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This special issue is focused on advancing genomics for drug
development and safety evaluation. Gaining wide adoption in
biomedical fields, genomic technologies have tremendously
improved our molecular understanding of disease etiology
and pathogenesis. Furthermore, the accumulated genomic
datasets allow us to articulate new hypothesis, revisit and
rethink the conventional paradigm for drug development
and safety evaluation, and generate more efficient tools to
promote biomedical researches.

Cancer genomics has made a great progress to uncover
the underlying mechanism of tumorigenesis. Consequently,
a lot of cancer genomic biomarkers have been developed
for improving cancer diagnosis and prognosis. Questions
arise on how the biomarkers developed from one study could
be extrapolated to another. The advancement of machine
learning technologies provides us a great opportunity to
address these crucial questions such as model transfer and
data integrity issues in the cancer field. R. Jing et al. proposed
an ensemble method with voting protocols to integrate
multiple machine learning algorithms to predict cancer
outcome. It was indicated the proposed ensemble approaches
could greatly improve the robustness and stability of cancer
prediction modeling.

Genomic technologies such as next-generation sequenc-
ing provided an unprecedented resolution to better under-
stand complex regulatory relationship among different
genetic elements. The consortium efforts such as The Cancer
Genomics Atlas (TCGA) not only covers diverse cancer
subtypes but also includes a lot of genomic elements and
events (i.e., miRNA, copy number variation, and DNAmeth-
ylation). Accordingly, the approaches to integrate these

genomic elements to decipher the complex regulatory rela-
tionship tailored to different cancer mechanisms are urgently
needed. J. Xue et al. applied graphical lasso models (GLMs) to
predict miRNA-mRNA relationship for three cancer types
including acute myeloid leukemia (AML), breast invasive
carcinoma (BRCA), and kidney renal clear cell carcinoma
(KIRC) in TCGA. The results suggested that the proposed
network approaches could improve the prediction perfor-
mance to enrich more tumorigenesis-related miRNA-
mRNA relationship.

Shift work is a common social issue due to the rapid pace
of modern lifestyle. The disruption in circadian clock system
leads to a lot of health concerns and increases the risk to
develop serious diseases including sleep disorders, metabolic
disorders, psychiatric disorders, and even cancers. S. Khan et
al. summarized the shift work-related disorders and elabo-
rated on the potential risk factors and mechanisms with a
comprehensive literature survey. It is very interesting that
some gene expressions and genetic variants were identified
for playing an important role in shift work-related health
disorders, which paves a way to further uncover the genetic
contribution to shift work-related diseases and develops
therapy to control and relieve the syndromes.

Protein classification based on organisms is a hot topic in
microbiology. Considering huge amount of protein sequenc-
ing data that were generated in the past two decades, suppli-
cated model development strategies and novel approaches
are needed to categorize the proteins from different
organisms. H.-B. Guo et al. developed novel fingerprints
based on protein distribution densities in the LD space and
implemented a machine learning framework to improve the
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accuracy of protein organism classification. The proposed
approach could be potentially applied to microbiome field
and related disciplines.

A lot of drug candidates in the clinical trial failed due to
unexpected adverse drug reactions (ADRs). ADR especially
idiosyncratic adverse drug reaction (IADR) is difficult to
study. Drug-induced myopathy as an IADR is unpredictable
and dose independent. To better understand the causes for
drug-induced myopathy, D. Li et al. developed a systematic
approach to integrating different data profiles including
chemical structure information, drug-protein relationship,
side effects, and transcriptomic data profiles to identify the
risk factors for drug-induced myopathy. This study sets a
great example for fusing the genomic data with other types
of data profiles to elucidate the hidden genotype-phenotype
relationship. Furthermore, the key factors including structure
alerts could be applied to develop predictive models for early
detection and prevention of drug-induced myopathy.

Many aspects of genomics were not covered in this
special issue. For example, the reproducibility of genomic
studies, inconsistent results from different data analysis pipe-
lines, and data storage are also of great importance for better
utilization of genomic technology to promote and improve
public health. We hope this special issue could serve as a
trigger to stimulate the common interest in the community
for advancing genomic technologies.

Zhichao Liu
Joshua Xu

Zhining Wen
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The existence of complete genome sequences makes it important to develop different approaches for classification of large-scale
data sets and to make extraction of biological insights easier. Here, we propose an approach for classification of complete
proteomes/protein sets based on protein distributions on some basic attributes. We demonstrate the usefulness of this approach
by determining protein distributions in terms of two attributes: protein lengths and protein intrinsic disorder contents (ID). The
protein distributions based on L and ID are surveyed for representative proteome organisms and protein sets from the three
domains of life. The two-dimensional maps (designated as fingerprints here) from the protein distribution densities in the LD
space defined by ln(L) and ID are then constructed. The fingerprints for different organisms and protein sets are found to be
distinct with each other, and they can therefore be used for comparative studies. As a test case, phylogenetic trees have been
constructed based on the protein distribution densities in the fingerprints of proteomes of organisms without performing any
protein sequence comparison and alignments. The phylogenetic trees generated are biologically meaningful, demonstrating that
the protein distributions in the LD space may serve as unique phylogenetic signals of the organisms at the proteome level.

1. Introduction

Determination of complete genome sequences for a number
of organisms has offered an unprecedented opportunity for
biological community and transformed biology into a disci-
pline that depends significantly on how to classify and inter-
pret large-scale data sets and to extract biological insights
from these data sets. The traditional ways of thinking and
approaches from the pregenomic era (e.g., the sequence com-
parison/alignment and homology identification) are of fun-
damental importance in the postgenomic era. Nevertheless,
new approaches based on some global features of omics data
sets need to be explored in order to make classification and
comparison of large-scale data sets easier. For proteomes,
this may be achieved, for instance, through identification of

key parameters or attributes of proteins and comparison of
protein distributions within complete proteomes of different
organisms or protein sets in terms of such parameters or
attributes.

In this paper, we adapt this approach and use two
parameters of proteins for the purpose of classifying com-
plete proteomes of different organisms (for simplicity, pro-
teomes) and protein sets: the length of protein amino acid
(aa) sequence (protein length L hereafter) and intrinsic dis-
order content (protein disorder ID hereafter). It had been
proposed that the protein sizes, folding rates, and many
other physical properties could be associated or even deter-
mined by L [1, 2]. At the level of proteomes, previous stud-
ies have suggested that the eukaryotic proteomes may
exhibit averagely longer L compared to the prokaryotic
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proteomes [3, 4], even though further analysis may still be
necessary. The importance of intrinsically disordered pro-
teins (IDPs) and protein regions (IDPRs) has been recog-
nized [5–13], and it has been observed that relatively high
contents of intrinsic disorders may exist for eukaryotic pro-
teins than for prokaryotic proteins [14]. Moreover, proteins
expressed in two eukaryotic organelles, chloroplasts and
mitochondria, which evolved from cyanobacteria and
alphaproteobacteria, respectively, seem to have a lower dis-
order content, on average, compared to nuclear-encoded
proteins in their host eukaryotes [15]. Interestingly, it has
been demonstrated that intrinsically disordered proteins
are associated with a variety of human diseases [16, 17],
including cancers [18, 19]. As a result, intrinsically disor-
dered proteins have become important targets for drug
design [20–25]. Thus, understanding intrinsically disor-
dered proteins at the proteomic levels would be of consid-
erable interest. The observations that the distributions of
proteins in terms of ID and L may be different for pro-
teomes and for different protein sets suggest that such dis-
tributions may be used to classify proteomes of different
organisms or protein sets. They may also be used in the
future to help understand the properties of proteomes in
different disease states, as there seems to be a wide variabil-
ity of predicted disorder among different diseases [26]. It
is interesting to see that a recent study revealed that the
overall disorder fractions are positively correlated to the
size of the proteomes (estimated by the total aa numbers)
and that the disorder fractions of the proteomes of large
bacteria (more than 2.5M aa) are comparable to those of
eukaryotes [27].

Here we analyze the protein distributions in terms of L
and ID from proteomes of different organisms across the
three domains of life, collective data sets of organelles (plas-
mids, chloroplasts, and mitochondria), and the proteome
data of two giant DNA viruses (termed giruses in literature).
We noticed that the eukaryotic proteomes do not always
exhibit averagely longer proteins than the prokaryotic pro-
teomes. Our observation on protein disorder agrees well with
the previous finding, that is, the average disorder contents in
eukaryotic proteins are indeed higher than those in prokary-
otic proteins. The two-dimensional maps (designated as
fingerprints here) based on the protein distribution densities
in the LD space defined by ln(L) and ID for the representative
proteomes of different organisms and protein sets were
constructed, and these fingerprints show distinct patterns
for different organisms and protein sets. The features and
relationships among the fingerprints are analyzed and com-
pared. To test if our classification of proteomes of different
organisms and protein sets proposed here is meaningful, we
generated phylogenetic trees based on the protein distribu-
tion densities in the fingerprints of proteomes of different
organisms without performing any protein sequence com-
parison and alignments. The phylogenetic trees generated
in this way were found to be meaningful, as they contain
important information of evolution. Thus, the proposed
approach may represent a useful and simple way for prote-
ome classification and comparison. In present study, for each
protein-encoding gene locus only the prime protein has been

used, therefore, the protein densities (Figure 1 and Figure S1)
could be regarded as the gene densities. Moreover, using the
poplar proteome as an example, it was found that the phylog-
enies show little difference with or without using alternative
splicing proteins (Figure S3). Discussions are made concern-
ing the possibility for extending this approach through intro-
duction of additional attributes.

2. Results

2.1. Protein Distributions in Terms of L and ID. Here, we dis-
cuss the proteins (811,600 entries in total) from the pro-
teomes of different organisms and protein sets listed in
Table 1, with the protein lengths varying over three degrees
of magnitude from 5 (Os06g47230 of rice) to 34,350 aa (titin
of human). For the protein length comparison, as pointed out
previously [4], the median length is a better measure than the
average length to avoid biases from extremely long proteins.
Table 1 lists both the median and average lengths of all the
proteomes and proteins from gene sets. It should be pointed
out that in the present analysis, only the primary protein at
each gene locus is selected. This allows a significant simplifi-
cation of proteome classification. This approximation seems
to be reasonable for the main purpose of this work, as there
is little difference in the results for the test cases with or
without using alternative splicing proteins. Table 1 shows
that the eukaryotic proteomes do not always have averagely
longer proteins than those in the prokaryotic proteomes, as
previously suggested [3, 4]. For instance, the basal flowering
plant Amborella trichopoda has a median protein length of
218, shorter than all prokaryotes (Archaea and bacteria) sur-
veyed here. In addition, Giardia intestinalis in the Eukaryota
domain has an even shorter median protein length of
147. The average Ls show the same trend as the median
values (Table 1).

Nevertheless, the proteins in a eukaryotic proteome do
have a significantly higher intrinsic disorder in average
(41.1± 6.4%) compared to those in a prokaryotic proteome
(15.6± 6.5%), consistent with previous studies [14, 28]. This
trend stands for the average disorder contents of all residues
from the proteomes (47.5± 6.4% for eukaryotes compared to
32.9± 1.4% for prokaryotes). Proteomes from the archaeon
N. equitans and bacterium Rickettsiales have the lowest disor-
der content at the protein level (7.0% for N. equitans and
7.7% for Rickettsiales) for the systems examined. As the smal-
lest known archaeon, N. equitans is an obligate symbiont on
the other archaeon I. hospitalis, which is the smallest known
free-living archaeon [29]. The free-living alphaproteobacter-
ium Rickettsiales, on the other hand, was suggested to be a
living candidate that is close to the ancient endosymbiotic
alphaproteobacteria that were merged into an archaeon and
eventually transferred into the mitochondria of the first
eukaryotic cell [30]. These two symbiotic or presymbiotic
organisms have retained more ordered proteins compared
to other free-living bacteria and Archaea surveyed here.

Consistent with previous studies [15], the proteins from
the mitochondrion (88,405 proteins from 6119 species) and
chloroplast (80,807 proteins form 935 species) sets have rela-
tively low disorder contents compared to the proteins
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encoded in nuclear genes of eukaryotic organisms, for exam-
ple, the mitochondrial protein set has a considerably lower
disorder content of 8.6% at protein level. The mitochondria
have lost most of their ancestral genes either by transferring
to the nucleus or by being discarded [31]. Here, we show that
the mitochondrial proteins have relatively low disorder con-
tents (i.e., highly ordered) at both the protein and the residue
levels (Table 1). The genes retained in the mitochondrial
genomes have been proposed preferentially to encode core
proteins involved in electron transfers [32], and a colocaliza-
tion of the redox regulation (CoRR) mechanism was pro-
posed to explain why the mitochondrial and chloroplastic
organelles retain their own genes, or proteins [33, 34]. Our
analysis indicates that the chloroplast geneshave theirproteins
with disorder contents close to the free-living prokaryotes, but

higher than those from the symbiotic Archaeon N. equitans
and alphaproteobacterium Rickettsiales, as well as the mito-
chondrial set (Table 1).

The proteomes of two giant DNA viruses (giruses), the
Mimivirus and Pandoravirus, were also analyzed. The num-
bers of proteins encoded in these two giruses are comparable
to the prokaryotic proteomes. The disorder content of the
proteome of the Mimivirus is larger than that of the prokary-
otes, but smaller than that of the eukaryotes surveyed here.
However, the Pandoravirus has a proteome with disorder
content close to that of the eukaryotes.

Finally, the viral and plasmid gene sets were analyzed.
The viral gene set contains 237,463 genes collected from
4942 strains and the plasmid set contains 95,214 genes cul-
tivated from 985 bacteria. Interestingly, the proteins from
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Figure 1: (a) Representative protein-density contour maps of (left) an animal (H. sapiens) and (right) a plant (A. thaliana) proteome. Short
proteins (ln(L)< 4.3 or L< 74) and long proteins (ln(L)> 7.3 or L> 1480) are treated as ln(L) = 4.3 and ln(L) = 7.3, respectively, for statistics.
(b) Differential protein density contour map between H. sapiens (DHsa) and A. thaliana (DAth) indicates that short disordered proteins are
enriched in the plant proteome; and the animal proteome has more long disordered proteins.
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these two sets yield similar trends in both length and disor-
der distributions.

2.2. Definition of the LD Space. Consistent with a previous
report [3], exponential distributions of the protein lengths
(L) in all proteomes and protein data sets have been
observed. In this analysis, all proteins of a proteome or pro-
tein set have been ranked hierarchically from the shortest
to the longest, and the proteins then distribute linearly on
ln(L) (the natural base was used for the logarithm function
in this study). Similar linear distribution trend is observed
for the percentage of residues located in the IDPR, ID
(Figure 2). Therefore, a two-dimensional LD space could be
defined with one phase for the content of the protein intrinsic
disorder, ID, and the other phase for the logarithm of the
protein length, ln(L). Figure 2 exemplifies the protein distri-
bution in the LD space of the human proteome.

2.3. Dependency of the Two Attributes for the LD Space. We
defined a two-dimensional LD space with the two attributes,
ln(L) and ID, and these two attributes need to be

independent of each other. Therefore, we calculated the cor-
relation coefficients (CCs) between ln(L) and ID of proteins
in all proteomes and protein sets (Figure 3). Pearson’s and
Spearman’s CCs for all proteins (811,600 entries, Table 1
and S1) are −0.101 and −0.129, respectively. The overall
slight negative CC (anticorrelation) indicates that there may
be a trend that shorter proteins have averagely higher disor-
der contents than the longer proteins. However, the anticor-
relational trend does not hold for all species surveyed in this
study and positive CC values were found, too, such as in the
animals (human and fruit fly) and green algae C. reinhardtii
(Table S1). The variations in the correlational trends between
ln(L) and ID, therefore, may have been driven by the evolu-
tionary processes rather than a cause-and-effect relationship.
As such, the validity of the protein LD space and the related
architecture of protein distributions in the LD space (i.e., the
“fingerprint”) should be discussed in an evolutionary frame-
work (see below).

2.4. Architecture of Protein Distribution (Fingerprint) in the
LD Space. The most thoroughly annotated animal and plant

Table 1: A summary of the proteomes and gene sets.

Domaina Species Gene numberb Avec Medc Maxc Minc IDpep%
b,d IDres%

b,e

Eukaryota

H. sapiens 20,193 561.0 417 34,350 16 45.2 49.3

D. melanogaster 13,700 537.2 396 22,949 11 44.3 49.0

S. cerevisiae 5917 494.1 405 4910 16 38.1 44.6

A. thaliana 27,407 405.2 348 5393 7 36.8 43.6

P. trichocarpa 41,434 385.0 317 5410 29 35.5 42.6

A. comosus 29,772 372.6 288 5407 31 39.5 45.4

O. sativa 48,788 376.1 290 4957 5 38.0 44.5

A. trichopoda 26,460 317.0 218 4990 29 37.5 43.9

C. reinhardtii 17,819 732.9 498 23,859 31 54.8 61.9

P. patens 32,400 351.9 250 5199 13 40.2 45.5

G. intestinalis 9667 353.8 147 8161 33 35.1 41.7

Monocercomonoides 16,780 784.6 393 14,902 49 52.7 60.1

Archaea

Lokiarchaeum 5348 268.4 224 3592 20 20.0 33.0

I. hospitalis 1434 278.3 240 1392 33 20.4 34.3

N. equitans 540 280.2 228 2197 45 7.0 30.6

Bacteria

E. coli 4140 316.9 282 2358 14 17.5 32.2

S. elongatus 2612 305.3 258 1807 29 20.8 34.3

Rickettsiales 1780 365.2 251 2243 31 7.7 32.8

Giruses
Mimivirus 979 356.7 289 2959 25 25.0 36.6

Pandoravirus 2541 259.2 178 2321 26 36.4 43.5

Gene sets

Viruses 237,463 251.8 154 8573 9 28.0 38.8

Plasmids 95,214 258.9 206 16,990 9 27.2 38.1

Mitochondria 88,405 286.1 261 2640 13 8.6 20.0

Plastids 80,807 280.0 156 5242 12 20.5 32.0

All proteinsf 811,600 325.7 225 34,350 5 32.2 39.8
aProteomes in the three domains of life; the giant DNA viruses (giruses) and collective protein sets are listed after the cellular species; bTotal gene numbers;
cProtein length statistics: Ave: average; Med: median; Max: maximal; Min: minimal protein lengths; dPercentage of the intrinsically disordered proteins in
the proteome or gene set; eAverage intrinsic disorder contents of all residues carried by the proteome or gene set; fAll proteins studied in the present work.
The protein length statistics covers all proteins in a proteome or gene set; however, the proteins with unknown sequence(s) (X residues) are excluded in the
intrinsic disorder calculations.

4 International Journal of Genomics

http://downloads.hindawi.com/journals/ijg/2018/9784161.f1.pdf
http://downloads.hindawi.com/journals/ijg/2018/9784161.f1.pdf


genomes may be those of human (H. sapiens) and Arabidop-
sis thaliana, respectively. Using proteomes form the two
representative animal and plant, the protein distributions of
proteomes in the LD space were converted to the protein-
density contour maps in Figure 1(a) (see Materials and
Methods). As we will show below, this approach may be
useful in comparative proteomes/genomics.

