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Recently, biology has become a data intensive science because
of huge datasets produced by high throughput molecular
biological experiments in diverse areas including the fields of
genomics, transcriptomics, proteomics, and metabolomics.
In molecular biology, the list of components at the genome,
transcriptome, proteome, and metabolome levels is gradually
becoming complete and well-known to scientists. However,
it is not holistically known how these components interact
with each other to grow and maintain and reproduce life at
different phases, in different environments, or with different
challenging conditions. Networks at the molecular level
are constructed to understand and explain processes and
subprocesses of the cell. New tools and algorithms are being
continuously developed for the purpose of handling and
mining big biological data and networks aiming to serve
humanity by developing smart health care systems, new generation medical tests, drugs, foods, fuel, materials, sensors,
and so on. Overall, this improves the understanding of the cell
or in other words the life as a system. Therefore, the range of
topics under big data and network biology is extensive and the
present special issue is not a comprehensive representation of
the subject. Nonetheless, the articles selected for this special
issue represent versatile topics concerning the title that we
have the pleasure of sharing with the readers.
The review paper “A Glimpse to Background and Characteristics of Major Molecular Biological Networks” focuses
on biological background and topological properties of
gene regulatory, transcriptional regulatory, protein-protein
interaction, and metabolic and signaling networks. Versatile
information contained in this article is helpful to facilitate

a comprehensive understanding and to conceptualize the
foundation of network biology.
The paper titled “METSP: A Maximum-Entropy Classifier Based Text Mining Tool for Transporter-Substrate
Identification with Semistructured Text” discusses a method
for identifying transporter-substrate pairs by text mining and
applied it to human transporter annotation sentences collected from UniProt database. The substrates of a transporter
are not only useful for inferring function of the transporter,
but also important in discovery of compound-compound
interactions and reconstruction of metabolic pathways.
Volatile organic compounds (VOCs) play an important
role in chemical ecology specifically in the biological interactions between organisms and ecosystems. The paper titled
“Development and Mining of a Volatile Organic Compound
Database” discusses creation of a new VOC database by
collecting information scattered in scientific literature and
analyzed the accumulated data to show relations between biological functions and chemical structures of VOCs. This work
also shows that VOC based classification of microorganisms
is consistent with their classification based on pathogenicity.
When inconsistent policies are applied to hospital computer systems, it can produce enormous problems, such as
stolen information, frequent failures, and loss of the entire
or part of the hospital data. The paper “EMRlog Method
for Computer Security for Electronic Medical Records with
Logic and Data Mining” presents a new method named
EMRlog for computer security systems in hospitals based
on two kinds of policies, that is, directive and implemented
policies.
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The paper “Cellular Metabolic Network Analysis: Discovering Important Reactions in Treponema pallidum” focuses
on identifying critical reactions by analyzing the topological
structure of the metabolic network. Treponema pallidum is
the syphilis-causing pathogen and the critical reactions of its
metabolism are important drug targets and such information
can lead to invention of effective vaccine of syphilis.
The paper “Systematic Analysis of the Associations
between Adverse Drug Reactions and Pathways” focuses on
identifying relations between adverse drug reactions (ADRs)
and biological pathways by integrating clinical phenotypic
data, biological pathway data, and drug-target relations. This
work suggests that drug perturbation in a certain pathway
can cause changes in multiple organs, rather than in a specific
organ.
The paper “Discovering Distinct Functional Modules
of Specific Cancer Types Using Protein-Protein Interaction
Networks” proposes a new graph theory based method to
identify distinct functional modules associated with specific
cancer types. The method was applied to nine different cancer
PPI networks. The distinct modules identified by this work
have a high correlation with those found in the experimental
datasets related to specific cancer types.
The paper “Shaped 3D Singular Spectrum Analysis for
Quantifying Gene Expression, with Application to the Early
Zebrafish Embryo” presents a new approach for studying
gene expression in nuclei located in a thick layer around
a spherical surface by integrating several methods such as
depth equalization on the sphere, flattening, interpolation
to a regular grid, pattern extraction by shaped 3D singular
spectrum analysis (SSA), and interpolation back to original
nuclear positions.
The paper titled “Analysis of Chemical Properties of
Edible and Medicinal Ginger by Metabolomics Approach”
has investigated the chemical properties of medicinal and
edible ginger cultivars using a liquid-chromatography mass
spectrometry (LC-MS) approach. This work suggests the
importance of acetylated derivatives of gingerol as medicinal
indicators.
The paper titled “Development of Self-Compressing
BLSOM for Comprehensive Analysis of Big Sequence Data”
proposes a new and faster variant of self-organizing map
(SOM) algorithm for comprehensive analysis of big sequence
data without the use of high-performance super computers.
The performance of the proposed method has been verified
by applying it to bacterial genome sequences. The new
approach has been able to cluster the sequences according to
phylotype with high accuracy.
The paper “An Effective Big Data Supervised Imbalanced
Classification Approach for Ortholog Detection in Related
Yeast Species” proposes a supervised Pairwise Ortholog
Detection (POD) approach by combining a set of gene pair
features based on similarity measures, such as alignment
scores, sequence length, gene membership to conserved
regions, and physicochemical profiles. The performance of
the proposed method has been compared with several existing methods in the context of three pairs of yeast genomes.
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Orthology detection requires more effective scaling algorithms. In this paper, a set of gene pair features based on similarity
measures (alignment scores, sequence length, gene membership to conserved regions, and physicochemical profiles) are combined
in a supervised pairwise ortholog detection approach to improve effectiveness considering low ortholog ratios in relation to the
possible pairwise comparison between two genomes. In this scenario, big data supervised classifiers managing imbalance between
ortholog and nonortholog pair classes allow for an effective scaling solution built from two genomes and extended to other
genome pairs. The supervised approach was compared with RBH, RSD, and OMA algorithms by using the following yeast genome
pairs: Saccharomyces cerevisiae-Kluyveromyces lactis, Saccharomyces cerevisiae-Candida glabrata, and Saccharomyces cerevisiaeSchizosaccharomyces pombe as benchmark datasets. Because of the large amount of imbalanced data, the building and testing of the
supervised model were only possible by using big data supervised classifiers managing imbalance. Evaluation metrics taking low
ortholog ratios into account were applied. From the effectiveness perspective, MapReduce Random Oversampling combined with
Spark SVM outperformed RBH, RSD, and OMA, probably because of the consideration of gene pair features beyond alignment
similarities combined with the advances in big data supervised classification.

