras GTPase-activating proteins and Gap1m represents the
mammalian counterpart of the Drosophila Gap1 gene.

recently, molecular dynamics (MD) simulations were per-
formed to study structural and binding affinity of functional
mutations of Btk PH domains [25] and the role of membrane
penetration and electrostatics in the interaction between
GRP1 PH domain and PI(3,4,5)P

3
[26, 27].

Despite the large body of PH domain literature, some
problems are urgently to be resolved, such as the following:
(1)Why the binding affinity of Ins(1,4,5)P

3
to its preferred PH

domains is weaker than those of the other two inositol phos-
phates? (2)What factors determine the binding specificities of
PH domains for different inositol phosphates? (3) Consider-
ing the fact that PH domains have low sequence identities but
highly conserved structures, is there any intrinsic relationship
between the binding specificities and sequence profiles of
physicochemical properties? To these aims, a systematic
comparison of the sequence-structure-function relationship
is needed for further research of the functions of PHdomains.
In this paper, we first calculated the properties of both the
inositol phosphates and PH domains, and then the binding
specificities and affinities of PH domains were analyzed from
both the structural and sequence aspects.

2. Materials and Methods

2.1. QM Calculations. The geometries of the three inosi-
tol phosphates, Ins(1,3,4)P

3
, Ins(1,4,5)P

3
, and Ins(1,3,4,5)P

4
,

were optimized at the density functional theory (DFT) of
B3LYP/6-31+G(d,p) level [28] and the equilibrium structures
were verified with calculations of frequencies. The single
point energies and the electronic properties of the optimized
inositol phosphates were calculated at the B3LYP level with
the same basis sets. All the calculations were performed with
Gaussian03 [29]. The initial conformations of Ins(1,4,5)P

3

and Ins(1,3,4,5)P
4
were extracted from PDB entries 1B55 and

1MAI, respectively. The initial conformation of Ins(1,3,4)P
3

was modified from Ins(1,3,4,5)P
4
.

2.2. Sequence Analysis. Because the sequence similarities
of PH domains are limited (average identity is 16%), the
multiple sequence alignment could not be obtained with
the general alignment programs. The sequence alignment
of the selected PH domains was retrieved from the protein
family (Pfam) database, which is created based on hidden
Markov model [30]. The sequence alignment was further
modified based on structure-based alignment and shown

in Figure 1. The PH domains were selected to represent the
different functional subgroups including Btk (PDB code:
1BTK, 1B55), Grp1 (1FGZ, 1FGY, 1FHW, 1FHX), Plc-𝛿 (1MAI),
spectrin (1BTN, 1MPH, 1DRO), pleckstrin (1PLS), 𝛽-Ark
(1BAK), Dapp1 (1FB8, 1FAO), dynamin (1DYN), and UNC-
89 (1FHO). MEGA6 was used to construct phylogenetic tree
of PH domains based on maximum composite likelihood
method [31].The profiles of physiochemical properties of PH
domains, including flexibility, hydropathy, isotropic surface
area, and electronic charge concentration, were calculated as
previously described [24].

2.3. Structure and Binding Analysis. The electrostatic poten-
tials of PH domains were calculated using a finite different
solution to the nonlinear Poisson-Boltzmann equation [32].
The grid was 20 Å larger than the PH molecule containing
123 grid points in the longest dimension.The solute dielectric
was set to 2. Solvent accessible surface areas (SASA) were
calculated according to the algorithm of Lee and Richards
[33], and a solvent radius of 1.4 Å was used for water. The
fractions of residues exposed to solvent were calculated
directly from the experimental structures and were subse-
quently used to generate profiles with the sliding window
averaging technique to facilitate comparison to the predicted
properties. In the case of NMR structuresmissing the average
structure (1MPH, 1PLS, 1BAK, and 1FHO), the first structure
in the entry was used. The detailed interatomic contacts for
inositol phosphate to PH domains were investigated with the
LIGIN program [34]. All the other structural analyses were
performed with InsightII software of Accelrys, Inc.

3. Results and Discussion

Binding PH domains have been identified in various species
[35, 36], and a few reports have discussed the evolution of
TFKs including PH domains [37]. Evolutionary relationship
among different groups of PH domains is of interest to be
compared with binding specificities. The phylogenetic tree
for 12 PH domains (Figure 2) was constructed based on the
sequence alignment. Apparently, four groups are not clearly
classified in the phylogenetic tree. For example, Btk, Plc-𝛿,
and PDK1, belonging to three different groups, have nearly
phylogenetic relationship.This result may be attributed to the
low sequence identities but extremely conserved structures
in PH domains. Therefore, the detailed analysis of their
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Figure 1: Three-dimensional structure-based sequence alignment of PH domains by the method of hidden Markov model. The SwissPort
accession numbers are shown at the end of the sequences.
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Figure 2: The phylogenetic tree for 12 PH domains. Bootstrap
analysis was carried out using MCL approach, and bootstrap values
are shown as scores of branches.

structural features is reasonably needed. We calculated and
analyzed the binding specificity of PH domains (receptors)
for inositol phosphates (ligands). First, the geometries and
electronic properties of the three inositol phosphates were
calculated. The electronic properties and hydropathy of the
receptors were investigated with structure-based analysis.
Then, based on the structural characteristics of PH domains
and inositol phosphates, the binding affinities and specifici-
ties of PH domains to inositol phosphates were analyzed.

3.1. Geometries and Electronic Properties of Inositol Phos-
phates. The electrostatic potentials of the three inositol
phosphates were calculated by QM (Figure 3). The calculated
single point energies, geometries, and electronic properties
are listed in Table 2. In all the optimized structures, the
myo-inositol ring adopted the conformation with 1-axial/5-
equatorial oxygen positions (C2-hydroxyl in axial position
and the other hydroxyls/phosphates in the equatorial orien-
tation).

The electronic charge distribution is apparently different
for Ins(1,4,5)P

3
and Ins(1,3,4)P

3
(or Ins(1,3,4,5)P

4
) (Figure 3).

In Ins(1,4,5)P
3
, the negative charge (in red) is concentrated

on one side of the molecule. The molecules were oriented
based on the superimposition of their inositol carbon atoms.
To compare the geometries and properties of Ins(1,3,4)P

3

and Ins(1,4,5)P
3
, the Ins(1,4,5)P

3
was rotated by 180∘ to

superimpose the phosphate groups of these two molecules.
It has been reported that Ins(1,3,4,5)P

4
is bound to Btk in

the opposite orientation compared to Ins(1,4,5)P
3
binding

to Plc𝛿 PH domain, although the interacting residues are in
corresponding positions [3]. Figure 3 provides a qualitative
explanation for the phenomenon, since the dipole moments
of Ins(1,4,5)P

3
and Ins(1,3,4,5)P

4
point almost to the same

direction when in inverted orientations.
The data in Table 2 confirmed the results of QM calcu-

lations. Although the chemical compositions of Ins(1,3,4)P
3

and Ins(1,4,5)P
3
are the same, the single point energies

are different by 6.4 kcal/mol, indicating that Ins(1,4,5)P
3

conformation is more theoretically stable. The comparison
of the geometries of the compounds provides an explanation
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P4

P4
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Ins(1,3,4)P3

Ins(1,4,5)P3
Ins(1,3,4,5)P4

Figure 3: Comparison of the electrostatic potentials of three inositol phosphates. The contours of electrostatic potential at −5.0, 0.0, and
5.0 (kT/e) are coloured red, green, and blue, respectively.

Table 2: Comparison of the geometries and electronic properties of
myo-inositol phosphates.

Ins(1,3,4)P
3

Ins(1,4,5)P
3

Ins(1,3,4,5)P
4

Distance (O
2
-OP3 , Å)

a 4.51; 3.89;
2.64 — 4.55; 3.40;

2.72
Distance (O

6
-OP5 ,

Å)b
— 4.57; 4.26;

2.66
4.62; 3.91;

2.84
Electronic spatial
extent (Å2) 10026 9868 13820

Dipole moment
(Debye) 17.2 11.7 10.6

Energy (HF) (a.u.) −2369.20 −2369.21 −2932.45
Energy (MP2) (a.u.) −2371.76 −2371.77 −2951.77
ΔEnergy (MP2)
(kcal/mol)c 6.4 0.0 —
aDistances between oxygen atom of 2-OH and three oxygen atoms of 3-PO

3

in Ins(1,3,4)P
3
or Ins(1,3,4,5)P

4
.

bDistances between oxygen atom of 6-OH and three oxygen atoms of 5-PO
3

in Ins(1,4,5)P
3
or Ins(1,3,4,5)P

4
.

There is no result for O
2
-OP3 distances in Ins(1,4,5)P

3
and O

6
-OP5 distance

in Ins(1,3,4)P
3
, because they do not contain 3-PO

3
and 5-PO

3
groups,

respectively.
cThe energy difference is calculated only for Ins(1,3,4)P

3
and Ins(1,4,5)P

3
,

because they belong to the same molecule but different conformations.

for the observation. The distances between the oxygen of 2-
hydroxyl and the oxygen of 3-phosphate in Ins(1,3,4)P

3
are

4.51, 3.89, and 2.64 Å, respectively, while the corresponding
distances in Ins(1,4,5)P

3
are 4.57, 4.26, and 2.66 Å, respec-

tively. In Ins(1,3,4)P
3
, the axial 2-hydroxyl is near negatively

charged vicinal equatorial 3-phosphate and thus the repulsion
between them is greater than in Ins(1,4,5)P

3
. Both the dipole

moment and the electronic spatial extent are greater in
Ins(1,3,4)P

3
than in Ins(1,4,5)P

3
.

The electronic spatial extent is a measure of molecular
volume, whereas the dipole moment is an index of molecular
polarizability. Ins(1,3,4)P

3
thus has wider electronic charge

distribution and greater polarity than Ins(1,4,5)P
3
. Since

the electrostatic interaction is the main contributor for the
interaction between PH domains and inositol phosphates.
Ins(1,4,5)P

3
, which has smaller electronic spatial extent,

binding to its preferred PH domain is weaker compared
with Ins(1,3,4)P

3
. It is evident according to Figure 3 and

Table 2 that the phosphate groups of Ins(1,4,5)P
3
are on one

side of the molecule and the shape is much flatter than
that for Ins(1,3,4)P

3
. The different geometries and electronic

properties between Ins(1,3,4)P
3
and Ins(1,4,5)P

3
contribute

to the different specificities in PH domain interactions. The
hydrophilic phosphate groups of inositol phosphates favour
hydrophilic environment in the binding region of proteins.
Among the three inositol phosphates, Ins(1,3,4,5)P

4
requires

the most hydrophilic environment for binding, due to having
four hydrophilic phosphate groups. For Ins(1,4,5)P

3
, the

binding environment in PH domain should be hydrophilic
at one side of Ins(1,4,5)P

3
. The binding environment for
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Table 3: Comparison of ligand-protein contacts in 5 PH domain-inositol phosphate complexes.

Contact surface area (Å2) Normalized complementarities
Legitimate contacts Illegitimate contacts Complementarities

1B55

P
1
-O
3

31.3 10.6 20.7 0.17
P
3
-O
3

85.0 16.0 69.0 0.65
P
4
-O
3

86.8 17.9 68.9 0.76
P
5
-O
3

81.6 19.7 61.9 0.57

1FGY

P
1
-O
3

31.0 23.8 7.2 0.06
P
3
-O
3

89.6 21.8 67.8 0.61
P
4
-O
3

114.8 8.5 106.3 1.00
P
5
-O
3

104.5 11.1 93.4 0.80

1MAI
P
1
-O
3

44.0 0.5 43.5 0.34
P
4
-O
3

83.0 17.8 65.2 0.55
P
5
-O
3

85.8 0.3 85.5 0.72

1BTN
P
1
-O
3

33.6 0 33.6 0.27
P
4
-O
3

69.4 23.5 45.9 0.43
P
5
-O
3

72.6 0 72.6 0.68

1FAO

P
1
-O
3

34.8 18.1 16.7 0.13
P
3
-O
3

82.9 23.1 59.8 0.55
P
4
-O
3

102.1 3.1 99.0 0.98
P
5
-O
3

45.0 20.9 24.1 0.20

Ins(1,3,4)P
3
is less hydrophilic than that for Ins(1,4,5)P

3
, by

virtue of the observation that the three phosphate groups in
the molecule distribute separately and widely.

3.2. Electrostatic Properties and Hydropathy of PH Domains.
The calculated electrostatic potentials of PH domain struc-
tures (Figure 4) indicate that the binding sites for inositol
phosphates are conserved and positively charged and thus
electrostatic interactions play the key role in the binding
of inositol phosphates. The localization and orientation of
the inositol phosphate binding sites can be estimated by
calculating the electrostatic properties of PH domains. On
the other hand, hydrophobicity is also important for both the
function and the stability of a protein. Hydropathy profiles
may indicate functional sites [38]. The hydropathy analyses
of PH domains are shown in Figure 4. Hydropathy environ-
ments of the PHdomain binding regions are not as conserved
as the electronic charge distributions. Hydropathy profiles
can help to explain the different affinities and specificities in
inositol phosphate binding. The binding environments are
most hydrophilic for PH domains in group 1 (Figures 4(a)
and 4(b)). The hydrophilic binding environments for PH
domains in group 2 are on one side of the bound Ins(1,4,5)P

3

molecule (Figures 4(c) and 4(d)). The hydrophilic binding
environments for PH domains in group 3 are less strict
(Figure 4(e)). These observations are in agreement with
the results obtained from the QM calculations of inositol
phosphates.

We compared the structural profiles of electrostatic prop-
erties and hydropathy with results obtained by sequence
profiles [24]. From both profiles, eight conserved extrema
were found for structurally essential regions. For example,
residues with smaller electronic charge correspond to the

residues forming the hydrophobic core of PHdomains, which
may contribute to stabilizing the structure. According to the
profiles of electronic charge concentration, the most charged
segments are generally located in the 𝛽1/𝛽2 and 𝛽7/𝛼1 loops.
Indeed, the 𝛽1/𝛽2 loop is positively charged and thus appears
to be the most important segment for the binding of inositol
phosphates.

3.3. Binding Specificities of PH Domains. Table 3 lists the
contact surface areas of phosphate groups in different PH
domain-inositol phosphate complexes and the normalized
complementarity (NC) function calculated by LIGIN pro-
gram [34]. All the illegitimate contacts are of hydrophilic-
hydrophobic type. In all cases, the C1-phosphate group has
the lowest NC function indicating that the C1-phosphate
group generally points outward and phosphoinositides can
be replaced by inositol phosphates to study the binding
specificities of PH domains. The binding affinities of inositol
(tetra- and penta-) phosphates to Btk PH domain have the
following order:

Ins(1,3,4,5)P
4
> Ins(1,3,4,5,6)P

5
≈ Ins(1,2,3,4,5,6)P

6
>

Ins(3,4,5,6)P
4
> Ins(1,3,4,6)P

4
> Ins(1,2,5,6)P

4

By comparing with the experimental data of Btk PH
domain [39], our computational results in Table 2 can be ver-
ified. In the structure of Btk PH domain-Ins(1,3,4,5)P

4
com-

plex, C2 and C6 hydroxyls point to neutral and hydropho-
bic environment, respectively. Therefore, C2-phosphate has
minor effect on the binding to the Btk PH domain, while
the phosphate at position 6 inhibits the complex formation.
The binding environment of C1-phosphate (NC = 0.17) is
less hydrophilic than that for C3, C4, and C5-phosphates
(NC = 0.65, 0.76, and 0.57, resp.), and consequently
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Figure 4: Electrostatic and hydrophobic surface representations of PH domains. Top: molecular surfaces coloured by electrostatic potential,
from red (−10 kT/e) to blue (+10 kT/e). Bottom: Hydropathic surface representations, hydrophobicity, and hydrophilicity are coloured from
red to blue.
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the contribution of C1-phosphate to the binding affinity is
smaller. Hydropathy allows the prediction of the order of
affinities of compounds. Here, the binding orientations of
inositol (tetra- and penta-) phosphates binding to the Btk
PH domain were presumed to be the same, analogous to the
binding to the Grp1 PH domain. The recent crystal structure
of Btk domain with phosphatidylinositol further identified
a key residue located at 𝛽1-𝛽2 loop for the binding [40].
The side chain of residues in 𝛽1-𝛽2 loop form hydrogen
bonds withmultiple diacylglycerol groups of PtdIns(3,4,5)P

3
.

The binding specificities of 𝛽1-𝛽2 loop are comparable with
Ins(1,3,4,5)P

4
, which will be discussed in the next section.

In the structure of the Dapp1 PH domain-Ins(1,3,4,5)P
4

complex the C6-hydroxyl is in a hydrophobic environment
but it points outwards from the domain. It has only small
effect on the affinity. The surroundings of C5-phosphate
contain both hydrophobic and hydrophilic residues and thus
C5-phosphate has minor effect on the interaction (NC =
0.20). In conclusion, the hydropathy analysis of the binding
environment provides explanations for the experimentally
obtained binding affinities as follows:

Ins(1,3,4,5,6)P
5
≅ Ins(1,3,4,5)P

4
> Ins(1,3,4,6)P

4
>

Ins(1,4,5,6)P
4

Contrary to the Plc𝛿 domain (Figure 4(c)), the 𝛽5/𝛽6 loop
in the spectrin PH domain (Figure 4(d)) is more hydrophilic
and more positively charged than the 𝛽3/𝛽4 loop. Conse-
quently, the inositol phosphate binds between 𝛽1/𝛽2 and
𝛽5/𝛽6 loops in the spectrin PH domain.

3.4. Analysis of Binding Affinity. The positions of binding
sites in SASA profiles of known PH domain structures are
shown in Figure 5.The PHdomain binding sites are generally
hydrophilic, flexible, and charged. The charge concentration,
hydrophilicity, and flexibility are the main factors, which
determine the binding affinity and specificity. Since the 𝛽1/𝛽2
loop is located between the 𝛽3/𝛽4 and 𝛽5/𝛽6 loops, the
residues in this loop play crucial roles in inositol phosphate
binding. In Figures 5(a) and 5(b), the binding sites in the
𝛽1/𝛽2 loop of Group 1 PHdomains (Btk andGrp1) are located
in the region of high hydrophilicity, high flexibility, and high
electronic charge concentration. Group 1 PH domains are
specific and have high affinity for Ins(1,3,4,5)P

4
. In addition,

the Grp1 PH domain has high affinity to Ins(1,3,4,5)P
4

including the contribution of the 𝛽6/𝛽7 loop. In the complex
of Btk PH domain-Ins(1,3,4,5)P

4
, the 𝛽6/𝛽7 loop is not

involved since it is hydrophobic.
The binding sites in the 𝛽1/𝛽2 loop of Group 2 PH

domains (Plc-𝛿 and spectrin, Figures 5(c) and 5(d)) are also
hydrophilic. The flexibility and electronic charge concentra-
tion are also high, but the electronic spatial extent and dipole
moment of Ins(1,4,5)P

3
are relatively small. The hydrophilic

phosphate groups are distributed on one side of themolecule.
Therefore their affinities are reduced compared to Group 1
andGroup 3. Compared to Group 2 PH domains, the binding
environment of Group 3 PH domain is less hydrophilic
(Figure 5(e)), because the phosphate groups of their binding
ligands are distributed separately, even for Ins(1,3,4)P

3
. The

high binding affinity of the Dapp1 PH domain to Ins(1,3,4)P
3

could be related to the electronic properties of Ins(1,3,4)P
3
.