At a first glance, the plant proteome has more proteins of
medium lengths (~5.7< ln(L)< 6.4 or ~300<L< 600) and

relatively low disorder contents (ID< 0.3) whereas the animal
proteome contains more long and disordered proteins (e.g.,
L> 600 and ID> 0.5). This may partly explain the slightly
positive correlations between ln(L) and ID in the animal
proteomes but negative correlations in the plant proteomes.
The protein distribution contour maps of other proteomes
and gene sets can be found in Figure S1 in Supplementary
Materials and have been trimmed in the phylogenetic tree
in Figure 4 (see below).
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Figure 2: Protein distributions for the human (H. sapiens) proteome in the LD space defined by ln(L) (the protein length in a logarithm scale)
and ID (protein intrinsic disorder contents with 1.0 corresponding to proteins with 100% residues disordered and 0.0 corresponding to
proteins with 0% residues disordered). The distributions in the hierarchical scale are shown in (b) and (c), respectively (see text). Linear
fittings of ln(L) and ID are shown in red dashed lines with satisfactory R2 and hence support the linear participations shown in Table 2.
The blue and red dots indicate the shortest (16 aa) and longest (34,350 aa) proteins, respectively.
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It is straightforward to visualize the differences of these
two proteomes using the differential contour in Figure 1(b).
The H. sapiens proteome has 657 short proteins (i.e.,
L< 100 or ln(L)< 4.6), among which 294 (1.5% of all pro-
teins) are considered disordered (ID> 0.5); in the A. thaliana
proteome, 888 (3.2%) out of 2292 short proteins are disor-
dered. On the other hand, in the H. sapiens proteome, 1135
(5.6%) out of 2384 long proteins (i.e., L ≥ 1000 or ln(L) ≥ 6.9)
are disordered; whereas, in the A. thaliana proteome, 306
(1.1%) out of 1157 long proteins are disordered. Therefore,
a significant difference between the animal (H. sapiens) and
the plant (A. thaliana) could be recognized as that the former
has more long disordered proteins, whereas the latter has
more short disordered proteins. This difference shown in
Figure 1(b) allows us to narrow down the protein/gene distri-
butions related to the architectural differences between the
two organisms.

A recent report also indicates that the overall disorder
contents of the A. thaliana proteome are lower than those
of the H. sapiens proteome [35], which was attributed that
more IDP genes functioning in environmental adaptations
may have been enriched in plants [35]. Based on our analysis
and the apparent abundance of the short disordered proteins

in A. thaliana compared toH. sapiens (Figure 1(b)), we focus
on the 888 short (<100 aa, see above) IDP (sIDP) genes of A.
thaliana. Among these genes, the GO annotations of 203
sIDPs could not be identified, that is, they may be considered
among the “dark matter” of the A. thaliana proteome [36].
However, among the 685 annotated sIDPs (occupying 545
GO terms), only 20 (~0.2% of all sIDPs) with 32 GO anno-
tations were included in the previous analysis showing
“enrichment” of 74 GO annotations related to the environ-
mental adaptations in A. thaliana compared to H. sapiens
[35]. Based on our analysis, this enrichment might not be sig-
nificant for the sIDPs. We suggest that it might be possible
that in animals and other organism (e.g., the green algae C.
reinhardtii), some of the sIDPs had been lost whereas long
IDPs were enriched. Here, GO annotations of the plant genes
were adopted from the plant comparative genomics database
PLAZA 3.0 [37].

2.5. Phylogeny Reconstructed Based on Protein Distribution
Densities in the LD Space.As the first test concerning whether
our classification of proteomes and protein sets is biologically
reasonable, we generated phylogenetic trees based on the
protein distribution densities in the fingerprints of proteomes
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the LD space for each species or gene set are also shown (Figure S1 in Supplementary Materials shows higher resolution figures). MEGA5 [69]
was used to plot the tree.
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without performing any protein sequence comparison and
alignments. Here, aiming to quantify the architectural differ-
ences among proteomes, the LD space was divided into
M × N blocks and then, the distance between two species A
and B was calculated using a Euclidian-type formula based
on the protein distributions in all blocks (see (3) in Materials
and Methods). In this architectural-distance calculation, no
rigorous biological function annotations and/or genomic
comparisons using BLAST or other protocols are required.

By dividing the LD space with M=N=10 (Table 2), the
distance matrices for all proteomes including those from
giruses (Table 1) were calculated and converted to phyloge-
netic trees as shown in Figure 5. We also tested the 5 × 5 or
2 × 2 partitioning; the 10 × 10 partitioning of the LD space
seems to yield relatively high accuracy (Table S2 and Figure
S2 in Supplementary Materials). Nevertheless, some of the
key properties are not very sensitive to the M and N values.
Several interesting features have been found in the trees that
we reconstructed: (1) the eukaryotes are clearly separated

from the prokaryotes and (2) plants and animals are grouped
together, even the eudicot plants (A. thaliana and P. tricho-
carpa) and monocot plants (O. sativa and A. comosus) are
separated. The tree in Figure 5 correctly puts A. trichopoda
before the other plant species and after P. patents. Interest-
ingly, it is consistent with our understanding of the plants-
fungi-animals phylogenetic relationships [38] and stays in
the framework of the natural classification of three domains
of life [39]. Based on the phylogenetic tree, the definition of
the protein LD space might be considered meaningful to
the proteomes, at least to those chosen in present work.

3. Discussion

To the best of our knowledge, this is the first time to classify
proteomes and protein sets based on the protein distribution
densities in the LD space (fingerprints), and a detailed com-
parison with the previous work is therefore not straightfor-
ward. Nevertheless, the survey of protein distributions in
terms of each of the two attributes is consistent with the work
published previously. We noticed that the eukaryotic pro-
teomes do not always exhibit averagely longer proteins than
the prokaryotic proteomes. Our observation on protein dis-
order agrees well with the previous finding, that is, the aver-
age disorder contents in eukaryotic proteins are indeed
higher than those in prokaryotic proteins. We have also gen-
erated phylogenetic trees based on the protein distribution
densities in the fingerprints of proteomes, and this allows
us to make some comparisons of the results that we obtained
here with the knowledge in the field and to examine the con-
sistency and differences with earlier investigations. Such
comparison may also provide certain alternative views that
were generated through this unique approach.

3.1. Giant DNA Viruses and the Tree of Life. It has been in the
debate over the years concerning if viruses should be
included in the tree of life [40, 41] or if they are alive at all
[42, 43]. The discovery of Mimivirus [44] that belongs to the
nucleocytoplasmic large DNA viruses (NCLDV) and the
following discoveries of other giant DNA viruses (giruses)
[45], for example, the Pandoravirus with a genome size
exceeding some of the cellular organisms [46], invoked
questions on if a “fourth domain” should be added to
the tree of life [46, 47] and potentially important roles that
viruses played in eukaryogenesis [48]. Interestingly, we
found that Mimivirus is located in between the Eukaryota
and prokaryote (Archaea +Eubacteria) branches, that is, at
the prokaryote-to-eukaryote transition zone. This is consis-
tent with the original phylogenetic analysis inferred based
on seven universally conserved protein sequences [44]. The
Pandoravirus, on the other hand, is located within the

Table 2: Intervals that partition the LD spaces into M×N blocks with M=N= 10.

Number 1 2 3 4 5 6 7 8 9 10

10 × 10

ln(L) (0,4.6) (4.6,4.9) (4.9,5.2) (5.2,5.5) (5.5,5.8) (5.8,6.1) (6.1,6.4) (6.4,6.7) (6.7,7.0) (7.0,∞)

L (1100) (101,135) (135,182) (182,245) (245,331) (331,446) (446,602) (602,813) (813,1097) (1097,∞)

ID% (0,0.1) (0.1,0.2) (0.2,0.3) (0.3,0.4) (0.4,0.5) (0.5,0.6) (0.6,0.7) (0.7,0.8) (0.8,0.9) (0.9,1.0)

C. reinhardtii
Monocercomonoides

H. sapiens
D. melanogaster

S. cerevisiae
A. thaliana

P. trichocarpa
O. sativa
A. comosus

A. trichopoda
P. patens

Giardia
Pandoravirus

Mimivirus
N. equitans

Rickettsiales
Lokiarchaeum

I. hospitalis
E. coli

S. elongatus

0.015

Figure 5: The phylogenetic tree reconstructed from the protein
distributions in the LD space using M=N= 10 in (3) in Materials
and Methods. Eukaryotes are in red, prokaryotes (bacteria and
Archaea) in blue and giruses in pink branches. MEGA5 [69] was
used to plot the trees. Because this tree is based on normalized
protein densities (of 100 blocks in the M=N= 10 tree here), the
branch length of the tree is relatively small with a scale bar of 0.015.
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Eukaryota branch. The vast majority (>93%) of the Pandor-
avirus genes exhibit no homology to anything known [46];
however, our approach puts it in the same branch of the
parasite Giardia (Figure 5(c)), owing to the abundance of
short proteins (both in ordered and disordered states) in
these two organisms (Figure S1).

3.2. Organelles. The phylogenetic tree with the viral and
organelle (mitochondria, chloroplasts, and plasmids) gene
sets is shown in Figure 4 along with the fingerprints in the
LD space. In this tree, the viral gene set is located in the same
branch as the Pandoravirus. The plasmid gene set is located
in between prokaryotic and eukaryotic branches, or more
accurately, between Mimivirus and Pandoravirus. These
results suggest the importance of horizontal gene transfers
in eukaryogenesis carried by the viral and plasmid genes.

In Figure 4, the mitochondrial gene set sits in the same
branch as the symbiont N. equitans and alphaproteobacter-
ium Rickettsiales, owing to that majorities of the proteins in

these proteomes and protein set are highly ordered
(Table 1). The chloroplast set is located at the same branch
as the viral gene set and Giardia (Figure 4). Using the full
set of annotated mitochondrial genomes for 2015 species, a
recent report [32] revealed that the proteins retained in the
eukaryotic mitochondria are preferentially the structural
cores in the electron transportation chains. Our survey
with the mitochondrial proteins obtained from the NCBI
database indicates that the mitochondrial proteins are
mainly structurally ordered (Figure 6(a)), thereby possibly
structurally and functionally conserved, too. However,
using the model plant species A. thaliana as an example,
the mitochondrial protein distribution in the LD space
(Figure 6(b)) does not match that from the mitochondrial
gene set (Figure 6(a)). This inconsistency may originate from
a considerable amount of highly disordered proteins retained
in the mitochondria. For instance, A. thaliana has 115 mito-
chondrial genes, 23 of which are IDPs (i.e., ID≥ 0.5; here, ID
refers to the ratio of residues). However, we found that 19
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(out of 23) mitochondrial IDPs have unknown functions
involved in unknown biological processes (Table S3 in
Supplementary Materials), immediately raising a question
on the validity of the results obtained from annotated mito-
chondrial genomes (Figure 6(a) in the present study and
[32]). The protein distribution profile of A. thaliana chloro-
plast (Figure 6(d)) resembles that of the collective chloroplast
gene set (Figure 6(c)). Only 6 out of 85 A. thaliana proteins
are IDPs, all of which have been annotated as ribosomal pro-
teins (Table S3).

4. Conclusion

Our two-dimensional contour maps (or proteome finger-
prints) based on the protein distribution densities in the LD
space show distinct patterns for different organisms and
protein sets and may therefore be used for classification of
proteomes and protein sets. The phylogenetic trees generated
based on the protein distribution densities from the finger-
prints were found to be meaningful, as they seem to contain
important information of evolution. Thus, the proposed
approach and its further extension may represent a useful
and alternative way for proteome classification and compar-
ison. It should be pointed out that although in the present
work we used protein lengths (L) and protein intrinsic disor-
der contents (D) as the basic attributes, other attributes (not
limited to those from proteins) may be introduced as well.
One can imagine that one of the properties for the attributes
would be that protein distributions in terms of the new attri-
butes would be different for different proteomes (protein
sets) so that the purpose of classification of proteomes (pro-
tein sets) can be achieved.

5. Materials and Methods

5.1. Proteomes and Gene Set. The plant proteomes in this
study were downloaded from Phytozome, and the proteomes
of bacteria, Archaea, and animals were downloaded from
UniProt; the organelle protein sets were obtained from
NCBI, at or before December 2016.

Here, we surveyed 12 eukaryotic proteomes from two
animal species Homo sapiens [49, 50] and Drosophila mela-
nogaster [51], two monocot plant species Oryza sativa L.
ssp. indica [52] and Ananas comosus [53], two dicot plant
species Arabidopsis thaliana [54] and Populus trichocarpa
[55], the basal angiosperm Amborella trichopoda [56], the
moss Physcomitrella patens [57], the fungus Saccharomyces
cerevisiae strain S288C [58], the green algae Chlamydomonas
reinhardtii [59], the metamonada Giardia (previously known
as an Archezoa that lacks conventional mitochondrion) [60],
andMonocercomonoides sp. PA203 that completely lacks the
mitochondrial or mitochondrial-derived genes [61]. We also
analyzed three bacterial species Escherichia coli K12 MG1655
[62], the cyanobacterium Synechococcus elongatus PCC 7942
[63], and the alphaproteobacterium Rickettsiales bacterium
Ac37b [64] and three Archaea species Ignicoccus hospitalis
kin4/i, Nanoarchaeum equitans [29], and Lokiarchaeum sp.
GC14_75 [65]. Two giant DNA-viruses (giruses) were also
analyzed, including the Mimivirus [44] and Pandoravirus

salinus [46]. In addition, we downloaded several gene collec-
tions from the NCBI gene libraries containing the viral set
(237,463 genes), plasmid set (95,214 genes), mitochondrial
set (88,405 genes), and chloroplast set (80,807 genes).
Table 1 gives a summary of the proteomes and gene sets.

The proteomes and gene sets listed above comprise
811,600 proteins, among which 2401 proteins (~0.3%) con-
tain unknown “X” residues and were excluded for analysis
in this work.

It should be pointed out that in the present analysis, only
the primary protein at each gene locus is selected. The poplar
(P. trichocarpa) proteome [55] was selected to test the poten-
tial influence of the versions of the proteomes and splicing
alternatives. From the P. trichocarpa genome, there are three
versions (v01, v02, and v03) of the proteomes, of which the
v03 proteome has 41,434 primary proteins and 31,579 splic-
ing alternatives (73,013 proteins in total). Using the primary
proteins of all three versions and the full proteome of the v03
version as separated entries, a phylogenetic tree was con-
structed (Figure S3 in Supplementary Materials) and there
is little difference with or without using alternative splicing
proteins or by using different proteome versions.

5.2. Intrinsic Disorder (ID) Prediction. The PONDR-VSL2
algorithm [66] was applied to predict the ID content of all
residues in a protein. This program had achieved ~81% accu-
racy for both short and long proteins. By default, a residue is
in an ordered state if its PONDR score is less than 0.5, but in
a disordered state when the PONDR score is larger than or
equal to 0.5. PONDR scores of 0 and 1 corresponding to
the fully ordered and fully disordered states, respectively.
Here, this criterion was adopted and extended to calculate
the ID content of a protein:

IDpep =
ND
L

, 1

where ND is the number of disordered residues and L is the
total number of residues of the protein (i.e., protein length).
IDpep is also termed as the “rough definition” of the disorder
contents in [27] and ranges from 0 to 1, with 0 and 1 cor-
responding to the fully ordered and fully disordered pro-
teins, respectively.

It had been suggested that the total proteome informa-
tion content (PIC) could be defined as the total number of
amino acids of the primary proteins (longest isoform at each
gene locus) that the proteome carries [67]. In accordance
with this definition, we also calculated the average intrinsic
disorder content per residue as

IDres = 〠
X

i=1

Di

X
, 2

where Χ is the total number of amino acids and Di is the
PONDR score of the ith residue of the proteome or protein
set. IDres corresponds to the definition adapted in [27]. Both
IDpep and IDres are listed in Table 1. Because in present work
distributions of genes (or proteins) are used to discuss the
evolutionary dynamics, IDpep (simplified as ID in the main
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text) had been chosen to act as one of the attributes of the
LD space.

5.3. Generation of the Fingerprints and Phylogenetic Analysis.
To generate the fingerprints, the LD space of species X was
first divided into M×N blocks (e.g., Table 2), M for ln(L)
and N for ID. This separation is reasonable because both
ln(L) and ID exhibit linearity (Figure 2). Then, the protein
density in the ijth block (i in ln(L) and j in ID%) is calcu-
lated as Xij = nij/ntot, where nij is the number of proteins

in the ijth block and ntot =∑M
l=1∑

N
d=1nld is the total number

of proteins in the proteome of species X. Normalization of
the protein density is realized by default since ∑Xij = 1.

Using the protein densities, the distance between two
organisms A and B can be calculated using the Euclidean
equation:

rAB = 〠
M

l=1
〠
N

d=1
Ald − Bld

2, 3

where rAB is the distance between A and B and Xij (X=A or
B) is the protein density in the ijth block. The calculated dis-
tance matrix is converted to the phylogenetic tree using the
neighbor-joining method by the T-REX web server [68]. M
and N and detailed block separations may serve as variables
to fine tune the final phylogenetic tree. As a proof of concept,
the reconstructed phylogenetic tree using M=N=10 is
shown in Figure 5.

The overall working flow of phylogenetic tree recon-
struction is as follows: selection of the proteomes and pro-
tein sets → calculations and statistics of the intrinsic
disorder contents (ID) and protein length of primary pro-
teins (logarithm, ln(L)) → calculations of the protein densi-
ties in all blocks (Table 2) → calculations of the Euclidian
distance between each pair of proteomes or protein sets
(3) → reconstruction of the phylogenetic tree based on the
distance matrix.
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Supplementary Materials

Table S1. Correlation coefficients between ln(L) and ID%.
Table S2. Intervals that partition the LD spaces into M×N
blocks withM=N=2 and 5. Table S3. IDPs in the mitochon-
drion and chloroplast of A. thaliana. Figure S1. Protein-
density contour maps (see Figure 1(a) in main text for
the scale bar). Figure S2. Phylogenetic trees reconstructed
from the protein distributions in the LD space using
A—(M=N=2) and B (M=N=5). Eukaryotes are in red,
prokaryotes (bacteria and Archaea) in blue, and giruses
in pink branches. MEGA5 (1) was used to plot the trees.
Compared to that of the M=N=10 tree (Figure 5), the
branch length of the M=N=10 tree is larger. Figure S3.
Phylogenetic tree reconstructed from gene densities on
the LD space. Different versions (v01–v03) of the P. tri-
chocarpa proteomes have been used. By default of the
present work, only proteins from primary transcripts are
chosen for all proteomes. Here, for P. trichocarpa prote-
ome v03, we tested both the primary transcripts (41,434
proteins) and all transcripts (73,013 proteins). We show
here that progressive improvements including the splicing
variants did not make significant changes in the phylogeny.
(Supplementary Materials)
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Shiftwork became common during the last few decades with the growing demands of human life. Despite the social inactivity
and irregularity in habits, working in continuous irregular shifts causes serious health issues including sleep disorders,
psychiatric disorders, cancer, and metabolic disorders. These health problems arise due to the disruption in circadian clock
system, which is associated with alterations in genetic expressions. Alteration in clock controlling genes further affects genes
linked with disorders including major depression disorder, bipolar disorder, phase delay and phase advance sleep syndromes,
breast cancer, and colon cancer. A diverse research work is needed focusing on broad spectrum changes caused by jet lag in
brain and neuronal system. This review is an attempt to motivate the researchers to conduct advanced studies in this area to
identify the risk factors and mechanisms. Its goal is extended to make the shift workers aware about the risks associated
with shiftwork.

1. Introduction

Fast growing needs demand doing work in recurring periods
other than the traditional diurnal periods. The rotations in
working shifts disrupt natural sleep-wake cycle and eating
patterns [1], which in turn cause serious health problems
by affecting mental health and work effectiveness [2]. This
disruption alters circadian rhythms [3] and neuronal func-
tions to cause neuronal disorders [2]. Shiftwork for a long
period increases the risk of fatigue, aggression, sleep disor-
ders, metabolic disorders, mental abnormalities, and death
[2, 4–9]. Shiftwork directly affects alertness [10, 11], causes
depression, and promotes anxiety [12].

Working repeatedly during night shifts affects hormonal
system and disrupts hormonal secretions and their control
factors [13–16]. This altered hormonal profile increases
the risk of breast cancer, prostate cancer, gastrointestinal
abnormalities, cardiovascular diseases, and reproductive
aberrations [17–19]. Alterations in physiological, behavioral,

and psychological mechanisms [5] further develop abnor-
malities associated with peptic ulcer, diabetes type II, and
rheumatoid arthritis [20–22]. The measurement of shiftwork
is considered complex as it requires several parameters
including sleep quality, fatigue level, types of sleep problems,
use of stimulants, and sleepiness [2, 23].