1. Introduction
Orthologs are defined as genes in different species that
descend by speciation from the same gene in the last common
ancestor [1]. Their probable functional equivalence has made
them important for genome annotation, phylogenies, and
comparative genomics analyses. Ortholog detection (OD)
algorithms should distinguish orthologous genes from other
types of homologs such as paralogs evolving from a common
ancestor through a duplication event. A great deal of unsupervised graph-based [2–8], tree-based [9–13], and hybrid
approaches [14, 15] have been developed to identify orthologs

resulting in corresponding repositories for precomputed
orthology relationships.
Focusing on the graph-based approach, orthogroups are
generally built from the comparison of genome pairs by
using BLAST searches [16] and then the application of some
“nearest neighbor” heuristics such as Best BLAST Hit (Bet)
[2], Bidirectional Best Hit (BBH) [17], Reciprocal Best Hits
(RBH) [18], Reciprocal Smallest Distance (RSD) [19], or Best
Unambiguous Subset (BUS) [20] to find potential pairwise
orthology relationships. Subsequently, algorithms can return
pairwise relationships, if they perform pairwise ortholog
detection (POD) such as RBH [18] and RSD themselves [19],
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and Comprehensive, Automated Project for the Identification
of Orthologs from Complete Genome Data (OMA) Pairwise
[21], or they can apply clustering to predict orthogroups from
the score of the alignment process.
When OD is based only on sequence similarity, it has been
limited by evolutionary processes such as recent paralogy
events, horizontal gene transfers, gene fusions and fissions,
domain recombinations, or different genetic events [22, 23].
In fact, the identification of homologs is a difficult task
in the presence of short sequences, those that evolved in
a convergent way and the ones that share less than 30%
of amino acid identities (twilight zone). Algorithm failures
have been particularly shown in benchmark datasets from
Saccharomycetes yeast species that underwent whole genome
duplications (WGD) and, certainly, present rampant paralogy
and differential gene losses [24].
To tackle these shortcomings for OD, some OD solutions
may integrate the conserved neighborhood (synteny) of genes
in the inference process for related species. Currently, there is
a tendency of merging sequence similarity with synteny [20,
25, 26] genome rearrangements [27, 28], protein interactions
[15], domain architectures [29], and evolutionary distances
[19]. However, so far there is no report that combines
such features in a supervised approach to increase POD
effectiveness.
On the other hand, the integration of different gene or
protein information and the massive increase in complete
proteomes highly increase the dimensionality of the OD
problem and the total number of proteins to be classified. In
a thorough paper from the Quest for Orthologs consortium
[30], the authors emphasize the idea that this increase in proteome data brings out the need to work out not only efficient
but effective OD algorithms. As they mention, the increase
in computational demands in sequence analyses is not easily
met by an increase in computational capacities but rather calls
for new approaches or algorithmic implementations [30]. In
this sense, they summarized some methodological shortcuts
implemented by the existing orthology databases to deal with
the scaling problem.
Considering all these previous remarks about OD, we
propose a new supervised approach for pairwise OD (POD)
that combines several gene pairwise features (alignmentbased and synteny measures with others derived from the
pairwise comparison of the physicochemical properties of
amino acids) to address big data problems [30]. Our big data
supervised POD approach allows scaling to related species
and data imbalance management (low ortholog ratio found in
two or more genomes) for an effective OD. The methodology
consists of three steps:
(i) The calculation of gene pair features to be combined.
(ii) The building of the classification model using
machine learning algorithms to deal with big data
from a pairwise dataset.
(iii) The classification of related gene pairs.
Since traditional supervised classifiers cannot scale large
datasets, the supervised classification for the POD problem
should be addressed as a big data classification problem

according to [31–33] and big data solutions should be applied
for binary classification in imbalanced data such as the ones
presented in [34] based on MapReduce [35].
Finally, we evaluate the application of several big data
supervised techniques that manage imbalanced datasets [34,
36] such as cost-sensitive Random Forest (RF-BDCS), Random Oversampling with Random Forest (ROS + RF-BD),
and the Apache Spark Support Vector Machines (SVM-BD)
[36] combined with MapReduce ROS (ROS + SVM-BD).
The effectiveness of the supervised approach is compared
to the well-known unsupervised RBH, RSD, and OMA
algorithms following an evaluation scheme that takes data
imbalance into account. All the algorithms were evaluated on
benchmark datasets derived from the following yeast genome
pairs: S. cerevisiae and K. lactis, S. cerevisiae and C. glabrata
[24], and S. cerevisiae and S. pombe [37]. The S. cerevisiae and
C. glabrata pair is particularly complex for OD since both
species had undergone WGD. We found that our supervised
approach outperformed traditional methods, mainly when
we applied ROS combined with SVM-BD.

2. Materials and Methods
2.1. Gene Pair Features. Starting from two genome representations being 𝐺1 = {𝑥1 , 𝑥2 , . . . , 𝑥𝑛 } and 𝐺2 = {𝑦1 , 𝑦2 , . . . , 𝑦𝑚 },
with 𝑛 and 𝑚 annotated gene sequences or proteins, respectively, we define gene pair features in Table 1 representing
continuous normalized values of the following similarity
measures:
(i) The sequence alignment measure 𝑆1 averages the
local and global protein alignment scores from the
Smith Waterman [38] and the Needleman-Wunsch
[39] algorithms calculated with a specified scoring
matrix and “gap open” (GOP) and “gap extended”
(GEP) parameters.
(ii) Measure 𝑆2 is calculated from the length (𝐿) of the
sequences by using the normalized difference for
continuous values [40].
(iii) The similarity measure 𝑆3 is calculated from the
distance between pairs of sequences in regard to
their membership to locally collinear blocks (LCBs).
These blocks represent truly homologous regions that
can be obtained with the Mauve software [41]. The
LCB[𝑘, 1 ⋅ ⋅ ⋅ 𝑛] matrix represents the total number of
codons in the block 𝑘 for each 𝑛 gene belonging
to genome 𝐺1 ; and LCB[𝑘, 𝑛 ⋅ ⋅ ⋅ 𝑛 + 𝑚] counts for
the membership in genome 𝐺2 . The total number of
LCBs where one or both of the sequences in the gene
pair (𝑥𝑖 , 𝑦𝑗 ) contain at least one codon is represented
by 𝑄. The normalized difference is selected for the
comparison of the continuous values in the LCB[𝑘, 𝑝]
matrix.
(iv) Based on the spectral representation of sequences
from the global protein pairwise alignment, the 𝑆4
measure uses the Linear Predictive Coding [40].
First, each amino acid that lies in a matching region
without “gaps” between two aligned sequences is
replaced by its contact energy [42]. The average
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Table 1: Gene pair features.