It can be seen that the Akt PH domain has similar profiles
as Dapp1 [24, 41]. The Akt PH domain binds the Ins(1,3,4)P

3

to the loops 𝛽1/𝛽2, 𝛽3/𝛽4, and 𝛽6/𝛽7. As for Group 4 PH
domains, it may be identified by inspecting the profile of
electronic charge concentration and hydropathy.The peaks in
loop 𝛽1/𝛽2 are generally low and the binding of Group 4 PH
domains for inositol phosphates is less specific. Accordingly,
the positively charged 𝛽1-𝛽2 loop in all the structures of PH
domains appears to be the most important segment for the
binding of inositol phosphates.The inositol-binding affinities
can thus been explained by the length of 𝛽1-𝛽2 loops. The
𝛽1-𝛽2 loops of the BTK PH domain (Figure 6(a)) and Plc-𝛿
PH domain (Figure 6(c)) contain 11 and 9 residues, showing
higher inositol-binding affinities. In comparison, the 𝛽1-𝛽2
loop of Akt PH domain (Figure 6(b)) and dynamin PH
domain (Figure 6(d)) are shorter, and thus they have lower
inositol-binding affinities.

For PH domains without structure, the sequence profiles
can pinpoint possible binding sites, guide experiments, and
provide understanding of the sequence-function relation-
ships. A signature motif for 3-phosphate binding has been
suggested [23]; however it does not distinguish between
Group 1 and Group 3 PH domains. With profile analysis,
these two groups are distinguished, since the binding sites of
Group 1 PH domains are generally more hydrophilic. Motif
information should be combined with the profile analysis
to predict binding specificities of PH domains. By mapping
the signature motif for 3-phosphate binding, Group 1 and
Group 3 PH domains can be distinguished from Groups 2
and 4.ThenGroup 1 andGroup 3 PHdomains are partitioned
by hydropathy profile analysis. By analyzing the hydropathy
and electronic charge concentration, it is possible to identify
Group 4 PH domains. Since Group 4 PH domains have
less specificity and lower binding affinity, the hydrophilicity
of the sequence profile is weaker and the electronic charge
concentration of the sequence profile is lower. Figure 7 gives
an example of the prediction of the specificity of expressed
sequence tag AA054961 PH domain, which bears the signa-
ture motif for 3-phosphate binding. Since the loop 𝛽1/𝛽2 in
this PH domain includes a notable hydrophobic peak, it is
predicted to belong to Group 3.

4. Conclusions

The different binding affinities and specificities of PH
domains to the three inositol phosphates of Ins(1,3,4)P

3
,

Ins(1,4,5)P
3
, and Ins(1,3,4,5)P

4
were compared and explained

from both the structural and sequence aspects. First, the elec-
trostatics and geometric properties of the three inositol phos-
phates were calculated by a quantum mechanical method.
Since the electronic charge distribution of the Ins(1,4,5)P

3
is

smaller, its interaction with PH domains is generally weak.
Thephosphate groups in the Ins(1,4,5)P

3
are on one side of the

molecule and the binding region is more hydrophilic on one
side of the binding molecule than for Ins(1,3,4)P

3
. Then, the

structure-based electrostatic properties and hydropathy of
PH domains profiles showed that hydrophobic environment
is essential for the binding specificity.These structural results
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Figure 5: Ligand binding of the domains. The phosphatidyl inositol-binding residues are indicated by open triangles (∇). The insertions in
the aligned sequences were deleted. The SASA for the PH domains and their complexes with inositol phosphates are marked with S0 and S1,
respectively. H, F, E, and I represent hydropathy, flexibility, electronic charge concentration, and isotropic surface area, respectively.

are compared with sequence profiles for the analysis of bind-
ing specificity of PH domains, which also proved the essential
role of hydrophobic environment for the binding specificity.
The agreement of information from 1-dimensional sequence
profiles and 3-dimensional structures provides a simple but
practical method to investigate sequence-structure relation-
ship of PH domains. The overall flowchart of our research

is summarized in Figure 8, which also contain two future
directions.

PH domains can also be specifically identified and com-
bined with signalling molecules, such as PTEN and PI3K
[8]. It constitutes the basis for PH domains to partici-
pate in a variety of signalling pathways. Therefore, further
understanding of the interaction between inositol phosphates



BioMed Research International 9

PDB: 1B55
(a)

PDB: 1MAI
(b)

PDB: 1BAK
(c)

PDB: 1DYN
(d)

Figure 6: The structures of 𝛽1-𝛽2 loops (red circles) in four PH domains.
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Figure 7: The profile analysis of ESTAA054961 PH domain.

and its downstream molecules not only reveals a consistent
picture of PH domain-mediated signal network system but
also provides new insights into the mechanism of diseases
with respect to these signalling pathways. Although MD
simulation has been used to understand the interaction of
PKB PH domain with inositol phosphates involved in the
PI3K pathway [42], it remains a major challenge in the field.

Electrostatic properties 
of inositol phosphates

Hydropathy characteristics
of PH domains

Binding specificities and
affinities of PH domains

Predict 
model

Disease-causing
mutations

Classification

Group 1, Group 3 Group 2, Group 4

Group 1

More 
hydrophilic

Less specificities
and lower affinities

Group 4

Signaling 
pathways

Figure 8: The key mode for the classification of PH domain based
on inositol-binding specificity, which is helpful to the analysis of
PH domains mediated signalling pathways and disease-causing
mutations.

In our previous work, the relationship between sequence
profiles of binding sites and the effect of disease-causing
PH domain mutation was analyzed, and MD method has
been used to classify “foldingmutation” and “disease-causing
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mutation” [25]. However, the analysis and discussion of
disease-causing variations affecting binding specificities and
affinities pose another challenge. For example, Btk PH
domain is the most studied PH domain which contains the
highest number of unique disease-causing variations among
the human protein kinases. The PON-BTK provides [43] a
method for analyzing and classifying disease-causing muta-
tions.With this mutation data, it is possible to reveal the basis
of XLA by binding analysis. We hope that, in the new future,
our method would be applied to PH domains to understand
the basis of diseases with respect to inositol phosphates
involving signalling pathways and harmful mutations for PH
domains.
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Theperformance evaluation of fusion detection algorithms fromhigh-throughput sequencing data crucially relies on the availability
of data with known positive and negative cases of gene rearrangements. The use of simulated data circumvents some shortcomings
of real data by generation of an unlimited number of true and false positive events, and the consequent robust estimation of accuracy
measures, such as precision and recall. Although a few simulated fusion datasets from RNA Sequencing (RNA-Seq) are available,
they are of limited sample size.Thismakes it difficult to systematically evaluate the performance of RNA-Seq based fusion-detection
algorithms. Here, we present SimFuse to address this problem. SimFuse utilizes real sequencing data as the fusions’ background to
closely approximate the distribution of reads from a real sequencing library and uses a reference genome as the template fromwhich
to simulate fusions’ supporting reads. To assess the supporting read-specific performance, SimFuse generates multiple datasets
with various numbers of fusion supporting reads. Compared to an extant simulated dataset, SimFuse gives users control over the
supporting read features and the sample size of the simulated library, based on which the performance metrics needed for the
validation and comparison of alternative fusion-detection algorithms can be rigorously estimated.

1. Introduction

A gene fusion, also referred to as chromosomal translocation,
denotes the event whereby two normally separated genes are
joined together as a consequence of a genomic rearrangement
following DNA replication. Gene fusions are known to play
an important role in tumorigenesis in nearly all tumor
types [1, 2]. Because RNA Sequencing (RNA-Seq) provides
high coverage and reveals expressed gene fusion transcripts,
RNA-Seq based fusion-detection is a standard component of
functional cancer genomic research.

Currently, there are more than 15 RNA-Seq based fusion-
detection tools published [3–9]. Most of these tools were
tested only on real data (cell-lines or patient samples)
with RT-PCR validations of a limited number of predicted
fusions, which precluded the accurate estimation of recall
and precision. Therefore, real data are useful to test whether
a method is successful in detecting specific events but are
not sufficient to comprehensively estimate the method’s

predictive performance. A statistically powerful simulated
dataset containing large numbers of known true positives and
true negatives is the complementary solution.

Some of the published fusion-detection tools [9–11] uti-
lized an RNA-Seq based simulated fusion dataset generated
as part of the evaluation of FusionMap [5]. However, this is
a small dataset representing a single sample and a total of
50 fusions. A fusion simulator able to automatically generate
multiple datasets with various numbers and types of fusion
supporting reads could facilitate the performance evaluation
of new and existing fusion-detection algorithms. Here, we
propose SimFuse, a novel fusion simulator, to address this
gap.

SimFuse uses real data to generate background reads.
SimFuse can generate multiple fusion events with differ-
ent numbers and types of supporting reads. With suffi-
cient sampling, users can minimize random effects and
accurately estimate the performance of a fusion-detection
algorithm. Additionally, with SimFuse generated data, users
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Figure 1: Definition of essential terms. (a) Definition of fragment,
read, and insert size. A fragment is sequenced in both directions
to get a pair of reads in the paired-end sequencing. The size of the
nonsequenced portion between the paired ends is called insert size.
(b) Definition of spanning read and splitting read pairs. The fusion
boundaries are in the insert region in a spanning read pair, while the
fusion boundaries fall within one of the reads in a splitting read pair.

can precisely estimate fusion-detection recall and precision
rates as a function of the numbers or types of supporting
reads. Availability: SimFuse is free for noncommercial use at
(https://github.com/yuxiangtan/SimFuse).

2. Methods

We begin by defining some essential terms used throughout
the paper (Figure 1). We define a fragment as a contiguous
sequence of nucleotides from a cDNA molecule. The dis-
tribution of fragment lengths should approximately follow
a Gaussian distribution. We define a read as the sequenced
end of a fragment. We define pair-end sequencing as the
procedure of sequencing both ends of the same fragment, and
the two sequenced ends as paired ends. We define insert-size
as the size of the nonsequenced fragment portion between
the paired ends. We define fusion boundaries as the precise,
nucleotide-level genomic breakpoint coordinates on both
sides of the fusion gene pair. Lastly, we define spanning reads
as those reads that have the fusion boundaries in the gap
between the paired ends. Conversely, a splitting read has the
fusion boundaries within one of the paired-end reads.

The input to SimFuse consists of a pair-end aligned BAM
file with known read length and distribution of fragment
lengths (the insert-size must be positive in order to simulate
spanning reads following this distribution). This BAM file
can be the pure SAM/BAM output from aligners without
additional filtering. SimFuse consists of the following four
modules (Figure 2):

(1) Extraction of Fusion-Free Reads (from the Input BAM
File, to Build the Background Read Distribution).
Generally, a real dataset from patients or cell-lines is
preferred. The benefit of using real data to generate
the background is that it mimics the background
noise in real data and also captures the realistic

Fusion-free reads

Real data

Fusion detection
algorithms Detected fusions

Simulation data with
known fusions

Simulated fusion reads

Precision

Recall

Genome reference(a)
(b)

(c)

(d)
TP/(TP + FP)

TP/(TP + FN)

Expressionquantification

Figure 2: SimFuse workflow. (a) Fusion free reads are extracted
from the real data. (b) The expression quantification from real data
and a genome reference are used to simulate fusion reads. (c) Fusion-
free reads and simulated fusion reads are merged. (d) Running
a fusion-detection algorithm on the simulation dataset generates
results of detected fusions. Comparison of these results with the list
of simulated fusions yields fusion-detection performance estimates
(recall and precision) for the algorithm.

Exon in gene X Exon in gene Y

Spanning reads
candidates

Spanning reads
candidates

Splitting reads
candidates

Spanning fusion
reads pair

Splitting fusion
reads pair

Reference
Readlen ∗ 3Readlen ∗ 3

Figure 3:Workflow of generating fusion supporting reads. An exon
in gene 𝑋 and an exon in gene 𝑌 are randomly selected. Exon
boundaries are used as the fusion boundaries. Spanning reads are
randomly generated from within a prespecified range (read-length
∗ 3 by default) from the boundaries. To generate a splitting read,
two fragments from the two genes𝑋 and 𝑌 are generated, with their
sum length being equal to the required read-length. A spanning read
is randomly generated from either of the two exons to match the
splitting read into a splitting read pair.

variation in gene expression levels. To filter all the
potential fusion-supporting reads from the real data,
only the pair-end aligned reads consistent with the
distribution of fragment lengths are kept.

(2) Simulation of Fusion Supporting Reads. To fully con-
trol the simulation, SimFuse uses a genome reference
(e.g., hg19.fa) as the template to generate supporting
reads for simulated fusions (Figure 3). First, genes
are binned into 𝑀 expression subgroups based on
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the corresponding number of raw reads in the input
data. In the default setting, raw read counts are
grouped into the 𝑀 ranges [0 ∼ 10), [10 ∼
10

2), [102 ∼ 103), . . ., [10𝑀−1 ∼ 10𝑀]. For each
expression subgroup, 𝑁 (the number of fusions to
be simulated in a group; 𝑁 = 100 as default)
genes are randomly picked without replacement as
the fusion genes. For each fusion gene, a fusion
gene partner is randomly selected from each of the
expression subgroups. For each pair of genes, splitting
and spanning read pairs are simulated by using the
reference sequence of these genes (see supplementary
material in Supplementary Material available online
at http://dx.doi.org/10.1155/2015/780519). At the end
of this process, a total of 𝑀 × 𝑁 × 𝑀 fusion events
are generated, with 𝑁 fusion events for each of the
𝑀×𝑀 combinations of expression groups. Finally, all
the simulated reads are merged with the background
reads into a newly created FASTQ file, and a list of
fusion-gene pairs is generated.

(3) Wrapper for the Automatic Simulation of Multiple
Datasets (with Different Supporting Reads). To fully
estimate the performance of a fusion-detection algo-
rithm, a simulated dataset with large enough sample
size is needed. Additionally, the performance of a
fusion-detection algorithm may be dependent on the
number and the types (i.e., spanning or splitting) of
supporting reads. To be user friendly, SimFuse has
a wrapper function that simultaneously generates 𝐾
simulations with 𝐿 different combinations of support-
ing read numbers, which yields a total of𝑀×𝑁×𝑀×
𝐿 × 𝐾 fusion events.

(4) Generation of a Summary of Fusion-Detection Results
(from a Given Algorithm for the Whole Simulation).
To compare fusion-detection results from different
algorithms efficiently, we convert these results to a
uniform format and then use a SimFuse function
for summarization (see supplementary Table 1 and
Figure S1).

To estimate the performance of a fusion-detection algorithm,
we use recall and precision rates instead of sensitivity and
specificity [12]. Precision is more informative than specificity,
since in the fusion-detection problem the number of true
negatives (TN) is always much larger (∼20K genes in the
human genome) than the number of true positives (TP). As
a result, unless the number of false positives (type I errors)
is extremely large, the specificity will always be close to 1 and
will not adequately capture the difference among competing
detection algorithms:

recall: true positive/(true positive + false negative),
precision: true positive/(true positive + false positive).

3. Results

3.1. A Simulation Example from SimFuse. We used an
ENCODE MCF-7 cell-line dataset (SRR521521) to extract

the background reads to be included in the simulation.
This dataset consists of 76 bp pair-end reads, with a median
fragment size of 192 bp and a standard deviation of 29 bp.
Accordingly, we used a splitting-to-spanning read ratio of
19 : 5 for the generation of the fusion supporting reads
(see supplementary materials). We next generated 𝐾 =
100 independent simulations, and, for each simulation, we
generated 𝐿 = 10 combinations of supporting read numbers,
ranging from 1 splitting read and no spanning reads (1 : 0)
to 100 splitting reads and 26 spanning reads (100 : 26),
with 𝑁 = 100 fusion events for each combination (see
supplementary Table 2). Grouping based on expression levels
is not considered and we set 𝑀 = 1, since the data already
has 100,000 (1 × 100 × 1 × 10 × 100) fusions. The entire
data generation procedure was run on a 16-core 2.3 GHz
AMD Opteron 6276 machine with 64GB memory. Because
SimFuse does not currently support parallel processing, it
took 18.5 hours to complete this task using a single core.

We used deFuse [3] and TophatFusion [8] as the
two fusion-detection algorithms to analyze the simulated
datasets, with default parameter settings (see supplementary
materials). Figure 4 summarized the recall and precision rates
of the two algorithms. The recall rate of deFuse was lower
than TophatFusion in the low supporting read range but
increased and surpassed the recall rate of TophatFusion in the
detection of fusionswith at least 100 splitting and 26 spanning
reads. Conversely, TophatFusion achieved a 75% recall rate
with as few as 3 splitting and 1 spanning reads. However, it
plateaued at a lower 84% recall rate with 20 splitting and 5
spanning reads. The precision of deFuse was relatively low
in the low supporting read range but reached a maximum
of 95% when detecting fusions with at least 20 splitting and
5 spanning reads. The precision of TophatFusion was always
high but slightly decreased as the number of supporting reads
increased.The likely explanation for this phenomenon is that
as the number of supporting reads increases, the chance of
detecting multiple alignment events also increases.

3.2. Comparisonwith Existing SimulatedData. Thesimulated
dataset from FusionMap is the most accessible and popular
simulated RNA-Seq fusion dataset currently available [5, 11].
Hence, we aimed to evaluate our SimFuse-based comparison
of deFuse and TophatFusion against the analogous compar-
ison based on the FusionMap simulated dataset. To make
the comparison fair, deFuse and TophatFusion were run
with the same parameter settings used with the SimFuse
datasets. On the other hand, because the FusionMap dataset
has only one sample with 50 fusions and no replicates, it
was not possible to estimate the corresponding distributions
of recall and precision rates. The overall recall rate was
68% (34/50) for deFuse and 70% (35/50) for TophatFusion,
and the overall precision rate was 97.1% (34/35) for deFuse
and 97.2% (35/36) for TophatFusion. These estimates from
the FusionMap dataset are concordant with those from
the SimFuse datasets. Additionally, in these 50 fusions, the
supporting read numbers range from2 to 1587,whichmakes it
not possible to rigorously estimate recall and precision rates at
different supporting read levels. Nevertheless, the analysis on
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Figure 4: Barplot of recall and precision rates for deFuse and TophatFusion. Blue bars indicate deFuse results and red bars indicate
TophatFusion results. The 𝑥-axis is indexed by the supporting read groups, with each group corresponding to the indicated splitting-to-
spanning read ratio. The 𝑦-axis reports precision and recall rates. The red dash line shows estimates for TophatFusion from the FusionMap
dataset, while the blue dash line shows estimates for deFuse.

the FusionMap dataset revealed that deFuse could not detect
fusions with fewer than 10 reads while TophatFusion could,
thus confirming the more detailed conclusions drawn from
the SimFuse datasets.

4. Discussion

We have presented a new fusion simulator, SimFuse, for the
evaluation and comparison of fusion-detection algorithms
from RNAseq data. To our knowledge, this is the first
publicly available tool for the simulation of RNAseq libraries
enriched for fusion events. The simulator’s main selling
point is its capability of generating large numbers of fusion
events with customizable characteristics, including number
of supporting reads and ratio of splitting-to-spanning reads,
among others. An additional advantage is SimFuse’s ability to
simultaneously generate a large number of samples, providing
great statistical power for fusion-detection algorithm perfor-
mance estimation. The capability of generating fusions with
a tunable number of supporting reads also allows users to
estimate the minimum number of reads necessary to achieve
desired rates of fusion-detection recall and precision. More-
over, SimFuse provides detailed individual supporting read
information for each simulated fusion, and as a result, users
can evaluate the fusion-detection algorithm performance on
every single supporting read. This is a unique feature that no
other simulated RNA-Seq fusion dataset provides.

We used SimFuse to generate a large dataset of fusion-
rich samples, which was used to compare two state-of-the-art

fusion-detection tools, TophatFusion [8] and deFuse [3].
By comparing the number of known fusion-supporting reads
in the SimFuse dataset with those identified by deFuse
and TophatFusion, we found that deFuse and TophatFusion
could detect splitting and spanning reads well in most cases.
However, in some cases, these two methods reported more
supporting reads than the actual number of simulated reads,
which might suggest a propensity of these algorithms to
report false positives.