Shiftwork has gained huge importance which is inevitable
in modern world. This situation alerts researchers to focus
on shiftwork and related abnormalities. Without knowing
the genetic mechanisms and identifying factors related to
shiftwork-promoted health problems, development of pre-
vention and curing strategies may not be achievable. Suitable
model organism, monitoring systems, and mimicking the
shiftwork in lab conditions are major challenges in study-
ing shiftwork to investigate related disorders. These chal-
lenges make the identification genes, majorly involved in
shiftwork-related abnormalities, difficult. In this review,
we have focused on major health problems that are linked
with shiftwork directly or indirectly.
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2. Shiftwork Dysregulates Circadian
Rhythms by Affecting Clock Genes

Circadian rhythm mainly controls the daily wake and sleep
cycle and regulates physiological processes including hor-
mone secretion, body temperature, feeding behavior, cell
cycle progression, and drug, glucose, and xenobiotic metabo-
lism. Its disruption through environmental and genetic
means causes aberrations in physiological processes. Clock
genes with the effects of oscillators and endocrine and neural
signals regulate circadian rhythm [24] which may be dis-
rupted apparently by shiftwork. Circadian clock, through
appropriate physiological activities in relevance to time,
controls the circadian rhythms [4]. Shiftwork (chronic jet
lag) suppresses the expression levels of core clock genes,
including Per1 and Per2 in suprachiasmatic nuclei (SCN)
andMT1 melatonin and glucocorticoid receptors in the liver.
It further causes delay in acrophases of circadian expression
of Per1, Per2, BMAL1, and Dbp in liver. Besides clock genes,
expression levels of some cell cycle-related genes including
c-Myc and p53 are also altered [25]. Vasopressin (V1a
and V1b) receptors (expressed in SCN neurons) promote
shiftwork effect in combination with core clock genes.
Individuals lacking these receptors are normally resistant
to jet lag/shiftwork effects [26].

Circadian oscillator period is determined around 24
hours genetically and adjusted by synchronizers such as LD
cycle. Circadian rhythms synchronized to day time work
and night time sleep require phase adjustment in altered
routines by central and peripheral oscillators. This phase
adjustment in certain cases disrupts the normal organization
and sequence of the clock. Clock genes behave differently
during phase shifts [1, 27]. Shift workers undergo circadian
dysrhythmia that adversely effects mental health. This fur-
ther leads to circadian rhythm disorder causing aberrations
in neurogenesis and spatial cognition [28].

Many aspects of circadian rhythmicity can be modulated
by serotonergic agents that indicate that serotonin is involved
in the regulation of circadian rhythm. Serotonin transporter
(5-HTT) control serotonin reuptake depending on serotonin
transporter gene (SLC6A4) promoter region (5-HTTLPR)
[29]. Significant associations between shiftwork and S variant
of the SLC6A4 promoter and 5-HT and 5-HIAA contents of
platelet can help in investigating the circadian rhythm-
related mechanisms imposed by shiftwork [29]. The effect
of shiftwork on circadian rhythm and sleep may cause the
metabolic dysregulation and depressions by affecting the
genetic pathways. The affect may lead to the disruption of
other functioning systems and cause relative disorders either
through direct or indirect genetic interaction in continuous/
discontinuous forms.

3. Shiftwork Disrupts Normal Sleep
and Behavior

Sleep consists of two repeated cyclic patterns “nonrapid
eye movement and rapid eye movement” [30]. It is con-
trolled genetically with the influence of environmental
factors [31, 32]. Adenosine, a sleep-promoting molecule

[33], mediates wake-promoting effects of caffeine by act-
ing on adenosine receptors antagonistically [34]. GABA
(gamma-aminobutyric acid) promotes sleep whereas dopa-
mine, acetylcholine, norepinephrine, and histamine promote
wakefulness [35]. The cyclic guanosine monophosphate
(cGMP) kinase [36, 37], regulatory subunit of Shaker [38],
Sleepless (sss) gene [39], and CLK and CYC proteins [40]
are key players in sleep regulation. All these genes and regu-
lators may get disrupted in shift workers which will lead to
abnormal sleep and other serious health conditions.

Shiftwork due to the rotation of working schedules and
light/dark disturbance directly affects sleep (as shown in
Figure 1) and may cause health abnormalities including
insomnia, sleep apnea, periodic leg movements, restless leg
syndrome (RLS), and sleep-wake state dissociation disorders
such as rapid eye movement (REM) and narcolepsy, sleep
behavior disorder, and sleep walking [34]. Furthermore, the
shiftwork-induced deficits in sleep homeostasis and circadian
rhythmsmay lead to different psychiatric disorders and affect
SUR2 gene, which was found involved in energy metabolism
and aetiology of cardiomyopathies [41]. Shiftwork may
disrupt daily patterns of human physiology controlled by
circadian rhythms and sleep, including regulation of energy
patterns expenditure [42, 43] and glucose metabolism [42].

Shiftwork may negatively affect genes and factors
involved in sleep disorders such that a SNP marker [44]
and chemokine (C-C motif) receptor 3 (CCR3) susceptibility
gene [45] associated with narcolepsy, MEIS1 locus, and
neuronal nitric oxide synthase (NOS1) and BTBD9 associ-
ated with RLS [46–48]. Serine to glycine mutation in PER2
and mutation in casein kinase Iδ gene (CSNK1D) develop
familial advanced sleep phase syndrome (FASPS) [34, 35]
whereas point mutation in PRNP causes fatal familial insom-
nia (FFI) [35]. The disrupted functions of the above genes
through shiftwork may lead to related disorders. Shiftwork
can alter the functionality of sleep-promoting immune genes
[49], glucocorticoids and NSAIDs [50], protein NF-kB
(upregulated during sleep deprivation) [34], TAK1 (TGF-b-
activated kinase) and Sik3 (control sleep behaviors), and
Nalcn gene (involved in REMS) [51]. Widening its effective-
ness, shiftwork promotes acute coronary syndrome [52],
menstrual disturbances, and abnormal insulin levels [53]
and increases sleepiness and alcohol consumption [54]. It
also lifts sleep deprivation that ultimately leads to loss in
cognitive, physical, and metabolic consequences. These alter-
ations can possibly end up with developing cardiovascular
morbidity and mortality [29].

4. Shiftwork Dysregulates Metabolic Process
and Develops Related Disorders

Social jet lag is a key player in developing metabolic
syndrome by inducing changes in cholesterol levels and
disrupting normal food processes. It was observed in an
experiment that social jet lag potentiated body weight gain
by increasing overconsumption of cafeteria food. As a result,
it promoted high insulin and dyslipidemia indicating the risk
of metabolic syndrome [55]. A chronic shift in light/dark
(LD) cycles induces obesity, increases body weight and
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glucose intolerance, and accumulates more fat in white adi-
pose tissues. It changes the expression profiles of metabolic
genes in liver [56].

According to timed sleep restriction (TSR) study, sleep
timing directly affects clock-controlled genes including
ClockD19, BMAL1, Per1, Rev-erbα and Dbp, and circadian
machinery. This alteration affects metabolic processes
including carbohydrate and lipid utilization in liver. BMAL1,
Per1, and Dbp were upregulated during early light phase and
Rev-erbα during mid-light phase. Carbohydrate regulators
affected were insulin receptor substrate 2 (Irs2), glucose-
responsive fork head box O1 (Foxo1), and glucose trans-
porter 2 (Slc2a2). These regulators control the functions
of pyruvate carboxylase, the pyruvate transporter Slc16a7,
pyruvate dehydrogenase kinase 4, the glycerol transporter
aquaporin, fructose-2,6-biphosphatase 1, and liver pyru-
vate kinase. These alterations in carbohydrate regulators
further affect glycerol kinase and glycerol phosphate dehy-
drogenase 2, glutamic-pyruvate transaminase, and regula-
tors of glycerol biosynthesis [4]. This dysregulation may
induce critical alterations in genetic system to develop
metabolic disorders.

The presence of metabolic process controlling genes in
rhythmic transcriptome indicates that alteration in circadian
rhythm causes disruption in metabolic process [4, 57–59].
CLOCK, BMAL, and PER2 were found associated with
obesity by affecting the metabolic process [60, 61]. Shiftwork
brings about changes in appetitive hormones through circa-
dian misalignment which causes reduction in leptin level that
ultimately leads to weight gain. Shift workers are considered
at higher risk of type II diabetes [42, 62].

5. Shiftwork-Related Health Risks

5.1. Shiftwork Is Associated with Mortality. Quick return
occurs due to rotations in between shifts, causing major
accidents [22] that normally lead to death. Shiftwork
increases the risk of several disorders including mental disor-
ders and sleep-related disorders, which may lead to death. In
an experiment related to jet lag effects on transgenic aged
rats, it was found that mortality light scheduled rotations at
6 hours phase advance, each week. The survival rate of rats
exposed to shifted light schedule was found lesser (47%)
than the survival rate (83%) of rats exposed to normal
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Figure 1: The abnormalities associated with shiftwork. (1) Shiftwork primarily affects the circadian clock and leads to several disruptions and
disorders. (2) Disruption in circadian clock further affects the circadian system and alters important gene expressions which play an
important role in maintaining normal body functions. (3) BMAL1 and CLOCK genes are the key factors that control circadian rhythms.
Any alteration in these groups of genes further alters the genetic expression of genes (Per 1–3 and Cry 1/2) involved in clock maintenance.
Other factors and proteins which play a major role in circadian rhythm are RORs, REV-ERBs, CK1δ, CK1ε, AMPK, FBXL3 and βTRC.
(4) Shiftwork either directly or through circadian system alterations may cause severe psychiatric disorders including major depression,
anxiety, and mood disorders. (5) Due to exposure to light irregularly, shiftwork enhances the chances of breast cancer. Breast cancer
development is promoted by sleep disruptions, circadian system imbalances, and dietary conditions. (6) Sleep disorders and disrupted
sleep is another condition developed by shiftwork. (7) This disruption in sleep affects the metabolism and causes metabolic disorders
including obesity.
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light (12L/12D) scheduled rotations. Although jet lag has
no mortal effect on younger mice, it alters the behavior
and circadian rhythms which further causes serious health
issues by affecting brain and liver [7].

5.2. Shiftwork Induces Mental and Related Disorders. The role
of SLC6A4 (serotonin transporter gene) in shift workers was
confirmed to be related with time period. The proportion of
short allele becomes higher than large allele if the period is
more than 5 years. The effectiveness of shiftwork becomes
higher in case of internal desynchronization of circadian
rhythm [2, 63].

Endocrine imbalance in depression and psychosis is the
hyperactivity of the HPA axis [64]. Glucocorticoid functions
as an immunosuppressant and interacts with melatonin in a
form of suppressive effect on the production of ACTH-
induced glucocorticoid [65]. Its resistance results in hyper-
cortisolemia in psychiatric patients and increased pituitary
volume in depressed patients [66, 67]. Shiftwork causes
desynchronization in circadian rhythm which in turn leads
to reduced NK activity and weakening cellular immunity
[68], disruptions in norepinephrine, melatonin, and seroto-
nin production [69, 70] which may induce anxiety, depres-
sion, hypercortisolemia, and psychosis.

5.3. Shiftwork Disorder and Associated Factors. Shiftwork
disorder is characterized by insomnia and excessive sleepi-
ness which develops due to working schedules overlapping
sleeping time [71]. According to a study, shiftwork disorder
was found to occur frequently in males as compared to
females, working during the night. Approximately, 9% of
the night shift workers reported severe shiftwork disorder
while one-third of the total had mild symptoms [71]. Shift-
work sleep disorder changes the behavior and sleeping
periods permanently which could possibly be recovered
through advanced therapies only. Treatment with modafinil,
an effective compound against narcolepsy and obstructive
sleep apnea, was found ineffective [6], suggesting that the
mechanisms involved in shiftwork sleep disorder are not
related to sleep apnea and narcolepsy. Molecular level studies
with a broad range of patients, to investigate mechanisms,
are needed to find out the main alterations in the system
to prevent and cure the conditions properly.

The high number of nights and age were found associated
with shiftwork disorder [22], whereas genotypes were
found to be associated with morningness and eveningness.
Allele 3111C is associated with extreme eveningness and
shiftwork with semidominant influence on sleep phases
without having an obvious influence on morning/evening
preferences. 3111C/C homozygotes are associated with
delayed shift of sleep [72] where melatonin can phase-shift
the circadian clock being chronobiotic and a sleep promoting
agent [73].

5.4. Shiftwork Sleep Disorder. Shiftwork sleep disorder is
a condition defined by excessive sleepiness or insomnia
accompanied by total sleep time reduction. It is 10–38%
prevalent in shift workers [5, 43]. The disturbance in general
is the sleep-wake cycle distortion of extrinsic origin. This

disorder is related to the night and early morning timings.
Reduction in alertness and performance along with the
linkage to higher rates of comorbidity with GI disorders
[67] make SWSD a severe and attention-requiring condition.
Sleepiness during the night and insomnia during the day
become more severe with continuous shiftwork for longer
periods. Depression, ulcers, and sleepiness-related accidents
are the ultimate risks associated with shiftwork sleep disor-
der. This sleepiness behavior during night is similar to the
day time sleepiness in people with narcolepsy [6].

5.5. Advanced and Delayed Sleep Phase Syndrome. Advanced
sleep phase syndrome (ASPS) is characterized by 3-4 hours
advanced awakening times and sleep onsets relative to
normal times. It is inherited in autosomal dominant mode,
caused by circadian cycle irregularity as circadian clock genes
are key players in its development. Missense mutations
S662G (occurs in phosphorylation site within CSNK1-
binding domain of PER2) and CSNK1D are involved in
ASPS [58].

Delayed sleep phase syndrome (DSPS) is characterized
by chronic inability to fall asleep and awaken at normal
timings [58]. Circadian system genes are majorly involved
in this dysregulated sleep behavior. Significant associations
with T3111C polymorphism in the 3′UTR of CLOCK and
the association of a SNP in the 5′UTR of PER2 with morning
preference have been reported in DSPS [72, 74]. According to
a study, amino-acid substitution S408N in the CSKN1E gene
might protect the body form DSPS and non-24-hour sleep-
wake syndrome development [58]. Both the shorter and
longer VNTR (variable number tandem repeat) alleles were
found (PER3-4/4) associated with DSPS [75]. Per3 gene is
involved in delayed sleep phase syndrome and extreme
diurnal preference.

Mutation in hPER2 has a notable association with
advanced sleep phase syndrome, whereas some haplotypes
of hPER3 have shown an association with delayed sleep
phase syndrome. These conditions arise because of the alter-
ations into casein kinase Iε (CKIε) phosphorylation of the
target clock proteins, affecting morningness and eveningness.
Polymorphisms in 3′ flanking region of the human clock
homolog (3111T/C, hClock) is associated with eveningness
and morningness such that 3111T allele has lower evening
preference than 3111C allele [72]. As shiftwork has direct
impacts on sleep, it may affect the normal functioning of
genes to cause one of the two sleep abnormalities ASPS
and DSPS.

5.6. Circadian Rhythm Sleep Disorder. Circadian rhythm
sleep disorder refers to the abnormalities brought about
by circadian misalignment due to variations in sleep-
wake pattern. The shift in sleep-wake time is commonly
caused by shiftwork, jet lag, light exposure, and insufficient
sleep period. Circadian misalignment alters neuroendocrine
physiology, impairs glucose tolerance, and reduces insulin
sensitivity [42, 62, 76, 77]. Sleep deprivation problem rises
with the incompatibility between circadian rhythms and
working periods [78]. Both circadian alterations and sleep
deprivations lead to fatigue, impairments in vigilance and
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attention, sleepiness [79], sleep deficiency, impaired physio-
logical function, and aberrant behavior [76, 80–82]. A subset
of insomnias including non-24-hour sleep-wake syndrome is
also linked with circadian rhythm sleep disorder [81].
Exposure to bright light in shiftwork and working in consec-
utive shifts if maintained for longer time may change the
system at the genetic level. This alteration will further disrupt
the normal functions of gene-related behavior, sleep, and
circadian system. Such modifications will ultimately lead to
health-harming conditions.

6. Shiftwork-Related Alterations in Nervous
System to Develop Psychiatric Disorders

Adversely affected nervous system by working in continu-
ously rotating shifts may accelerate the rate of psychiatric dis-
order occurrence (Figure 1). Being major causes of disabilities
[83], psychiatric disorders including bipolar disorder (BD),
schizophrenia (SZ), and major depression disorder (MDD)
impose enormous medical burdens [84–86]. The genetic
alteration and uncontrolled expression of genes primarily
causing the aforementioned disorders [83, 87–89] are associ-
ated with irregular continuous changing of shifts during
work. Night shift work contributed toward several psychiatric
disorders through circadian misalignment, sleep deprivation,
and light-induced melatonin suppression [73]. Disrupted-in-
schizophrenia-1 (DISC1) is an important genetic factor in
serious mental disorders including SZ, BD, and MDD [90].
We will further discuss the previously mentioned psychiatric
disorders one by one to provide detailed information.

6.1. Bipolar Disorder. BD is considered one of the severely
disabling disorders. Distinctive distortions of emotion regu-
lation make BD a severe psychiatric condition. It mainly
affects emotional and social behavior with light effect on
perception and thought. Being a multifactorial disorder, its
risk is influenced by genetic and environmental factors
[91]. Genetic and pathophysiological factors involved in the
development of BD are largely unknown [92]. BD increases
the risk of schizophrenia and major depression disorder
which is an indication for shared genetic basis between these
disorders. Although heritability has been proven, more
studies are needed to investigate the genetic mechanisms
[93, 94]. In BD, important genetic variants that could be
affected by shiftwork either directly or indirectly are
Del, ANK3 rs1938526, COMT Val158Met, DAOA, BRD1/
ZBED4, BDNF Val66Met, BRD1, ASMT, CAMTA1,
CCDC132, CHES1, DGKH, DRD4, HTR1A C1019G,
SLC6A4, 5-HTTLPR PARD3B, PDLIM5, STin2 VNTR,
KLHL3, LYPD5, MAOA T941G, MTHFR A1298C and
C677T, TPH1 STAB1, HTR3B, and WNK2 [95]. They are
expressed in brain and associated with CREB (cyclic
adenosine monophosphate response element-binding pro-
tein). KCNH7 R394H (rs78247304) mutation is linked to
BD. ANK3, CACNA1C, an intron variant of CACNA1C
(rs79398153), and a missense mutation of ANK3 (N2643S)
were confirmed being involved in BD [95, 96]. All these
mutations are possibly enhanced in people working in several
shifts or exposing to irregular light (jet lag).

6.2. Major Depression Disorder.MDD, a leading cause of loss
in work productivity, is considered a fatal disorder. It is
considered one of the most prevalent disorders that affect
females more than males [97, 98]. Genetic and environ-
mental risk factors mainly contribute to cause MDD. It
is a neuroprogressive disorder in which each persisting
episode increases impairment in function and sensitivity
for upcoming episodes. A decrease in the GR messenger
ribonucleic acid levels in hippocampus, frontal cortex,
and amygdala has been observed in the patients suffering
from MDD. Susceptibility to further episodes is increased
by repeated illness which causes the permanent alteration
in the normal functions of neurons [99] and genes [100]
including MTHFR C677T and 5-HTTLPR [101]. Some
of the important genetic variants associated with MDD
that could be affected by shiftwork are APOE, SLC6A4,
ACE, GNB3, HS6ST3, HTR1A, LHFPL2, PDE11A, DISC1,
MAOA, SLC6A3 (DAT1), SLC25A21, VGLL4 BDNF,
P2RX7, TPH2, PDE9A, and GRIK3 [95, 100]. Neutral amino
acid transporter (SLC6A15) is a susceptibility gene for
MDD [102].

7. Shiftwork Affects Expressions of
Oncogenes to Develop Cancer

Malignancies are majorly developed by mitigation in pineal
hormone melatonin by bright light at night [1]. Reduced pro-
duction of melatonin, phase shift, and sleep disruption,
caused by exposure to light at night, might be the possible
mechanisms that cause cancer and related disorders [103].
Shiftwork causes cancer (Figure 1) via altering the clock-
controlled gene expression that regulate tumor suppression
[1, 104]. Per1 negatively affects the growth of tumor cell
and per2 functions as tumor repressor [105]. Long-term
shiftwork negatively affects IFNγ (interferon gamma) [106]
The association of shiftwork-affected immune system with
sleep deprivation increases inflammatory markers thereby
causing malignancies and metabolic and cardiovascular
disorders [1]. Circadian rhythm disruption by shiftwork or
bright light exposure at night increases the rate of cancer
and decreases the nocturnal rise in melatonin [19].