Measure

Definition
𝑆1 (𝑥𝑖 , 𝑦𝑗 ) =

Local and global
alignment

Parameters
𝑆𝑙 (𝑥𝑖 , 𝑦𝑗 ) + 𝑆𝑔 (𝑥𝑖 , 𝑦𝑗 )

2
{
{𝑐𝑙 (𝑥𝑖 , 𝑦𝑗 ) , 𝑐𝑙 (𝑥𝑖 , 𝑦𝑗 ) > 0
𝑆𝑙 (𝑥𝑖 , 𝑦𝑗 ) = {
{
𝑐𝑙 (𝑥𝑖 , 𝑦𝑗 ) ≤ 0
{0,
swalign (𝑥𝑖 , 𝑦𝑗 , 𝑀, go, ge)
,
𝑐𝑙 (𝑋𝑖 , 𝑌𝑗 ) =
max (swalign (𝑥𝑘 , 𝑦𝑝 , 𝑀, go, ge))
∀𝑘 ∈ [1, 𝑛] , ∀𝑝 ∈ [1, 𝑚]

M-substitution
matrix and go,
ge-GOP, and GEP

{
{𝑐𝑔 (𝑥𝑖 , 𝑦𝑗 ) , 𝑐𝑔 (𝑥𝑖 , 𝑦𝑗 ) > 0
𝑆𝑔 (𝑋𝑖 , 𝑌𝑗 ) = {
{
𝑐𝑔 (𝑥𝑖 , 𝑦𝑗 ) ≤ 0
{0,
nwalign (𝑥𝑖 , 𝑦𝑗 , 𝑀, go, ge)
,
𝑐𝑔 (𝑋𝑖 , 𝑌𝑗 ) =
max (nwalign (𝑥𝑘 , 𝑦𝑝 𝑀, go, ge))
∀𝑘 ∈ [1, 𝑛] , ∀𝑝 ∈ [1, 𝑚]


𝐿 (𝑥𝑖 ) − 𝐿 (𝑦𝑗 )


𝑆2 (𝑥𝑖 , 𝑦𝑗 ) = 1 −
,
max (𝐿 (𝑧𝑘 )) − min (𝐿 (𝑧𝑘 ))
𝑧 = 𝑥1 , 𝑥2 , . . . , 𝑥𝑛 , 𝑦1 , 𝑦2 , . . . , 𝑦𝑚
∀𝑘 ∈ [1, 𝑛 + 𝑚]

Length

𝑆3 (𝑥𝑖 , 𝑦𝑗 ) = 1 − 𝑑lcb (𝑥𝑖 , 𝑦𝑗 )
Membership to
locally collinear
blocks

Physicochemical
profile

𝑑lcb (𝑥𝑖 , 𝑦𝑗 ) =

1 LCBs
× ∑ 𝑑 (𝑘, 𝑥𝑖 , 𝑦𝑗 )
𝑄 𝑘=1 lcb

0,
{
{
{


𝑑lcb (𝑘, 𝑥𝑖 , 𝑦𝑗 ) = {
LCB [𝑘, 𝑖] − LCB [𝑘, 𝑛 + 𝑗]
{
{
,
{ max (LCB [𝑘, 𝑝]) − min (LCB [𝑘, 𝑝])
{
{Corr (𝑀𝑋, 𝑀𝑌) , sig ≤ 0.05
Corr (𝑀𝑋, 𝑀𝑌) = {
{
sig > 0.05
{0,
𝑅
∑𝑘=0 Corr (𝑀𝑋𝑖𝑘 , 𝑀𝑌𝑗𝑘 ) × len𝑘
𝑆4 (𝑥𝑖 , 𝑦𝑗 ) =
𝑅
∑𝑘=0 len𝑘

of this physicochemical feature in the predefined
window size 𝑊, called the moving average for each
spectrum, is then calculated. Next, the similarity
measure Corr(𝑀𝑋, 𝑀𝑌) between the two spectral
representations in a matching region is calculated
by using the Pearson correlation coefficient and the
corresponding significance level. Finally, the significant similarities of the 𝑅 regions without “gaps”
are aggregated considering the length len𝑘 of each
𝑘 region. From our previous studies presented in
[43, 44], we have considered three features for the
physicochemical profile with 𝑊 values of 3, 5, and 7.
2.2. Big Data Supervised Classification Managing Data Imbalance. Given a set 𝐴 = {𝑆𝑟 (𝑥𝑖 , 𝑦𝑗 )} of gene pair features
or attributes as discrete or continuous values of 𝑟 gene
pair similarity measure functions, previously specified, we
represent a POD decision system DS = (𝑈, 𝐴 ∪ {𝑑}), where
𝑈 = {(𝑥𝑖 , 𝑦𝑗 )}, ∀𝑥𝑖 ∈ 𝐺1 and ∀𝑦𝑗 ∈ 𝐺2 , is the universe of the
gene pairs and 𝑑 ∉ 𝐴 is the binary decision attribute obtained
from a curated classification. This decision attribute defines

Mauve software
max (LCB [𝑘, 𝑝]) = max (LCB [𝑘, 𝑝]) parameters
∀𝑝 ∈ [1, 𝑛 + 𝑚] ; 𝑘 = 1 ⋅ ⋅ ⋅ LCBs

W-moving average
window size of
each spectrum

the extreme data imbalance. Given an underlying function
𝑓 : 𝑆 → {0, 1} defined on the set 𝑆 of gene pair instances, the
learning process produces a set of learning functions Γ = {𝑓̂ :
𝐿 → {0, 1} | 𝐿 ⊂ 𝑆} that approximate 𝑓 from the train set
𝐿. The goal is to find the best approximation function from Γ
having a fitness function or a classification evaluation metric.
In this case, the evaluation metric should take into account
the low ratio of orthologs to the total number of possible
gene pairs in the test set (𝑆-𝐿). The big data supervised
classification divides 𝑆 into train and test instance to build
a learning model 𝑓̂ and to classify the instances by means
of a big data supervised algorithm managing the imbalance
between classes.
The proposed big data processing framework is shown
in Table 2. We use the open-source project Hadoop [45]
with its highly scalable and fault-tolerant Hadoop Distributed
File System (HDFS). We also utilize the scalable Mahout
data mining and machine learning library [46] with machine
learning algorithms adapted according to the MapReduce
scheme as the MapReduce implementation of the RF algorithm [47]. Finally, we use the Apache Spark framework [36]
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Table 2: Big data framework, applications, and algorithms.

Big data framework

Application
(i) MapReduce ROS implementation
Hadoop 2.0.0 (Cloudera CDH4.7.1) with the head node
(ii) A cost-sensitive approach for Random
configured as name-node and job-tracker, and the rest as
Forest MapReduce algorithm (RF-BD)
data-nodes and task-trackers
(iii) MapReduce RF implementation
(Mahout library)
Apache Spark 1.0.0 with the head node configured as master and Apache Spark Support Vector Machines
name-node, and the rest as workers and data-nodes
(MLLib)

Algorithms
RF-BDCS
ROS (100%) + RF-BD
ROS (130%) + RF-BD
ROS (100%) + SVM-BD
ROS (130%) + SVM-BD

Annotated genes of related genomes
Ortholog + nonortholog pairs
Train set
Supervised approach

Test set
Unsupervised approach

Calculation of features for ortholog and
nonortholog pairs

POD algorithms

Train
Model
Train set
+
+
test set
machine learning
methods
Prediction of ortholog
pairs

Prediction of ortholog
pairs

Performance quality evaluation

Figure 1: Workflow of the evaluation of supervised versus unsupervised POD algorithms.

interacting with HDFS, when the implementation of SVMBD in the scalable MLLib machine learning library [48]
is combined with the MapReduce ROS implementation
[34].

and false positive rate values by means of the following
equation:

2.3. Evaluation Scheme Considering Data Imbalance. For the
evaluation of POD algorithms, we compare the supervised
solutions and the unsupervised ones represented by the
reference RBH, RSD, and OMA algorithms following the
evaluation scheme in Figure 1. The process separates the
pairs into train and test sets and calculates pairwise similarity measures for the pairs of both sets. The sequences
of the test sets should be used to run the unsupervised
reference algorithms. The train set should be used for building the supervised models to be tested only with the test
set.
The performance quality evaluation involves the calculation of the following evaluation metrics for imbalanced
datasets.
The geometric mean (𝐺-Mean) [49] is defined as

where TPrate = TP/(TP + FN) corresponds to the percentage
of positive instances correctly classified and FPrate = FP/(FP+
TN) corresponds to the percentage of negative instances
misclassified.
We use 𝐺-Mean seeking to maximize the accuracy of
the two classes (orthologs and nonorthologs) by achieving a
good balance between sensitivity and specificity that consider
misclassification costs and AUC to show the classifier performance over a range of data distributions [51].