SimFuse already allows for the control of fusion param-
eters (such as number of supporting reads and ratio of
splitting-to-spanning reads) and relies on a reference genome
template for the generation of the fusion supporting reads,
but additional parameters will be included in future improve-
ments to more closely approximate real data. For example,
we can introduce tunable mutation rates for each base in the
template genome reference, or relax the location requirement
of fusion boundaries, or offer the option of alternative splicing
conjunction between exons.

SimFuse is available as open source software on github,
and input from any developers is welcome. Our hope is
that this package will provide for a starting point and that
additional functions and improvements will be contributed
by the community.
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Circadian rhythms exist in most if not all organisms on the Earth and manifest in various aspects of physiology and behavior.
These rhythmic processes are believed to be driven by endogenous molecular clocks that regulate rhythmic expression of clock-
controlled genes (CCGs). CCGs consist of a significant portion of the genome and are involved in diverse biological pathways. The
transcription of CCGs is tuned by rhythmic actions of transcription factors and circadian alterations in chromatin. Here, we review
the circadian control of CCG transcription in five model organisms that are widely used, including cyanobacterium, fungus, plant,
fruit fly, and mouse. Comparing the similarity and differences in the five organisms could help us better understand the function
of the circadian clock, as well as its output mechanisms adapted to meet the demands of diverse environmental conditions.

1. Introduction

Circadian rhythms, controlled by endogenous circadian
clocks, are rhythmic oscillations in our behavior and phys-
iological processes with a period close to 24 h. Circadian
rhythm exists in diverse organisms on the Earth ranging from
bacteria and fungi to plants and animals, allowing adaptation
to light and temperature changes caused by the self-rotation
of the Earth [1, 2]. In all kingdoms of life, the circadian clock
regulates a wide variety of physiological activities such as
cyanobacteria cell division [3], fungal sporulation [2], plant
growth and flowering time [4, 5], and sleep/wake cycles in
animals [6].

The circadian clocks are organized around three major
physiological components: an input pathway that receives
environmental cues and entrain the oscillator, a central oscil-
lator that keeps circadian time and generates rhythms, and an
output pathway that generatesmanifested rhythmic processes
throughout the body [7]. The central oscillator in eukary-
otic organisms is similar in different kinds of organisms,
consisting of transcriptional and posttranscriptional negative
feedback loops. In fungi, fruit flies, and mammals, the
positive elements of the circadian negative feedback loops are
heterodimeric complexes of two PER-ARNT-SIM domain-
containing transcription factors that activate the transcrip-
tion of negative elements. Moreover, the negative elements

repress their own expression by inhibiting the activity of
the positive elements. The cyclic activation, repression, and
reactivation of circadian negative elements generate circadian
rhythmicity, which regulates the circadian output pathway by
driving downstream clock-controlled gene (CCG) expression
[8–10].

2. The Core Molecular Clock

Circadian clocks in diverse organisms are composed of
molecular feedback loops, but these are coordinated in some-
what different ways with different factors that are presented
in detail here, based on our knowledge from five widely used
model systems: the freshwater cyanobacterium Synechococ-
cus elongatus, the filamentous fungus Neurospora crassa,
the thale cress Arabidopsis thaliana, the fruit fly Drosophila
melanogaster, and the house mouseMus musculus.

The cyanobacterial clock is regulated by the activity of
three genes, kaiA, kaiB, and kaiC. Inactivation of any of the
kai genes abolishes clock function [11]. The phosphorylation
status of KaiC exhibits robust circadian oscillation [12].
KaiC also exhibits ATPase activity, which correlates with
clock speed [13]. Kai proteins interact with each other and
regulate the rhythmic supercoiling/condensation status of
the chromosome [14, 15]. This supercoiling/condensation
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status of the chromosome rhythmically changes such that it
becomes an oscillating nucleoid, or oscilloid, which globally
regulates rhythmic gene expression [16].

In the core Neurospora circadian clock, the positive
element is the heterodimeric White Collar Complex (WCC)
consisting of WC-1 and WC-2, and the key negative element
is the FREQUENCY- (FRQ-) FRQ RNA helicase (FRH)
complex [17–19]. WCC binds to frq promoter and activates
frq transcription. Meanwhile, the FRQ-FRH complex (FFC)
recruits the casein kinases to phosphorylate WC proteins
which lead to dissociation of WCC from the frq promoter,
thereby inhibiting transcription of frq and closing the nega-
tive feedback loop [20–23]. FRQundergoes progressive phos-
phorylation by several kinases and is degraded through the
ubiquitin proteasome pathway [20, 24]. After the degradation
of FRQ protein, WCC reactivates frq transcription, thereby
initiating a new circadian transcriptional cycle. The cyclic
activation, repression, and reactivation of frq expression
bring about circadian oscillation, which is the major basis
of the rhythmic expression of CCGs. In addition to the role
in repressing WCC function in the negative feedback loop,
FRQ functions to promote the steady-state levels of WC-
1 and WC-2, forming a positive feedback loop [25]. These
interconnected feedback loops are essential to maintain the
robust and stable oscillation in Neurospora.

In Arabidopsis, the central oscillator consists of three
interlocked transcriptional feedback loops, the core loop, the
morning loop, and the evening loop. The core loop consists
of two single MYB transcription factors, Circadian Clock
Associated 1 (CCA1) and Late Elongated Hypocotyl (LHY),
which repress the expression of evening-phased pseudore-
sponse regulator (PRR) and Timing of CAB Expression 1
(TOC1) [26–30]. TOC1 originally was reported to activate
CCA1 and LHY expression [26], but more recent reports
have confirmed that TOC1 also inhibits the expression of
CCA1 and LHY [31, 32]. Members of the PRR family (PRR5,
PRR7, and PRR9) bind to promoters of their activators,
CCA1 and LHY, and repress their expression, forming a
second interlocked morning loop [33, 34]. The evening loop
is composed of TOC1, GIGANTEA (GI), and the evening
complex (EC) including Early Flowering 3 (ELF3), ELF4,
and LUX ARRYTHMO (LUX)/PHYTOCLOCK 1 acting at
dusk as a transcriptional repressor of PRR9 expression [35–
37].

The Drosophila circadian oscillator is composed of two
interlocked feedback loops. In the core feedback loop, period
(per) and timeless (tim) transcription are activated when
CLOCK (CLK) and its heterodimeric partner CYCLE (CYC)
bind E-box elements in per and tim promoters [38–41]. As
per mRNA accumulates to peak levels around dusk, PER
accumulates in the cytoplasm, where it binds TIM and then
translocates into the nucleus, thereby inhibiting CLK/CYC
activity and subsequently repressing the transcription of per
and tim [42–44]. Once TIM is induced to degrade early in the
light phase, thus “deprotecting” PER which is also targeted
for degradation, CLK/CYC binds to E-boxes again to initiate
the next cycle of per and tim transcription [45–47]. In the
second feedback loop, CLK/CYC drives the transcription
of vrille (vri) and PAR-domain protein 1𝜀 (Pdp1𝜀), whose

protein products repress and activate the transcription of clk,
respectively [48, 49].

The circadian oscillator in mouse is built on a series
of feedback loops highly similar to that in Drosophila. The
core feedback loop contains a heterodimer of transcriptional
activators formed by brain and muscle ARNTL-like protein
1 (BMAL1) and circadian locomotor output cycles kaput
(CLOCK), which directs transcription of three Period genes
(Per1, Per2, and Per3) and twoCryptochrome genes (Cry1 and
Cry2) by binding to E-box sites within their promoters [50–
53]. PER andCRY translocate into the nucleus and inhibit the
transcriptional activity of CLOCK/BMAL1 [54–56]. Targeted
degradation of PER and CRY proteins enables the reactiva-
tion of CLOCK/BMAL1, and a new cycle begins [54, 57, 58].
In an additional coupled feedback loop, CLOCK/BMAL1
activates the transcription of retinoic acid-related orphan
receptors, Ror𝛼 and Rev-erb𝛼, which activates and represses
transcription ofBmal1, respectively [53, 59]. In certain tissues,
neuronal PAS domain protein 2 (NPAS2) functions as a
CLOCK analog [60].

3. A Significant Portion of
the Transcriptome Is CCGs

As previously mentioned, many genes are rhythmically
expressed. In cyanobacteria Synechococcus elongatus
PCC7942, about 30% to 64% of the transcriptome is
expressed in a circadian manner based on results from
microarray studies [61, 62]. Circadian genes peak mostly at
dawn and dusk, with ∼30% more genes peaking at dawn
than dusk. Genes that belong to the central intermediary
metabolism, including glycoprotein and polysaccharide
synthesis, transcription, and energy metabolism, are
enriched among the rhythmically expressed transcripts [61].

In Neurospora, high-density microarrays demonstrated
that roughly 20% to 25% of the transcriptome can be
expressed under circadian control [63, 64]. Very recently,
RNA sequencing (RNA-Seq) revealed that from 10% to as
much as 40% of the transcriptome is under the control of
the clock [65, 66]. Oscillating genes are enriched in pathways
involvingmetabolism, protein synthesis, stress responses, cell
signaling, and development [63–66]. Similar to cyanobac-
teria, the peak time of Neurospora CCG expression is also
clustered in either dawn or dusk [65, 66]. In general, dawn-
phased genes are mainly participating in catabolic processes
of energy production and precursor assembly, whereas dusk-
phased genes are mostly involved in anabolic processes of
cellular components and growth.

In Arabidopsis, between 6% and 15% of the transcriptome
is regulated by the circadian clock [67–69], and by combining
the three data sets and thus improving the strength of the
analysis, between 31% and 41% of the expressed genes are
believed to oscillate [70]. This is consistent with an enhancer
trap study showing that roughly one-third of the genome
is rhythmically regulated [71]. Another study investigated
the transcriptome under different thermocycles, photocycles,
and circadian conditions and found that 89% of the tran-
scripts oscillate in at least one of the conditions [72]. CCGs
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are overrepresented among all of the classical plant hormone
andmultiple stress response pathways, aswell as cell cycle and
protein synthesis [70, 72].

Based on microarray studies, approximately 1% of genes
from Drosophila head exhibit circadian expression pattern
[73–77]. Recently, RNA-Seq assays revealed that close to 2%
of the genes in the fly head and 4% in the fly brain demon-
strate rhythmic expression, including several noncoding
RNAs that were not identified in microarray studies [78, 79].
To distinguish transcriptional versus posttranscriptional reg-
ulations in the transcriptome, nascent RNAs from fly heads
were isolated and subjected to high-throughput sequencing
(Nascent-Seq) [79]. 130 robust cycling transcriptional units
were detected, which is about 1% of the genome, and more
than 1/3 of these transcripts exhibit oscillation in mRNA
analysis. The reverse comparison indicates that 19% of the
cyclingmRNAs are identified to be cycling in theNascent-Seq
data, implicating significant contribution of posttranscrip-
tional modifications that contribute to rhythmic expression
of CCGs [79]. CCGs in fly heads are associated with diverse
biological processes, including areas of metabolism, detoxifi-
cation, signal transduction, and immunity [73–77, 79].

In mouse, approximately 5% to 25% of the expressed
genes in central and peripheral tissues were identified as
oscillating according to microarray and RNA-Seq studies
[80–84]. Despite being greatly informative, most of these
studies have analyzed only one or two organs/tissues. A recent
study, which profiled the transcriptomes of 12 differentmouse
organs, reported that 43% of all protein coding genes exhibit
circadian rhythms of mRNA abundance somewhere in the
body, largely in an organ-specific manner, and 32% of con-
served noncodingRNAs oscillate aswell [85]. Consistentwith
the findings in Drosophila, Nascent-Seq demonstrated that
roughly 15%of all detected genes are rhythmically transcribed
in the mouse liver, but of which only 42% exhibit mRNA
oscillations [86]. On the other hand, about 70% of the genes
that show rhythmic mRNA expression do not show tran-
scriptional rhythms, indicating the existence of substantial
posttranscriptional regulation that leads to mRNA cycling.
Mouse CCGs are involved in diverse biological pathways,
particularly various metabolic pathways, along with many
others [81–83, 86].

4. Transcriptional Regulation of CCGs

How are these CCGs rhythmically transcribed? Based on
our current understanding, this is accomplished by coordi-
nated efforts of rhythmic activities of transcription factors at
promoter elements in the genome and rhythmic epigenetic
modifications, such as chromatin remodeling through post-
translational modifications (PTMs).This will be described in
detail below.

In cyanobacteria, the KaiC-containing protein complex
regulates circadian gene expression via multiple protein-
dependent pathways [87]. In one pathway,KaiC interactswith
a histidine kinase SasA, which contains a KaiB-like sensory
domain [88]. KaiC increases the rate at which SasA autophos-
phorylates, and the autokinase activity of SasA is crucial to

its function [88–90]. SasA phosphorylates and activates a
transcription factor RpaA, which regulates the expression of
a small set of circadian effectors that orchestrate genome-
wide transcriptional rhythms [87, 89, 91]. More specifically,
RpaA functions to promote dusk-like expression state [89].
In parallel to SasA, low amplitude and bright (LabA) is
also believed to signal to RpaA and represses circadian
gene expression [92]. A third pathway involving CikA exerts
repressive effects on circadian gene expression, possibly by
promoting dephosphorylation and suppressing RpaA activity
[89, 92]. The phosphatase activity of CikA is enhanced by
KaiB/C at a time that is distinct from the activation of SasA
by KaiC [89]. The RpaA paralog, RpaB, is recently shown
to bind rhythmically to several promoters, including kaiBC
promoter in the subjective night, and repress transcription
[92]. This binding may be terminated by RpaA to activate
transcription during the subjective day. Moreover, the core
clock proteins KaiA and KaiC exert opposite effects on
global circadian gene expression [93]. KaiA overexpression
activates “dusk genes” and represses “dawn genes,” whereas
KaiC overexpression results in the opposite effect, that is,
repression of “dusk genes” and activation of “dawn genes.”
In addition to protein-dependent pathways, kai proteins reg-
ulate chromosome compaction rhythm and oscillation in the
superhelical status of the DNA [90, 94]. The topological state
of the chromosome is highly correlated with gene expression,
and depending on the AT content in the promoter regions,
some genes are activated while some genes are repressed by
chromosome relaxation [62, 95]. An oscilloidmodel proposes
that topological changes of the chromosome mediated by
KaiABC oscillator drive cyclic expression of genes at a global
scale, and specific promoter elements are believed to be not
essential [96].

In Neurospora, microarray and RNA sequencing stud-
ies demonstrate that 10–40% of the genome is circadianly
expressed, and these genes contain WCC binding sites and
light response elements (LRE), as well as a number of other
motifs in their promoter regions [63–65, 97]. Chromatin
immunoprecipitation (ChIP) results show thatWC-2 is phys-
ically associated with 300 to over 400 regions in the genome,
depending on the environmental conditions [65, 98]. Inter-
estingly, the expression of 8–20%of transcription factor genes
is regulated by WC-2 [65, 98, 99]. The authors propose that
these transcription factors regulated by WCC can control
downstream target genes, thus establishing a hierarchical
system that shapes genome-wide rhythmic expression of
CCGs. One such transcription factor driven byWCC is CSP1,
a transcriptional repressor [100]. Genes controlled by CSP1
are rhythmically expressed with a peak in the evening and
are predominantly involved in anabolic processes, whereas
genes strongly dependent on WCC peak in the morning
and are mainly involved in catabolic processes [97, 100].
The Neurospora clock has also been shown to regulate the
phosphorylation and thus activation of mitogen-activated
protein kinases MAK-1 and MAK-2 [101]. MAK-1 is required
for normal expression of at least 145 CCGs. Moreover, RNA
polymerase II (Pol II) is rhythmically recruited to over 1300
genes and about 25% of these genes display rhythms in
transcript levels [97].
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In Arabidopsis, promoter analyses of genes with cycling
mRNA levels, in combination with luciferase reporter and
enhancer trap assays, identified the evening element (EE),
which is overrepresented in the promoters of evening-phased
genes and both necessary and sufficient for transcription
occurring in the evening [69, 71, 102, 103]. CCA1-binding site
(CBS), which is only one base pair different from the EE, is
important for morning-phased transcription [71, 103]. Two
additional cis-regulatory elements, the morning element and
protein box, mediate transcription in the morning and mid-
night, respectively [102, 104]. Recently, using ChIP followed
by deep sequencing, over 500 genomic regions were found
to be targeted by PRR5 and over 1000 regions by CCA1 [105,
106]. PRR5 direct targets are enriched in transcription factors,
providing a means for PRR5 to control clock output, that is,
CCGs [106]. PRR5 represses the expression of its direct targets
from noon to midnight, possibly in conjunction with PRR7
and PRR9.Themajority of the genes associatedwith strongest
CCA1-binding peaks contain EE and show a rhythmic pattern
with the peak of expression in the evening [105].

In Drosophila, a study using ChIP tiling array assays has
demonstrated that CLK binds to ∼1500 sites in the genome,
and association with at least ∼60% of these sites appears
to be rhythmic [107]. These target regions are enriched for
canonical or degenerate E-boxes. CYC is detected and PER
binds to CLK/CYC about 4–6 h later at most of these target
sites, which suggests that these target genes are regulated
similarly to core clock genes. Pol II binds rhythmically to
approximately ∼30% of the target genes, leading to cyclic
synthesis of RNA [107].

In the mouse, most of the core clock proteins, including
BMAL1, CLOCK, NPAS2, PER1, PER2, CRY1, CRY2, and
REV-ERBs, have all been shown to bind to over 1000 sites
in the genome with a circadian rhythm [81, 108, 109]. These
target sites are enriched in E-boxes, as well as binding motifs
for CEBPA and a number of nuclear receptors. Pol II is
cyclically recruited to the genome with a peak that coincides
with the peak of global rhythms in nascent transcription
[81]. Genome-wide analysis revealed that the majority of
the expressed genes undergo circadian histone modifications
regardless of whether RNA oscillation can be detected and
the recruitment (and initiation) of Pol II may contribute to
variation in the amplitude of histone marks [81, 84, 110].
Valekunja and colleagues identified the histone-remodeling
enzyme mixed-lineage leukemia 3 (MLL3) as a CCG that can
modulate over 100 epigenetically targeted circadian output
genes. Moreover, inactivating the methyltransferase activity
ofMLL3 severely impairs cyclic methylation at the promoters
of core clock genes [111]. Genome-wide histone acetylation
also exhibits a diurnal rhythm, contributing to rhythmic
expression of CCGs [112]. This is believed to be orchestrated
at least in part by histone deacetylase 3 (HDAC3), which
is rhythmically recruited to the genome by REV-ERB𝛼.
Another study employed chromosome conformation capture
on chip technology and demonstrated oscillation in spatial
and temporal chromosomal organization, which is driven
by the clock [113]. This may lead to rhythmic generation of
genomic environments that promote rhythmic gene expres-
sion. Recently, enhancer RNAs have also been identified

which modulate genome-wide rhythmic expression of CCGs
[114].

5. Conclusion and Discussion

CCGs consist of a substantial portion of the genome.
Although they participate in diverse biological processes
that differ in different organisms and tissues/organs, genes
involved in metabolism appear to be circadianly regulated
throughout the phylogeny. This implicates an evolutionarily
conserved function of the circadian clock in regulating rhyth-
micmetabolic processes.This alsomeans that it is particularly
important for metabolic processes to be synchronized to the
external day/night cycle.