7.1. Breast Cancer. The disrupted circadian rhythm or
circadian clock through shiftwork effects the development
of breast cancer (Figure 2) [107]. Cell proliferation and apo-
ptosis is regulated by approximately 7% of clock-controlled
genes, including myelocytomatosis viral oncogene human
recombinant (C-Myc), murine double minute oncogene
(Mdm-2), and growth arrest and DNA damage-inducible
alpha protein (Gadd 45a) and those encoding p53, caspases,
and cyclins. Per1 is reduced in cancer tissue and its inhibition
blunts apoptosis, whereas Per2 represses tumor in breast
cancer and induces estradiol (E2) in mammary cells. Coex-
pression of Per2 with cytochrome inhibits growth of breast
cancer cells. Deficiency of Per2 causes deregulation of
Myc, cyclin A, cyclin D1, Mdm-2, and Gadd45a, while
its dysfunctionality impairs apoptosis mediated by p53 by
activating c-Myc signaling pathway. Overexpressing and
downregulating Per1 or Per2 inhibits and accelerates growth

5International Journal of Genomics



of cancer cells, respectively [1]. Telomere shortening is corre-
lated with consecutive night shift work for a long time where
it increases breast cancer risk [108].

7.2. Colonic Cancer. Per1- and Per2-mediated tumor-
repressing effect is more specific to early light and early dark
phase. Per2 mutations and deregulation favor development
and increases cell proliferation, respectively [1]. Altered
light schedules develop mutations in PER1, PER2, and
PER3 which in turn promote colonic adenoma and colonic
cancer [19, 109].

7.3. Prostate Cancer. Shiftwork-mediated sleep disruption is
associated with elevated prostate-specific antigen (PSA),
indicating an increased risk of developing prostate cancer
[110]. Disrupted circadian rhythms through jet lag inhibits
p53, enhances Myc expression, and induces tumorigenesis
in prostate tissues targeted by endocrine [1, 111, 112].

7.4. Ovarian Cancer. Functional analysis suggested that
variation, in circadian genes including BMAL1, CRY2,
CSNK1E, NPAS2, PER3, REV1, and downstream transcrip-
tion factors KLF10 and SENP3 through disruption of
hormonal pathways or changes in light/dark schedules, is
associated with ovarian cancer. Silencing the expression of

BMAL1 activates p53 to prevent cell cycle arrest which
indicates that BMAL1 gene may regulate the p53 tumor
suppressor pathway. Per2 inhibition, reduces estrogen recep-
tor α (ERα) response to E2 by overexpression or enhances E2
activation [112, 113]. Its lower expression along with lower
expression of BMAL1 and CRY1 promotes lower survival of
cells in ovarian cancer [114].

7.5. Lung Cancer. Not only systemic but also somatic dis-
ruption of circadian rhythms mediated by jet lag alone
affects c-Myc and enhances cell proliferation. Per2 and
BMAL1 lose the ability of inhibiting tumor progression
and hence promotes lung cancer [115].

7.6. Shiftwork Tolerance. The effects of shiftwork regarding
tolerance and responsiveness are concerned with certain
factors. The youngest and oldest individuals are affected
more than individuals with middle age [116]. Females due
to low tolerance develop more problems, like sleep disrup-
tions, higher risk of mortality, disability, fatigue, and obesity,
while males show more cognitive disturbances [117, 118]. In
case of circadian rhythms, a low score on morningness [119]
and languidness and a high score on flexibility [120] are
associated positively with shiftwork tolerance.
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and sleep
disruptions

Sleep disorders Circadian system
disorders
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Figure 2: All disorders that could possibly be caused by shiftwork.
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8. Conclusion and Prospects

Shiftwork has gained central importance due to its detri-
mental effects on health. A large population of the world,
including regular travelers, night shift workers, continuously
faces jet lag conditions. Working in frequently rotating shifts
causes several medical issues to arise, including cancer,
psychiatric disorders, quick return accidents, and metabolic
disorders. These conditions lasting longer may bring irre-
versible changes in the body, leaving no choice for affective
recovery. It is impossible to avoid working in rotating
shifts or prevent oneself from light exposure.

The health problems related to shiftwork are developed
by disruptions in genetic expressions. To prevent or mitigate
the adverse effects of shiftwork-related disorders, unveiling of
genetic mechanisms and determination of related pathways
are needed.

These relations and interactions could be studied in
a better way through jet lag, circadian rhythms, and
sleep behaviors.

The effects of shiftwork may involve a series of genes
and factors majorly involved in circadian rhythm, sleep
homeostasis, and the specific disorder prevention. It is
considered that circadian genes have noticeable impacts
on cancer controlling genes, psychiatric disorder causing
genes, and metabolic disorder-related genes. But it is still
needed to be investigated whether shiftwork directly
affects the genes related to certain disorders or it elon-
gates its impact via targeting other genes such as clock
genes. The proper targeted medications are possible to
be developed only if the mechanisms and factors causing
and promoting the shiftwork effects to cause disorders
have been identified.
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In genetic data modeling, the use of a limited number of samples for modeling and predicting, especially well below the attribute
number, is difficult due to the enormous number of genes detected by a sequencing platform. In addition, many studies
commonly use machine learning methods to evaluate genetic datasets to identify potential disease-related genes and drug
targets, but to the best of our knowledge, the information associated with the selected gene set was not thoroughly elucidated
in previous studies. To identify a relatively stable scheme for modeling limited samples in the gene datasets and reveal the
information that they contain, the present study first evaluated the performance of a series of modeling approaches for
predicting clinical endpoints of cancer and later integrated the results using various voting protocols. As a result, we proposed
a relatively stable scheme that used a set of methods with an ensemble algorithm. Our findings indicated that the ensemble
methodologies are more reliable for predicting cancer prognoses than single machine learning algorithms as well as for gene
function evaluating. The ensemble methodologies provide a more complete coverage of relevant genes, which can facilitate the
exploration of cancer mechanisms and the identification of potential drug targets.

1. Introduction

With the development of genetic sequencing technology,
genetic information could be recorded as gene expression
data. Data mining, such as using machine learning methods,
is commonly used to reveal latent correlations between dis-
eases and gene expression. Supervised or semisupervised
machine learning algorithms have been proposed to predict
the clinical outcomes of cancers [1–4] in the context of
tumorigenesis. The support vector machine (SVM) [5–8]
and artificial neural network (ANN) [9–11] algorithms were
the most commonly used approaches for predicting progno-
ses. In addition, the Bayesian probability model [12–14] and
the fuzzy neural network [15] were also used for cancer

prognosis prediction. The microarray quality control
(MAQC) project thoroughly investigated the performance
of models for the prediction of clinical outcomes of breast
cancer, multiple myeloma, and neuroblastoma and were
common practices for microarray-based model construction
and validation [16]. The network-based approaches have
seen a recent widespread use for the identification of
cancer-related genes and have revealed the molecular mech-
anisms of various cancers [17–22]. However, to the best of
our knowledge, no studies have examined multiple algo-
rithms with two different kinds of expression data and their
ensemble performance with a limited number of samples,
which might be crucial when using them in practical. In most
cases, the number of available samples is restricted due to the
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cost, privacy, and other reasons. A limited sample number
causes a predictive model to be more sensitive to the dataset
distribution, and the lack of prior knowledge simultaneously
reduces the overall predicting performance which could be
reflected by MCC (Matthews correlation coefficient). More-
over, a single machine learning algorithm provides insuffi-
cient coverage of the disease-related genes because it only
uses genes that show the greatest difference of expression
profiles between the phenotypic statuses compared when
the genes have a similar function. Thus, identifying a stable
predictive model using a limited number of samples becomes
a challenge.

To address this problem, the present study thoroughly
investigated the performance of single models among differ-
ent datasets and proposed a strategy to combine multiple
predictive models as well as the datasets into a final ensemble
for clinical prediction. Compared with a single machine
learning algorithm, an ensemble scheme could not only per-
form more reliably when predicting clinical endpoints but
could also provide broader coverage of disease-related genes,
which will be beneficial for further downstream analysis in
such applications as the identification of potential drugs.

2. Materials and Methods

The workflow of this study is listed in Figure 1. The datasets
were carefully generated such that the scale and representa-
tion of the samples in the different datasets are consistent

such that the predictions were comparable. This section
describes the data and methods used.

2.1. GDC Data. All data were downloaded from the NCI’s
Genomic Data Commons (GDC) [23] by using the official
web-based API (https://gdc.cancer.gov/developers/gdc-appli
cation-programming-interface-api). The genomic data were
from the official normalized microRNA and RNA sequence
expression data because it was restricted by multiplatform
coverage and accessibility; a portion of the cancer data was
excluded from this study. For example, the number of avail-
able samples of neuroblastoma in GDC is 1127 (this number
might change if the database is updated), but only approxi-
mately half of these samples have associated RNA sequence
data, and no microRNA sequence data are available. Finally,
the freely accessible data for breast invasive carcinoma
(BRCA), ovarian serous cystadenocarcinoma (OV), and kid-
ney renal clear cell carcinoma (KIRC) were downloaded and
used for modeling. The clinical information was downloaded
in the XML format. The relationships of samples from differ-
ent platforms (such as mRNA, microRNA, and clinical) were
identified by the official MetaData file in the JSON format.
The detailed distribution can be found in Table 1.

2.2. Preprocessing. Since we wanted to make the results from
two sequencing platforms (e.g., mRNA and microRNA)
comparable and able for voting at last, the selection of sam-
ples was determined by the integration of different platforms.

Breast invasive
carcinoma

(BRCA)

Kidney renal clear
cell carcinoma

(KIRC)

t-test Preprocess
6 datasets

(3 cancers × 2 platforms)

Dimensional
reduction

120 subdatasets
(6 datasets × (5 × 4)
variable selection)

Modeling
voting

analysis
5880 models

72 votes

Subdatasets with reduced genes

Variable selection

OneR, ReliefF, InfoGain, SymmetricalUncert, and GainRatio
TOP 10, 30, 50, and 100 genes are selected

Subdatasets with reduced genes

Modeling
Totally, 7 classes contain 49 methods

Predicting results

Voting & analysis

Ovarian serous
cystadenocarcinoma

(OV)

Data download
(mRNA & miRNA)

Figure 1: Work flow of the whole process. First, the datasets were downloaded from the GDC (Genomic Data Commons) database. Next, the
downloaded mRNA and microRNA sequencing data are united by the usable information. The t-test was used afterwards to determine the
significantly expressed genes. Five selection methods were used to select the cancer-associated genes and the subdatasets generated according
to the ranks. Finally, the prediction results were integrated by a voting protocol. Note that every subdataset was divided into two pieces for
cross-validation and independent test in the ratio 4 : 1 before variable selection. Only the datasets for cross-validation will be used for
variable selection and modeling.

2 International Journal of Genomics

https://gdc.cancer.gov/developers/gdc-application-programming-interface-api
https://gdc.cancer.gov/developers/gdc-application-programming-interface-api


Only samples that contained clinical information and expres-
sion data for both mRNA and microRNA were retained for
subsequent analysis.

The sample label was determined by the clinical informa-
tion. For OV and KIRC, the label was determined by the sur-
vival time. A sample was deemed positive if the recorded
survival time was larger than one year and if the patient
was still alive (based on the clinical data). Similarly, a sample
was deemed negative if the associated patient was dead and if
the recorded survival time was less than one year. The sample
label for BRCA was determined by the estrogen receptor (ER)
status (negative or positive), which was also recorded in the
clinical XML file. Therefore, if the required information for
a sample could not be found in the clinical data or its status
did not satisfy the criteria (e.g., the patient was alive but the
survival time was less than one year), it was excluded.

The sample number was reduced by the clinical informa-
tion. Student’s t-test was used to subsequently reduce the
mRNA and microRNA numbers. Only genes that had signif-
icant expression with a p value less than 0.05 were retained in
a dataset. The ratio of positive to negative samples was kept
in an appropriate range to reduce classification bias. In this
study, the range of this ratio was 0.5 to 2. For example, if a
dataset contained 22 positive and 50 negative samples, 6 neg-
ative samples were randomly removed to adjust the ratio so it
fell within the required range. The eliminated datasets were
divided into two parts for cross-validation and independent
tests in a 4 : 1 ratio. The scale of the datasets is listed in
Table 1. Only the datasets for cross-validation will be used
for variable selection and the 5-fold cross-validation; the
datasets for independent testing will not participate in
modeling. And only the independent prediction will be used
for further ensemble analysis and comparison.

2.3. Machine Learning Methods. 49 modeling methods in
WEKA [24] (version 3.8.1) were investigated in this study.
The methods were divided into seven different classes by
the developers of WEKA according to specific features of
the methods (Table 2). The different method classes had dif-
ferent features. In the functions class, most of the methods use
a functional solution for modeling the data, such as LibSVM
[25] and logistic regression [26], and in most cases, few
mechanisms are available for ensemble learning, such as vot-
ing or resampling. However, in the meta class, the methods
use resampling and voting for classification and regression,
and the methods in the other classes are considered model

units, such as AdaBoost [27] and Bagging [28]. The methods
from the bayes class are from the probability and graph the-
ory, and most of them, including NaïveBayes [29], BayesNet-
work [30], and BayesianLogisticRegression [31], are sensitive
to sample number. Similarly, methods in the rules class use
rules (such as decision table) for classification [32]. The
methods in the lazy class are instance-based and could be
optimized for better efficiency using a lazy algorithm [33].
Most of the methods in the trees class are based on the classi-
fication and regression tree algorithm, but the way they are
carried out is different. Many other mechanisms are inte-
grated into the trees such as resampling used in a random for-
est [34]. Finally, the misc class contains methods for which it
is difficult to assign to another class. Only two methods fell
into this class in this study, namely, the VFI, an ensemble
method based on a voting protocol [35], and the HyperPipes,
based on an algorithm that finds similarities among attri-
butes. Considering running time, comparability, and reduc-
ing the risk of overfitting, only default parameters are used
for modeling.

Because the sample number was limited, fewer genes
should be considered to avoid overfitting. In this study, five
variable selection methods were used for dimensional reduc-
tion: OneR, ReliefF, InfoGain, SymmetricalUncert, and Gain-
Ratio. OneR is executed by using the OneR classifier, which
is based on measuring the error between the attributes and
the response values [36]. ReliefF uses a resampling mecha-
nism for evaluating the attributes [37]. The other methods
are from the information theory, and the associated formu-
las are

GainRatio = class, attribute =
H class −H class∣attribute

H attribute
,

InfoGain class, attribute =H class −H class∣attribute ,

SymmetricalUncert class, attribute

= 2
H class −H class∣attribute

H class

+H attribute ,
1

where the “H()” in the formula is the information entropy
(Shannon entropy) [38] and “class” denotes the values of a
label. According to their formulas, GainRatio could be
considered as a normalization of InfoGain. However, the
information entropies of all of the attributes, such as the
expression of mRNAs and microRNAs, are different, so both
methods are used in this study. By using the ranking mecha-
nism in WEKA, in every subdataset for cross-validation, the
attributes can be ranked, and the top 10, 30, 50, and 100
ranked attributes are selected for cross-validation andmodel-
ing. Note that since the number of microRNAs in OV is lim-
ited (83, which is less than 100), the numbers of the attributes
in the subdatasets are 10, 30, 50, and 83. Totally, we investi-
gated a total of 5 variable selection methods× 4 subdata-
sets× 49 modeling methods = 980 predictive models.

Table 1: Scales of the three datasets.

Disease
name

Sample number
in modeling

dataset

Sample number in
independent test

dataset

Number of
kept genes

BRCA 558 141
mRNA 24585

miRNA 722

KIRC 112 29
mRNA 9119

miRNA 190

OV 66 18
mRNA 4390

miRNA 83
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2.4. Integrating the Predictions by Voting. After generating
hundreds of models, it is possible to combine their predic-
tions. As previously mentioned, the prediction perfor-
mances are ranged in the datasets. To integrate the ranged
predictions and find a stable modeling method for genetic
datasets, we used a voting protocol in this study to identify
the datasets.

All of the weights were the same, except in the informa-
tion theory methods such as InfoGain, SymmetricalUncert,
and GainRatio. The weights in the information theory
methods were modified to 1/3 when voting the predictions
from the subdatasets of the OV-miRNA group according to
the prediction distribution. More details may be found in
“the coverage and reliability of selected genes” and “the dis-
tributions of the predictions.”

Three voting schemes were used to arrive at a compre-
hensive conclusion. All of the methods were first used for
voting. Then, some of the methods which performed poorly
for all datasets were eliminated. Finally, mRNA and miRNA
datasets were combined for voting.

2.5. Measurement Methods. Since there were many predic-
tions, box plots were used to reflect the stability of the differ-
ent classes. The quartiles Q1 and Q3, the interquartile range
(IQR), and the whiskers (the lower whisker is Q1 −1.5 IQR,
and upper whisker is Q3 +1.5 IQR) in the box plot are dis-
cussed. Two types of box plots were used to present the
results in different angles, one based on the WEKA classes
of modeling methods and another based on the scale of the
subdatasets. Because the ratio of positive to negative samples
was biased, the Matthews correlation coefficient (MCC) was
used as the criterion for the plots. The MCC is one of the cri-
teria used to evaluate the prediction performance, and the
associated formula is

MCC =
TP × TN − FP × FN

TP + FN × TP + FP × TN + FP × TN + FN
,

2

where TP, TN, FP, and FN are the number of true-positive
predictions, true-negative predictions, false-positive predic-
tions, and false-negative predictions, respectively.

3. Results

Figure 1 is a flow chart that shows the modeling and
integration of the preprocessed datasets. The associated
results are listed below. Since there were 5880 modules in
total (6 datasets× 980 predictive models per datasets),
figures instead of tables were used to present the results
(Figures 2–13). The individual cross-validation and
independent test results were together listed in the
Supplementary file “ModelingResults.xlsx” (available here).

3.1. Modeling Results. The prediction performance was ascer-
tained in two ways: by the modeling method class defined by
WEKA (see Table 2) and by the different subdatasets gener-
ated by the different variable selection methods. Therefore,
a total of 3 cancers× 2 sequence methods× 2 kinds of
plots = 12 figures were generated for the modeling results.

The meta class and trees class methods performed better
than those in other classes for the two types of BRCA geno-
mics data (mRNA in Figure 2 and miRNA in Figure 4), as
evidenced by the best medians and averages. The box for
the trees class had higher whiskers, but the box for the meta
class had a smaller IQR.

The KIRCmRNA (Figure 6) and miRNA (Figure 8) data-
sets showed diverse prediction distributions. In the KIRC-
mRNA group, the distributions were similar in the two
BRCA groups but the lazy class performed in a similar man-
ner in the meta and trees classes. The distributions were

Table 2: Methods used.

Class Method names

bayes
NaiveBayes, BayesianLogisticRegression, BayesNet, ComplementNaiveBayes, DMNBtext, NaiveBayesMultinomial,

NaiveBayesMultinomialUpdateable

functions Logistic, MultilayerPerceptron, RBFNetwork, SimpleLogistic, SPegasos, VotedPerceptron, LibSVM

lazy IB1, IBk, KStar, LWL

meta AdaBoostM1, Bagging, Dagging, Decorate, END, FilteredClassifier, LogitBoost, MultiBoostAB, MultiClassClassifier

misc HyperPipes, VFI

rules ConjunctiveRule, DecisionTable, DTNB, NNge, OneR, PART, Ridor, ZeroR

trees ADTree, BFTree, DecisionStump, FT, J48, J48graft, LADTree, LMT, NBTree, RandomForest, RandomTree, REPTree

The names, including the class names, are from WEKA. The results and discussion are based on the classes.
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Figure 2: MCC of the BRCA-mRNA group by the functions class.
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totally different in the KIRC-miRNA class. Themisc class had
the best distribution in the box plot, and the others were far
worse. However, most of the medians and averages in the
KIRC-miRNA group were less than those in the KIRC-
mRNA group.