𝐺-Mean = √sensitivity ∗ specificity,

(1)

where sensitivity = TP/(TP + FN) and TNRate = specificity =
TN/(FP + TN) are calculated from true positives (TP), false
negatives (FN), false positives (FP), and true negatives (TN).
The Area Under the ROC Curve (AUC) [50] is computed
obtaining the area of the ROC graphic. Concretely, we
approximate this area using the average of true positive rate

AUC =

1 + TPrate − FPrate
,
2

(2)

2.4. Experiments for Building and Testing the Supervised
POD Algorithms
2.4.1. Datasets. For the evaluation of POD algorithms in
related yeast genomes, in Experiment 1 we evaluated the
algorithms inside a genome by partitioning at random 75%
of the complete set of pairs for training and 25% for testing,
and in Experiment 2 we built the model from a genome pair
and tested it in two different pairs. Specifically, in Experiment
1 we divided the S. cerevisiae-K. lactis set into 16.986.996
pairs for training and 5.662.332 pairs for testing. The four
datasets (Blosum50, Blosum621, Blosum622, and Pam250) of
each genome pair, summarized in Tables 3, 4, and 5, were built
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Table 3: S. cerevisiae-K. lactis datasets.

#Ex.

#Atts.

Class
(maj; min)

#Class
(maj; min)

%Class
(maj; min)

IR

Blosum50

22.649.328

6

(0; 1)

(22.646.914; 2414)

(99.989; 0.011)

9381.489

Blosum621

22.649.328

6

(0; 1)

(22.646.914; 2414)

(99.989; 0.011)

9381.489

Blosum622

22.649.328

6

(0; 1)

(22.646.914; 2414)

(99.989; 0.011)

9381.489

Pam250

22.649.328

6

(0; 1)

(22.646.914; 2414)

(99.989; 0.011)

9381.489

Datasets

Table 4: S. cerevisiae-C. glabrata datasets.
#Ex.

#Atts.

Class
(maj; min)

#Class
(maj; min)

%Class
(maj; min)

IR

Blosum50

29.887.416

6

(0; 1)

(29.884.575, 2841)

(99.99; 0.01)

10519.034

Blosum621

29.887.416

6

(0; 1)

(29.884.575, 2841)

(99.99; 0.01)

10519.034

Blosum622

29.887.416

6

(0; 1)

(29.884.575, 2841)

(99.99; 0.01)

10519.034

Pam250

29.887.416

6

(0; 1)

(29.884.575, 2841)

(99.99; 0.01)

10519.034

Datasets

from combinations of alignment parameter settings shown
in Table 6. On the other hand, in Experiment 2, we built
the classification model from 22.649.328 pairs of S. cerevisiae
and K. lactis genomes and tested it in 29.887.416 pairs of S.
cerevisiae and C. glabrata and 8.095.907 pairs of S. cerevisiae
and S. pombe genomes.
S. cerevisiae-S. pombe dataset contains ortholog pairs
representing 95.18% of the union of the Inparanoid7.0 and
GeneDB classifications described in [37]. On the other hand,
S. cerevisiae-K. lactis and S. cerevisiae-C. glabrata datasets
contain all ortholog pairs in the gold groups reported in [24].
When we built the set of instances with all possible pairs,
we just excluded 89 genes from S. cerevisiae, 37 from C.
glabrata,and 1403 from K. lactis since we did not find their
genome physical location data in the YGOB database [52],
required for the LCB feature calculation.
Tables 3, 4, and 5 summarize the characteristics of the
four datasets including the total number of gene pairs (#Ex.),
the number of attributes (#Atts.), the labels for majority and
minority classes (Class (maj; min)), the number of pairs in
both classes (#Class (maj; min)), the percentage of pairs in
majority and minority classes (%Class (maj; min)), and the
imbalance ratio (IR).
The calculation of gene pair features or attributes (average
of local and global alignment similarity measures, length of
sequences, gene membership to conserved regions (synteny),
and physicochemical profiles within 3, 5, and 7 window sizes)
was specified in the previous section.
2.4.2. Algorithms and Parameter Values. The supervised algorithms compared in the experiments and the parameter values are specified in Table 7. Additionally, Table 8 summarizes
the parameter values and the implementation details for the
unsupervised algorithms.

3. Results and Discussion
In this section, we first analyze the supervised approaches
based on big data technologies, and later we compare the best
supervised solution with the classical unsupervised methods.

3.1. Supervised Classifiers: Analysis of Big Data Based
Approaches. The 𝐺-Mean values of the supervised classifiers
with the best performance in Experiments 1 and 2 are shown
in Table 9 for the Blosum50, Blosum621, Blosum622, and
Pam250 datasets. The best values are in boldface. The 𝐺Mean values of the supervised algorithms change only slightly
with the selection of different alignment parameters. The
stability of these classification results may be caused either
by the aggregation of global and local alignment scores in a
single similarity measure or by the appropriate combination
of scoring matrices and gap penalties in relation to the
sequence diversity between the two yeast genomes. The
selection of the four scoring matrices was aimed at finding
homologous protein sequences in a wide range of amino acid
identities between both genomes. For example, Blosum50
and Pam250 scoring matrices are frequently used to detect
proteins sharing less than 50% of amino acid identities [53]. In
addition, the selected gap penalties values are not low enough
to affect the sensitivity of the alignment [53].
The average results of AUC and 𝐺-Mean obtained in
Experiments 1 and 2 for the supervised algorithms with
different parameter values are shown in Table 10. The average
TPRate and TNRate are also depicted in Figure 2. SVM-BD has
been left out from the table due to its very poor performance
in 𝐺-Mean caused by its imbalance between TPRate and
TNRate as shown in Figure 2. Both Table 10 and Figure 2 prove
that big data supervised classifiers managing imbalance outdo
their corresponding big data supervised versions.
The ROS preprocessing method for big data makes SVMBD useful for POD and improves the performance of RFBD even more with a higher value for the resampling size
parameter of 130% [54]. In contrast, both experiments show
that the variation in this parameter value from 100% to 130%
does not significantly influence the performance of the SVMBD classifier with different regulation values.
Specifically, RF-BDCS shows the best performance in
S. cerevisiae-C. glabrata and S. cerevisiae-K. lactis when
the classification quality is measured by 𝐺-Mean and AUC
metrics, because it enhances the learning of the minority
class. The criterion used to select the best tree split is
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Table 5: S. cerevisiae-S. pombe datasets.
#Ex.