The transcription of CCGs is regulated by rhythmic activ-
ities of transcription factors accompanied by rhythmic alter-
ations of the chromatin in organisms ranging from cyanobac-
teria to plants and mammals, reflecting evolutionarily con-
served mechanisms controlling circadian gene transcription.
However, the complexity of the regulations increased by
orders of magnitude. In the unicellular prokaryote cyanobac-
teria, CCGs are regulated by a few transcription factors aswell
as rhythmic changes in the topology of the chromosome, and
no specific promoter sequences are believed to be involved.
Apparently, this is not sufficient for more complex organisms
to adapt to the daily cycle, and thus specific cis-elements
evolved, along with many more transcription factors and
various posttranslational modifications of the chromatin
to modulate rhythmic expression of CCGs. The combined
actions of these processes result in unique circadian tran-
scriptomes adapted to the needs of each organism, as well as
each tissue/organ within an organism. It would be of interest
to identify common and distinct mechanisms employed by
diverse organisms and tissues/organs.The former shall reveal
fundamental pathways adopted by the clock output system,
whereas the latter will reflect unique output mechanisms that
are a result of unique clock-environment interactions.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

References

[1] J. C. Dunlap, “Molecular bases for circadian clocks,” Cell, vol.
96, no. 2, pp. 271–290, 1999.

[2] J. C. Dunlap, “Closely watched clocks: molecular analysis of
circadian rhythms in Neurosporaand Drosophila,” Trends in
Genetics, vol. 6, no. 5, pp. 159–165, 1990.

[3] T. Mori and C. H. Johnson, “Independence of circadian timing
from cell division in cyanobacteria,” Journal of Bacteriology, vol.
183, no. 8, pp. 2439–2444, 2001.

[4] M. J. Dowson-Day and A. J. Millar, “Circadian dysfunction
causes aberrant hypocotyl elongation patterns in Arabidopsis,”
Plant Journal, vol. 17, no. 1, pp. 63–71, 1999.

[5] T. Imaizumi and S. A. Kay, “Photoperiodic control of flowering:
not only by coincidence,” Trends in Plant Science, vol. 11, no. 11,
pp. 550–558, 2006.



BioMed Research International 5

[6] R. Y. Moore, “Circadian rhythms: basic neurobiology and
clinical applications,” Annual Review of Medicine, vol. 48, pp.
253–266, 1997.

[7] M. Merrow, K. Spoelstra, and T. Roenneberg, “The circadian
cycle: daily rhythms from behaviour to genes,” EMBO Reports,
vol. 6, no. 10, pp. 930–935, 2005.

[8] D. Bell-Pedersen, V. M. Cassone, D. J. Earnest et al., “Circadian
rhythms from multiple oscillators: lessons from diverse organ-
isms,” Nature Reviews Genetics, vol. 6, no. 7, pp. 544–556, 2005.

[9] D. Bell-Pedersen, J. C. Dunlap, and J. J. Loros, “Distinct
cis-acting elements mediate clock, light, and developmental
regulation of theNeurospora crassa eas (ccg-2) gene,”Molecular
and Cellular Biology, vol. 16, no. 2, pp. 513–521, 1996.

[10] M.W. Young and S. A. Kay, “Time zones: a comparative genetics
of circadian clocks,” Nature Reviews Genetics, vol. 2, no. 9, pp.
702–715, 2001.

[11] M. Ishiura, S. Kutsuna, S. Aoki et al., “Expression of a gene clus-
ter kaiABC as a circadian feedback process in cyanobacteria,”
Science, vol. 281, no. 5382, pp. 1519–1523, 1998.

[12] J. Tomita, M. Nakajima, T. Kondo, and H. Iwasaki, “No
transcription-translation feedback in circadian rhythm of KaiC
phosphorylation,” Science, vol. 307, no. 5707, pp. 251–254, 2005.

[13] K. Terauchi, Y. Kitayama, T. Nishiwaki et al., “ATPase activity
of KaiC determines the basic timing for circadian clock of
cyanobacteria,” Proceedings of the National Academy of Sciences
of the United States of America, vol. 104, no. 41, pp. 16377–16381,
2007.

[14] H. Kageyama, T. Kondo, and H. Iwasaki, “Circadian formation
of clock protein complexes by KaiA, KaiB, KaiC, and SasA in
cyanobacteria,”The Journal of Biological Chemistry, vol. 278, no.
4, pp. 2388–2395, 2003.

[15] Y. Xu, T. Mori, and C. H. Johnson, “Cyanobacterial circadian
clockwork: roles of KaiA, KaiB and the KaiBC promoter in
regulating KaiC,” The EMBO Journal, vol. 22, no. 9, pp. 2117–
2126, 2003.

[16] T. Mori and C. H. Johnson, “Circadian programming in
cyanobacteria,” Seminars in Cell andDevelopmental Biology, vol.
12, no. 4, pp. 271–278, 2001.

[17] P. Cheng, Y. Yang, K. H. Gardner, and Y. Liu, “PAS domain-
mediated WC-1/WC-2 interaction is essential for maintaining
the steady-state level of WC-1 and the function of both proteins
in circadian clock and light responses ofNeurospora,”Molecular
and Cellular Biology, vol. 22, no. 2, pp. 517–524, 2002.

[18] P. Cheng, Y. Yang, and Y. Liu, “Interlocked feedback loops
contribute to the robustness of theNeurospora circadian clock,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 98, no. 13, pp. 7408–7413, 2001.

[19] A. C. Froehlich, J. J. Loros, and J. C. Dunlap, “Rhythmic binding
of a WHITE COLLAR-containing complex to the frequency
promoter is inhibited by FREQUENCY,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 100, no. 10, pp. 5914–5919, 2003.

[20] Q. He, H. Shu, P. Cheng, S. Chen, L. Wang, and Y. Liu, “Light-
independent phosphorylation of WHITE COLLAR-1 regulates
its function in theNeurospora circadian negative feedback loop,”
The Journal of Biological Chemistry, vol. 280, no. 17, pp. 17526–
17532, 2005.

[21] C. I. Hong, P. Ruoff, J. J. Loros, and J. C. Dunlap, “Closing the
circadian negative feedback loop: FRQ-dependent clearance of
WC-1 from the nucleus,”Genes andDevelopment, vol. 22, no. 22,
pp. 3196–3204, 2008.

[22] J. J. Loros and J. C. Dunlap, “Genetic and molecular analysis of
circadian rhythms inNeurospora,”Annual Review of Physiology,
vol. 63, pp. 757–794, 2001.

[23] T. Schafmeier, A. Haase, K. Káldi, J. Scholz, M. Fuchs, and
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Hsp70s (heat shock protein 70s) are a class of molecular chaperones that are highly conserved and ubiquitous in organisms ranging
from microorganisms to plants and humans. Most research on Hsp70s has focused on the mechanisms of their functions as
molecular chaperones, but recently, studies on stress responses are coming to the forefront. Hsp70s play key roles in cellular
development and protecting living organisms from environmental stresses such as heat, drought, salinity, acidity, and cold.
Moreover, functions of human Hsp70s are related to diseases including neurological disorders, cancer, and virus infection. In this
review, we provide an overview of the specific roles of Hsp70s in response to stress, particularly abiotic stress, in all living organisms.

1. Introduction

Proteins fold into the correct three-dimensional structures
with the assistance of chaperone proteins to avoid abnormal
folding and aggregation [1]. Heat shock proteins (Hsps),
molecular chaperones originally discovered based on their
upregulation in response to heat stress, have been divided into
five different families based on molecular weight: Hsp100,
Hsp90, Hsp70, Hsp60, and small (s) Hsp [2]. Living organ-
ismsmust adapt to temperature changes during their lifetime,
and the Hsp70s are found in every kingdom. For instance,
photosynthetic eukaryotes contain four types of Hsp70s
which localize to different cellular compartments: cytoplasm,
mitochondrion (MT), chloroplast (CP), and endoplasmic
reticulum (ER) [3]. Hsp70s are involved in many cellular
processes, including protein folding, protein translocation
across membranes, and regulation of protein degradation.
This review will focus on types and numbers of Hsp70s in
various kingdoms species, as well as their functions in stress
responses.

2. Structure and Isotype of Hsp70s

Hsps are pivotal molecular chaperones that function in
response to proteotoxic stress by refolding misfolded pro-
teins. Hsp70 (called DnaK in prokaryotes) is a 70-kDa
protein that represents the best-known heat shock protein
[4]. Hsp70s are highly conserved and exist in all organ-
isms ranging from microorganisms to plants and humans.
Structurally, Hsp70s contain a nucleotide-binding domain
(NBD), acting as a ATPase domain, a substrate-binding
domain (SBD), and a C-terminal lid region that covers the
SBD. Usually, the NBD is around 45 kDa and the SBD is
around 15 kDa. By contrast, the length or sequence of the C-
terminal region varies and in some cases contains organelle-
specific retention motifs [5]. The NBD and SBD are highly
conserved, while the C-terminal region has varied to some
extent (Figure 1).

In Escherichia coli, there are three Hsp70 proteins: DnaK,
HscA (Hsc66), and HscC (Hsc62) [5]. Of 14 Hsp70 proteins
in Saccharomyces cerevisiae, 9 are present in the cytosol,
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Figure 1: Continued.
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Figure 1: Analysis of the conserved domains of partial Hsp70s in cytoplasm group from various kingdoms. The Hsp70 members from
Saccharomyces cerevisiae (Sc), Homo sapiens (Hs), Drosophila melanogaster (Dm), Chlamydomonas reinhardtii (Cre), Physcomitrella patens
(Pp), Selaginella moellendorffii (Sm), Oryza sativa (Os), Arabidopsis thaliana (At), and Populus trichocarpa (Pt).
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3 are found in mitochondria (Ssc, Ecm, and Ssq), and 2
localize to the ER (Kar2 and Lhs1) [6]. In the unicellular
alga Chlamydomonas reinhardtii, a total of 7 genes encode
Hsp70s, with Hsp70A and Hsp70E as cytosolic proteins,
Hsp70B in the chloroplast, Hsp70C and Hsp70D localize to
mitochondria, and BiP1 and BiP2 are found in the ER lumen
[7]. Chlamydomonas is related to the last common ancestor
of plants and animals; in contrast to the land plants that
have numerous cytoplasmic Hsp70s, the alga has only one
cytoplasmic Hsp70.Therefore, it seems that evolutionary and
environmental selection pressure drove an increase in the
types and numbers of molecular chaperones [8].

Nine cytosolic Hsp70 family members are encoded in the
genome of the moss Physcomitrella patens, which is evolu-
tionarily placed among the first group of plants to transition
from an aquatic to a terrestrial lifestyle [9]. In addition, three
chloroplast and four mitochondrial Hsp70 genes have been
identified in moss, and knockout of cpHsp70-2 was found
to be lethal [10]. The expansion of the Hsp70 gene family
was reported to result from genome and gene duplications,
which are a driving force in eukaryotic evolution [11]. Rice
(Oryza sativa) contains 32 Hsp70 genes; among these are 24
Hsp70 family and 8 Hsp110 subfamily members [12]. The
Arabidopsis Hsp70 gene family includes 18 members, 14 in the
DnaK subfamily and 4 in the Hsp110/SSE subfamily. Of the
DnaK subfamily proteins, six are in the cytosol, three are in
chloroplast, three are in the ER, and two are in mitochondria
[13]. Similarly, the Populus trichocarpa genome includes 20
Hsp70 genes [14]. As demonstrated by the Hsp70 family, it
appears that the complexity and function of plant genomes
probably evolved after land colonization.

Studies of the Hsp70 gene family in animals have also
revealed interesting findings. In Drosophila melanogaster,
the Hsp70 family includes seven genes in the cytoplasmic
group, but only one ER gene and one mitochondrial gene
[15]. Besides that, at least 13 Hsp70 homologs are present
in human, including Hsp70-5 (known as Grp78 or BiP),
Hsp70-9 (known as mortalin, GRP75, or mtHsp70), and
other Hsp70s in the cytosol or nucleus [16]. Based on data
from fish [17], chicken [18], and buffalo [19], it appears that
vertebrate animals generally have only one ER gene and that
the stress-induced Hsp70s are mainly cytosolic members.

3. Hsp70s in Responses to Biotic and
Abiotic Stress

Increasing evidences show that Hsp70s are involved in
folding newly synthesized proteins, signal transduction, and
protein translocation from nucleus to organelles. As house-
keeping genes, Hsp70s are responsible for essential functions
in response to various biotic and abiotic stresses.

3.1. Hsp70s in Prokaryotes. Hsp70, generally called DnaK
in bacteria, is important for responses to several abiotic
stresses. The expression of DnaK increases under heat,
acidity, and cold stresses in Alicyclobacillus acidoterrestris,
which is a Gram positive, rod-shaped, aerobic, acidophilic,
thermophilic, and spore-forming bacterium [20]. Studies
in Staphylococcus aureus indicated that the DnaK system

contributes to heat and oxidative stress tolerance, and DnaK
protein refolding machinery plays an essential role in the
stress responses [21]. Hsp70/DnaK bind pathogen-associated
molecular patterns (PAMPs), such as endotoxin lipopolysac-
charide (LPS) and potent antimicrobial substances, which
suppress pathogen proliferation [22]. Since DnaK carries
out key functions to enhance shrimp resistance against
the pathogen Vibrio harveyi, which infects aquatic animals,
bacteria overproducing DnaK have been added into feed
pellets to protect the white leg shrimp Penaeus vannamei in
aquaculture [23].

3.2. Hsp70s in Fungi and Plants. Hsp70s were first discovered
in fruit flies in the 1960s when a lab worker accidentally
increased the incubation temperature, and the basic function
of these proteins is recognized to be as molecular chaper-
ones [24]. Hsp70s are evolutionarily highly conserved. In
plants, mitochondrial and plastid Hsp70s have relatively high
sequence similarity to DnaK (the bacterial Hsp70 homolog),
ranging from 50% to 63%, while the other Hsp70s mem-
bers are more closely related to cytosolic Hsp70s [25]. The
cytosolic Hsp70 family members display up to 75% amino
acid identity to other plant Hsp70 proteins of this group
[26]. The sequences of Hsp70 homologs from the different
compartmentations have similarity and peculiarity with each
other. According to those foregoing researches, ER arise from
the early stages of the eukaryotic cell, whilemitochondria and
chloroplast are the accepted endosymbiotic origin organelles.
Here we showed an example in rice (Figure 2). From the
phylogenetic tree of Hsp70 family in rice, we can clearly see
that the evolutionary relation of those Hsp70s is consistent
with the origin of compartmentations.

3.2.1. Roles of Cytosolic Hsp70s. The cytosolic Hsp70 proteins
can be divided into two subgroups. One group is the heat
shock cognate (Hsc) 70 proteins, which are involved in
normal cellular activities such as protein folding and intra-
cellular targeting. Another group is Hsp70s, which function
in responses to various stresses and probably participate in
the refolding of denatured or aggregated proteins [6].

Saccharomyces cerevisiae contains four classes of cytosolic
Hsp70, termed Ssa, Ssb, Sse, and Ssz.The fourmembers of Ssa
in S. cerevisiae represent the major cytosolic Hsp70 family,
and among them Ssa3 and Ssa4 confer greater resistance to
H
2
O
2
[27]. The Hsp70 Ssz1 can bind the Hsp40 Zuotin and

form a heterodimeric ribosome-associated complex (known
as RAC) to stimulate Ssb ATPase activity [28]. Moreover, Ssb
might affect membrane protein biogenesis in response to salt
[29]. Sse1 and Sse2 proteins represent the Hsp110 subfamily
in S. cerevisiae. Loss of Sse1 renders cells slow growing
and temperature sensitive, and Sse1 and Sse2 constitute an
essential gene pair, as inactivation of both genes is lethal [30].

As a single-celled chlorophyte green alga, Chlamy-
domonas lives in diverse environmental conditions around
the world. It has been demonstrated that Chlamydomonas
Hsp70 genes are induced by light, and the expression reg-
ulation of cytosolic Hsp70A is mediated by a heat shock-
independent pathway [31]. In maize, cytosolic Hsp70 regu-
lates the abscisic acid- (ABA-) induced antioxidant response
during drought and heat stress. Upon exposure to abiotic
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Figure 2: Phylogenetic tree of Hsp70 family in rice.

stresses, H
2
O
2
production is induced and leads to enhanced

activities of antioxidant enzymes, with subsequent increases
in the endogenous ABA levels and Hsp70 accumulation
[32].

To identify the functions of Hsp110/SSE subfamily mem-
bers in Arabidopsis, artificial microRNA (amiRNA) technol-
ogy has been used to silence AtHsp70-14 and AtHsp70-15
genes. The transgenic amiRNA-AtHsp70-14/15 plants showed
growth retardation and their leaves shriveled faster than those
of the control. Besides, AtHsp70-15-deficient plants were
more sensitive to ABA and heat treatment [33].

In short, the cytosolic Hsp70s in plants and fungi serve as
key factors in responses to ROS, salt, and ABA stresses.

3.2.2. Roles of ER Hsp70s. The accumulation of unfolded or
misfolded proteins in the ER lumen is thought to cause ER
stress and activate a protective signaling pathway known as
the unfolded protein response (UPR) [34], which involves
ER-resident molecular chaperone Hsp70s called Binding
immunoglobulin Proteins (BiPs). The unfolded or misfolded
proteins are recognized and sent out of the organelle for
degradation.

Overexpression of BiP in transgenic tobacco (Nicotiana
tabacum L. cv Havana) plants can prevent cellular dehy-
dration, reducing the effects of drought [35]. Nevertheless,
soybean BiP functions in drought tolerance and drought-
induced leaf senescence [36]. Compared to wild type, the

rates of photosynthesis and CO
2
assimilation are less inhib-

ited by drought in transgenic lines overexpressing BiP, and
these lines are resistant to drought, although the mechanism
is unclear [36].

In Citrus, the ER-resident Hsp70-5 shows seed-specific
expression and has a key function in seed desiccation tol-
erance. Furthermore, Citrus Hsp70-5 is highly expressed in
response to biotic stresses, such asXylella infection andCitrus
tristeza viral infection, due to activation of the UPR signaling
pathway [37].

The mechanism of BiP-mediated stress resistance is not
clear at all; therefore, the general mechanisms for protection
of cellular components during plant cell stresses require
further investigation.

3.2.3. Roles of Mitochondrial Hsp70s. Most mitochondrial
protein precursors are synthesized in the cytosol and sub-
sequently imported into the mitochondrial matrix. It has
been demonstrated that mtHsp70 plays a prominent role
in mitochondrial biogenesis. According to previous reports,
mtHsp70 binds to protein precursors as they come into the
matrix and provides the driving force for the import reaction
through ATP hydrolysis. After import, mtHsp70 proba-
bly participates in substrate refolding [10]. In pea (Pisum
sativum) leaves, mtHsp70 function has been demonstrated
to be related to cellular development, and the expression of
mtHsp70 is suppressed as the plant ages [38].
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Studies of mtHsp70 functions in response to abiotic stress
in plants are limited, although mtHsp70 genes have been
identified from many plant species. The moss Pohlia nutans
lives in the Antarctic polar environment, and PnHsp70,
encoding a mitochondrial chaperone, is induced by low or
high temperature, salinity, drought, or PEG treatment, as well
as UV radiation [39].

In general, although the functions of plant mitochondrial
Hsp70 proteins under stress conditions have not been well
studied, they are known to be crucial for cell survival.

3.2.4. Roles of Chloroplast Hsp70s. In Chlamydomonas, the
chloroplast-localized Hsp70B plays a key role in protec-
tion against photoinhibition. The expression of Hsp70B is
increased not only under heat shock, but also under high light
or oxidative stress conditions [40]. Hsp70s are important in
pathological processes at the same time. A wheat (Triticum
aestivum L.) chloroplast TaHsp70 plays a crucial role in
stress-related responses and in defense responses elicited
by infection with stripe rust fungus via a JA-dependent
signal transduction pathway [41]. During Arabidopsis seed
germination, cpHsp70-1 is important for root growth in
response to the heat treatment. Analyses of cpHsp70-1 and
cpHsp70-2 single knockout mutants indicated that cpHsp70s
are essential for plant development and that the two cpHsp70s
most likely have redundant but also distinct functions [42],
while cpHsp70-1 ismore highly expressed in leaf than all other
Hsp70s, suggesting a specific role of cpHsc70-1 in chloroplasts
[43]. Similarly in rice, OsHspCP1 plays an important role in
chloroplast development during heat stress [44].