The situation was similar in the OV-mRNA group
(Figure 10) and the OV-miRNA group (Figure 12). The misc
class was best in the OV-mRNA group datasets, but themeta
class had relatively better prediction performance for the
OV-miRNA group. The rules class and functions class had
very poor distributions in both groups.

Comparing between cross-validation and independent
test, most of them were similar; the differences between the
whiskers were not huge except for two classes: functions
and lazy (could be found in Figures 2, 8, and 12). The func-
tions class often has wider ranges between the two whiskers
in cross-validation and is still larger than its independent test.

On the contrary, the lazy class usually has narrower ranges in
cross-validation than its independent test.

Distributions based on different datasets were clearer. In
most cases, the dataset (mRNA or microRNA) that contained
more attributes had a better distribution (i.e., a smaller IQR
or a higher median). However, the peak was sometimes
found in a smaller dataset. In more detail, the two BRCA
groups (Figures 3 and 5) seemed to be insensitive to the attri-
bute number and the distributions especially medians are
very similar. The boxes were larger in the KIRC-miRNA
group (Figure 9). The prediction results were sensitive to
the attribute number, and the upper whisker increased as
the attributes increased, but the lower whisker simulta-
neously decreased. In comparison, the distributions of the
boxes in the KIRC-mRNA group (Figure 7) were better when
the attribute number increased to 30 and were relatively sta-
ble afterwards. Differently in the OV-mRNA (Figure 11) and
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Figure 4: MCC of the BRCA-miRNA group by the functions class.
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Figure 5: MCC of the BRCA-miRNA group by reduced datasets.
∗Note that the subdatasets from OV-miRNA have at most 83
micro-RNAs and thus the scale "100" of OV means 83.
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Figure 3: MCC of the BRCA-mRNA group by reduced datasets.
∗Note that the subdatasets from OV-miRNA have at most 83
micro-RNAs and thus the scale "100" of OV means 83.
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Figure 6: MCC of the KIRC-mRNA group by the functions class.
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the OV-miRNA groups (Figure 13), the boxes contracted
when attributes were added.

3.2. Voting Results from All Methods. The performance of all
of the voted methods is listed in the column “Vote from all
methods” of Tables 3, 4, and 5. There is no doubt that the
overall voting performance would be lower than optimum,
since not all of the voting methods are sufficiently good for
the 6 datasets; nevertheless, most of the MCC achieved by
voting are better than the average MCC. In addition, a part
of the voting performance reached the upper bound (i.e.,
the maximum), for example, in the bayes class in the OV-
miRNA group. In more detail, similar to the box plots, the
voting performance based on the BRCA datasets was similar
and near the upper whisker except for misc. The range was
larger in the other datasets (e.g., KIRC-mRNA, KIRC-

miRNA, OV-mRNA, and OV-miRNA). Different classes in
turn, including bayes, functions, meta, lazy, misc, and trees,
showed the top three best prediction performance. The rules
class always ranked lower in the overall voting test, but the
bayes class showed good voting performance even though
its distribution, as indicated by the box plot, was not stable.

3.3. Voting Results from Eliminated Methods. The filtering
rule was based on the distribution of the prediction results.
Values that fell out of the range indicated by the whiskers
in a box plot were considered to be outliers. Similarly, in
our study, a method with an MCC below the lower whisker
was considered as an outlier. There were 5 value selection
methods, and each generated 4 subdatasets. If 6 datasets (3
cancers× 2 sequencing techniques) were considered, a
modeling method was used: 5 variable selection methods× 4
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Figure 8: MCC of the KIRC-miRNA group by the functions class.
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Figure 9: MCC of the KIRC-miRNA group by reduced datasets.
∗Note that the subdatasets from OV-miRNA have at most 83
micro-RNAs and thus the scale "100" of OV means 83.
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Figure 7: MCC of the KIRC-mRNA group by reduced datasets.
∗Note that the subdatasets from OV-miRNA have at most 83
micro-RNAs and thus the scale "100" of OV means 83.
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Figure 10: MCC of the OV-mRNA group by the functions class.
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subdatasets× 6 datasets = 120 times. Therefore, if a method
was designated as an outlier more than 6 times (5% of 120),
it was not considered in this voting test.

The details of eliminated methods are listed in
Table 6. The associated prediction performance was
listed in the column “Vote after filtering” in Tables 3,
4, and 5. One or more methods were eliminated in all
of the classes except the meta. It was evident that ZeroR
had the most counts, and it was accordingly eliminated.
Since only default parameters were used, LibSVM and SPe-
gasos, which could be considered an optimized SVM, were
designated as outliers with high counts. Similarly, the Baye-
sianLogisticRegression method required parameter optimi-
zation and was thus eliminated by many counts. No
methods in themeta class were eliminated, which indicated
that methods based on resampling and an ensemble

mechanism were stable and could address varied datasets
even they were not always the best.

3.4. Voting Results from the Combined Datasets. As men-
tioned in the Preprocessing, the datasets for one cancer com-
prised the same samples. Therefore, voting from both mRNA
and miRNA datasets is possible. The prediction performance
is in the last row of Tables 3, 4, and 5. According to these
three tables, the effects of the combination were different in
the different classes. No class always benefited from the com-
bination, but the MCCs determined by voting were not worse
than the lowest MCC (Tables 4 and 5) and sometimes better
than both (Table 3).

4. Discussion

In this section, the modeling results will be discussed. There-
fore, the discussion is comprehensive, and the gene selection
and the modeling results are discussed separately.

4.1.Coverage of SelectedGenes.Five variable selectionmethods
were used in this study, and different mRNA/miRNA datasets
were separately generated. If the subdatasets generated are
similar, combining multiple variable selection methods is
worthless. Therefore, it is necessary to analyze the contents
of the subdatasets and determine the similarity of the data-
sets. Moreover, the importance of the mRNA was evaluated
by using a 3rd party database.
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Figure 12: MCC of the OV-miRNA group by the functions class.
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Figure 13: MCC of the OV-miRNA group by reduced datasets. In
the 12 box plots, the line in the box is the median. The upper and
lower boundaries of the box are Q1 and Q3. The boundaries of the
dotted line are the whiskers. ∗The subdatasets from OV-miRNA
have at most 83 microRNAs, and thus, the scale “100” of OV
means 83. ∗Note that the subdatasets from OV-miRNA have at
most 83 micro-RNAs and thus the scale "100" of OV means 83.
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Figure 11: MCC of the OV-mRNA group by reduced datasets.
∗Note that the subdatasets from OV-miRNA have at most 83
micro-RNAs and thus the scale "100" of OV means 83.
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The coverage fraction is the number of the genes which
are used more than once of all genes, and accordingly, the
formula is

Coverage =
NumOfSelectedGenes −NumOfIndependentGenes

NumOfSelectedGenes
3

According to Tables 7 and 8, the overall coverage was
approximately 40% in the datasets from mRNA. However,
the overall coverage of the microRNA datasets was much
larger, due to dataset scale limitations. Especially in OV, the
finally selected microRNAs were the same because there were
only 83 microRNAs; therefore, all of them were selected and
ranked in the top 100, and the OV-miRNA datasets must be
carefully considered when the predictions are integrated.
Conversely, the coverage of the two mRNA subdatasets was
not large. According to the statistical results for the mRNA
datasets, the frequency of shared mRNA increased as the cov-
erage fraction increased. The shared mRNAs were usually
ranked lower by the variable selection methods, which means
the most commonly used mRNAs were not recognized as
crucial genes that would be ranked higher. The reason might
be an insufficient sample number to determine the relation-
ships, since there are many mRNAs. Another probable rea-
son is that the gene expression data could not be directly

associated with a disease since cancer is a complex group of
diseases, so not only one or a small number of gene are cor-
related, such as in coexpression [39].

4.2. Reliability of the Selected mRNAs. To determine if the
shared mRNA is important, the Human Protein Atlas data-
base [40] was used to evaluate its importance. The Human
Protein Atlas contains a map frommRNA to tissue generated
by an antibody-based approach. The gene reliability is
recorded in the database, so that the mRNAs selected in this
study could be evaluated by using the database. The evalua-
tion had two steps. First, the fraction of Hits/Total in
Table 9 was used to determine the number of selected
mRNAs in the dataset. Next, the mRNAs’ reliability was ver-
ified by using the associated record in the “reliability (IH)”
table. An mRNA was considered reliable only if the record
was designated as “approved” or “supported.”

Table 9 shows that the fractions of hits in the database
were approximately 60%, 55%, and 35% for BRCA, KIRC,
and OV, respectively. However, the reliable hits ranged near
70% for the three datasets. The reliabilities based on more
than 10 hits were always around 70% no matter which data-
set was used. Few differences in reliability were found for the
three datasets. The fraction of the reliable mRNAs from OV
is relatively larger, and smaller for BRCA. Since the number
of records in the Human Protein Atlas is still limited, a more

Table 3: Voting results of BRCA.

Platforms Class Vote from all methods Vote after filtering MCC avg MCC max

BRCA-mRNA

bayes 0.7620 0.7620 0.5327 0.7766

functions 0.7252 0.7766 0.3696 0.7938

lazy 0.7620 0.7423 0.6797 0.7793

meta 0.7274 0.7274 0.7295 0.8085

misc 0.5821 0.6466 0.5449 0.7869

rules 0.7274 0.7274 0.5069 0.7967

trees 0.7274 0.7274 0.7207 0.8085

overall 0.7274 0.7274 0.5985 0.8085

BRCA-miRNA

bayes 0.7237 0.6895 0.3544 0.7067

functions 0.6733 0.6908 0.1080 0.7566

lazy 0.6214 0.6214 0.5067 0.6736

meta 0.6278 0.6278 0.6142 0.7269

misc 0.3203 0.5773 0.2816 0.6383

rules 0.5990 0.6278 0.3933 0.7234

trees 0.6427 0.6602 0.6066 0.7566

overall 0.6405 0.6908 0.4427 0.7566

BRCA-mRNA and BRCA-miRNA

bayes 0.7423 0.7252 0.4436 0.7766

functions 0.6555 0.7915 0.2388 0.7938

lazy 0.7595 0.7595 0.5932 0.7793

meta 0.7595 0.7595 0.6719 0.8085

misc 0.5624 0.6756 0.4133 0.7869

rules 0.7080 0.7746 0.4501 0.7967

trees 0.7595 0.7595 0.6636 0.8085

overall 0.7407 0.7746 0.5206 0.8085

All of the measurements in the tables are MCCs, and the vote after filtering is the MCC based on the eliminated methods. The “avg” is the average of the MCCs.
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reliable discussion and conclusion must await further analy-
sis based on more samples and records.

The records in the Human Protein Atlas will be updated,
and more mRNAs will become available. Therefore, the frac-
tion of hits and the reliability will change accordingly and the
shared mRNAs that are currently not recorded in this data-
base might be worthy of study. In addition, the reliabilities
of the genes were similar whether a gene was independent
or shared, and this indicates that the selected genes were
representative for a prognosis but might have a redundant
function; therefore, the shared genes are not significantly
different from the independent genes in reliability.

4.3. Reliability of the Modules. The results from cross-
validation could be used as the reference to evaluate the reli-
ability by comparing the results with independent test. As an
empirical conclusion, in most cases, the results from cross-
validation could be better than an independent test due to
various reasons such as the overfitting and batch effects, but
if the difference is not too large, the modules could be identi-
fied as reliable. Reflected in the figures, except a few classes
such as the functions class and lazy class, the MCC from
cross-validation had a relatively better predicting perfor-
mance (e.g., higher median and average or narrower IQR)
than independent test. According to the whiskers, most of
the classes had small differences, but there was still a lot of

the modules that had a large difference which could be
reflected by the outliers. Thus, it is still risky to get the unre-
liable prediction if we only use the modules which have good
performance in cross-validation for predicting. However,
since most of the methods were reliable, combining the
methods together becomes useful and necessary to reduce
the risk.

4.4. Distributions of the Predictions. A balanced ratio of
positive samples to negative samples is an important factor
for prediction. The BCRA datasets had the largest sample
numbers; therefore, the IQRs were the smallest, which indi-
cates that the MCCs were concentrated toward the median.
The boxes become wider for the KIRC, OV-mRNA, and
OV-miRNA datasets. The sample number should be guar-
anteed before modeling if a stable prediction is to be
obtained. However, sometimes, many reasons such as cost,
privacy, and difficulty limit the sample number, so it is
insufficient to confirm the prediction stability. Such predic-
tions should be considered very carefully because overfitting
may have occurred.

A basic way to avoid overfitting is to reduce the attribute
number for modeling, and that is why 4 subdatasets (i.e.,
datasets with 10, 30, 50, and 100 samples) were used for
modeling. As shown in the Modeling Results, especially in
Figures 9 and 11, more attributes relatively improved the

Table 4: Voting results of KIRC.

Platforms Class Vote from all methods Vote after filtering MCC avg MCC max

KIRC-mRNA

bayes 0.4216 0.3672 0.2401 0.6590

functions 0.6292 0.7162 0.0399 0.7785

lazy 0.4682 0.6292 0.3801 0.8474

meta 0.5261 0.5261 0.3780 0.7785

misc 0.4176 0.4105 0.2991 0.6058

rules 0.4385 0.6110 0.0723 0.6885

trees 0.5421 0.5421 0.3649 0.7785

overall 0.6110 0.5421 0.2535 0.8474

KIRC-miRNA

bayes 0.2368 0.1805 −0.0433 0.5131

functions 0.0889 0.0530 −0.1698 0.7162

lazy 0.4371 0.3410 0.1865 0.5249

meta 0.1667 0.1667 0.1105 0.4542

misc 0.4606 0.4795 0.3230 0.6590

rules 0.0889 0.2689 −0.0795 0.4606

trees 0.0530 0.1667 0.1165 0.6110

overall 0.1667 0.1667 0.0323 0.7162

KIRC-mRNA and KIRC-miRNA

bayes 0.4795 0.4795 0.0984 0.6590

functions 0.2605 0.6885 −0.0649 0.7785

lazy 0.5514 0.4371 0.2833 0.8474

meta 0.2300 0.2300 0.2442 0.7785

misc 0.4105 0.5131 0.3110 0.6590

rules 0.2605 0.5249 −0.0036 0.6885

trees 0.4371 0.5249 0.2407 0.7785

overall 0.4371 0.5249 0.1429 0.8474

All of the measurements in the tables are MCCs, and the vote after filtering is the MCC based on the eliminated methods. The “avg” is the average of the MCCs.
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overall prediction performance. However, the improvement
was still limited by the sample number. All of the BRCA sub-
datasets had the relatively smallest IQR compared to the
others that had the same attribute number. This limitation
might apply not only to modeling but also to many other

studies which must use the samples as a template to measure
the correlations among samples and genes. For example, in a
gene set enrichment analysis, genes should be eliminated by
statistical methods such as a t-test, fold-change, or FDR. In
the analysis, the genes are independent from each other when
calculating the correlations and thus the validity of the iden-
tified genes is only affected by the sample number. If the sam-
ple number is too small (less than 10), the t-test result is not
reliable.

Limited sample and attribute numbers make a predic-
tion sensitive to the datasets. The various distributions in
Figures 2, 4, 6, 8, 10, and 12 indicate that the methods in
the meta class are relatively stable for prediction, which is
reasonable because the methods in the meta class use other
methods for ensemble learning, so they are not sensitive to
different dataset distributions as other types of methods are.
The methods in the trees class were similar but had a more
varied performance than the meta class methods because
the classification and regression tree algorithms can be as
simple as REPTree or as complex as random forest. There-
fore, the boxes of the trees class usually had a larger IQR than
the meta class. However, the misc class performed best for
two datasets, but only two methods were contained in this
class. Based on the algorithm, the methods in the misc class
were much different and thus could have a much more vari-
able performance for different datasets. Except for the rules

Table 5: Voting results of OV.

Platforms Class Vote from all methods Vote after filtering MCC avg MCC max

OV-mRNA

bayes 0.4725 0.4725 0.1217 0.7906

functions 0.1250 0.4725 −0.0890 0.7906

lazy 0.3162 0.3162 0.1328 0.6447

meta 0.1890 0.1890 0.1923 0.6447

misc 0.6139 0.7500 0.3433 0.8864

rules 0.1250 0.3162 −0.1160 0.8864

trees 0.1890 0.1890 0.1734 0.6447

overall 0.3162 0.3162 0.0890 0.8864

OV-miRNA

bayes 1.0000 0.8771 0.2508 0.8864

functions 0.5000 0.6139 −0.0740 0.8771

lazy 0.6447 0.6447 0.2756 0.6325

meta 0.7559 0.7559 0.3786 0.8864

misc 0.7559 0.6139 0.1384 0.6447

rules 0.3430 0.7559 −0.0783 0.6447

trees 0.5000 0.7559 0.1258 1.0000

overall 0.7559 0.7559 0.1432 1.0000

OV-mRNA And OV-miRNA

bayes 0.4725 0.4725 0.1863 0.8864

functions −1.0000 0.7500 −0.0815 0.8771

lazy 0.7500 0.8771 0.2042 0.6447

meta 0.3162 0.3162 0.2854 0.8864

misc 0.6139 0.7500 0.2408 0.8864

rules 0.3430 0.3162 −0.0971 0.8864

trees 0.3162 0.4725 0.1496 1.0000

overall 0.3162 0.4725 0.1161 1.0000

All of the measurements in the tables are MCCs, and the vote after filtering is the MCC based on the eliminated methods. The “avg” is the average of the MCCs.

Table 6: Methods eliminated as outliers.

Class Names Counts

bayes
BayesianLogisticRegression 78

DMNBtext 24

functions

SPegasos 113

VotedPerceptron 19

LibSVM 106

lazy KStar 8

meta none /

misc HyperPipes 12

rules

ConjunctiveRule 56

OneR 9

ZeroR 120

trees
BFTree 14

DecisionStump 20

The counts are the number of methods whose MCC is lower than the lower
whisker in the box plot.
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class, the methods in the bayes class also had a relatively infe-
rior performance, which might have been caused by the low
sample number, because probability-based methods are
sensitive on a modeling scale. The performance of methods
in the functions class was more skewed; the boxes usually
had a good upper whisker but a poor lower whisker. One
reason for these might be that the algorithms in this class
are also different from those in the misc class. There were
6 methods in the functions class, and thus the prediction
performance varied widely. Another reason might be param-
eter optimization; less parameter optimization would affect
all of the methods, but the methods in the functions class
might be the most affected because they are much more
sensitive to the parameters when only default parameters
were used.

The high similarity of the gene data used would lead to a
similar prediction performance, but when the similarity is
lower than 50%, as reflected by the coverage in Table 7 or
Table 8, the associated box plots were not significantly simi-
lar (as shown in Figures 3, 5, 7, 9, and 11).

According to the coverage of mRNA andmicroRNA used
and shown in Tables 7 and 8, the coverage among the data-
sets was not large, but most of the medians from different

subdatasets for the same cancer were similar, and this is
reflected in the boxplots (Figures 3, 5, 7, 9, and 11), which
indicates that some of the information contained in the genes
was duplicated. In other words, the genes eliminated by the
variable selection methods are representative for modeling,
but not comprehensive. The duplicated genes could arise
from similar genetics or pathology; for example, they could
have the same genetic regulation pathway or simply be coex-
pressed, so that only one would be sufficient for modeling.
Additionally, duplication could indicate that variable selec-
tion and machine learning methods are not sufficient to find
out all of the disease-correlated genes. On the one hand, cur-
rent machine learning methods can only determine some
disease-associated genes, so further study might be necessary.
On the other hand, the voting scheme provided in this study
could be helpful for evaluating the relationship between can-
cer and genes.

As previously mentioned, the predictions using different
datasets differed, meaning that we cannot determine which
method is best for all datasets. The separate use of different

Table 7: Coverage of the selected genes from mRNA.