#Atts.

Class
(maj; min)

#Class
(maj; min)

%Class
(maj; min)

IR

8.095.907

6

(0; 1)

(8.090.950; 4.957)

(99.939; 0.061)

1632.227

Blosum621

8.095.907

6

(0; 1)

(8.090.950; 4.957)

(99.939; 0.061)

1632.227

Blosum622

8.095.907

6

(0; 1)

(8.090.950; 4.957)

(99.939; 0.061)

1632.227

Pam250

8.095.907

6

(0; 1)

(8.090.950; 4.957)

(99.939; 0.061)

1632.227

Datasets
Blosum50

Table 6: Combination of alignment parameter settings on the
datasets.
Dataset
Blosum50
Blosum621
Blosum622
Pam250

Substitution matrix
Blosum50
Blosum62
Blosum62
Pam250

Gap open
15
8
12
10

Gap extended
8
7
6
8

Table 7: Supervised algorithms and parameter values in the experiments.
Algorithm
RF-BD1

RF-BDCS

Parameter values
Number of trees: 100
Random selected attributes per
node: 32
Number of maps: 20
Number of trees: 100
Random selected attributes per
node: 3
Number of maps: 20
𝐶(+|−) = IR
𝐶 (−|+) = 1

ROS (100%) + RF-BD

RS3 = 100%

ROS (130%) + RF-BD

RS = 130%
Regulation parameter:
1.0, 0.5, and 0.0
Number of iterations:
100 (by default)
StepSize: 1.0 (by default)
miniBatchFraction: 1.0 (percent of
the dataset evaluated in each
iteration 100%)

SVM-BD

ROS (100%) + SVM-BD

RS = 100%

ROS (130%) + SVM-BD

RS = 130%

1

BD: big data.
2
int(log2 𝑁 + 1), where 𝑁 is the number of attributes of the dataset.
3
RS: resampling size.

based on the weighting of the instances according to their
misclassification costs, and such costs are also considered
to calculate the class associated with a leaf [34]. This cost
treatment does not explicitly change the sample distribution
and avoids the possible overtraining that it is present in the
ROS solutions due to replicated cases. The election of the cost
values (𝐶(+ | −)= IR and 𝐶(− | +) = 1) may also define the
success of the algorithm.

In the case of SVM-BD, the fixed regularization parameter defines the trade-off between the goal of minimizing
the training error (i.e., the loss) and minimizing the model
complexity to avoid overfitting. The higher its value, the
simpler the model. Nonetheless, setting an intermediate value
or one close to zero may produce a better performance in
classification [48]. This is the case of the ROS (RS: 100%) +
SVM-BD (regParam: 0.5) classifier that exhibits the best AUC
and 𝐺-Mean values in S. cerevisiae-S. pombe and the best
balance between TPRate and TNRate in the three datasets
(Figure 2).
In order to balance time with classification quality,
time consumption is another aspect to have in mind when
comparing big data solutions. Table 11 contains run time in
seconds for all big data solutions in each dataset and the faster
algorithms are highlighted in boldface. These results allow
us to prove that the time required is directly related to the
operations needed for each method, as well as to the size of
the datasets used to build the model. The fastest algorithm
considering the average run time is SVM-BD followed by
SVM-BD combined with ROS. Thus, the fastest algorithms
coincide with the ones with better performance. In general,
the ROS (RS: 100%) + SVM-BD (regParam: 0.5) classifier can
be considered the best supervised solution considering both
performance and time.
3.2. Comparison of Supervised versus Unsupervised Classifiers.
The average results of AUC and 𝐺-Mean obtained for the
best supervised algorithms and the unsupervised algorithms
with different parameter values are shown in Table 12 for
Experiments 1 and 2. The average TPRate and TNRate are
also depicted in Figure 3. The supervised classifiers outperform the unsupervised ones. Among the unsupervised
algorithms, RSD reaches the highest G-Measure value by
setting 𝐸-value = 1𝑒 − 05 and 𝛼 = 0.8 (recommended values
in [55]) in S. cerevisiae-C. glabrata where similar results can
also be seen for AUC and TPRate values. On the contrary,
OMA was the best among the unsupervised algorithms in S.
cerevisiae-S. pombe datasets (Table 12).
In general, the performance of all classifiers declined in S.
cerevisiae-S. pombe datasets due to the fact that S. pombe is a
distant relative of S. cerevisiae [56]. The supervised classifiers
performance is affected for the same reason and also by the
difference in data distribution between the train and test sets
[57]. Conversely, ROS (RS: 100%) + SVM-BD (regParam: 0.5)
remained stable in S. cerevisiae-C. glabrata and S. cerevisiaeS. pombe datasets when considering the balance between
TPRate and TNRate . Superior results in S. cerevisiae-C. glabrata
are outstanding, since both genomes underwent WGD and
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Table 8: Unsupervised algorithms and parameter values in the experiments.
Algorithm
RBH
RSD
OMA

Parameter values
Soft filter and Smith Waterman alignment
𝐸-value = 1e − 06
𝐸-value thresholds: 1e − 05, 1e − 10, and 1e − 20
Divergence thresholds 𝛼: 0.8, 0.5, and 0.2.

Implementation
BLASTp program1
Matlab script
BLASTp program1
Python script2

Default parameter values

OMA stand-alone3

1

Available in http://www.ncbi.nlm.nih.gov/BLAST/.
Available in https://pypi.python.org/pypi/reciprocal smallest distance/1.1.4/.
3
Available in http://omabrowser.org/standalone/OMA.0.99z.3.tgz.
2

Table 9: Geometric mean results of the best supervised classifiers in each dataset.