In summary, the chloroplast Hsp70s carry out pivotal
functions in processes related to growth and development
and are regulated by environmental factors such as light, heat,
and pathological stresses.

3.3. Hsp70s in Animals. Hsp70 represents the best-charac-
terized class of cytoprotection proteins, and its expression is
markedly induced by a variety of stresses, such as heat shock,
UV irradiation, and exposure to heavy metals. However, the
distribution and accumulation of Hsp70s are highly tissue
specific in different development stages of animals.

In insects (e.g., Drosophila melanogaster), zebrafish
(Danio rerio), and mammals, Hsp70 has been shown to be
expressed in a stage- and tissue-specificmanner. In spermato-
gonial cells of D. melanogaster, the constitutive presence of
Hsp70 proteins was shown to be more stable than in other
cell types during heat shock [45]. In bull spermatozoa, there
is a positive correlation between Hsp70 expression level and
sperm motility [46]. Interestingly, in zebrafish embryos, in
situ hybridization experiments indicated that the amount of
Hsp70 mRNA localized in the brain, eye, otic vesicle, and
yolk sac was enhanced under heat stress conditions [47]. In
rainbow trout, Hsp70 accumulates in juvenile trout tissues
including the gill and liver upon exposure to heavy metals
[48].

In pigs, the expression level of Hsp70 in blood lympho-
cytes increased significantly under cold stress at −10 to −4∘C,
and it can serve as a molecular biomarker of cold stress in
animals [49].

Among human Hsp70 family members, the ER-located
Hsp70-5 and cytosolic Hsp70-8 are regarded as essential
housekeeping genes [50]. Furthermore, the mitochondrial
Hsp70-9 participates in several cellular processes related to
maintaining protein homeostasis. In mice, overexpression of
mtHsp70 in retinal ganglion cells (RGCs) can suppress vision
loss and optic atrophy. In the near future, mtHsp70 will likely
emerge as a therapeutic target for optic neuritis, Parkinson’s
and Alzheimer’s diseases, and cancers [51], whereas human
Hsp70-1 and Hsp70-2 also display different functions in
different cancer cells. Hsp70-1 is related to the origins of
malignant tumors and may be a relevant cancer survival
protein. By contrast, Hsp70-2 is abundantly expressed in the
nervous system, and its expression is increased in metastatic
breast cancers [52].

The human Hsp70s have attracted extensive attention
worldwide, because they present a new approach for treat-
ment of various kinds of diseases affecting mitochondria.

4. Conclusions

Hsp70s are widely distributed in numerous organisms from
bacteria to animals. They play important roles in essential
cellular processes and also in stress-related processes of the
cells. In this review, we summarized their functions and
application in response to a variety of stresses in bacteria,
fungi, plants, and animals. Given thatHsp70 is also a potential
therapeutic target for a variety of human diseases, further
studies will be required to fully elucidate the roles of Hsp70s
in all living species.
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falafel (flfl) encodes a Drosophila homolog of human SMEK whose in vivo functions remain elusive. In this study, we performed
gain-of-function and loss-of-function analysis in Drosophila and identified flfl as a negative regulator of JNK pathway-mediated
cell death. While ectopic expression of flfl suppresses TNF-triggered JNK-dependent cell death, loss of flfl promotes JNK activation
and cell death in the developing eye and wing. These data report for the first time an essential physiological function of flfl in
maintaining tissue homeostasis and organ development. As the JNK signaling pathway has been evolutionary conserved from fly
to human, a similar role of PP4R3 in JNK-mediated physiological process is speculated.

1. Introduction

falafel (flfl) is a Drosophila protein phosphatase 4 (PP4)
regulatory subunit 3 (PP4R3) [1], which specifically mediates
Miranda (Mira) localization and determinants cell fate dur-
ing both interphase andmitosis [2]. flfl binds toCENP-Cwith
its EVH1 domain [3] that is crucial for PP4 catalytic activity to
centromeres at chromosomes during mitosis. Previous study
proposed that PP4 functions through the modular activity of
its component subunits [3]. Although in vitro studies have
reported that PP4 is involved in a variety of molecular and
cellular processes including regulation of c-Jun N-terminal
kinase (JNK) pathway [4], NF-kB pathway [5], hematopoietic
progenitor kinase 1 [6], apoptosis [7], and cell division
[8], flfl’s in vivo functions remain poorly understood. The
human homolog of flfl is SMEK, which recruits PP4c to
promote neuronal differentiation by dephosphorylating Par3
[9]. However, other in vivo functions of SMEK remain largely
elusive.

The JNK pathway is evolutionary conserved from
Drosophila to mammal [10]. As its genome has low redun-
dancy, Drosophila has been used as an excellent genetic
model to study tumor necrosis factor- (TNF-) induced cell
death in development. InDrosophila, the TNF ortholog Eiger
(Egr) triggers cell death through its receptor Grindelwald
(Grnd) [11], the E2 ubiquitin conjugating enzyme complex

Bendless/dUev1a [12, 13], the E3 ubiquitin ligase dTRAF2 [14],
the TAK1-associated binding protein 2 Tab2 [15], and the
dTAK1-Hep-Bsk (Drosophila homologs of JNKKK-JNKK-
JNK) kinase cascade [16, 17]. In developing eyes, ectopically
expressing Egr by GMR-Gal4 (GMR > Egr hereafter) induces
JNK-dependent cell death and produces small eyes in adult
[16, 17].

To identify additional factors that regulate Egr-triggered
JNK-mediated cell death, we performed a genetic screen for
dominant modifiers of the GMR > Egr small eye phenotype.
From the screen, we found that expression of flfl suppresses
Egr-triggered cell death. On the other hand, knocking down
flfl induced JNK activation and JNK pathway-dependent cell
death, suggesting a physiological function of flfl in animal
development. To our knowledge, this is the first report that
flfl negatively regulate TNF-JNK signaling-induced cell death
in vivo.

2. Materials and Methods

2.1. Drosophila Strains. All stocks were raised on standard
Drosophila media, and crosses were performed at 25∘C.
UAS-flfl-IR (V103793) was obtained from Vienna Drosophila
Research Center, UAS-flfl-IR (31690), 𝑓𝑙𝑓𝑙EY03585, UAS-GFP-
IR, and ap-Gal4 were obtained from Bloomington Stock
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Figure 1: flfl suppress Egr-induced cell death in Drosophila eye. Light micrographs of Drosophila eyes are shown. Compared with the GMR-
Gal4 control (a), GMR > Egr triggered cell death and produced a small eye phenotype (c), which was suppressed by expressing flfl (e) but
not GFP (d). Expression of flfl produced no noticeable phenotype (b). Genotypes: GMR-Gal4/+ (a); GMR-Gal4/flflEY03585 (b); UAS-Egr/+;
GMR-Gal4/+ (c); UAS-Egr/UAS-GFP; GMR-Gal4/+ (d); UAS-Egr/+; GMR-Gal4/flflEY03585 (e).

Center, and UAS-bsk-IR (5680R-2) was from Fly Stocks of
National Institute of Genetics (NIG). pucE69 [18], GMR-Gal4,
en-Gal4, pnr-Gal4, UAS-GFP [19, 20], UAS-Egr [16], UAS-
Egrw [6], UAS-Hep, and UAS-BskDN [21] were previously
described.

2.2. AO Staining. Eye discs from 3rd instar larvae were
dissected in 1% PBS buffer. AO staining procedure was based
on previous assay [22]. Florescent image of eye discs labeled
with AO was collected with Olympus Microscope BX51. 10
discs of each genotype were collected for statistics analysis.

2.3. Light Image. 3-day-old flies of each genotypes were
collected and immediately frozen at −80∘C. For the image,
flies were mounted on 1% agarose plates. Light images of
eye and thorax were documented with OLYMPUS stereo
microscope SZX16.

2.4. X-Gal Staining. X-Gal staining was performed as pre-
viously described with minor modification [23, 24]. Wing
imaginal discs from 3rd instar larvae were dissected in 1%
PBS buffer and fixed with 1% glutaraldehyde for 15 minutes
at room temperature and incubated with 𝛽-galactosidase at
37∘C for 24 hours.

2.5. Data Analysis. Invasive breast carcinoma stroma versus
normal data was obtained from Oncomine database (https://
www.oncomine.org/).

3. Results and Discussion

3.1. flfl Suppresses Egr-Induced Cell Death in Eye Development.
As previous study showed, ectopic expression of Egr under
the control of GMR-Gal4 induced a small eye phenotype
[17]. This phenotype is mostly suppressed by coexpressing

a dominant negative allele of Bsk (BskDN) encoding the
Drosophila JNK ortholog [21], which indicates Egr-induced
cell death is mainly mediated by JNK signaling [25]. To
identify additional components of the Egr-JNK pathway or
factors interacting with the pathway, we performed a genetic
screen for dominant modifiers of the GMR > Egr small eye
phenotype and identified Nopo, Ben,Wnd, andWg signaling
as essential regulator of Egr-JNK pathway induced cell death
[21, 26].

From the screen, we also found that theGMR > Egr small
eye phenotype (Figure 1(c)) was significantly suppressed by
𝑓𝑙𝑓𝑙

EY03585 (Figure 1(e)), a P-element inserted in the first
intron of flfl. This P-element carries the UAS sequence
located about 1 kb upstream of the coding region and is
able to drive the expression of flfl by the GMR-Gal4 driver.
However, expression of flfl by itself had no effect on the
eye size (Figure 1(b)), compared to the GMR-Gal4 control
(Figure 1(a)). As a negative control, coexpressing GFP did
not suppress GMR > Egr-triggered small eye phenotype
(Figure 1(d)). Thus, the data indicate that flfl is able to
suppress Egr-induced cell death in the eye.

3.2. Loss of flfl Enhances Egr-Induced Cell Death in Eye Devel-
opment. As flfl gain of function suppressed Egr-induced cell
death, we wonder whether loss of flfl could enhance Egr-
triggered cell death. To this end, we knocked down flfl in the
eye by expressing flfl RNAi with GMR-Gal4 and observed a
rough eye phenotype (Figure 2(d)), compared to the control
(Figure 2(a)). Consistent with previous reports, expression
of a weaker UAS-Egr allele (UAS-Egrw) driven by GMR-
Gal4 resulted in a rough eye phenotype (Figure 2(b)). This
phenotype is severely enhanced by knocking down flfl as
there was almost no eye tissue left (Figure 2(e)). As a negative
control, expressing a RNAi sequence specifically targeting
green fluorescent protein (GFP) has no effect on GMR >
Egrw-triggered rough eye phenotype (Figure 2(c)). These
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Figure 2: Loss of flfl enhances Egr-triggered cell death in the developing eye. Light micrographs of Drosophila eyes ((a)–(e)) or acridine
orange staining of eye discs from 3rd instar larvae ((f)–(j)) are shown. Compared with the GMR-Gal4 control ((a) and (f)), GMR > Egrw
induced rough eye phenotype in adulthood (b) and cell death in larval eye disc (g) was not affected by expressing GFP RNAi ((c) and (h)) but
was strongly enhanced by expressing flfl RNAi ((e) and (j)). Knocking down flfl alone caused a rough eye phenotype (d) and mild cell death
in eye discs (i). Genotypes: GMR-Gal4/+ ((a) and (f)); UAS-Egrw/+; GMR-Gal4/+ ((b) and (g)); UAS-Egrw/UAS-GFP-IR; GMR-Gal4/+ ((c)
and (h)); UAS-flfl-IR/+; GMR-Gal4/+ ((d) and (i)); UAS-Egrw/UAS-flfl-IR; GMR-Gal4/+ ((e) and (j)).

results show that flfl loss of function rigorously enhances Egr-
triggered eye phenotype.

It was previously reported that ectopic Egr-induced eye
phenotype is caused by cell death [16]. To examine cell death
in vivo, we performed acridine orange (AO) staining that
specifically labels dying cell. As reported previously [12],
ectopic expression of a weak UAS-Egr transgene (UAS-Egrw)
driven by GMR-Gal4 induced mild cell death in eye discs
posterior to the morphogenetic furrow (MF), as revealed
by AO staining (Figure 2(g)). Egr-triggered cell death was
rigorously enhanced by expressing flfl RNAi (Figure 2(j)) but
remained unaffected by expressing GFP RNAi (Figure 2(h)).
Consistent with its rough eye phenotype, knocking down flfl
provoked weak cell death (Figure 2(i)). These data suggest
that loss of flfl enhances Egr-induced cell death in eye
development.

3.3. Loss of flfl Enhances JNK-Mediated Cell Death in Thorax
Development. To investigate whether flfl suppresses JNK-
mediated cell death in other tissues, we activated JNK signal-
ing in the notum with pannier-Gal4 (pnr-Gal4). Expression
of Hep, the Drosophila homolog of JNK, driven by pnr-
Gal4 induced cell death and produced a small scutellum
in adult fly (Figure 3(d)) [21]. Knocking down flfl by pnr-
Gal4 slightly decreased scutellum size (Figure 3(c)) and
dramatically enhanced Hep-induced cell death by producing
a no scutellum phenotype as well as a split thorax in adult flies
(Figure 3(f)). As a negative control, expression of aGFPRNAi
did not produce any effect on scutellum size (Figures 3(b)
and 3(e)). Together, the results indicated that flfl negatively
regulates JNK-mediated cell death in thorax development.

During Drosophila imaginal discs development, slow-
proliferating cells are eliminated by a process called “cell
competition” [27], which regulates tissue’s homeostasis and
organs’ fitness and final cell number. JNK pathwaywas shown
to play a crucial role in cell competition by eliciting cell
death in “loser cells” [28, 29]. Since our data suggest that
flfl impedes JNK-mediated cell death in a nontissue specific
manner, flfl is likely a negative regulator of JNK-dependent
cell competition and tissue homeostasis.

3.4. Loss of flfl Induces JNK Pathway Activation and Cell
Death in Wing Development. To investigate the physiolog-
ical functions of flfl in wing development, we specifically
knocked down flfl in the posterior compartment of wing
discs by engrailed-Gal4 (en-Gal4) and checked cell death
with AO staining. We found that loss of flfl triggered
extensive cell death in the posterior compartment of wing
discs (Figure 4(c)), compared with the en-Gal4 control
(Figure 4(a)) and en > GFP-IR (Figure 4(b)). These results
suggest that flfl is physiologically required for cell survival in
Drosophila wing development.

To examine whether JNK signaling plays a role in loss
of flfl induced cell death, we checked the expression of puc,
a transcriptional target of JNK pathway [30]. pucE69 is a
puc mutant allele with a LacZ bearing P-element inserted
into the puc locus and serves as a puc-LacZ reporter [31]
whose expression could be easily visualized by X-Gal stain-
ing. We found that knocking down flfl in the posterior
compartment of wing discs resulted in upregulated puc-LacZ
expression (Figure 4(f)), compared with the en-Gal4 control
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Figure 3: Loss of flfl enhances JNK-mediated cell death in thorax. Light images of Drosophila adult thoraxes are shown. Compared with
the wild type (a) and pnr > GFP-IR control (b), expression of Hep induced a small scutellum (d), which was dramatically enhanced by
the expression of flfl RNAi (f), while expression of flfl RNAi slightly decreased scutellum size (c). Dashed rectangle indicates the scutellum.
Genotypes: pnr-Gal4/+ (a);UAS-GFP-IR/+; pnr-Gal4/+ (b);UAS-flfl-IR/+; pnr-Gal4/+ (c);UAS-Hep/+; pnr-Gal4/+ (d);UAS-Hep/UAS-GFP-
IR; pnr-Gal4/+ (e); UAS-Hep/UAS-flfl-IR; pnr-Gal4/+ (f).

(Figure 4(d)) and en > GFP-IR (Figure 4(e)), suggesting that
loss of flfl promotes JNK pathway activation.

The JNK pathway is evolutionary conserved from fly to
human. Compared with the compact Drosophila genome,
there are three homologs of flfl, SMEK1, SMEK2, and
SMEK3P, and dozens of Puc homologs named dual speci-
ficity phosphatase (DUSP) in human. Previous study has
reported that JNK signaling is essential for cell migration and
tumor invasion [32]. Based on the above data, we speculate
that SMEK is downregulated and DUSP is upregulated in
metastatic tumor. Consistent with the hypothesis, we found
from the Oncomine database (https://www.oncomine.org/)
that SMEK1 expression is indeed downregulated whereas
DUSP1 is upregulated in invasive breast carcinoma stroma
compared to normal tissue (Figures 4(g) and 4(h)) [33].These
data imply that the role of flfl in modulating JNK pathway is
likely conserved by SMEK1 from Drosophila to human.

Although our data mining and previous study found that
JNK activity is elevated in several cancer cell lines, its role in
tumor development is context-dependent [8]. JNK pathway
was implicated as both procancer and anticancer signaling in
cancer development for its regulation on cell proliferation and
cell death, respectively [6]. In certainmousemodels of cancer,

JNK deficiency enhances tumor formation and metastasis
[20, 34]. In Drosophila, clones with ectopic oncogene Src
expression induce no-autonomous tumor growth [35], while
Src expression also induces cell death through JNK pathway
[22]. Cells in Src clone could escape from cell death if JNK
pathway is blocked [35]. Intriguingly, another important
oncogene Ras can also switch JNK pathway from anti- to
protumor signaling [6]. Thus, upon the presence of different
regulating factor(s), JNK pathway modulates cell death,
tumor genesis, and progression in a cell context-dependent
manner.

3.5. Loss of flfl Induced Cell Death Is JNK Pathway-Dependent.
Knocking down flfl by GMR-Gal4 induced cell death in
eye discs (Figure 2(i)) and produced a rough eye phenotype
in adults (Figure 2(d)). These results were confirmed by
another independent line of flfl RNAi (Figures 5(b) and
5(b)). To understand whether loss of flfl induced cell death
is JNK pathway dependent, we blocked JNK signaling by
expressing a bsk RNAi or a dominant negative allele of
Bsk (BskDN). We found that loss of flfl triggered rough eye
phenotype (Figure 5(b)) and increased cell death in eye discs
(Figure 5(b)) were significantly suppressed by compromised
JNK activity (Figures 5(c)–5(e)). As a control,GFP RNAi and
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Figure 4: Loss of flfl induces JNK pathway activation and cell death in wing development.Drosophila 3rd instar wing discs with AO ((a)–(c))
and X-Gal staining ((d)–(f)) are shown. Knocking down flfl in the posterior compartment of wing discs by en-Gal4 induced extensively cell
death (c) and puc-LacZ expression (f), while expressing a GFP RNAi failed to do so ((b) and (d)). en-Gal4 ((a) and (d)) served as controls.
Dashed line indicates the anterior-posterior boundary of wing discs ((c) and (f)). Anterior boundary is to the left in all panels. Genotypes:
en-Gal4/+ (a); en-Gal4/UAS-GFP-IR (b); en-Gal4/UAS-flfl-IR (c); en-Gal4/+; 𝑝𝑢𝑐E69/+ (d); en-Gal4/+; 𝑝𝑢𝑐E69/UAS-GFP-IR (e); en-Gal4/+;
𝑝𝑢𝑐

E69/UAS-flfl-IR (f). SMEK1 (g) and DUSP1 (h) relative expression level in invasive breast carcinoma stroma compared to normal tissue
in Finak Breast dataset are shown. Reporter: A 24 P36961 and A 23 P110712 are probes used in the study to detect SMEK1 and DUSP1,
respectively. Breast stands for normal samples. The number in the parenthesis represents the total number of samples.
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Figure 5: flfl loss-of-function induced cell death was suppressed by compromised JNK activity. Light micrographs ofDrosophila eyes ((a)–(d)
and (f)–(h)) or acridine orange staining of eye discs from 3rd instar larvae ((a)–(d) and (f)–(h)) are shown. Compared with the control
(a), knocking down flfl induced cell death in eye discs (b) and a rough eye phenotype in adult (b), which were significantly suppressed by
knocking down bsk ((c) and (c)) or coexpressing a dominant negative form of Bsk ((d) and (d)). Expressions of GFP-IR, bsk-IR, or BskDN
were included as controls ((f)–(h)). (e) is the statistical analysis of acridine orange positive cells in the posterior part of eye discs from the
indicated panels. Column shows mean + SEM and significance was tested by unpaired Student 𝑡-test; ∗∗∗𝑃 ≤ 0.001; ∗∗𝑃 ≤ 0.01.

loss of Bsk signaling produced no evident phenotype in adult
eyes (Figures 5(f)–5(h)).These results indicate that depletion
of flfl induced cell death is JNK pathway-dependent.