Disease ShareNum
Subdata scale

10 30 50 100

BRCA

5 0 2 2 5

4 4 5 10 25

3 4 13 21 45

2 2 16 26 42

1 18 49 85 156

Total 28 85 144 273

Coverage fraction 35.7% 42.4% 40.1% 42.9%

KIRC

5 0 0 0 2

4 0 3 3 8

3 2 6 14 28

2 6 22 34 71

1 32 76 128 232

Total 40 107 179 341

Coverage fraction 20% 29% 28.5% 32%

OV

5 0 1 2 5

4 1 2 7 16

3 1 8 16 55

2 9 27 34 43

1 25 59 96 160

Total 36 97 155 279

Coverage fraction 30.6% 39.2% 38.1% 42.7%

The coverage fraction is the number of the genes which are used more
than once in all of the genes, and accordingly, the formula is Coverage =
NumOfSelectedGenes −NumOfIndependentGenes/NumOfSelectedGenes.
The ShareNum is the number of a gene used in the subdatasets. For
example, in Table 7, the value in the OV-miRNA group with ShareNum 3
and data scale 10 is 1; it means that there is one gene which is used by 3
subdatasets and each subdataset has 10 microRNAs as the attributes.

Table 8: Coverage of the datasets from miRNA.

Disease ShareNum
Subdata scale

10 30 50 100∗

BRCA

5 1 2 2 8

4 3 8 17 47

3 3 11 23 31

2 3 9 12 26

1 18 57 79 127

Total 28 87 133 239

Coverage fraction 35.7% 34.5% 40.6% 46.9%

KIRC

5 1 14 16 35

4 3 6 13 53

3 5 7 19 12

2 2 7 11 9

1 14 21 39 59

Total 25 55 98 168

Coverage fraction 44% 61.8% 60.2% 64.9%

OV

5 0 5 17 83

4 3 15 27 0

3 7 10 6 0

2 3 5 12 0

1 11 25 15 0

Total 24 60 77 83

Coverage fraction 54.2% 58.3% 80.5% 100%

The coverage fraction means the number of the genes which are used
for more than 1 times in all of the genes, and accordingly, the
formula is Coverage = NumOfSelectedGenes −NumOfIndependentGenes/
NumOfSelectedGenes. The ShareNum is the number of a gene that is used
for the subdatasets. For example, in Table 8, the value in the OV-miRNA
group with ShareNum 3 and data scale 10 is 7; it means that there are 7
genes which are used by 3 subdatasets and each subdataset has 10
microRNAs as the attributes. ∗The subdatasets from the OV-miRNA
group have at most 83 microRNAs, and thus, the scale “100” of OV-miRNA
means 83.
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modeling methods will result in a loss of information, so
using ensemble methods to integrate the modeling results
is necessary.

4.5. Effects of Voting. A sufficiently large fraction of coverage
in the data space is necessary for good voting performance,
and the average accuracy must not be too low. Therefore, if
only the box plots are considered, the expected performance
of the bayes class is much lower. However, the result is anom-
alous in that the bayes class showed a good ensemble classifi-
cation performance (it was ranked in top three) for 5
datasets. On the other hand, the meta and trees classes were
not as good as the bayes class even though they had relatively
similar distributions. One reason is many ensemble algo-
rithms are contained in those two classes, so that the voting
had already been accomplished, so the prediction results
were concentrated near the median or the average. It is not
difficult to see that in most cases, the voting results of the
two classes were near the average. Another reason is that
only default parameters were used in the entire test. Many

ensemble methods must optimize the submethods for
ensemble learning, and the resampling methods also must
be optimized.

As a comparison, the voting performance from the elim-
inated methods was similar. However, the voting results were
not always better than the original results. The bayes class
was negatively affected by the filter. The MCCs based on
the bayes class were not larger than prior to voting. The rules
and functions classes were benefited by the filter, and the
MCCs were improved for most of the datasets. The trees class
was slightly benefited in the BRCA-miRNA group but was
not globally affected as the meta class was. The other classes,
including the overall voting, were affected positively or nega-
tively by different datasets. The biased effects could indicate
that the methods were sensitive to the datasets; the prediction
performance of a method changed greatly when the dataset
changed. On the other hand, the overall performance was
not affected too greatly. One reason was the meta class
methods, which showed a stable prediction ability, were not
eliminated, and thus, the overall results remained stable.

Table 9: Reliability of selected mRNAs.

Names Data scale
Reliable/Hits/ShareNum

10 30 50 100∗

BRCA

5 0 1/2/2 1/2/2 4/5/5

4 4/4/4 4/5/5 8/9/10 13/17/25

3 0/2/4 2/6/13 5/10/21 13/21/45

2 0/0/2 5/6/16 8/12/26 18/29/42

1 8/10/18 27/33/49 39/58/85 68/97/156

Total 12/16/28 39/52/85 61/91/144 116/169/273

Hits/Total 57.1% 61.2% 63.2% 61.9%

Reliable/Hits 75% 75% 67% 68.6%

KIRC

5 0 0 0 0/0/2

4 0 0/0/3 0/0/3 2/4/8

3 2/2/2 2/2/6 4/6/14 12/17/28

2 2/2/6 10/17/22 19/27/34 26/40/71

1 15/18/32 31/42/76 45/63/128 98/129/232

Total 19/22/40 43/61/107 68/96/179 138/190/341

Hits/Total 55% 57% 53.6% 55.7%

Reliable/Hits 86.4% 70.5% 70.8% 72.6%

OV

5 0 1/1/1 1/1/2 2/2/5

4 1/1/1 0/1/2 2/3/7 2/4/16

3 0/0/1 1/1/8 1/2/16 12/16/55

2 0/2/9 5/8/27 6/10/34 14/18/43

1 7/8/25 13/21/59 27/34/96 50/64/160

Total 8/11/36 20/32/97 37/50/155 80/104/279

Hits/Total 35% 33% 33.3% 37.3%

Reliable/Hits 72.7 62.5% 74% 76.9%

The table that records the hits and reliability in the “Human Protein Atlas” database. The “ShareNum” is the same in Table 8, and the “Hits” is the number of
mRNAs recorded in the “Human Protein Atlas” database. The “Reliable” is the number of reliable hits. The reliability is measured by using the associated record
in the “reliability (IH)” table. An mRNA is considered reliable only if the record is “approved” or “supported.” “Hits/Total” and “Reliable/Hits” are calculated
simply by using the row “Total” for division. For example, the last two elements in the last column are 37.3% and 76.9%. They are calculated by the element in
the associated row in “Total,” such as 80/104/279, where 37.3% = 104/279 and 76.9% = 80/104. ∗The subdatasets from the OV-miRNA group have at most 83
microRNAs, and thus, the scale “100” of OV means 83.
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Another reason might be that the performance effects were
polarized. For example, the bayes class that showed the best
comprehensive performance was negatively affected but the
rules class was benefited. Therefore, the overall differences
from the two voting mechanisms could be less.

The biased effects mean that a filter might not be that nec-
essary if there is no prior knowledge. However, the voting by
combining the mRNA and miRNA datasets could produce
better performance if the sample size is sufficiently large, as
shown in Table 3. Moreover, as shown in Tables 4 and 5, even
the sample size is insufficient, the results will not become
worse. Since the methods are not weighted, the results
support that most of the methods will produce the same
prediction, so combining the two datasets will be beneficial.

5. Conclusions

The purpose of this study was to discover a reliable way to
predict unknown data to reduce the risk of error prediction
when not enough samples were used for modeling. The dis-
tribution of the modeling performance indicated that the best
methods were different for different datasets; therefore, the
methods were integrated using a voting protocol. Finally,
we proposed a better way to model different gene expression
datasets. In conclusion, no prior knowledge exists; a compar-
ison of the prediction results for three cancers indicates that
the methods in the bayes class show a good ensemble perfor-
mance, even though the individual methods are not as stable
as those in the meta or trees classes. The meta and trees clas-
ses already contain many ensemble methods; therefore, their
performance is stable but, again, not good for ensemble twice.
Therefore, using the methods in the bayes class as a group
and one of the algorithms in the meta class might be a prac-
tical approach for a dataset without sufficient prior knowl-
edge. If prior knowledge exists for a cancer, the methods
and datasets used can be more specific. For example, this
study indicates that using miRNA as an attribute for model-
ing the OV data could yield a better result than using mRNA,
if we knew that at first, some of the negative effects could be
avoided. We hope that the scheme can facilitate related stud-
ies of genetic data modeling and elucidate important genes to
enhance the reliability of the final model.
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MicroRNA (miRNA) plays an important role in the degradation and inhibition of mRNAs and is a kind of essential drug
targets for cancer therapy. To facilitate the clinical cancer research, we proposed a network-based strategy to identify the
cancer-related miRNAs and to predict their targeted genes based on the gene expression profiles. The strategy was
validated by using the data sets of acute myeloid leukemia (AML), breast invasive carcinoma (BRCA), and kidney renal
clear cell carcinoma (KIRC). The results showed that in the top 20 miRNAs ranked by their degrees, 90.0% (18/20),
70.0% (14/20), and 70.0% (14/20) miRNAs were found to be associated with the cancers for AML, BRCA, and KIRC,
respectively. The KEGG pathways and GO terms enriched with the genes that were predicted as the targets of the
cancer-related miRNAs were significantly associated with the biological processes of cancers. In addition, several genes,
which were predicted to be regulated by more than three miRNAs, were identified to be the potential drug targets
annotated by using the human protein atlas database. Our results demonstrated that the proposed strategy can be
helpful for predicting the miRNA-mRNA interactions in tumorigenesis and identifying the cancer-related miRNAs as the
potential drug targets.

1. Introduction

MicroRNAs (miRNAs) are a class of endogenous small non-
coding RNA molecule with a length of ~22 nucleotides,
which regulate gene expression posttranscriptionally [1].
miRNAs can combine with mRNAs to form the RNA-
induced silencing complex (RISC) and degrade the mRNAs
or inhibit the translation of the target genes [2]. The “seed
sequence” with a length of 2~ 8nt at the 5′end of the miRNA
plays an important role in target recognition by binding to
the complementary sequences in the untranslated regions
(3′-UTRs) of mRNAs [3]. A single miRNA may have the
capability to target multiple mRNAs [4, 5] and partici-
pates in multiple signaling pathways and biological pro-
cesses in mammals. It has been reported that miRNAs
are involved in numerous cancer-relevant processes such
as cell growth, proliferation, apoptosis, migration, and
metabolism [6, 7]. The aberrant expression of miRNAs is
related to different types of diseases and cancers, such as

coronary artery disease [8], gastric cancer [9], lung cancer
[10], and breast cancer [11].

Based on the increasing number of studies, miRNAs are
being explored as the diagnostic and prognostic biomarkers
and as the therapeutic targets for cancer treatment [12]. Pre-
vious studies revealed that miRNAs mainly acted as the
oncogenic targets or tumor suppressors in the gene regula-
tory networks [13]. Therefore, two miRNA-based therapeu-
tic strategies were proposed to restore or inhibit miRNA
function through miRNA mimics and inhibitors (anti-miRs)
[14]. As reported, numerous tumor-suppressive miRNAs
and oncogenic miRNAs are promising drug candidates for
the treatment of cancers and other diseases [15]. Although
most of the miRNA-targeted drugs are still in the preclinical
trials, antimiR-122, which is a LNA- (locked nucleic acid-)
modified antisense inhibitor, has reached phase II trials for
treating hepatitis [16] and the mimics of miR-34, which were
encapsulated in lipid nanoparticles, have reached phase I
clinical trials for the cancer treatment [17, 18]. Therefore, it
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is essential to identify the key miRNA candidates for the
development of miRNA-based therapeutics of the cancers.
In recent years, numerous databases, such as miRBase [19],
miRanda [20], DIANA-TarBase [21], and HMDD v2.0
[22], have been developed to investigate the key role of miR-
NAs in the biological processes and reveal the miRNA-
mRNA interaction mechanisms. However, considering the
fact that a single miRNA will simultaneously target multiple
genes, the miRNA-based therapeutics, which were designed

to modulate miRNA expression levels, will affect hundreds
of genes. It would be harmful for the patient to randomly reg-
ulate the hundreds of transcripts [23]. Thus, it is important to
provide an exhaustive analysis of the key miRNAs and the
miRNA-mRNA interactions before applying the miRNA-
based therapeutics to the clinical trials.

In our study, we proposed a strategy by using the graph-
ical lasso algorithm [24] to discover the key miRNAs and the
miRNA-mRNA interaction in tumorigenesis based on the
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Figure 1: The overview of the study design.

Table 1: The annotation of the top 20 miRNAs in AML.

Cancer type Number of genes Disease

AML

hsa-mir-556 170 —

hsa-mir-217∗ 163 B-cell chronic lymphocytic leukemia, pancreatic neoplasms, nasopharyngeal carcinoma

hsa-mir-636 159 Myelodysplastic syndromes, multiple myeloma

hsa-mir-320c-1 147 Hepatocellular carcinoma, interstitial cystitis

hsa-mir-639 145 Lung cancer, gastric cancer, breast cancer

hsa-mir-873 145 Glioblastoma, endometriosis

hsa-mir-573 138 Pancreatic cancer, esophageal cancer, breast cancer

hsa-mir-216b 116 Lung neoplasms, nasopharyngeal neoplasms, colorectal neoplasms

hsa-mir-605 109 Stomach neoplasms, ovarian cancer

hsa-mir-188∗ 103 B-cell chronic lymphocytic leukemia, salivary gland neoplasms, rectal neoplasms

hsa-mir-1468 89 —

hsa-mir-296 52 Glioma, prostate cancer, urinary bladder neoplasms

hsa-mir-488 49 Melanoma, ovarian neoplasms, prostatic neoplasms

hsa-mir-125b-1∗ 40 Acute myeloid leukemia, breast neoplasms, hepatocellular carcinoma

hsa-mir-502 36 Colonic neoplasms, ovarian neoplasms, hepatocellular carcinoma

hsa-mir-551a 32 Stomach neoplasms, ovarian cancer

hsa-mir-100∗ 30
Acute myeloid leukemia, precursor cell lymphoblastic leukemia-lymphoma,

endometrial neoplasms

hsa-mir-501 29 Melanoma, atrophic muscular disorders

hsa-mir-520a 26 Hodgkin’s lymphoma, stomach neoplasms, colorectal neoplasms

hsa-mir-181d∗ 25 Acute myeloid leukemia, acute promyelocytic leukemia, glioblastoma
∗The miRNA was directly associated with AML. —No description of the miRNA was found in the disease-related miRNA database.
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expression levels of miRNAs and mRNAs. A bipartite net-
work with the miRNAs as hubs was constructed to explore
the interactions between the miRNAs and mRNAs, and the
top 20 miRNAs ranked by their degrees in the network were
verified by using three miRNA disease association databases,
namely, miRCancer [25], miR2Disease [26], and HMDD
v2.0 [22]. Moreover, the gene set enrichment analysis was
conducted for the genes that were predicted as the targets
in the network by using Database for the Annotation, Visual-
ization, and Integrated Discovery (DAVID) v6.7 [27]. The
proposed strategy was validated by using three cancer data
sets. Our results showed that for both three data sets, most
of the top 20 miRNAs as well as their targeted genes in the
network were highly associated with cancers. In addition,
the genes, which were predicted to be regulated by more than
three cancer-related miRNAs in our study, had been reported
as the potential drug targets in previous studies, indicating

the satisfactory performance of our proposed strategy on pre-
dicting the cancer-related miRNAs and the interactions
between miRNAs and their targeted genes.

2. Materials and Methods

2.1. Datasets. The miRNA expression data, the mRNA
expression data, and the clinical data of three types of can-
cers, namely, acute myeloid leukemia (AML) [28], breast
invasive carcinoma (BRCA) [29], and kidney renal clear cell
carcinoma (KIRC) [30], were downloaded from the Cancer
Genome Atlas (TCGA, https://cancergenome.nih.gov/)
data portal. The miRNA-seq data in three data sets were
generated by an Illumina Genome Analyzer in the Baylor
College Human Genome Sequencing Center (BCGSC).
The mRNA-seq data of AML (downloaded on November
7, 2016) were generated by an Illumina Genome Analyzer

hsa−mir−181d

hsa−mir−188

HOXB5

hsa−mir−100

PURG

hsa−mir−125b−1 

hsa−mir−217

BLID

FGF13

Genes regulated by
four miRNAs miRNAsGenes regulated by

one or two miRNAs
Genes regulated by
three miRNAs

Figure 2: The miRNA-mRNA interaction subnetwork in AML. The five miRNAs in the network were reported to be associated with AML. In
the figure, 14 mRNAs (cyan dots) and 3 mRNAs (red dots) were predicted to be connected with three and four miRNAs, respectively. The
genes correlated with cancers were marked with their gene symbols.
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in the Baylor College Human Genome Sequencing Center
(BCGSC). The mRNA-seq data of the BRCA (downloaded
on December 15, 2014) and KIRC (downloaded on
November 6, 2016) were produced by an Illumina HiSeq
2000 sequencer of the University of North Carolina (UNC).
For the three data sets, the read counts for each miRNA
and mRNA (data in level 3) were considered the expression
level of the miRNA and the mRNA, respectively. In total,
we collected 149, 829, and 253 samples for the data sets of
AML, BRCA, and KIRC, respectively.

2.2. Study Design. In our study, the graphical lasso algorithm
was proposed to construct the miRNA-mRNA interaction
network. Figure 1 showed the overview of our study design.
Three cancer data sets, namely, AML, BRCA, and KIRC,
were downloaded from the TCGA database, and the differen-
tially expressed miRNA and mRNAs were separately identi-
fied for each of the data sets by using the fold change
ranking combined with a nonstringent P value cutoff. Based
on the expression profiles of the differentially expressed miR-
NAs and mRNAs, the interaction network was constructed
by the graphical lasso algorithm, including the connections
among the miRNAs and the mRNAs, as well as the connec-
tions between miRNAs and mRNAs. The miRNAs and their
connected mRNAs in the network were extracted and
regrouped into subnetworks, representing the interactions
between miRNAs and mRNAs.

To validate whether the cancer-related miRNAs and their
key targeted genes can be well characterized by our miRNA-
mRNA interaction network or not, we annotated the top 20

miRNAs, which were ranked by their degrees (the number
of connections), by using three disease-related miRNA
databases, namely, miRCancer [25], miR2Disease [26],
and HMDD v2.0 [22], for each of the data sets. Mean-
while, the gene set enrichment analysis was conducted
with the targeted genes of the cancer-specific miRNAs by
using DAVID v6.7. We checked whether or not the signifi-
cantly enriched Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways and Gene Ontology (GO) terms were
associated with cancers. In addition, we mainly discussed
the functions of those genes that were predicted as the targets
of more than three miRNAs.

2.3. Identification of Differentially Expressed mRNAs and
miRNAs. To identify the differentially expressed mRNAs
and miRNAs, we firstly divided the samples into two groups
for each of the cancer types according to the clinical end-
points. For AML data set, the patients were subdivided into
high-risk and low-risk groups according to their survival
time. The patients with the survival days longer than one year
were assigned to the low-risk group, and the patients with the
survival days less than or equal to one year were assigned to
the high-risk group. For BRCA data set, the patients were
divided into the estrogen receptor- (ER-) positive group
and the ER-negative group according to their estrogen recep-
tor status [29]. As to the KIRC data set, the patients in the
pathological stages I and II were assigned into the low-risk
group and the patients in stages III and IV were assigned into
the high-risk group. Then, for all the data sets, Student’s t-test
P value was calculated for each of the miRNAs and mRNAs

Table 2: The annotation of the top 20 miRNAs in BRCA.