Dataset

Blosum50
Blosum621
Blosum622
Pam250

ROS (RS:
100%) +
RF-BD
(Scer-Klac)

ROS (RS:
130%) +
RF-BD
(Scer-Klac)

RF-BDCS
(Scer-Klac)

ROS (RS:
100%) +
RF-BD
(Scer-Cgla)

ROS (RS:
130%) +
RF-BD
(Scer-Cgla)

RF-BDCS
(Scer-Cgla)

ROS (RS:
100%) +
SVM-BD
(regParam:
1.0)
(ScerSpombe)

0.9818
0.9801
0.9793
0.9818

0.9818
0.9818
0.9793
0.9818

0.9896
0.9855
0.9905
0.9899

0.9889
0.9891
0.9910
0.9912

0.9885
0.9903
0.9910
0.9905

0.9934
0.9932
0.9929
0.9941

0.8393
0.8707
0.8536
0.8495

ROS (RS:
100%) +
SVM-BD
(regParam:
0.5)
(ScerSpombe)
0.8673
0.8959
0.8694
0.8839

Table 10: AUC and 𝐺-Mean results of supervised classifiers in Experiments 1 and 2.
Algorithm
RF-BD
ROS (RS: 100%) + RF-BD
ROS (RS: 130%) + RF-BD
RF-BDCS
ROS (RS: 100%) + SVM-BD (regParam: 1.0)
ROS (RS: 100%) + SVM-BD (regParam: 0.5)
ROS (RS: 100%) + SVM-BD (regParam: 0.0)
ROS (RS: 130%) + SVM-BD (regParam: 1.0)
ROS (RS: 130%) + SVM-BD (regParam: 0.5)
ROS (RS: 130%) + SVM-BD (regParam: 0.0)

S. cerevisiae-K. lactis
AUC
𝐺-Mean
0.6979
0.6291
0.9809
0.9807
0.9813
0.9812
0.9889
0.9889
0.9477
0.9477
0.8845
0.8791
0.6135
0.4961
0.8164
0.7956
0.8629
0.8528
0.6248
0.5147

S. cerevisiae-C. glabrata
AUC
𝐺-Mean
0.7455
0.7005
0.9901
0.9900
0.9901
0.9901
0.9934
0.9934
0.9542
0.9542
0.9540
0.9539
0.9432
0.9431
0.9523
0.9522
0.9539
0.9539
0.9429
0.9428

S. cerevisiae-S. pombe
AUC
𝐺-Mean
0.5172
0.1851
0.6096
0.4527
0.6121
0.4581
0.7294
0.6745
0.8632
0.8533
0.8845
0.8791
0.6135
0.4961
0.8164
0.7956
0.8629
0.8528
0.6248
0.5147

Table 11: Run time results in seconds of the big data solutions in Experiments 1 and 2.
Datasets
RF-BD
ROS (RS: 100%) + RF-BD
ROS (RS: 130%) + RF-BD
RF-BDCS
SVM-BD
ROS (RS: 100%) + SVM-BD (regParam: 1.0)
ROS (RS: 100%) + SVM-BD (regParam: 0.5)
ROS (RS: 100%) + SVM-BD (regParam: 0.0)
ROS (RS: 130%) + SVM-BD (regParam: 1.0)
ROS (RS: 130%) + SVM-BD (regParam: 0.5)
ROS (RS: 130%) + SVM-BD (regParam: 0.0)

S. cerevisiae-K. lactis
1201.59
2983.75
3345.04
1302.41
461.87
867.38
874.62
859.17
927.14
929.17
924.42

S. cerevisiae-C. glabrata
2174.90
4562.38
4805.50
2362.04
482.85
1011.59
1008.77
1008.24
1079.19
1084.19
1076.37

S. cerevisiae-S. pombe
2060.99
4440.03
4681.51
2025.15
480.45
1012.46
1013.32
999.31
1079.58
1076.33
1077.21
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Table 12: AUC and 𝐺-Mean results of the unsupervised and the best supervised classifiers in Experiments 1 and 2.

Algorithm
RBH
RSD 0.2 1e − 20
RSD 0.5 1e − 10
RSD 0.8 1e − 05
OMA
RF-BDCS
ROS (RS: 100%) + SVM-BD (regParam: 1.0)
ROS (RS: 100%) + SVM-BD (regParam: 0.5)

S. cerevisiae-K. lactis
AUC
𝐺-Mean
0.1497
0.0062
0.5862
0.4862
0.5926
0.4643
0.5886
0.4518
0.5765
0.4904
0.9889
0.9889
0.9477
0.9477
0.8845
0.8791

S. cerevisiae-C. glabrata
AUC
𝐺-Mean
0.8196
0.7995
0.9238
0.9206
0.9340
0.9316
0.9382
0.9362
0.9287
0.9259
0.9934
0.9934
0.9542
0.9542
0.9540
0.9539

ROS (RS: 130%) + SVM-BD (regParam: 0.0)

0.929

0.940

ROS (RS: 130%) + SVM-BD (regParam: 0.5)

0.939

0.955

0.733

ROS (RS: 130%) + SVM-BD (regParam: 1.0)

0.941

0.958

0.635

ROS (RS: 100%) + SVM-BD (regParam: 0.0)
ROS (RS: 100%) + SVM-BD (regParam: 0.5)

0.930

0.953

0.955

0.946

0.949

0.960

0.944

0.972

0.926

0.920

0.945

0.932

0.971

0.945

0.789

0.963

0.963

0.951

0.000
0.957
0.733

0.993

S. cerevisiae-S. pombe
AUC
𝐺-Mean
0.4697
0.4525
0.4874
0.4438
0.4980
0.4063
0.5009
0.3899
0.5151
0.4644
0.7294
0.6745
0.8632
0.8533
0.8845
0.8791

0.278
0.993
0.998
0.255
0.979

ROS (RS: 100%) + SVM-BD (regParam: 1.0)

0.937

RF-BDCS

0.979

0.988

ROS (RS: 130%) + RF-BD

0.963

0.981 0.224

1.000

1.000

1.000

ROS (RS: 100%) + RF-BD

0.962

0.980 0.219

1.000

1.000

1.000

RF-BD

0.034
1.000
0.396 0.491

0.00

1.00
TP_ScerKlac
TN_ScerKlac
TP_ScerCgla

1.000

1.000

1.000

2.00

0.999

1.000

0.459

3.00

4.00

5.00

6.00

TN_ScerCgla
TP_ScerSpombe
TN_ScerSpombe

Figure 2: Average true positive and true negative rate values of supervised classifiers obtained in Experiments 1 and 2.

a subsequent differential loss of gene duplicates, so that
algorithms are prone to produce false positives. Thus, this
dataset contains “traps” for OD algorithms [24].
The reduced quality shown by RBH, RSD, and OMA,
mainly in the case of RBH, could be caused by their initial
assumption that the sequences of orthologous genes/proteins
are more similar to each other than they are to any other genes
from the compared organisms. This assumption may produce
classification errors [22], mainly in RBH, that infer orthology
relationships simply based on reciprocal BLAST Best Hits, in
spite of the fact that BLAST parameters can be tuned as has
been recommended in [58].
Conversely, RSD not only compares the sequence similarity of query sequence 𝑎 of genome 𝐴 against all sequences
of genome 𝐵 using the BLASTp algorithm, but also separately
aligns sequence 𝑎 against the corresponding set of hits resulting from a BLAST search. Those pairs that satisfy a divergence
threshold (defined as the fraction of the alignment total
length) are used for the calculation of evolutionary distances.
From this step, sequence 𝑏 yielding the shortest distance
with sequence 𝑎 is retained and then used as query for

a reciprocal BLASTp against genome 𝐴. Thus, the algorithm
is repeated in the opposite direction, and if 𝑏 finds 𝑎 as its
best reciprocal short distance hit, then the pair (𝑎, 𝑏) can be
assumed as an ortholog pair and their evolutionary distance
is retained. In sum, the RSD procedure relies on global
sequence alignment and maximum likelihood estimation
of evolutionary distances to detect orthologs between two
genomes, and as a result, it finds many putative orthologs
missed by RBH because it is less likely than RBH to be misled
by existing close paralogs.
The OMA algorithm also displays advantages over RBH,
corroborated in both Experiments 1 and 2. It uses evolutionary distances instead of alignment scores. This algorithm allows the inclusion of one-to-many and many-tomany orthologs. It also considers the uncertainty in distance
estimations and detects potential differential gene losses.
From the point of view of the intrinsic information
managed by the algorithms, the success of big data supervised
classifiers managing imbalance over RSD and OMA may be
explained by feature combinations calculated for the datasets
together with the learning from curated classifications. That
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OMA
RSD 0.8 1e − 05
RSD 0.5 1e − 10
RSD 0.2 1e − 20
RBH
ROS (RS: 100%) + SVM-BD. . .
0.00