4. Conclusions

In this study we have identified flfl as a negative regulator of
TNF-trigger JNK-mediated cell death in Drosophila. While
ectopic expression of flfl impedes JNK signaling-induced
cell death, loss of flfl induces JNK pathway activation and
cell death in Drosophila eye and wing discs and produced
morphological defects in the adult eye. These data suggest
an important physiological function of flfl in maintaining

tissue homeostasis in Drosophila organ development. flfl’s
ability to inhibit JNK signaling is likely retained by its
human homolog SMEK1. Consistently, while activated JNK
pathway promotes dermal fibroblasts cellmigration inwound
healing [36], ectopic expression of SMEK1 significantly
decreased the migration ability of carcinoma cells [37]. In
addition, we found from Oncomine database that SMEK1 is
downregulated whereas JNK signaling target gene DUSP1 is
upregulated in human invasive carcinoma [33].
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There is a recent emerging theory that suggests a cross-link between pathogens and cancer. In this context, we examined the
association between the Mycobacterium tuberculosis (MTB) with its L-forms (MTB-L) and lung cancer. In the present study, we
have optimized and applied a highly sensitive assay to detect the presence of MTB and MTB-L in 187 lung cancer samples and 39
samples of other cancer origins. By carefully controlling confounding factors, we have found that 62% of the lung cancer samples are
MTB-L positive, while only 5.1% of the other cancer samples are MTB-L positive. Through generalized linear models and random
forest models, we have further identified a set of clinical end-points that are strongly associated with MTB-L presence. Our finding
provides the basis for future studies to investigate the underlyingmechanism linkingMTB-L infection to lung cancer development.

1. Introduction

Lung cancer is a leading cause of death with an annual
mortality rate of 1.59 million people, accounting for 19.3%
of all cancer mortality worldwide [1]. Of notable concern in
China, lung cancer mortality rate has continuously risen for
the past three decades at an alarming annual rate of 464%.
This has now replaced liver cancer as the leading cause of
death from malignant tumors [2]. Therefore, understanding
the causes of lung cancer is of great importance.

It has been speculated that Mycobacterium tuberculosis
(MTB), primarily as a pathogen of the mammalian respi-
ratory system, is closely linked to the occurrence of lung
cancer [3]. Approximately one-third of the people in the
world have been infected by MTB [4], with 1% of the
world population becoming newly infected each year [5].
Of particular interest, 90–95% of MTB carriers have no
symptoms [6].Mycobacterium tuberculosis L forms (MTB-L)
are a wall-defective and pleomorphic form of MTB and have
many characteristics different fromMTB’s original vegetative

forms [7]. While investigating the incidence of lung cancer,
researchers noticed thatMTB-L, which have no cell wall, may
act like some carcinogenic viruses that can induce cancer by
DNA integration [7].

Generally, MTB-L have low pathogenicity and activity.
Therefore, MTB-L have often gone undiagnosed and have
not been identified as the cause of disease [7]. For example,
the clinical presentations of MTB-L may be misclassified as
“chronic lymphadenitis of unknown origin,” because inflam-
mation may be the only detectable sign. This often happens
because of other viruses or mycoplasma infections [7]. Con-
sequently, to avoid failing to detect ormisdiagnosingMTB-L,
pathologists have adopted three sensitive methods: (1) acid-
fast, (2) immunohistochemical staining, and (3) isolation. It
has been reported that, among acid-fast staining methods,
Intensified Kinyoun’s (IK) method has higher sensitivity than
the Ziehl-Neelsen (ZN) method [7] and has emerged as the
main acid-fast staining method. However, the sensitivity of
the IK method to detect MTB is still improvable. As a result,
probe-based methods with increasing performance are being
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Table 1: Patient characteristics.

Characteristic Values Lung cancer TB, non-lung-cancer Non-TB, non-lung-cancer
Eligible patients Total number 187 31 39
Category
WHO (lung cancer
histological
classification) of 2004

Squamous cell carcinoma (SCC) 63 NA NA
Lung adenocarcinoma (LAC) 77 NA NA

Bronchioloalveolar carcinoma (BAC) 27 NA NA
Small cell lung carcinoma (SCLC) 20 NA NA

Clinical stage (UCC
1997)

I, II 61 NA NA
III, IV 70 NA NA

Tumor size ≤3 cm 56 NA NA
>3 cm 75 NA NA

Lymph node
metastasis

Yes 89 NA NA
No 42 NA NA

History of TB Yes 19 31 NA
No 112 0 NA

Gender Male 80 26 14
Female 107 5 27

Pathology grade
I 22 NA NA
II 60 NA NA
III 63 NA NA

Age 59.3 (mean), 10.3 (sd) 53.4 (mean), 9.1 (sd) 49.9 (mean), 7.6 (sd)

rapidly developed for MTB (including MTB-L) detection. In
this paper, in order to improve the sensitivity of MTB and
MTB-L detection, probes targeting gene mpb64 are used in
in situ hybridization. Gene mpb64 is in the MTB genome,
and its MPB64 protein is identified from MTB strain H37Rv
[8, 9]. Although MTB-L cannot grow well in media for
routine examination of tuberculosis, media culture remains
the standard way to detect and isolate the infection. However,
92-3TB-L media were reported to be suitable for the growth
of both MTB vegetative forms and L-forms [7]. In our lab,
we developed a standardized protocol of using 92-3TB and
92-3TB-L media to maximize the isolation rate of L forms
[10, 11].

Currently, there have been limited investigations on the
relationship between lung cancer and MTB-L. Our lab is a
key pioneer in this field and published two primary studies. In
these two studies, we showed thatMTB-L exist in lung cancer
patients as the primary type of MTB. Unfortunately, we were
unable to explain any of the tumorigenic mechanisms yet [10,
11].

In this study, we examined 187 lung cancer tissues for
MTB/MTB-L presence by combining IK acid-fast staining
and in situ hybridization using mpb64 probes. We compared
the rate ofMTB/MTB-L positive cases in lung cancer with the
rate among other cancer types. By computational methods,
we were able to extract key clinical features that can char-
acterize a subpopulation of lung cancer samples with higher
prevalence of MTB/MTB-L.

2. Materials and Methods

2.1. Samples. Table 1 was the summary of clinical charac-
teristics of all samples used in this study. There were three
main groups of samples: (1) lung cancer samples, which were
used to study the association betweenMTB/MTB-L and lung

cancer; (2) tuberculosis group without cancer (TB, non-lung-
cancer), which was used as the positive control to estimate
the sensitivity of the MTB/MTB-L detection assay; and (3)
a group of samples without TB (non-TB, non-lung cancer),
including hepatic, gastric, and breast cancers, was used as the
negative control to estimate the specificity for theMTB/MTB-
L detection assay.

The lung cancer samples were from 187 patients who
were diagnosed with lung cancer at the North China Oilfield
Hospital of Hebei Medical University. Here, they had surgery
to remove the cancer from the lung between 2003 and 2012.
A consensus cancer diagnosis was reached by pathology. For
131 out of 187 patients, complete pathological records were
available. For 47 out of 131 patients, fresh surgery tissues were
available. Within the 19 patients with history of TB, sixteen
patients had ipsilateral tuberculosis and cancer, while another
three had contralateral disease.

For the TB, non-lung-cancer group, samples were from
31 patients who had surgery from the North China Oilfield
Hospital of Hebei Medical University between 2004 and 2012
(14 out of 31 patients had fresh surgery tissues). Among
the 31 patients, 19 had tuberculosis and 12 had tuberculous
lymphadenitis.

For the non-TB, non-lung-cancer control group, samples
were from 39 hospitalized surgical patients in the North
China Oilfield Hospital of Hebei Medical University between
2004 and 2012. Each patient went through a chest X-ray,
CT, and OT tests that excluded the possibility of patients for
having tuberculosis or lung cancer. 17 out of 39 patients had
fresh surgery tissues. Among the 39 patients, 6 had hepatic
carcinoma, 14 had gastric cancer, and 19 had breast cancer.

The research protocol was approved by ethic committees
of the North China Oilfield Hospital of Hebei Medical
University where the samples were collected and all patients
provided informed consent. All specimens were handled
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and made anonymous according to the ethical and legal
guidelines.

2.2. Reagents. Targeted fragments My250-224 and My310-
283 were chosen from the mpb64 gene (X75361, 826 bp)
from the standard strain Mycobacterium tuberculosis H37R.
The probes for the two fragments were made and biotin-
labeled by Tianjin Haoyang Biotechnology Company (Tian-
jin, China.) The probe sequences were as follows:

(1) 5-CGGTATCGGTGCCTTTCAACTCCTCGC-3,
(2) 5-GGGCAGGCTGATGTTGATGTTGTAGGC-3.

The probes can be used separately or mixed together. In
order to increase the MTB detection rate, these two probes
were mixed for this experiment. The in situ hybridization
kit was purchased from Tianjin Haoyang Biotechnology
Company. Other reagents such as 92-3TB, 92-3TBL, PNB-
MTB and PNB-MTB-L, TCH-MTB and TCH-MTB-L, and
other liquid media were prepared by our lab.

92-3TBL liquid media were made by first dissolving 2 g of
glucose, 5 g of amino succinamic acid, 2.5 g of monopotas-
sium phosphate, 1 g of monometallic sodium orthophos-
phate, 2.5 g of sodium citrate, 0.5 g of magnesium sulfate, 4 g
of gelatin, 30 g of sodium chloride, and 20mL of glycerol into
distilledwater to a final volumeof 900mL. (Allmaterials were
purchased from Beijing Chemical Works, Beijing, China.)
4% NaOH was added to the solution to adjust its pH to
7.0. 1mL of 1% malachite green (Ziyi Reagent Company,
Shanghai, China) that was added to the solution, which was
then split into vaccine bottles with 90mL in each bottle.
Bottles were placed under eight pounds of pressure for 15
minutes. After cooling to room temperature, 10mL of sterile
bloodplasmawas added into each bottle. (Fresh bloodplasma
was kept under 56 degrees Celsius for one hour followed by 4
degrees Celsius overnight. Blood plasma was brought up the
next day by centrifuging at 1500×g for 30 minutes.) Finally,
aseptic technique was used to split the mixture into small
test tubes with two to three mL in each tube. Samples were
cultured in an incubator for 48 hours to ensure no bacterial
contamination.

92-3TB liquid media was made following the same pro-
cedure as that for 92-3TBL liquid media, with the exception
that no sodium chloride was added.

p-Nitrobenzoic acid- (PNB-)MTBorMTBL liquidmedia
were made by adding PNB (Shanghai Chemical Works,
Shanghai, China) into 92-3TB or 92-3TBL liquid media to
make the final PNB concentration to 0.25mg/mL.

2-Thiophenecarboxylic acid hydrazide- (TCH-) MTB or
MTBL liquid media were made by adding TCH (Shanghai
Chemical Works, Shanghai, China) into 92-3TB or 92-
3TBL liquid media to make the final TCH concentration to
0.25mg/mL.

2.3. Methods. Slide preparation: tissue was harvested and
fixed immediately with 4% paraformaldehyde (Beijing
CellChip Biotechnology Co., Ltd., Beijing, China) and 0.1M
PBS (PH 7.0 to 7.6 in 1/1000 DEPC (Sigma-Aldrich, St. Louis,
MO, USA.)), followed by dehydration, paraffin embedding,

and sectioning of a series of 6 slides with a thickness ranging
from 4 to 6 𝜇m.

Intensified Kinyoun’s (IK) acid-fast staining to detect
MTB-L: as used here, this method has previously been
described in the literature [10]. Briefly, 3 g of Schiff stain (Ziyi
Reagent Company, Shanghai, China) was dissolved in 20mL
of 95% ethanol (Ziyi Reagent Company, Shanghai, China).
8mL of phenol (Beijing Chemical Works, Beijing, China)
was added into 80mL of distilled water. The final solution
was filtered for storage. Before each use, 0.1mL of Tween 80
(Beijing ChemicalWorks, Beijing, China) was added into the
mixture of the previous two solutions. Decolorant was made
by dissolving 0.5%muriatic acid in ethanol solution, followed
by adding 0.5mL of concentrated hydrochloric acid (Beijing
Chemical Works, Beijing, China) into 100mL of 95% ethanol
(Ziyi Reagent Company, Shanghai, China). After staining,
0.1 g of methylene blue (Ziyi Reagent Company, Shanghai,
China) was dissolved in 100mL of 0.2% acetic acid (Beijing
Chemical Works, Beijing, China). Detection of MTB-L was
based on the frequency of finding a stained cell in a field of a
microscope. If 0 out of 300 fields of a microscope was found,
it was marked as MTB-L negative (−); if 1 to 2 out of 300
fields were found, it was marked as MTB-L inconclusive (±);
otherwise, if a range of 3 ormore out of 300 fields were found,
it was marked as MTB-L positive (+).

The Ziehl-Neelsen staining to detect MTB-bacteria type:
the slides were dewaxed and went through the follow-
ing series of ethanol dehydration (Ziyi Reagent Company,
Shanghai, China). First, carbol fuchsin solution was made
by dissolving 4 g of Schiff stain (Ziyi Reagent Company,
Shanghai, China) in 100mL of 95% ethanol (Ziyi Reagent
Company, Shanghai, China) to make 100mL of saturated
solution. Second, 10mL of saturated solution was mixed
with 90mL of 5% phenol (Beijing Chemical Works, Beijing,
China). Third, 3% muriatic acid ethanol solution was made
by adding 3mL of concentrated hydrochloric acid (Beijing
Chemical Works, Beijing, China) into 97mL of 95% ethanol
(Ziyi Reagent Company, Shanghai, China). Lastly, Loffler’s
alkaline methylene blue solution was made by dissolving
2 g of methylene blue (Ziyi Reagent Company, Shanghai,
China) into 100mL of 95% ethanol (Ziyi Reagent Company,
Shanghai, China) to make 100mL of saturated solution. The
final solution wasmade by taking 30mL of saturated solution
and mixing it with 100mL of distilled water and 0.1mL of
10% caustic potash (BeijingChemicalWorks, Beijing, China).
These methods strictly followed TB Diagnostic Bacteriology
Testing Protocols developed by the China Tuberculosis Asso-
ciation.

In situ hybridization to detect mpb64 gene expression:
following the procedure from the kit manual, the probe was
hybridized to a lung cancer tissue slice and used as the
positive control, while a lung cancer tissue without probe
hybridization was used as the negative control. The detection
method was NBT/BCIP method. If the hybridized cancer
cell nucleus showed brown particles, it was deemed mpb64
positive. To determine thempb64 expression status per slice,
five high magnification views (400x) from each slice were
selected at random. A mpb64-positive-cancer-cell rate for
each view was determined by counting the percentage of
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Table 2: IK ∗MPB64 TCN ISH as response. 99 samples, positive : negative = 69 : 30.

Clinical endpoints 𝑃 value Values MTBL positive MTBL negative

Category 0.0832

Squamous cell carcinoma (SCC) 29 6
Lung adenocarcinoma (LAC) 28 13

Bronchioloalveolar carcinoma (BAC) 8 6
Small cell lung carcinoma (SCLC) 4 5

Clinical stage 0.4328 I, II 27 15
III, IV 42 15

Tumor size 0.9732 ≤3 cm 28 13
>3 cm 41 17

Lymph node metastasis 0.1409 Yes 49 16
No 20 14

Gender 0.3929 Male 31 10
Female 38 20

Pathology grade 0.4674
I 13 6
II 34 11
III 22 13

Age 0.9579 59.86 (mean), 9.53 (sd) 59.73 (mean), 10.89 (sd)

mpb64-positive cancer cells in all cancer cells under each
view.The final positive rate for each slice was then calculated
as an average of the rates from the five views. The overall
sample’s mpb64 expression was deemed positive if the per-
slice positive rate is greater than or equal to 5%; otherwise, it
was labeled asmpb64 negative.

Use of bacterial culture to detect MTB and MTB-L:
part of the tissue from each resecting surgery was placed
onto a sterile plate, cut by sterile scissors, and ground. Each
half gram of ground tissue was then inoculated into 92-
3TB and 92-3TBL liquid media, mixed, and incubated at
37 degrees Celsius for one to three weeks. The sample was
observed once each week by taking the precipitate onto
slides for the IK acid-fast staining and the Ziehl-Neelsen
staining before microscopy observation. Bacteria samples
that were grown on 92-3TB liquid media were transferred
to PNB-MTB and TCH-MTB liquid media to identify the
MTB type. Bacteria samples that were grown on 92-3TBL
liquid media were passed to the same media (92-3TBL) from
generation to generation. Each generation was cultured for
one week until the fifth generation. Meanwhile, samples were
inoculated ontoPNB-MTL-L andTCH-MTB-L liquidmedia.
The identification method for MTB-L was the same as for
MTB above.

2.4. Classification Model of MTB-L with Clinical End-Points

2.4.1. Generalized Linear Model (GLM). The response of the
data was calculated with following equation:

Response = IK ∗MPB64. (1)

Samples with missing values were filtered out. The final
dataset contained seven covariates and 99 samples (Table 2),
69 of which had a positive response.

All covariates were put into an initial model. Next
stepwise Akaike’s Information Criterion (AIC) was applied

to pick the strongest predictive features as well as to avoid
overfitting. This procedure was repeated 1000 times, and
the frequency of each variable appearing in the best model
was used to determine the “important” features. Due to
the unbalanced group sizes, in each iteration, we utilized
the bootstrap resampling technique to generate 100 positive
samples and 100 negative samples as the training data. Pseudo
𝑟 square was calculated for investigating goodness-of-fit. The
training data was predicted by the model, and AUC was
calculated as a measure of model accuracy. All statistics
analyses were done with the R programming language [12].

2.4.2. Random Forest Model. Random forest is an ensemble
of classification trees that are calculated on random subsets
of the data, using a subset of randomly restricted and
selected predictors for each split in each classification tree.
In this study, we used the “party” R package [13] to perform
random forest modeling. Again as the samples were not
evenly distributed, we utilized bootstrap resampling to create
a balanced dataset with 100 positive samples and 100 negative
samples, which was then used for random forest modeling.
We repeated this procedure five times to get average accuracy
estimation. The “party” R package also provides a per-
mutation accuracy variable importance measure. Variables
were considered informative and important if their variable
importance values were above the absolute value of the lowest
negative-scoring variable.The rationale for this rule of thumb
is that the importance of irrelevant variables varies randomly
around zero. In order to model the random feature, we made
two features by scrambling the response vector and then
running random forest with the two random features.