Cancer type Number of genes Disease

BRCA

hsa-mir-1269 381 Lung cancer, colorectal cancer, hepatocellular carcinoma

hsa-mir-934 368 —

hsa-mir-2115 325 —

hsa-mir-618 305 —

hsa-mir-1251 286 —

hsa-mir-9-3∗ 282 Breast neoplasms, stomach neoplasms, glioblastoma

hsa-mir-105-2 268 Biliary tract neoplasms, hepatocellular carcinoma

hsa-mir-767 268 Melanoma, rhinitis, allergy, perennial

hsa-mir-449a∗ 264 Breast cancer, adenocarcinoma, colonic neoplasms, ovarian neoplasms

hsa-mir-885 261 Leukemia

hsa-mir-105-1 253 Biliary tract neoplasms, hepatocellular carcinoma

hsa-mir-135a-1∗ 251 Breast neoplasms, colorectal neoplasms, non-small-cell lung carcinoma

hsa-mir-3662 246 Gastric cancer, head and neck cancer

hsa-mir-138-1 242 Oral squamous cell carcinoma, renal cell carcinoma, urinary bladder neoplasms

hsa-mir-376a-2 234 Adrenocortical carcinoma, glioblastoma, lung neoplasms

hsa-mir-137∗ 233 Breast neoplasms, malignant melanoma, glioblastoma multiforme

hsa-mir-3190 232 —

hsa-mir-138-2 231 Papillary thyroid carcinoma, oral squamous cell carcinoma, pituitary adenoma

hsa-mir-372 231 Colorectal cancer, acute myeloid leukemia, stomach neoplasms

hsa-mir-3926-2 231 —
∗The miRNA was directly associated with BRCA. —No description of the miRNA was found in the disease-related miRNA database.
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by comparing the expression profiles of the miRNAs and
mRNAs between the patient groups. We kept the miRNAs
and mRNAs with P < 0 05 and calculated the fold changes
of them between the compared patient groups, respectively.
Finally, the miRNAs and the mRNAs with fold change
greater than 1.5 (FC> 1.5) or less than 0.667 (FC< 0.667)
were considered the differentially expressed miRNAs and
mRNAs, respectively.

2.4. Construction of the miRNA-mRNA Interaction Network.
As reported, Gaussian graphical models (GGMs) have
been widely used to identify the dependent relationship

among the variables and to be applied on the biological
network inference [31, 32]. In GGMs, the conditional
dependence of the two nodes was estimated by an inverse
covariance matrix. A nonzero number in the inverse
covariance matrix indicates a connection between two
nodes [33]. The network inference actually is the estima-
tion of the inverse covariance matrix, and numerous algo-
rithms have been proposed to solve this problem [34].
Notably, based on the GGMs, a more reasonable approach
named graphical lasso was proposed to directly estimate a
sparse inverse covariance matrix by using the L1 (lasso)
penalty [24, 35].

NR2E1

hsa−mir−9−3

hsa−mir−449a

MYCNOS

IFNE

hsa−mir−137

hsa−mir−135a−1

Genes regulated by
one or two miRNAs

Genes regulated by
three miRNAs

Genes regulated by
four miRNAs miRNAs

Figure 3: The miRNA-mRNA interaction subnetwork in BRCA. The four miRNAs in the network were reported to be associated with AML.
In the figure, 13 mRNAs (cyan dots) and 2 mRNAs (red dots) were predicted to be connected with three and four miRNAs, respectively. The
genes correlated with cancers were marked with their gene symbols.
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We assume a designed n×mmatrix where n indicates the
number of samples andm is the number of genes or miRNAs.
Let θ=Σ−1 and let S be the empirical covariance matrix; the
problem of estimating θ is converted to maximize the penal-
ized log-likelihood:

log detθ − tr Sθ − ρ θ 1, 1

where tr indicates the trace. ||θ||1 is the L1 norm of the
matrix, which is the maximum value of the sum of the abso-
lute values of the elements in each of the columns in θ, and ρ
is a nonnegative tuning parameter, which controls the
sparseness of the network.

In fact, the graphical lasso gets a θm×m matrix to con-
struct the network by using an n×m matrix as an input.
We have two matrices Xn×j (j miRNA expression profiles of
n samples) and Yn×k (k mRNA expression profiles of n sam-
ples). Therefore, we integrated these two matrices into the
matrix Zn×(j+k), which were used to construct an interaction
network including the connections among the miRNAs and
the mRNAs, as well as the connections between the miRNAs
and mRNAs. In our study, only the differentially expressed
miRNAs and the mRNAs were used to construct the interac-
tion network and the penalty parameter ρ was set to 2.0 for
all the data sets. We mainly concentrated on the interactions
between the miRNAs and the mRNA in the network.

3. Results

3.1. Most of the Top 20 miRNAs Were Highly Associated with
Cancers. For AML data set, 34 differentially expressed

miRNAs and798differentially expressedmRNAswere identi-
fied from706miRNAs and 20,319mRNAs, respectively. Con-
sidering the miRNAs as the hubs of the miRNA-mRNA
interaction network, we selected the top 20 miRNAs ranked
by their degrees and listed them in Table 1. It can be seen from
the table that 90% (18/20) miRNAs were associated with the
cancers after being annotated by the three disease-related
miRNA databases. Among the cancer-related miRNAs, five
miRNAs, namely, hsa-mir-217, hsa-mir-188, hsa-mir-125b-
1, hsa-mir-100, and hsa-mir-181d, were reported to be associ-
ated with the acute myeloid leukemia. Figure 2 showed the
subnetworks including these five miRNAs as hubs and their
targeted mRNAs.

For the data sets of BRCA and KIRC, we identified 266
and 54 differentially expressed miRNAs from 1043 and
1046 miRNAs, respectively, and identified 6021 and 1647 dif-
ferentially expressed mRNAs from 20,502 and 20,503
mRNAs, respectively. The top 20 miRNAs ranked by their
degrees in the miRNA-mRNA interaction network of the
BRCA data set were listed in Table 2. It can be seen that
70% (14/20) miRNAs were annotated to be associated with
cancers and four out of them, namely, hsa-mir-9-3, hsa-
mir-449a, hsa-mir-135a-1, and hsa-mir-137, were breast
cancer-specific miRNAs. Table 3 showed the top 20 miRNAs
that were obtained from the interaction network of KIRC. 14
out of 20 (70%) miRNAs were reported to be associated with
cancers, and four out of them, namely, hsa-mir-1291, hsa-
mir-200b, hsa-mir-134, and hsa-mir-218-2 were directly
associated with the renal cell carcinoma. The subnetworks

Table 3: The annotation of the top 20 miRNAs in KIRC.

miRNA Number of genes Disease

hsa-mir-1291∗ 344 Renal cell carcinoma, ovarian cancer, kidney cancer

hsa-mir-558 243 Pancreatic cancer, gastric cancer

hsa-mir-3924 237 —

hsa-mir-376a-1 233 Salivary gland neoplasms, lung neoplasms, adrenocortical carcinoma

hsa-mir-653 229 —

hsa-mir-485 227 Ependymoma, non-small-cell lung carcinoma, leukemia

hsa-mir-200b∗ 216 Renal cell carcinoma, diabetic nephropathies, pancreatic neoplasms

hsa-mir-134∗ 215 Renal cell carcinoma, lupus nephritis, glioblastoma

hsa-mir-1246 214 Colorectal neoplasms, esophageal neoplasms

hsa-mir-346 212 Lupus nephritis, hepatocellular carcinoma

hsa-mir-2110 210 Hepatocellular carcinoma, colorectal neoplasms

hsa-mir-365-2 210 —

hsa-mir-153-1 201 Endometrial neoplasms, glioblastoma, rectal neoplasms

‘hsa-mir-374c 191 —

hsa-mir-376b 190 Adrenocortical carcinoma, uterine leiomyoma, epithelial ovarian cancer

hsa-mir-218-2∗ 184 Renal cell carcinoma, lung cancer, urinary bladder neoplasms

hsa-mir-300 181 Urinary bladder neoplasms, ovarian neoplasms, heart failure

hsa-mir-1303 179 Colorectal neoplasms, hepatocellular carcinoma

hsa-mir-676 174 —

hsa-mir-1237 156 —
∗The miRNA was directly associated with KIRC. —No description of the miRNA was found in the disease-related miRNA database.
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Figure 4: The miRNA-mRNA interaction subnetwork in KIRC. The four miRNAs in the network were reported to be associated with AML.
In the figure, 49 mRNAs (cyan dots) and 7 mRNAs (red dots) were predicted to be connected with three and four miRNAs, respectively. The
genes correlated with cancers were marked with their gene symbols.

Table 4: The top 5 KEGG pathways enriched with the genes connected with the cancer-specific miRNAs.

Cancer type KEGG pathways P value

AML

hsa00980: metabolism of xenobiotics by cytochrome 0.0241

hsa00982: drug metabolism 0.0263

hsa04740: olfactory transduction∗∗ 0.0407

BRCA

hsa04080: neuroactive ligand-receptor interaction∗ P < 0 0001
hsa00140: steroid hormone biosynthesis ∗∗ 0.0120

hsa03320: PPAR signaling pathway∗∗ 0.0176

hsa04610: complement and coagulation cascades∗ 0.0176

hsa00150: androgen and estrogen metabolism∗∗ 0.0246

KIRC

hsa05322: systemic lupus erythematosus 0.0003

hsa04060: cytokine-cytokine receptor interaction∗∗ 0.0021

hsa04740: olfactory transduction∗ 0.0122

hsa05034: alcoholism 0.0219

hsa00350: tyrosine metabolism 0.0224
∗∗The pathway was directly associated with the corresponding cancer type. ∗The pathway was associated with other cancers.
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of the specific cancer-related miRNAs and their targeted
mRNAs for the data sets of BRCA and KIRC were shown
in Figures 3 and 4, respectively.

3.2. The mRNAs Targeted by the Cancer-Specific miRNAs
Were Significantly Associated with the Biological Process of
Cancers. The gene set enrichment analysis was conducted
to investigate the gene functions by using the mRNAs, which
were predicted as the targets of the cancer-specific miRNAs.
For the data sets of AML, BRCA, and KIRC, 255, 853, and
670 targeted mRNAs were used for the gene set enrichment
analysis, respectively. The top 5 significantly enriched KEGG
pathways were listed in Table 4. For the data sets of AML,
BRCA, andKIRC, therewere one,five, and two signaling path-
ways, respectively, which were reported to be associated with
cancers. Likewise, the top 5 significantly enriched GO terms
related to the biological process and the molecular functions

were listed in Table 5. There were four, nine, and eight GO
terms for the data sets ofAML, BRCA, andKIRC, respectively,
which were associated with the tumorigenesis of the cancers.

When focusing on the mRNAs that were predicted to be
the targets of multiple miRNAs, we found 14, 13, and 49
mRNAs targeted by three miRNAs in the miRNA-mRNA
interaction networks of AML, BRCA, and KIRC, respectively.
Moreover, three, two, and seven mRNAs were predicted to be
targeted by four miRNAs in the networks of AML, BRCA,
and KIRC, respectively. Figures 2, 3, and 4 showed the
mRNAs targeted by three miRNAs (cyan dots) and four miR-
NAs (red dots). We also annotated these genes by using the
GeneCards database v4.4.2 (http://www.genecards.org/) and
found four, three, and nine genes from the networks of
AML, BRCA, and KIRC, respectively, which were reported
to be associated with cancers. The HUGO gene symbols of
the cancer-related genes were marked in Figures 2, 3, and 4.

Table 5: The top 5 GO terms enriched with the genes connected with the cancer-specific miRNAs.

Cancer type Category Term P value

AML

GOTERM_BP_4 GO:0009887~ organ morphogenesis P < 0 0001
GO:0048705~ skeletal system morphogenesis P < 0 0001
GO:0001501~ skeletal system development P < 0 0001

GO:0003002~ regionalization∗∗ P < 0 0001
GO:0048704~ embryonic skeletal system morphogenesis∗∗ P < 0 0001

GOTERM_MF_4 GO:0043565~ sequence-specific DNA binding∗∗ 0.0055

GO:0003700~ transcription factor activity 0.0075

GO:0008236~ serine-type peptidase activity 0.0286

GO:0004888~ transmembrane receptor activity∗ 0.0301

BRCA

GOTERM_BP_4 GO:0019226~ transmission of nerve impulse P < 0 0001
GO:0007268~ synaptic transmission∗∗ P < 0 0001

GO:0007417~ central nervous system development∗∗ P < 0 0001
GO:0044057~ regulation of system process∗ P < 0 0001

GO:0009888~ tissue development∗ P < 0 0001
GOTERM_MF_4 GO:0030594~ neurotransmitter receptor activity∗∗ P < 0 0001

GO:0015267~ channel activity∗ P < 0 0001
GO:0015075~ ion transmembrane transporter activity∗ P < 0 0001

GO:0008188~ neuropeptide receptor activity∗∗ P < 0 0001
GO:0005179~ hormone activity∗ P < 0 0001

KIRC

GOTERM_BP_4 GO:0006954~ inflammatory response P < 0 0001
GO:0007186~G protein-coupled receptor signaling pathway∗∗ P < 0 0001

GO:0050707~ regulation of cytokine secretion∗ P < 0 0001
GO:0050663~ cytokine secretion∗ 0.0002

GO:0050715~ positive regulation of cytokine secretion 0.0003

GOTERM_MF_4 GO:0005125~ cytokine activity∗ 0.0002

GO:0004930~G protein-coupled receptor activity∗∗ 0.0002

GO:0001664~G protein-coupled receptor binding∗∗ 0.0004

GO:0005126~ cytokine receptor binding∗ 0.0007

GO:0004984~ olfactory receptor activity∗ 0.0013
∗∗The Go term was directly associated with the corresponding cancer type. ∗The Go term was associated with other cancers.
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4. Discussion

In this study, we proposed a new strategy to construct the
miRNA-mRNA interaction network based on the expression
profiles of miRNAs and mRNAs. The connections between
miRNAs and mRNAs were created by the graphical lasso
algorithm. We applied the strategy to the three cancer data
sets and successfully identified a number of cancer-related
miRNAs and their targeted mRNAs.

For the AML data set, 90% miRNAs in the top 20 miR-
NAs were found to be associated with cancers (Table 1).
Among these miRNAs, hsa-mir-100 was considered a poten-
tial tumor-related miRNA, which has been reported to regu-
late cell differentiation by targeting RBSP3 in acute myeloid
leukemia [36]. The pediatric AML patients with the upregu-
lation of miR-100 may have poor relapse-free and overall
survival [37]. Moreover, the downregulation of miR-181
family members including miR-181a, miR-181b, miR-181c,
and miR-181d was associated with poor prognosis in cyto-
genetically normal acute myeloid leukemia [38]. For the
BRCA data set, 70% miRNAs in Table 2 were associated
with cancers and four of them were specifically associated
with the breast cancer. has-miR-9 acted as a tumor
suppressor, which can inhibit the proliferation of breast
cancer cells [39]. miR-137 is a potential tumor suppressor
miRNA, which negatively regulates the gene ERRα (estro-
gen-related receptor alpha) by targeting the two functional
sites in the 3′-UTR of ERRα [40]. As to the KIRC data set,
70% miRNAs in Table 3 were associated with cancers and
four of them had been reported to be associated with the
development of the renal cell carcinoma. hsa-mir-134
had been reported as a tumor suppressor and can obstruct
the tumor growth and metastasis by inhibiting epithelial-
mesenchymal transition (EMT) in renal cell carcinoma
cells [41]. miR-218 can mediate the focal adhesion path-
way and inhibit the cell migration and invasion in renal
cell carcinoma [42].

We also inspected the gene functions of the mRNAs,
which were predicted to be the targets of the cancer-related
miRNAs. The results of gene set enrichment analysis showed

that the majority of the KEGG pathways (Table 4) and
GO terms (Table 5) were significantly associated with the
cancers. In the interaction subnetworks (Figures 2, 3, and
4), several mRNAs targeted by multiple cancer-specific
miRNAs were found to have key roles in cancers. For
example, the gene SOX17, which was predicted to be reg-
ulated by four miRNAs in the subnetwork of KIRC, was
considered an important tumor suppressor with aberrant
methylation for the cancers [43, 44]. In addition, the genes
targeted by more than three miRNAs in the subnetworks
were mapped to the Human Protein Atlas database v16.1
(http://www.proteinatlas.org), and 8 genes were annotated
as the potential drug targets (Table 6).

Note that compared to the conventional drug therapies,
the miRNA-targeting drugs have been regarded as a high-
value therapy because miRNA may modulate multiple bio-
logical processes and pathways. However, there are a lot of
challenges for utilizing miRNAs as potential therapeutic
targets [45]. The miRNAs regulate tens of thousands of genes
which could contribute to both efficacy and unexpected side
effects. Therefore, the downstream analysis of genes and
pathways regulated by miRNAs should be further elucidated
and explored. Due to the complex regulatory mechanisms of
the miRNAs, it is still challenging to successfully translate the
miRNA-based therapy to the clinics [46]. It is a crucial step in
miRNA drug discovery [47] to identify the specific miRNAs
as drug targets and clarify the mechanisms of the actions
for the key miRNAs. The network-based approach proposed
in our study can identify the key miRNAs as well as their
targeted mRNAs, which were also significantly associated
with the biological process of cancers. It would be helpful
for providing the complementary support to the miRNA-
targeting drug discovery. In addition, the potential mRNA
target could be enriched by integrating the protein structure
information and medicinal chemistry. Furthermore, the
accumulative information about the side effect and off target
relationship from available public resources, such as
PharmGKB [48] and the Comparative Toxicogenomics
Database (CTD) [49], could be utilized to prioritize the genes
regulated by miRNAs for therapeutic target discovery.

Table 6: The annotation of the key genes connected with more than three cancer-specific miRNAs in the miRNA-mRNA interaction
networks.

Cancer type Gene Gene description Protein class

AML ASPG Asparaginase Enzymes, predicted intracellular proteins

BRCA AQP2 Aquaporin 2 (collecting duct)
Disease-related genes, potential drug targets, predicted

membrane proteins, transporters

KIRC

CNOT8 CCR4-NOT transcription complex subunit 8 Enzymes, plasma proteins, predicted intracellular proteins

CTPS1 CTP synthase 1
Disease-related genes, enzymes, potential drug targets,

predicted intracellular proteins

IFNAR2 Interferon (alpha, beta, and omega) receptor 2
Cancer-related genes, FDA-approved drug targets,

predicted intracellular proteins, predicted membrane proteins

MOCS2 Molybdenum cofactor synthesis 2
Disease-related genes, enzymes, potential drug targets,

predicted intracellular proteins

PRSS37 Protease, serine 37 Enzymes, predicted secreted proteins

VCP Valosin-containing protein
Disease-related genes, enzymes, plasma proteins, potential
drug targets, predicted intracellular proteins, transporters
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5. Conclusions

The network-based strategy proposed in our study can effi-
ciently construct the miRNA-mRNA interaction network in
tumorigenesis, which included the important cancer-related
miRNAs and their targeted genes. The miRNAs and the
targeted genes predicted by using the interaction networks
may be considered the potential candidates of drug targets
in the cancer research.
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Drug-induced myopathy (DIM) is a rare side effect; however, the consequence could be fatal. There are few reports to systematically
assess the underlying mechanism of DIM. In this study, we curated the comprehensive DIM drug list based on structured labeling
products (SPLs) and carried out the analysis based on chemical structure space, drug protein interaction, side effect space, and
transcriptomic profiling space. Some key features are enriched from each of analysis. Specifically, the similarity of DIM drugs is
more significant than random chance, which shows that the chemical structure could distinguish the DIM-positive drugs from
negatives. The cytochrome P450 (CYP) was identified to be shared by DIM drugs, which indicated the important role of
metabolism in DIM. Three pathways including pathways in cancer, MAPK signaling pathway, and GnRH signaling pathway
enriched based on transcriptomic analysis may explain the underlying mechanism of DIM. Although the DIM is the current
focus of the study, the proposed approaches could be applied to other toxicity assessments and facilitate the safety evaluation.

1. Introduction

Myopathy is a muscular disease in which the muscle fibers do
not function, resulting in muscular weakness. There are
many causes for myopathy including inheritable genetic
defects, metabolic disorder, exposure to toxins, and medica-
tion [1]. Although myopathies are not unusual in drug ther-
apy, the consequence could be severe and may cause deaths.
Rhabdomyolysis is a severe form of myopathy with muscle
breakdown, which leads to myoglobinuria and may result
in renal failure and death [2]. Different therapeutic drugs
have been associated with myopathy. For example, the statin
drugs which are used to lower cholesterol may cause myopa-
thy when it is given in high dose [3]. Therefore, the US Food
and Drug Administration (FDA) has recommended to limit
the use of the highest approved dose of the cholesterol-
loweringmedication simvastatin (80mg) because of increased
risk of muscle damage such as myopathy (http://www.fda.
gov/Drugs/DrugSafety/ucm256581.htm).