TP_ScerKlac
TP_ScerCgla
TP_ScerSpombe
TN_ScerKlac
TN_ScerCgla
TN_ScerSpombe

ROS (RS:
100%) +
SVM-BD
(regParam:
0.5)
0.9304
0.9450
0.7895
0.9626
0.9629
0.9795

1.00

2.00

3.00

4.00

5.00

RBH

RSD 0.2
1e − 20

RSD 0.5
1e − 10

RSD 0.8
1e − 05

OMA

0.0001
0.6392
0.5957
0.2993
0.9999
0.3437

0.9137
0.8476
0.6889
0.2588
0.9999
0.2858

0.9609
0.8680
0.7860
0.2243
0.9999
0.2100

0.9658
0.8765
0.8154
0.2113
0.9999
0.1864

0.8795
0.8574
0.2921
0.2734
0.9999
0.7382

6.00

Figure 3: Average true positive and true negative rate values of the unsupervised and the best supervised classifiers in Experiments 1 and 2.

is, the assembling of alignment measures together with the
comparison of sequence lengths, the membership of genes
to conserved regions (synteny), and the physicochemical
profiles of amino acids improves the supervised classification
results on the test sets, even in those built from two species
that underwent WGD.
With the aggregation of global and local alignment
scores, we are combining protein structural and functional
relationships between sequence pairs, respectively. Besides,
we incorporate other gene pair features: (i) the periodicity
of the physicochemical properties of amino acids which
allows us to detect similarity among protein pairs in their
spectral dimension [59]; (ii) the conserved neighborhood
information, which considers that genes belonging to the
same conserved segment in genomes of different species will
probably be orthologs; and (iii) the length of sequences that
can be seen as the relative positions of nucleotides/amino
acids within the same gene/protein in different species and
in duplicated genomic regions within the same species.
In order to obtain (i), each of the two aligned sequences
is first represented as an ordered arrangement of moving
average values of amino acids contact energies in a window
frame of the aligned regions without gaps. Then, each
spectrum is correlated to obtain the pair similarity value. This
feature may allow us to deal with sequences having functional
similarities despite their low amino acid sequence identities
(<35%). These sequences may affect OD in S. cerevisiae-S.
pombe which are moderately related and their orthologs may
be diverged.
In feature (ii), two genes from different genomes are
more likely to be orthologs when they share a high sequence
similarity and they are placed in the same LCB (conserved
segment that does not seem to be altered by genome rearrangements [60]). The detection of authentic orthologs is
frequently impaired by genome rearrangements and other
large-scale evolutionary events like WGD.

With regard to sequence length (iii), it is disturbed by
insertion and deletion of stretches of DNA over evolutionary time. This makes more distant relatives have a higher
likelihood of sequence length difference [61]. In this way,
the genomes involved in this study are relatives and length
similarities may complement the detection of homology.

4. Conclusions
The development of effective supervised algorithms for POD
in a big data scenario was made possible by (i) the availability of curated databases (authentic orthologs), (ii) the
combination of traditional alignment measures with other
gene pair features (sequence length, gene membership to
conserved regions, and physicochemical profiles) to complement homology detection, and (iii) the treatment of the low
ratio of orthologs to the total possible gene pairs between
two genomes. By applying evaluation metrics such as 𝐺Mean, AUC, and the balance between TPRate and TNRate , our
results show that gene pairwise feature combinations provide
excellent POD in a big data supervised scenario that considers
data imbalance. The SVM-BD classifier combined with the
ROS (RS: 100%) preprocessing with regulation parameter 0.5
outdid the rest of the big data supervised solutions and the
popular unsupervised (RBH, RSD, and OMA) algorithms
even when the supervised model was extended to datasets
containing “traps” for OD algorithms. The classification
performance of the supervised algorithms measured by 𝐺Mean and AUC metrics did not significantly change in the
four test sets obtained with different alignment parameter
settings. When the balance between time and classification
quality is considered, ROS (RS: 100%) + SVM-BD (regParam:
0.5) also proves to be the algorithm of choice.
In future research, the introduction of new gene pair
features might improve the effectiveness and efficiency of the
supervised algorithms for POD.
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Recent progress in microscopy technologies, biological markers, and automated processing methods is making possible the
development of gene expression atlases at cellular-level resolution over whole embryos. Raw data on gene expression is usually
very noisy. This noise comes from both experimental (technical/methodological) and true biological sources (from stochastic
biochemical processes). In addition, the cells or nuclei being imaged are irregularly arranged in 3D space. This makes the
processing, extraction, and study of expression signals and intrinsic biological noise a serious challenge for 3D data, requiring
new computational approaches. Here, we present a new approach for studying gene expression in nuclei located in a thick layer
around a spherical surface. The method includes depth equalization on the sphere, flattening, interpolation to a regular grid, pattern
extraction by Shaped 3D singular spectrum analysis (SSA), and interpolation back to original nuclear positions. The approach is
demonstrated on several examples of gene expression in the zebrafish egg (a model system in vertebrate development). The method
is tested on several different data geometries (e.g., nuclear positions) and different forms of gene expression patterns. Fully 3D
datasets for developmental gene expression are becoming increasingly available; we discuss the prospects of applying 3D-SSA to
data processing and analysis in this growing field.