3. Results

3.1. Development of a Reliable Detection Assay for MTB/MTB-
L. Originally, we sought to establish a reliable assay for
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(a) (b)

(c) (d)

(e) (f)

Figure 1: Sample histology images.The scale bar equals 10 𝜇m in each figure. (a and b)The IK staining figures with 1000 times zoomed in. (a)
Showing MTB-L in the nucleus of squamous cell carcinoma (see black arrows). (b) Showing MTB-L in the nucleus of lung adenocarcinoma
(see black arrows). (c and d) 400 times zoomed in in situ hybridization figures. (c) Showing mpb64 positive expression in the nucleus of
squamous cell carcinoma. (d) Showing mpb64 positive expression in the nucleus of lung adenocarcinoma. (e and f) 200 times zoomed in in
situ hybridization figures. (e) Positive control showingmpb64 in tuberculosis. (f) Negative control where nompb64 probes are added in lung
adenocarcinoma.

detecting MTB-L by assessing and optimizing existing stan-
dard assays. The Ziehl-Neelsen (ZN) staining had tradition-
ally been used as a standard method for detecting MTB (all
forms) in TB samples. Recently, reports have leveraged the
emergence of Intensified Kinyoun’s (IK) acid-fast staining
technique to detectMTB in general, andmore specifically the
L forms [10, 14].

In the current report, we first assessed our ability to detect
MTB-L by the IKmethod. Discriminatory detection ofMTB-
L by this method has a significant histology component (see
Methods) and depends on the experience of the histologists

(Figure 1). A sample set containing 31 TB, non-lung-cancer
samples and 39 non-TB, non-lung-cancer samples was tested.
Non-lung-cancer samples were used to eliminate lung cancer
as a potential factor affecting the detection of MTB-L in
tissues. As shown in Figure 2(a), 29/31 (93.5%) TB, non-lung-
cancer samples were correctly identified as IK-positive (for
MTB-L), while 37/39 (94.9%) non-TB, non-lung cancer sam-
ples were correctly identified as IK-negatives. For reference,
the ZN staining was also performed on a subset of these
samples for confirmatory purposes with 100% agreement
(results not shown). To further confirm the diagnosis of



6 BioMed Research International

37

2

2

29

0

25

50

75

100

Non-TB TB

IK−
IK+

Sa
m

pl
es

 (%
)

= 8.3e − 13P value

(a)

36

3

0

31

(IK/MPB64)−
(IK/MPB64)+

Non-TB TB

0

25

50

75

100

Sa
m

pl
es

 (%
)

1.0e − 13P value =

(b)

Figure 2: Assessment and optimization of MTB/MTB-L detection assay. 31 TB, non-lung-cancer samples and 39 non-TB, non-lung-cancer
samples were used as the test set. As the cause of TB, MTB-L was expected to be present in the TB, non-lung-cancer but absent in the non-TB,
non-lung-cancer samples. (a) Detection of MTB-L by the IK method alone. (b) Detection of MTB/MTB-L by the IK method and thempb64
marker.

MTB-L, 31 TB samples were used to isolate and culture
bacteria under the appropriate selection media conditions
for MTB-L [11]. All 31 TB samples were confirmed to have
MTB-L by the culture methods. Conversely, culture results
from 16 non-TB samples that were IK-negative had a 100%
confirmation rate as being negative for MTB-L.

We next explored novel ways to improve positive detec-
tions from TB, non-lung-cancer samples. We reasoned that
since the leftover samples contained MTB/MTB-L in a way
that was hard to be stained by the IK method, we could
make use of genomic information from MTB to improve
sensitivity. Meanwhile, we hypothesized that these hard-to-
stain MTB samples might have unknown forms of MTB,
which had deviations from the textbook characteristics and
were worth further study. As a result, we complemented
the IK method with a genetic component by testing for the
presence of the mpb64 gene in the cell nucleus, a marker
for MTB [11]. The combination of the IK method and the
mpb64marker improved the true positives rate in TB samples
for MTB/MTB-L from 93.5% to 100% while only slightly
decreasing the true negatives rates in non-TB samples from
94.9% to 91.7% (Figure 2(b)). Based on these results, we
adopted the combination of the IK method and the mpb64
marker as the extended criteria for classifying MTB/MTB-L
presence for the remaining studies in this report, while the
IK method alone was the strict criteria for classifying MTB-L
presence.

3.2. In Patients with No TB History, MTB-L Is More Prevalent
in Lung Cancer Samples Compared to Other Cancer Types.
A total of 187 lung cancer samples were collected for the
present study.Of these samples, 19 patients had a documented

prior medical history of TB and 113 had no reported TB
history, while the remaining 55 patients were missing this
information. We selected the 113 samples with no reported
TB history to compare with 39 samples of other cancer types
without prior TB medical history. As shown in Figure 3,
MTB-L was detected from 70 of the 113 lung cancer samples
(61.9%), a statistically significant (𝑃 value = 2.2𝑒 − 16)
contrast with the samples from other cancer types (2 of 39,
5.1%). Among other cancer types, there were one out of 14
gastric cancer samples (7.1%) and one out of six breast cancer
samples (16.7%) detected as MTB-L positive, which was
still a statistically significant contrast. To increase sensitivity
(Figure 4), MTB/MTB-L was detected from 73 of the 113 lung
cancer samples (64.6%), which was still significantly (𝑃 value
= 2.6𝑒 − 15) higher than 3 of 39 samples from other cancer
types (7.7%). Among other cancer types, there were one out
of 14 gastric cancer samples (7.1%) and two out of six breast
cancer samples (33.3%) detected as MTB-L positive.

To investigate the relation between MTB and breast
cancer, we conducted a breast cancer study. Out of 115 breast
cancer patients, we found that 53 samples (46.1%) wereMTB-
L positive, which is statistically significantly (𝑃 value = 0.016)
lower than 61.9% in lung cancer. For MTB/MTB-L, 60 out or
115 samples (52.2%) were positive, which was still lower than
64.6% in lung cancer (𝑃 value = 0.057) [15].

3.3.The Presence of MTB-L Is Associated with a Specific Subset
of the Lung Cancer Population. We hypothesized that, within
the lung cancer patients, the MTB-L positive population
represents a homogenous subset that shares a common set
of measurable clinical end-points. No apparent connection,
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Figure 3: Higher presence of MTB-L in the lung cancer samples compared to samples of other cancer types by the IK method alone.
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Figure 4: Higher presence of MTB/MTB-L in the lung cancer samples compared to samples of other cancer types by both the IK method
and thempb64marker.

however, could be found between the presence ofMTB-L and
individual clinical end-points in isolation (Table 3).

We next applied a generalized linear regression model
as a representative of linear models to examine potential
combinatorial effects of all clinical end-points. The final
model identified category and lymph node metastasis as
having the strongest combined effects (Table 4). The strong
predictive power of the model (AUC = 0.70) elucidated the
necessity of examining the combinatorial effect of the four
clinical features. The suboptimal 𝑟-squared value (0.1), how-
ever, indicated that a linear model alone is likely insufficient,
especially without explicit inclusion of critical interaction
terms.

We then removed the assumption that the association
is strictly linear and derived a random forest model as a
representative of nonlinear models to reexamine the asso-
ciation. Again random forest model was run on a balanced
dataset through bootstrapping. We repeated the procedure
five times and the average AUC was 0.85 (0.850, 0.845, 0.850,
0.885, and 0.830). We used a standard R package to run
random forest model, which should be replicable. Figure 5
was one example of the tree structure.The feature importance

ranking agreed with our linear model and selected the most
dominant features (category, pathology grade, lymph node
metastasis, and clinical stage). Age was significant as well. By
comparing the linear and nonlinear models, we found that
nonlinear models performed better. This was consistent with
our hypothesis that features are nonlinearly associated with
each other in terms of predicting outcomes.

4. Discussion

The relatively high rates of lung cancer and TB cases in
China have recently sparked new theories that there might be
cross-associations between the two diseases. Recent reports
of colocalization ofMTB/MTB-L in tumor samples, although
limited in sample size and coincidental in nature, underline
the need for thorough confirmation studies. Towards this
goal, we set up the present study with three key components
in mind: (1) accurate detection assay; (2) large sample size;
and (3) full medical history and clinical diagnosis to control
for confounding factors as well as linkage to clinical end-
points.
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Table 3: IK as response. 112 samples, positive : negative = 77 : 35.

Clinical endpoints 𝑃 value Values MTBL positive MTBL negative

Category 0.2246

Squamous cell carcinoma (SCC) 30 8
Lung adenocarcinoma (LAC) 32 18

Bronchioloalveolar carcinoma (BAC) 8 7
Small cell lung carcinoma (SCLC) 7 2

Clinical stage 0.9386 I, II 33 16
III, IV 44 19

Tumor size 1 ≤3 cm 33 15
>3 cm 44 20

Lymph node metastasis 0.4841 Yes 53 21
No 24 14

Gender 0.1879 Male 36 11
Female 41 24

Pathology grade 0.6250
I 14 7
II 36 13
III 27 15

Age 0.8946 60.00 (mean), 9.86 (sd) 60.26 (mean), 9.31 (sd)

Metastasis
p < 0.001

1

0 1
Stage

p = 0.451

2

1 0
Gender
p = 0.403

3

Female Male
n = 14

y = (0.643, 0.357)

4
Category
p = 0.245

5

{LAC, SCLC} SCC
n = 11

y = (0.909, 0.091)

6
n = 11

y = (0.636, 0.364)

7

Category
p < 0.001

8

{BAC, LAC, SCLC} SCC

n = 21
y = (0.952, 0.048)

9
n = 15

y = (0.2, 0.8)

10

Grade
p = 0.048

11

3 {1, 2}
Gender
p = 0.013

12

Male Female
Size

p = 0.009

13

1 0
n = 13

y = (0.615, 0.385)

14
n = 7

y = (0, 1)

15

n = 13
y = (0.846, 0.154)

16

Category
p = 0.006

17

{LAC, SCLC} {BAC, SCC}
Category
p = 0.188

18

SCLC LAC
n = 9

y = (0.667, 0.333)

19
Size

p = 0.107

20

0 1
n = 9

y = (0.667, 0.333)

21
Age

p = 0.094

22

≤16 >16
n = 8

y = (0, 1)

23
Age

p = 0.93

24

≤23 >23
n = 19

y = (0.526, 0.474)

25
n = 11

y = (0.364, 0.636)

26

Age
p = 0.047

27

≤8 >8
n = 9

y = (0.444, 0.556)

28
Gender
p = 0.078

29

Female Male
n = 18

y = (0, 1)

30
n = 12

y = (0.167, 0.833)

31

Figure 5: One example of decision trees from the random forest model. In the annotation: metastasis means lymph node metastasis; grade
means pathology grade; stage means clinical stage; size means tumor size.

Table 4: Feature frequency table of generalized linear model.

Covariable name Frequency (%)
Category 98.6
Gender 39.6
Pathology grade 62.1
Lymph node metastasis 93.9
Tumor size 65.8
Clinical stage 54.3

Acid-fast staining methods are the traditional way for
MTB andMTB-L detection, and isolation is the gold standard
for validation. However, we noticed that staining methods
failed to detect MTB or MTB-L in some MTB-L positive
samples that were validated by isolation. We hypothesized
that there might be a group of MTB which is hard to be
stained because of unknown characteristics. In this situation,
because this group should still contain the main components
of MTB, we could make use of an important MTB protein
coding gene (mpb64) for detection. In this study, we proved
that the IK method is better than the ZN method, but the
mpb64 in situ hybridization method can further increase
sensitivity. By combining the IK method and the mpb64 in

situhybridizationmethod, we could find out samples that had
MTB but in a hard-to-stain form, which is worth future study.

We performedMTB/MTB-L detection on all 187 samples
isolated from lung cancer patients but decided to concentrate
on the 113 samples that had no history of TB. It was critical to
obtain samples from other cancer types that were also free of
prior TB history. By leveraging the available medical records,
we were able to remove TB history as a potential confounding
factor—an important step in the subsequent interpretation
of MTB-L presence. Central to our key findings, 61.9% of
the lung cancer samples were found to be MTB-L positive,
a statistically significant higher percentage than that of the
other cancer samples (5.1%) or that of gastric cancer sample
(7.1%); see Figure 3. For breast cancer, we had only 6 samples,
which were not enough to make statistical conclusion. The
two positive samples were both validated to have MTB-L by
isolation method. This fact implied that MTB/MTB-L might
also have associationwith breast cancer, whichwas confirmed
by our breast cancer study [15].

This finding suggested that the presence of MTB-L might
be strongly associated with lung cancer, but the causal
relationship was underdetermined. Because MTB-L are wall-
defective and pleomorphic, they have the potential to act
like carcinogenic viruses. They can get into human alveolar
epithelial cells, remain dormant, and induce cancer by DNA
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integration, because DNA integration can potentially activate
oncogenes and/or repress tumor suppressor genes. In mouse
model, researchers reported that MTB-L infected mouse
had significant higher chance to develop neoplasia than the
control group [16, 17]. There are well-known viruses that
can lead to cancer, for example, human papilloma viruses,
hepatitis B and C viruses, and so forth. However, even
for these viruses, host-pathogen adaptation and biological
mechanism of tumor causality are still unclear. Similarly, the
interaction between host and MTB-L is not fully understood
yet.

While the biological mechanism of causality is still
unclear, we acknowledged that preclinical experiments
beyond the scope of the present report were needed to
fully investigate the question of causality. Nevertheless, we
reasoned that a causal relationship would also reflect an
association with clinical disease severity.

Towards this goal, we focused on finding end-point
differences betweenMTB-L positive and negative lung cancer
samples. None of the individual end-points in isolation was
sufficient to distinguish between the positive and negative
samples. However, upon applying computational classifica-
tion algorithms, we were able to identify a set of clinical end-
points that could be used to stratify between the samples.
To our knowledge, this was the first report linking clinical
end-points to the presence and absence of MTB-L. As our
rule-based model indicated, MTB-L was especially prevalent
in patients with non-lymph-node-metastatic small-cell lung
and squamous cell carcinoma. Our findings should lead to
further studies focusing on this subpopulation, as well as
making a strong case for the advantage of utilizing primary
cells from this subpopulation as an experimental model
system.

Key Points

A reliable detection assay forMTB/MTB-Lwas devel-
oped.
MTB-L is more prevalent in lung cancer samples
compared to other cancer types.
A set of clinical end-points, which are strongly asso-
ciated with MTB-L presence, was identified.
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Objective. To understand how aquaporin4 (AQP4) and dystroglycan (DG) polarized distribution change and their roles in brain
edema formation after traumatic brain injury (TBI). Methods. Brain water content, Evans blue detection, real-time PCR, western
blot, and immunofluorescence were used. Results. At an early stage of TBI, AQP4 and DG maintained vessel-like pattern in
perivascular endfeet; M1, M23, and M1/M23 were increased in the core lesion. At a later stage of TBI, DG expression was lost in
perivascular area, accompanied with similar but delayed change of AQP4 expression; expression of M1, M23, and DG and the ratio
of M1/M2 were increased. Conclusion. At an early stage, AQP4 and DGmaintained the polarized distribution. Upregulated M1 and
M23 could retard the cytotoxic edema formation. At a later stage AQP4 and DG polarized expression were lost from perivascular
endfeet and induced the worst cytotoxic brain edema.The alteration of DG expression could regulate that of AQP4 expression after
TBI.

1. Introduction

Brain edema is a common consequence of traumatic brain
injury (TBI). Two main types of edema are distinguished.
Cytotoxic edema is caused by energy failure and subsequent
accumulation of fluid in the cell resulting in cell swell-
ing, while vasogenic edema occurs when the blood-brain
barrier (BBB) becomes leaky permitting influx of plasma
constituents into the brain extracellular space [1].The cellular
andmolecularmechanisms contributing to the development/
resolution of TBI-associated brain edema are poorly under-
stood. Recent data suggest that aquaporin (AQP) water chan-
nels may have a central role in keeping water homeostasis
in the brain [2]. AQP4, the primary water channel in brain,
is expressed on ependymal cells and astrocytes. Astrocytes
are highly branched cells with processes that contact most of
the surfaces of neuronal dendrites and cell bodies as well as
some axonal surfaces and synapses. Other astrocyte processes
that end in expansions are called endfeet [3]. Tenfold higher

density of AQP4 exhibit on endfoot membranes than non-
endfoot membranes is called the polarized expression of
AQP4.

Actually, AQP4 in endfeet membrane forms large orthog-
onal arrays of particles (OAPs) [4, 5]. Normally AQP4 forms
tetramer. The tetramers then form OAPs, which consist of
four tomore than one hundred tetramers [6, 7]. Two isoforms
of AQP4 are identified, M1 and M23. M23 exhibits a much
greater water transport capacity thanM1 and it usually forms
stable and large raft-like lattices of OAPs, whereas M1 forms
no or very small arrays [5]. Recently, studies suggest that
the polarized distribution of AQP4 is associated with dys-
trophin-dystroglycan complex (DDC) [8]. The central com-
ponent of theDDC is dystroglycan (DG), which comprises𝛼-
and 𝛽-subunits. 𝛼-DG binds to extracellular matrix (ECM)
components such as agrin and laminin, whereas 𝛽-DG is a
transmembrane protein connecting𝛼-DGwith the cytoskele-
ton and other intracellular components such as𝛼-syntrophin,
which provides a combining site for AQP4 [5].
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Study in DG-knockout mouse revealed a selective loss of
AQP4 in perivascular astroglial endfeet with decreased num-
ber of OAPs but no significant change of AQP4 expression
on superficial astroglial endfeet with no OAPs formation [5].
Research on cultured astrocytes showed that DG silencing
reduced the number and area of laminin induced clusters
of AQP4 and provided evidence of DDC regulating AQP4
polarization in astrocytes [9]. Another study inC57BL/6mice
after 30 min transient middle cerebral artery occlusion dem-
onstrated that in both the core lesion and the penumbra 𝛽-
DG is lost from astrocyte endfeet, accompanied by a loss
of polarized localization of AQP4 without developing early
cytotoxic edema [1]. However, so far little research has been
done about the change of AQP4 polarization and the relation
between AQP4 and DG in vivo after TBI, which affects twice
as many patients as stroke injury [10]. To understand it, this
study was carried out.

2. Animal and Methods

2.1. Experimental Animal, Groups, and Tissue Collection. The
study was in accordance with the Guide for the Care and Use
of Laboratory Animals of NIH. 368 male Sprague Dawley
rats, weighing 250 ± 50 g, supplied by the Experimental
Animal Centre of Chongqing Medical University, were ran-
domly divided into operation and sham-operation groups (as
control). Four, 4, 3, 6, and 6 rats were used, respectively, for
real-time PCR, western blot (WB), immunofluorescence (IF),
brain water content (BWC), and Evans blue (EB) detection
at each time point of each group. The core lesion of brain
cortex was isolated for quantitative PCR, WB, BWC, and EB
detection and whole brain was removed for IF at 1, 3, 6, 12, 24,
48, and 72 h and 1 week.

2.2. Model Establishment. According to the previous meth-
ods [11, 12], TBI model was established. The animals were
deeply anesthetized with ketamine (80mg/kg i.p.) and fixed
in a stereotaxic frame. The skull was exposed, and the dura
was kept intact after the craniectomy in the right parietal
region between coronary and lambdoid sutures in a diameter
of 5mm. The experimental severe TBI was performed by
dropping 40 g metal weight through a stainless steel guide
staff (25 cm) on a brass foot plate placed over the dura. The
sham-operation group suffered the same operation except the
weight dropped on the foot plate.

After the operation, balance beam was used to evaluate
the neurobehavioral deficits [13, 14]. A beam of wood 90 cm
long, 1.5 cm wide, and 1.5 cm thick, suspended 45 cm off the
ground with an open platform at the start end and a partially
enclosed (three walls) platform containing a food reward at
the finish end, was used to obtain the score of the animal’s
ability of maintaining balance. Scores were averaged across
three trials per observation. Categorical score data (1–4
possible) is as follows: (1) unimpaired (rat walked smoothly
all the way across with well-placed feet and no hesitation
or upset balance); (2) slightly impaired (rat walked all the
way across mostly smoothly with some hesitation and slips);
(3) moderately impaired (rat dragged feet or missed the
beam when walking, slipped often, may have fallen, and may

not have completed the full distance); (4) severely impaired
(rat slipped with most steps, fell at least once, was hesitant,
and may have been unable to traverse half the distance).
Sham-operation rat with “unimpaired” score was chosen as
control group. Operated rat with “severely impaired” score
was chosen as TBI group.