The mechanisms of drug-induced myopathies are
complex and unknown. Metabolic change and immune-

mediated disorder are two possible mechanisms [1]. Most
of studies are based on case reports or focused on the certain
therapeutic category. Bonifacio et al. [4] used biochemical
experiments to uncover the key role of the AKT/mTOR sig-
naling pathway in statin-induced myotoxicity. Mo et al.
introduced a case report on statin-induced myopathy associ-
ated with concomitant use of cyclosporine. The patient’s
serum creatine kinase was significantly increased, which
provides the evidence of a potential association between the
elevation of creatine kinase and an increased risk of myopa-
thy [5]. Other studies are focused on host factors such as
genetic variation for drug-induced myopathy. Link et al. [6]
found a strong association of myopathy with the rs4363657
single-nucleotide polymorphism (SNP) located within
SLCO1B1 by using genome-wide association study (GWAS).
Furthermore, it was reported that SLCO1B1 encodes the
organic anion-transporting polypeptide OATP1B1, which
could regulate the hepatic uptake of statins. Vicart et al. [7]
reported a missense mutation in the alpha B-crystallin
chaperone gene that causes a desmin-related myopathy in
the French population. However, few reports provide the
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systematic way to assess the drug-induced myopathy (DIM),
which could provide a better understanding of the underly-
ing mechanisms of drug-induced myopathy and further
develop safer drugs with low risk of myopathy.

There are two factors which hindered the deciphering of
the mechanism of drug-induced myopathy—the drug itself
and host information. Since the myopathy is related to the
metabolic levels of individuals, it is worth investigating the
genetic factor such as CYP450 in the individuals with myop-
athy with emerging technologies such as whole-genome
sequencing (WGS) or whole-exome sequencing (WES).
However, it is still hard to build the causality relationship
among the genetic factors and drug taken by the patients,
which leads to drug-induced myopathy. Therefore, it is nec-
essary to investigate whether the drug properties also play a
role in the drug-induced myopathy.

In this study, we hypothesized that the drug properties
are associated with the cause of myopathy. The association
between myopathy and the diverse of drug properties includ-
ing chemical structure, side effects, protein target, and tran-
scriptomic profiling was systematically assessed. The key
features were generated to facilitate the mechanistic under-
standing of drug-induced myopathy.

2. Materials and Methods

2.1. Compilation of the Drug List. There are public available
databases providing drug side effect data, including MetaA-
DEDB [8] and SIDER. In this study, the SIDER database
(http://sideeffects.embl.de/) was employed to extract the
drugs that could cause myopathy [9]. The SIDER database
consists of side effect of drugs in human, which was extracted
from multiple version of structured product labeling (SPLs)
by using Unified Medical Language System (UMLS) Meta-
Map tools [9]. In the current version (SIDER2), the database
contains 996 FDA-approved drugs and 4192 side effect
terms. The 4192 side effect terms were further mapped and
normalized into 4500 Medical Dictionary for Regulatory
Activities (MedDRA) preferred terms (PTs). We limited the
term specifically to “myopathy” to obtain a drug list that
causes myopathy. As a result, there are 75 drugs obtained,
as shown in Supplementary Table S1 available online at
https://doi.org/10.1155/2017/9264034. It is worth mention-
ing that we did not take into consideration of different
frequency ranges in the population for side effects. Further-
more, in order to investigate the relationship between myop-
athy and other side effects, we composed a whole drug-side
effect matrix (996×4500) with binary entities (1 denotes
drug with side effect, otherwise 0).

2.2. Retrieval of Drug Properties Information. Drug structure
data files (SDFs) were downloaded from PubChem data-
base (https://pubchem.ncbi.nlm.nih.gov/) [10]. Then, the
chemical descriptors were generated by using KNIME
v2.5.1 (https://www.knime.org/). Specifically, the Extended
Connectivity Fingerprints (ECFP-4) were used, which is
well-established and extensively applied in chemical
structure analysis.

The therapeutic categories of drugs were extracted from
the WHO Anatomical Therapeutic Chemical (ATC) Classi-
fication System (http://www.whocc.no/atc_ddd_index/).
The ATC code is a hieratical ontology structure with five
levels. Naïve Bayesian classifier was used to assess the dis-
proportionality of a specific ADR drug combination against
theADRdistribution for all drugs in the global ADRdatabase.
In this study,weused the second levelof thecode that indicated
the therapeutic main group. The details of drug profiles
and side effect information were listed in Supplementary
Table S1.

Drug protein target information was extracted from the
DrugBank (version 4.3) database (http://www.drugbank.ca/)
[11]. The target information in DrugBank was divided into
four categories including therapeutic targets, enzymes,
transporters, and carriers. In this study, only the protein
targets in Homo sapiens species were employed.

2.3. Drug Transcriptomic Profiling Data. Transcriptomic
profiles of the drugs were obtained from the Connectivity
Map (version 02) generated by the Broad Institute of MIT
(http://www.broadinstitute.org/cmap/) [12]. The Connectiv-
ity Map contains a collection of genome-wide transcrip-
tional expression data of 1309 drugs from different
cultured human cancer cells treated using Affymetrix
Human Genome U133A 2.0 arrays. Since the array data
are from different cancer cell lines, we used the prototype
ranked list (PRL) by merging all the ranked lists referring
to the same compound from different cell lines by using
the Borda merging method [13]. Then, for each compound,
the top 100 and down 100 regulated genes from PRL were
considered as signature genes. Finally, we ranked the signa-
ture genes based on the frequency of myopathy drugs
involved. The top 100 genes were used as the representative
genes for drug-induced myopathy for further analysis.

2.4. Functional Analysis. Two types of functional analysis
were used to interpret 100 drug-induced myopathy repre-
sentative genes. First, the KEGG pathway analysis was
performed to identify the significant pathways for 100
drug-induced myopathy representative genes with Fisher’s
exact test with multiple testing corrections by using DAVID
tool (https://david.ncifcrf.gov/) [14]. Here, the signature
pathways were considered with Benjamini-Hochberg (BH)
adjusted p value less than 0.05. Then, the 100 drug-
induced myopathy representative genes were mapped into
a protein-protein interaction network to investigate the
physical connection of genes and their functional similarity.
In detail, the STRING 9.1 version [15] was applied to study
protein-protein-interaction (PPI) using 100 drug-induced
myopathy representative genes as input, and PPI were con-
sidered with confidence scores more than 0.4.

2.5. Myopathy-Related Side Effects. In order to identify
the significant myopathy and related side effects, the
Fisher’s exact test and seven confusion matrices were
generated based on drugs related to myopathy and other
side effect information as described in [16] and the for-
mulas as follows:
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Side effect

Yes No

Myopathy
Yes TP TN

No FP FN

p =

TP + FN
TP

FP + TN
FP

TP + FN + FP + TN
TP + FP

,

Accuracy =
TP + TN

TP + TN + FP + FN
,

Sensitivity =
TP

TP + FN
,

Specif icity =
TN

TN + FP
,

MCC =
TP × TN − FP × FN

TP + FP × TP + FN × TN + FP × TN + FN
,

AUC =
Sensitivity + Specif icity

2
,

PPV =
TP

TP + FP
,

NVP =
TN

FN + TN
,

1

where TP (true positive) represents a list of drugs with inves-
tigated side effect and myopathy, FP (false positive) means a
list drugs with investigated side effect but without the myop-
athy, TN (true negative) denotes a list of drugs not belong to
investigated side effect but belong to myopathy, and FN (false
negative) represents drugs neither involved in investigated
side effect nor involved in myopathy.

For Fisher’s exact test, the two-side p value was used
with multiple testing corrections. As a result, significant
genotype/phenotype and ADR (adverse drug reaction)
pair was considered if the corrected p value
<0.05|MCC≥ 0.2|Sen≥ 0.70|TP> 2. The threshold for
MCC and sensitivity was decided by using empirical
probability distribution function (pdf) of all the possible

pairs of association; specifically, the significant thresholds
located in the upper bound of the 5% quantile of the
empirical pdf. The TP was decided by the consideration
of the statistical power of measure, which is even high
than the similar approaches [16].

2.6. Similarity of Myopathy Drugs. The chemical structure
similarity was assessed based on ECFP-4 descriptors by using
the Jaccard similarity coefficient, as shown as follows:

J drugi, drugj =
drugi ∩ drugj
drugi ∪ drugj

2

Here, the similar drug pairs were extracted with the
Jaccard similarity coefficient more than 0.4.

Furthermore, the myopathy drug similarity was assessed
based on their shared protein target and distance in the PPI
interaction network.

3. Results

Theworkflowof this study is illustrated in Figure 1. In order to
systematically assess the underlying mechanisms of drug-
induced myopathy, four types of analysis were carried out
including (1) similarity among of DIM drugs, (2) myopathy-
associated side effects, (3) transcriptomic analysis of DIM
drugs and their involved pathways, and (4) structure alert of
drug-induced myopathy.

3.1. Similarity among the DIM Drugs. There are a total of 75
DIM drug extracted from SIDER2 database. The distribution
of DIM drugs involved therapeutic categories were shown in
Figure 2. As shown in Figure 2, corticosteroids drugs such as
statin are more susceptible to myopathy than other therapeu-
tic categories. It is consistent with current observation that
statin drugs were more associated with myopathy [17]. In
addition, central nervous system (CNS) agents (N02, N06,
and N03) are also needed to be cared for myopathy risk.
Especially, CNS drugs are taken in high dose.

In order to investigate whether the DIM-positive drugs
share more commonality than DIM-negative drugs, we

Similiraty of DIM drugs

(i) Chemical space
(ii) Protein target space

Myopathy-related side effects

(i) Fisher’s exact test
(ii) Network analysis

DIM transcriptomic profiling

(i) CMap data
(ii) Frequency analysis
(iii) Functional analysis

Structure alert of DIM

(i) Naїve Bayesian classifier
(ii) Frequency analysis

DIM

Figure 1: Flowchart of the study: (1) similarity between DIM drugs based on chemical similarity and protein distance in PPI network; (2)
myopathy-related side effects based on Fisher’s exact test and network analysis; (3) the DIM transcriptomic analysis based on CMap data;
(4) structure alert of DIM.
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carried out pair-wise similarity analysis based on chemical
structures, which generated a total of 2775 similarity pairs
for 75 DIM-positive drugs. We also randomly selected the
same number of DIM-negative drugs to generate a negative
control for comparison. The process was repeated for
10,000 times. For each time, the F test was employed to inves-
tigate whether the two lists of similarity values are statistically
different. The distribution of median similarity distribution
values for 10,000 times randomization test is shown in
Figure 3. The median similarity values of 2775 DIM-
positive drug pairs are statistically larger than those of
100,000 permutation test results (Figure 3). It is demon-
strated that the DIM drugs have some chemical structure
similarity that could be used for differentiation from DIM-
negative drugs.

In addition, we investigated the common targets among
the 75 DIM drugs. Figure 4(a) lists the top 10 targets that
are most frequently interacting with DIM drugs. It could be
seen that the cytochrome P450s family dominated, indicating
that the metabolism is playing a crucial role in the mecha-
nism of DIM. It was reported that statin drugs that usually
cause myopathy through statin metabolism via the CYP sys-
tem [18]. Then, we mapped the 10 protein targets into
STRING 9.3 PPI network to investigate whether they are
interacted with each other (Figure 4(b)). It was observed
that the 8 of 10 protein targets are strongly interacting with
each other, which shows the similar underlying mechanism
of DIM.

3.2. Myopathy-Associated Side Effects. The cooccurrent side
effects may indicate the similarity of mechanisms or causality
relationship between each other. Therefore, we extracted

myopathy-associated side effects to investigate whether they
shared the same mechanism. As mentioned in Section 2,
Fisher’s exact test and network visualization were used to
perform the side effect similarity analysis. There are 39 side
effects associated with myopathy (Figure 5). We mapped
the 39 side effects (PTs) into System Organ Class (SOC) level
of MedDRA to extract their organ attributes. We highlighted
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four SOCs (i.e., musculoskeletal and connective tissue disor-
ders, investigations, nervous system disorders, and hepato-
biliary disorders) with more side effects (Figure 5). It was
indicated that myopathy had multiple organ association with

other side effects, which partly explained the multiple organ
toxicity of certain therapeutic drugs [19].

We further conducted a literature survey in PubMed by
using “myopathy” and enriched side effect to investigate

20

15

10

N
um

be
r o

f D
IM

 d
ru

gs

5

0 20 17 16 16 15 14 12 12 12 11

CY
P3

A
4

IN
S-

IG
F2

CY
P2

C9
 

CY
P2

D
6

A
BC

B1
 

CY
P1

A
2

CY
P3

A
5

A
LB

CY
P2

C8

CA
CN

A
2D

1

(a)

ABCB1

CYP2D6

CYP3A5

CACNA2D1

CYP2C8

INS-IGF2

CYP3A4

ALB

CYP2C9

C

CYCCCCCCCCCCCCCCCCCCCCCC

CCCCCCC

CYP1A2

(b)

Figure 4: The protein space of DIM drugs. (a) The top 10 protein targets for DIM; the DIM drug and target relationship was extracted from
DrugBank. (b) The STRING PPI for the top 10 protein targets; the top 10 proteins corresponding to more DIM drugs were inputted to the
STRING PPI database to exact the subnetwork among the 10 proteins.

Positive
skin
test

Negative
nitrogen
balance

Steroid
myopathyRhabdomyolysis

Muscle
mass

Spasm
generalised

Aseptic
necrosis

BursitisCompression
fracture

Ulcerative
oesophagitis

Pancreatitis

Osteoporosis

Alkalosis
Alkalosis

hypokalaemia
Rheumatoid

arthritis
Tounge
oedema

Phatological
fracture

Myocardial
rupture

Personality
change

Amnesia Scaly
skin

Maculopapular
rash

Papilloedema

Diabetes
mellitus

Cardiomegaly

Cushingoid

Exophthalmos

VIIth
nerve

paralysis

Neuropathy

Peripheral
neuropathy

Facial
paresis

Muscular
weakness

Hepatic
steatosis

Hepatomegaly
Creatine

phophokinase
increased

Skin
Test

reaction
Blood

creatine
phosphokinase

increased

Carbohydrate
tolerance
decreased

Myopathy

Musculoskeletal and connective
tissue disorders

Nervous system disorders

Hepatobiliary disorders

Investigations

Fatty
liver

Figure 5: Network myopathy-related side effects. The myopathy and side effects were extracted based on SIDER database.

5International Journal of Genomics



whether the association generated could be verified by the
independent studies (Table 1). For example, we found that
a drug that could induce myopathy also tends to induce rheu-
matoid arthritis. Of the 86 patients with verified rheumatoid
arthritis, 5.8% patients were found with peripheral myopa-
thy. This observation suggests that there may be a common
mechanism between myopathy and rheumatoid arthritis.
Many independent verified studies in Table 1 were either case
reports or control population studies, which is time-
consuming and cost-intensive. Such results showed the
applicability of our proposed approach on assessing the side
effect relationship.

3.3. Transcriptomic Analysis of DIM Drugs. We mapped the
75 DIM to CMap version 02 and obtained 29 common
DIM drugs. As mentioned in Section 2, the frequency analy-
sis was conducted based on the merged signature for each
DIM drug. Then, the top 100 genes were extracted as
representative genes to carry out the functional analysis
(Table S2). Table 2 shows the enriched KEGG pathways for
the 100 representative genes for DIM. Three pathways
including pathways in cancer, MAPK signaling pathway,
and GnRH signaling pathway were enriched. It was
reported that the transforming growth factor-beta (TGF-β)

superfamily includes a variety of cytokines expressed in the
skeletal muscle. Members of this superfamily that are of great
importance in the skeletal muscle are TGF-β1, mitogen-
activated protein kinases (MAPKs), and myostatin [20].
Therefore, this shows that the underlying mechanism of
myopathy could be related to MAPK pathways.

4. Discussion

Although the current drug toxicity focus in clinical trials is
liver and cardiovascular toxicity, the high incidence of other
organ toxicities such as myopathy was also worth studying.
In this study, we employed systematic approaches to provide
a landscape of drug-induced myopathy, which aims to pro-
vide the better understanding of the underlying mechanism
of DIM for further development of safer drugs. Specifically,
the DIM drugs are assessed based on chemical structure
space, phenotypic information, and transcriptomic profiling.
Some key features in each space are enriched, which could be
used to develop screening assay or in silico approaches to
further facilitate the research in this field.

Due to the prevalence issue, some side effects have more
case reports than others. It limits the understanding due to
idiosyncratic natures. Here, we assess the side effect similarity

Table 1: Selected examples of myopathy and associated side effects by literature survey.

Myopathy-associated
side effects

p value by Fisher’s
exact test

Notes References

Diabetes mellitus 1.00E−11 In any diabetic condition, a failure to maintain healthy muscle is often
observed and is termed diabetic myopathy

PMID: 24391596

Rhabdomyolysis <1.00E−15 Rhabdomyolysis is a severe form of myopathy PMID: 25991405

Creatine phosphokinase
increased

7.00E−11 Increased dosage of cyclosporine induces myopathy with increased
serum creatine kinase in an elderly patient on chronic statin therapy

PMID: 25512016

Neuropathy <1.00E−15 Critically ill patients may develop muscle weakness or paralysis such
as neuropathy during the course of sepsis and multiple organ failure

PMID: 15758592

Alkalosis hypokalaemia 6.11E−09
A case report about hypokalemia-induced myopathy as the first
manifestation of primary hyperaldosteronism due to unilateral

adrenal hyperplasia
PMID: 19829865

Rheumatoid arthritis 9.69E−09 Based on 86 patients with verified rheumatoid arthritis, 5.8% patients
were found with peripheral myopathy

PMID: 13917616

Osteoporosis 3.90E−10 Chronic use of glucocorticoids (GCs) is the most common cause of
secondary osteoporosis. The glucocorticoids induce myopathy as well

PMID: 22870429

Hepatic steatosis 7.20E−10
A case report showed that zidovudine treatment can induce
mitochondrial multisystem disease, as revealed in our case

by myopathy, liver steatosis, and lactic acidosis
PMID: 9927163

Cardiomegaly 1.60E−10 Two unrelated 16-year-old boys had mental retardation,
cardiomegaly, and proximal myopathy

PMID: 6450334

Table 2: Enriched KEGG pathways for 100 representative genes.

Pathways Number of hits Involved genes Adjusted p value

Pathways in cancer 9 Jun, Runx1, MAX, Fas, FGF22, HSP90AA2, Cdk2, ETS1, Cdc42 0.005

MAPK signaling pathway 7 Jun, MAX, Fas, FGF22, mapt, Il1r1, Cdc42 0.024

GnRH signaling pathway 4 Jun, ITPR2, Gnas, Cdc42 0.049
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to enrich the myopathy-related side effect and further could
derive the potential cause of myopathy. Furthermore, the
multiple organ toxicity could be assessed by the proposed
approach, which helps the understanding of toxicity from
systems biology’s point of views.

Some caveats are also important to mention. (i) In this
study, we do not take into consideration of the host factor
for drug-induced myopathy. However, it could play an
important role. For instance, based on our analysis, we found
that the CYP450 family proteins were enriched by DIM
drugs, which could be quite different from individuals. How-
ever, considering the idiosyncratic nature of myopathy and
causality relationship between drug and host, we only focus
on drug sides. (ii) Transcriptomic data in this study was
based on different cancer cell lines, which could be quite dif-
ferent with the muscle cells. Therefore, we do see the
enriched pathways are mostly cancer related. (iii) Some other
data types such as in vitro assay and high-content assay data
could also provide some unique understanding for DIM. All
these caveats will be accomplished in our future study.

5. Conclusions

In summary, the proposed analysis pipeline could provide sys-
tematic approach to understand DIM. Although the DIM is
the current focus of the study, the proposed approaches could
be applied to other toxicity endpoints.
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