2.3. Brain Water Content. Brain cortices were weighed (wet
weight) and dried in vacuum oven at 120∘C for 48 h. The
dried brainwas reweighted (dryweight).The percent of water
content was calculated as ([wet weight − dry weight]/wet
weight) × 100%.

2.4. Evans Blue (EB) Detection. EB (2% in saline; 2mL/kg)
was intravenously administered by internal carotid vein 1 h
before rats were sacrificed. The rats were perfused transcar-
dially with 0.01M PBS and the brain cortices were removed,
weighed, and homogenized. 4mL 99.5% formamide per gram
of tissue was added and placed on a shaker for 48 hours.
Supernatants were collected and measured with a spec-
trophotometer at 620 nm and compared against a standard
curve.The results were expressed as micrograms of albumin-
EB/milligram of brain tissue.

2.5. Quantitative Real-Time PCR Analysis. Total RNA was
extracted using Tissue/cell RNA Mini kit (Invitrogen)
according to the manufacturer’s protocol. The cDNAs were
generated from 1𝜇g of total RNA by superscript II RNase
H-reverse transcriptase with Oligo (dT) primer. Quantitative
PCR reaction was achieved using commercial kit containing
SYBR Green (Eurogentec, Seraing, Belgium). The primer
pairs (Invitrogen) were as follows: AQP4 (MN-012825, 5-
agaaccaaggcgtaaaccg-3 and 5-tccctggaaatgactgagaaa-3,
256 bp), DG (NM 053697.1, 5-tagcgtccctgacatccg-3 and 5-
gaatcagttgaaggcgttgc-3, 516 bp), and 𝛽-actin (NM 031144,
5-ctgccgcatcctcttcctc-3 and 5-ctcctgcttgctgatccacat-3,
398 bp). The cycling program was 5min at 95∘C and then
40 cycles, each consisting of 15 s at 95∘C and 30 s at 60∘C.
Changes in each mRNA expression were examined with
ABI7000 Sequence Detection System (Perkin Elmer, USA).
A standard curve was used to extrapolate the copy number of
target cDNA in rat brain.

2.6. Immunohistochemistry. The frozen serial coronal sec-
tions (10 𝜇m) were sliced and blocked in 0.01M PBS contain-
ing 10% horse serum for 6 h at 4∘C. AQP4 rabbit monoclonal
(1 : 200, Abcam), 𝛼-DG goat polyclonal (1 : 200, Santa Cruz),
and𝛽-DGmousemonoclonal antibody (1 : 200, Abcam)were
used. Sections were incubated in themixed primary antibody
overnight at 4∘C and then with Cy5-labeled goat anti-rabbit
IgG (1 : 200, Chemicon) plus TRITC-labeled rabbit anti-goat
IgG (1 : 200, Santa Cruz) and FITC-labeled goat anti-mouse
IgG (1 : 200, Santa Cruz) overnight at 4∘C. Finally, sections
were stained with DAPI (Beyorime) and then mounted and
imaged in a confocal scanning microscope (Leica TCS SP2,
Wetzlar, Germany).

2.7. Western Blot. The brain cortices were homogenized in
ice-cold lysis buffer (Beyotime) with PMSF (final concen-
tration 1mM) for 15min and centrifuged at 12,000 rpm at
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Figure 1: The changes of brain water content (a), BBB permeability (b), AQP4 (c), and DG (d) mRNA expression in the core lesion of brain
cortex after TBI. TBI: traumatic brain injury group. Contr: the sham-operation group. Δ𝑃 < 0.05. ∗𝑃 < 0.01.

4∘C for 10min. The supernatants were collected and boiled
with 5x sample buffer at 95∘C for 5min. Then the samples
were separated by SDS/PAGE and transferred onto PVDF
membrane at 350mA for 55min at 4∘C. The membranes
were blocked with 10% horse serum in 0.01M PBS for
2 h, probed with AQP4 (1 : 200, rabbit polyclonal antibody,
Chemicon), 𝛼-DG and 𝛽-DG (1 : 200), and 𝛽-actin (1 : 5000,
mousemonoclonal antibody, Santa Cruz) antibody overnight
at 4∘C.The blots were incubated with horse radish peroxidase
conjugated antibody (1 : 10000 for 𝛽-actin, 1 : 500 for other
antibodies, Santa Cruz) for 4 h. The specific reaction was
visualized by using a chemiluminescent substrate (Pierce,
USA). The bands were quantified by gel densitometry (Bio-
Rad, Hercules, USA). The value of individual protein band
was divided by the value of 𝛽-actin from the same sample; a
ratio of protein/𝛽-actin for each sample was obtained.

2.8. Statistical Analysis. All statistics were performed using
the SPSS 11.0 software package (Chicago, IL, USA). The data
were analyzed by two-tailed 𝑡-tests or independent test.

3. Results

3.1. Brain Water Content. To reveal the degree of brain
edema, brain water content was detected. Compared with
control group, water content was increased obviously and
reached the first peak at 6 h (𝑃 < 0.01). Following a slight
decrease at 12 and 24 h, which was still higher than control
(𝑃 < 0.01), it increased and reached the highest peak at 72 h
(𝑃 < 0.01). Until 1 week, it was still higher than control group
(Figure 1(a)). It showed two peaks of brain edema formed
after TBI. The worst one occurred at 72 h after TBI.

3.2. Evans Blue Concentration. To detect the disruption of
BBB and to address the course of vasogenic brain edema
formation after TBI, EB was intravenously injected and the
concentration in brain was detected. EB concentration was
increased rapidly after 1 h and reached the peak at 6 h and
then slowly decreased and there was no obvious difference
after 72 h in the core lesion of brain cortex (Figure 1(b)). It
suggested the BBB was impaired severely before 72 h, and the
worst damage happened at 6 h after TBI.
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3.3. Real-Time PCR. AQP4 and DG mRNA were both
increased at 6 h and then downregulated at 12 h. AQP4
mRNA continued to decrease (𝑃 < 0.01), while DG mRNA
was already increased at 24 h. After that, they were increased
and reached the peak at 72 h and 48 h, respectively. Although
AQP4mRNAchanged one step behind that ofDG, the chang-
ing trend of AQP4 and DGmRNAwas almost accordant and
shows temporal correlation (Figures 1(c) and 1(d)).

3.4. Western Blot. 𝛼-DG and 𝛽-DG were obviously increased
at 6 h, followed a slight decrease at 12 h (𝛼-DG decreased
more than 𝛽-DG); then they increased again and reach the
highest peak at 24 or 48 h. AQP4M1 and M23 isoforms were
increased at 6 h and then obviously downregulated at 24 h;
then they increased again at 48 h or 72 h. The changes of
AQP4 and DG were almost accordant. Additionally, the ratio
of AQP4M1 toM23was increased almost in every time point,
except 24 h (Figure 2).

3.5. Immunofluorescence. To detect the change of the dis-
tribution and colocalization of AQP4 and DG expression,
immunostaining was used. Before 6 h after TBI, no obvious
change was found in distribution of AQP4, 𝛼-DG, and 𝛽-
DG IF staining patterns, in which the IF signals were still
strong in the perivascular endfeet and a vessel-like sharp
appeared (Figure 3(a–h), indicated in arrowhead) in the core
lesion. However, at 12 h, the three IF signals were sharply
decreased in the core lesion and presented with a punctate
pattern (Figure 3(i–k), indicated in arrowhead) rather than
the original vessel-like sharp, although 𝛽-DG IF signal
decreased less than the other two. At 24 h, although diffused
AQP4 signal could be detected in surrounding core area,
the vessel-like expression was almost lost. Moreover, AQP4
IF signal was almost absent in the core lesion. Meanwhile
𝛼-DG and 𝛽-DG IF signal were also lost from perivascular
area in the core lesion; however, they enhanced dramatically
and diffusedly in the core lesion and specially in penumbra
(Figure 4(a–e)). At 48 h, diffused and slightly increasedAQP4
IF signal was visible again in core lesion and penumbra,
whereas DG IF signals were still increased diffusedly in the
core lesion and strongly increased in penumbra (Figure 4(p–
o)). AlthoughAQP4 IF signal wasweaker thanDG in the core
lesion and penumbra at 48 h, it increased gradually and has
the similar fluorescence intensity with DG in the core lesion
and penumbra after 72 h.

In conclusion, after TBI, DG IF signals were lost from
perivascular area in the core lesion after 6 h and then
increased diffusedly in the core lesion and then in penumbra.
Although AQP4 was lost synchronously with 𝛼-DG at 12 h,
the change of AQP4 was one step behind that of DG: DG
was diffusedly increased in the core lesion at 24 h, while
AQP4 increased at 48 h; DG was dramatically increased in
penumbra at 48 h, while AQP4 only slight increased at 48 h
and dramatically increased at 72 h. These results strongly
indicated that the polarization of AQP4 and DG was lost and
the change of AQP4 expression was closely associated with
that of DG after TBI.

4. Discussion

4.1. AQP Family and AQP4. The main mechanism for water
recruitment was believed by passive diffusion 30 years ago.
Until the 1990s, the identification of the first membrane
intrinsic proteins (MIPs) in human not only changed dra-
matically the mainstream view but also prompted the search
for homologues [15]. MIPs, an ancient, ubiquitous, highly
diversified, and life essential protein family, also known as
AQPs, are channel proteins which facilitate the transport of
water and small solutes, such as glycerol, urea, ammonia,
metalloids, and carbon dioxide, across cell membranes in all
living organisms [16, 17]. The great diversity of forms and
functions displayed by the different members of the MIP
family can only be fully understood within an evolutionary
framework [16]. Based mainly on sequence similarity, evolu-
tionary relationships among the members (i.e., paralogues)
of MIP family are classified into six major paralogous groups:
(1) GLPs or glycerol-transporting channel proteins; (2) AQPs,
which include metazoan AQP0, 1, 2, 4, 5, and 6; (3) PIPs or
plasma membrane intrinsic proteins of plants; (4) TIPs or
tonoplast intrinsic proteins of plants; (5) NODs or nodulins
of plants; and (6) AQP8s [17]. There is also the earliest
simple way from a phylogenetic perspective, according to the
function, classifying the MIP family into water channels and
glycerol facilitators [16]. Animal AQPs can be classified into
three major groups. The first group includes classical AQP4,
1, 0, 5, 6, and 2, which are found in vertebrates, and are likely
the result of whole genome duplications at early stages of
their evolutionary history. The second group includes AQP8
orthologs found from nematodes to mammals. The third
group includes AQP11 and AQP12, which are only found in
ray-finned fishes and sarcopterygians [16]. The most basal
ones in the first group,AQP1 andAQP4 are distributedwidely
in kidney, lungs, brain, stomach, eye, and ear in human [15]
and AQP4 is clearly the most expressed paralog in brain [16].

AQPs contain six membrane-spanning segments with
five connecting loops (A–E). The N- and C-terminal halves
of AQPs share about 20% sequence identity. This genetic
relation suggests that the AQP family arose by tandem gene
duplication during evolution. The cytoplasmic loop B and
the extracellular loop E, containing a tripeptide signature
motif asparagine-proline-alanine (NPA), are structural com-
ponents of the aqueous pore since they are hydrophobic in
nature [18].

AQP4, a small 30 kDa monomer, also has these domains.
The molecule spans the cell membrane 6 times, forming
5 interhelical loops designated as A, C, and E on the
extracellular surface and B and D on the intracellular surface.
NPA motifs are present in both B and E loops. Each mon-
omer folds into a structure that forms an independent water
channel, characterized by wide external openings and a
narrow central constriction where the NPA motifs inter-
act. AQP4 monomers assemble into tetramers, with each
monomer being individually functional. Water movement
through the channel is governed by an osmotic gradient
across themembrane, with flow limited by size restriction and
electrostatic repulsion [19].
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Figure 3: The expression of AQP4, 𝛼-DG, and 𝛽-DG in normal brain cortex and in the core lesion at 6 and 12 h after TBI. Green, red,
and blue IF signal represented AQP4, 𝛼-DG, and 𝛽-DG, respectively. Small panels (d) and (e) showed DAPI staining and the merged images,
respectively.The area surrounded by dashed line or indicated by star (f) was the core lesion. Normally, AQP4,𝛼-DG, and𝛽-DGwere specially
abundant in perivascular endfeet of astrocyte and vessel-like sharp appeared indicated by arrow (△) in (a)–(c). At 6 h after TBI, the vessel-like
sharp was maintained and the IF signals of the three proteins were increased in the core lesion shown by (f)–(h). At 12 h, the three proteins
were dramatically decreased in perivascular endfeet and punctation-like sharp appeared indicated by arrow (△) and AQP4 and 𝛼-DG were
lost more seriously than 𝛽-DG in (i)–(k). Scale bar: 150𝜇m.

4.2. AQP4 and Brain Edema after TBI. Although several
studies have been done about AQP4 expression in brain after
TBI, the results were inconsistent. Some experiments showed
that AQP4 expression was increased in the core lesion of
the patients suffering TBI [20] and in the peri-injury area at
24 and 72 h in rats after penetrating brain injury [21]. Some
research showed that AQP4 expression changed differently
in different area. Sun et al. [17] found that AQP4 mRNA
was increased at the injury site and decreased adjacent to the

injury site, and there was no difference at a site distant from
the injury in rat at 24 h after TBI. However, Ren et al. [22]
found that global AQP4 expression was generally increased,
but AQP4 lost its polarized localization at endfoot processes
of reactive astrocytes in mice after TBI. Additionally, some
studies showed AQP4 expression was decreased in the cere-
bral cortex at 24 h compared with 12 h in mice [23] and in
both hemispheres in rats after TBI [24]. The different results
may be caused by the difference of the study subjects, the area
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detected, the measure used to establish TBI model, and the
degree of the TBI. In our study, we focused on the core lesion
and the penumbra and found that AQP4 and its mRNA was
increased almost at all the time points after TBI, except 24 h,
and AQP4 was lost in perivascular area after 12 h.

According to the pathophysiological change, TBI can be
divided into primary processes, usually at an early stage with

vasogenic edema, and secondary processes, usually at a later
stagewith cytotoxic brain edema.According to the data of our
study, the early stage referred to the period within 6 h, which
is characterized with the severe BBB disruption and AQP4
was still clustered in the perivascular endfeet. After TBI, the
fluid in blood flowed into the intercellular space through
the disrupted BBB and induced vasogenic edema at an early
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stage in our study. At the same time, AQP4 still maintained
vessel-like expression in the core lesion, suggesting that the
polarized distribution ofAQP4wasmaintained.However,M1
and M23 and the ratio of M1 to M23 were all increased in
the core lesion at this stage. Study indicated that M1 usually
formed no or small number of OAPs and is abundant in the
nonendfoot membrane with low capability of water perme-
ation, whereas M23 usually forms large number of OAPs and
is abundant in the endfeet membrane with high capability of
water permeation [5]. It suggested that more small number
of OAPs or just AQP4 tetramers were formed in nonendfeet
or other endfeet membranes with the lower capability of
water permeation. Although the vessel-like sharp is still
maintained, the polarized AQP4 distribution was destroyed
partly. Similar results that were found in studies of ischemia
whereM1 was increased at an early stage were correlated with
reduced edema and less water in the tissue [25]. Combining
our results, the worst BBB disruption at 6 h is accompanied
with the increased M1 and M23 expression and the ratio of
M1 to M23 but not with the worst brain edema. It suggested
that upregulated M1 in endfeet or nonendfoot membranes
with the lower water permeation could slow down the
water flowing from intercellular space into astrocytes and
retarded the cytotoxic brain edema formation. Meanwhile,
the increased M23, which is still abundant in perivascular
endfeet, could help to remove the excess liquid into blood
vessel and to extenuate the brain edema in the core lesion.

At a later stage of TBI, the loss of AQP4 in perivascular
endfeet and the diffusedly increased AQP4 in the core
lesion demonstrated that the polarized distribution of AQP4
was lost and redistributed in other endfeet or nonendfoot
membrane of astrocytes. The increased ratio of M1 to M23 in
the core lesion also suggested that the polarized distribution
ofAQP4was lost. Overall, the loss of AQP4 fromperivascular
endfeet could induce the disorder of clearing the excess
water to vessels; meanwhile the diffusedly increased AQP4
in other endfeet or nonendfeet membrane could facilitate the
water moving into the astrocytes and finally induce the worst
cytotoxic brain edema at a later stage of TBI.

4.3. Alteration of DG Could Regulate the Change of AQP4.
Via adhesion receptors, integrins, and DG, astrocytes and
microvessel endothelium were anchored to the ECM [26,
27] and the adhesion via DG contributed to regulation of
water transport by astrocytes [27]. The disruption of DG-
laminin interaction impaired the ability of astrocytes to direct
water transport [27] and acute loss of DG could diminish
the ability of astrocytes to resolve edema [28]. Astrocytes
regulated the brain fluid balance between the extracellular
and intracellular space via Kir 4.1 and AQP4 [27], which
can be regulated by DG [29]. We found that DG and AQP4,
maintaining their polarized distribution, were both increased
at the early stage. However, at the later stage, although the
changing trend of AQP4 and DG was accordant, AQP4
expression changed one step behind that of DG in both the
core lesion and the penumbra. Our results suggested that
DG could regulate the expression of AQP4 after TBI. The
increasedDG in the early stage upregulated AQP4 expression
in perivascular and subpial endfeet which could help to

remove the water accumulated in the extracellular space to
vascular or subarachnoid space. The loss of the polarized
distribution of DG induced the same change of AQP4 and
thus leaded to the worst cytotoxic brain edema at the later
stage of TBI. Why could the alteration of DG regulate the
expression of AQP4? Recent research provided some clues.

Astrocytes rapidly swelled in response to OGD, hypos-
motic stress, elevated extracellular K+, oxidative stress, or
traumatic injury in vitro via activation of extracellular signal-
related kinase (ERK) [27]. DG was a signaling scaffold
for ERK [30] and was a mechanosensitive transducer of
cell stretching via an ERK-dependent mechanism in lung
alveolar cells [31] and astrocytes [32]. It also could initiate
signaling that mediated compensatory responses such as
upregulation of channel expression and/or alteration of their
cellular distribution [32]. ERK activation was dependent on
DG in ischemic astrocytes [27]. After TBI, the stretch on
astrocytes caused by the accumulated fluid in extracellular
space came from blood vessel, was captured by DG, as a
mechanosensitive transducer of cell stretching and activated
ERK pathway, and finally induced the up regulation of AQP4
in the perivascular and subpial endfeet at 6 h after TBI.
However, at the same time, BBB was disrupted seriously,
which was usually coupled with the inflammatory response
and activation of matrix metalloproteinases (MMP) [33].The
Increased MMP-2, 9 expression led to loss of DG, which
is involved in the disruption of the regular assembly and
expression of AQP4 [34, 35]. Thus 𝛼-DG and 𝛽-DG were
decreased progressively after 6 h and were finally lost after
24 h from perivascular endfeet, followed by the similar but
“one step behind” change of AQP4.

Previous study showed that cultured astrocytes, suffering
from traumatic injury, became “reactive.” They hypertro-
phied and polarized dramatically and secreted ECM proteins
and then extended processes towards the region of the
wound, forming a “scar” and also secreted ECMproteins that
isolated the wound [36]. Responding to the increased ECM
secreted by activated astrocytes,𝛼-DGand𝛽-DGwere upreg-
ulated again and diffusedly expressed in the lesion core at 24 h
and then were dramatically increased in penumbra after 48 h
to isolate the wound, followed by the postponed expression
of AQP4 regulated by DG via activated ERK pathway.
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