1. Introduction
Recent advances in microscopy technologies, biological
markers, and automated processing methods are enabling
sustained progress towards the long-standing goal of reconstructing embryogenesis by integrating cellular behavior
and molecular dynamics [1–4]. New technology, including
photonic microscopy approaches (reviewed in [5, 6]) and new
biological markers (fluorescent proteins, photoactivatable
compounds, and fluorescent nanoparticles such as quantum
dots) [7], is producing quantitative high resolution data
(spatial and temporal) at all levels of organization [8–12].
Reconstruction of a developmental atlas can be considered in
stages, proceeding from an automated reconstruction of a cell
lineage tree in space and time, annotated with quantitative

information for cell shape, and adding on the spatiotemporal
dynamics of gene expression in the cells [2, 4, 5].
There are some impressive examples of progress in this
new research area on several model experimental animals,
where the details of embryo development have been tracked
from the fertilized egg to the several thousand cell embryonic
stages, with cellular level resolution quantitative data (in
which each cell in the embryo is described by its 3D spatial
coordinates, its lineage, and the expression level of the key
genes).
Such large-scale research projects require not only new
high-throughput experimental approaches, but also new
quantitative mathematical and computational approaches for
the processing, analysis, and modeling of such extensive
datasets [10, 12–17].
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For reconstructing the spatiotemporal dynamics of gene
expression, the raw data sets are stacks of confocal microscope scans of early embryos (fixed or live). Data is usually
the intensity of fluorescent markers for either the mRNA or
proteins encoded by the genes of interest. Extracting this
data requires image segmentation to identify the signal for
each cell (or nucleus). This produces text-files with the spatial
coordinates, gene expression levels, and lineage history of
each cell.
A major goal of this processing is to collect reliable
quantitative data for the fitting and verification of modern
computer dynamic and stochastic models of developmental
gene regulation at single cell resolution.
Examples of publicly available high resolution quantitative datasets for several experimental animals include the
roundworm “C. elegans” (Web resource “EPIC” [18]), the fruit
fly “D. melanogaster” (“BID BDTNP” [2, 19]), and the zebrafish “D. rerio” (“BioEmergences” [4, 20]). Such data can be
seen as a combination of biological signal, biological noise,
and experimental noise. Use of the fluorescent data requires
a clear separation of these components. For example, deterministic gene regulatory models should be corroborated
solely against the biological trend component; stochastic
models will also include biological noise components.
The data in cellular resolution 3D gene expression atlases
typically has very high noise, with contributions from aspects
such as the intrinsic gene expression noise observed in
prokaryotes and eukaryotes [21–27] and the disorder in
cellular/nuclear positions. New quantitative approaches are
needed to separate the raw expression data into signal and
noise components [28]. While some animals’ embryos have
simpler geometries, being relatively flat with spherical or
ellipsoidal cell layers (like the early Drosophila fly embryo),
many types of embryos have inherently spatially threedimensional cell order, adding methodological difficulties
with respect to specimen thickness and optical nontransparency. Such 3D challenges require new experimental and
computational approaches [29, 30].
Different embryo geometries can produce different spatial characteristics on the gene expression data. For instance,
in the early Drosophila embryo the data can be considered
as patterns on an ellipsoidal surface. With an appropriate
two-dimensional convolution (e.g., cylindrical projection)
the data can be studied with 2D image processing techniques
[31].
There are, however, datasets of recent experimental data
which are truly 3D and cannot be properly transformed and
analyzed in 2D. A prime example is expression data from
early zebrafish embryos, where nuclei (cells) are in several
irregular layers on the fish egg. Such data requires techniques
and algorithms for directly processing 3D data. The irregular
distribution of nuclei in layers presents an added challenge,
since most quantitative methods operate on spatially regular
data points.
To this end, this paper introduces a new method for
processing irregular data points scattered in layers in the
vicinity of an ellipsoidal (spheroidal) surface. We present a
nonparametric method, which can address in a nonbiased
way the arbitrary spatial distribution and unknown noise
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character of the expression data. In [31] we presented extensions of 2D singular spectrum analysis (2D-SSA) to analyze
2D and surface 3D datasets from Drosophila confocal scans.
These extensions, circular and shaped 2D-SSA, were applied
to gene expression patterns in the thin nuclear layer just
under the surface of the embryo. We demonstrated how
circular and shaped 2D-SSA can decompose the expression
data into identifiable components (trend and noise), as well
as separating signals from different genes.
In this paper, we extend SSA to irregular three-dimensional expression data (3D-SSA). For an initial application of
the approach, we focus on dealing with spatial irregularity,
using real zebrafish data for the spatial coordinates of nuclei
and the spatial gene expression patterns from the “MatchIT”
and “AtlasIT” packages [4] but using artificial functions
(simple math functions and a smooth approximation of an
intensity indicator) for the expression (fluorescence) intensities.
Figures 1 and 2 illustrate the main steps of the 3D-SSA
approach (see details in Section 3). Figure 1(a) shows simulated intensity data (a two-exponential pattern, with noise)
on experimental data for nuclear positions in the sphericalcap geometry of the gene expression region. Figure 2 shows
the algorithm steps: depth equalization on the sphere, flattening, interpolation, and reconstruction. Figure 1(b) shows
the resulting pattern reconstruction after application of the
3D-SSA algorithm. Coloring of nuclei corresponds to gene
expression intensities. Mixing of nuclei of different colors
reflects noise. Regular (smooth) color patterns reflect noise
removal.
This paper is structured as follows. Section 2 describes the
semiartificial datasets which were analyzed. The method is
described in Section 3. In Sections 4 and 5 reliability of the
approach is demonstrated on semiartificial data similar to
real observations. Specifically, the first example considers all
nuclei detected in the specimen at the shield stage, in which
nuclei are distributed in a “spherical cap,” and expression
(with noise) is generated for two patterns: (a) the sum of two
exponentials and (b) bell-shaped.
The second example is for expression patterns similar
to those for the nine regulatory genes characterized in [4].
Specifically, the test pattern is limited to nuclei where the ntla
gene is found experimentally (the “MatchIT” package [4]).
This set of nuclei is distributed in an equatorial strip. For
its extraction we build a hull (envelope) of expressed nuclei
(generally not convex since expressing area has complex
shape). “Shaped” 3D-SSA is applied in all of the test cases.
Section 6 contains discussion and conclusions.

2. Data
In a 3D dataset from a zebrafish embryo, each datapoint
corresponds to a nucleus, each represented by an array of
numbers: three spatial coordinates for the nucleus centroid
and the fluorescence intensities (in arbitrary units) of the
labelled genes (usually two genes are labelled per embryo).
Geometrically, the data points are distributed around a 3D
ellipsoid in several irregular layers (see Figures 1, 4(a), 7(a),
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(b) Results of data reconstruction: the denoised pattern on a
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Figure 1: Zebrafish data [4] and the 3D-SSA approach: original nucleus position data for the spherical-cap gene expression region, with
simulated intensity values (a schematic two-exponential pattern, with noise) represented by the color map; colors are given in the topographic
scale, where the blue color corresponds to small values, when brown/red colors correspond to large values of intensity.

y
𝜙

x

𝜓
d

z

(a) Depth equalization on the sphere

(b) Flattened nuclei

𝜙

𝜙

𝜓

𝜓
d

d

(c) Interpolation to a regular grid
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Figure 2: Processing steps in the 3D-SSA approach.
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and 15(a)). If we approximate the fish egg as an ellipsoid (or
spheroid), then the early fish embryo can be geometrically
described as a thick (multilayer) spherical cap overlaying
the egg, which can be flattened to a disc without substantial
distortions at the margins (biologists refer to the geometry of
these embryonic stages as “dome” or “disc”). The key genes
studied at these early stages tend to form expression patterns
in compact subareas of the spherical cap, such as open-ended
rings and so forth. Preprocessing and SSA procedures can
be focused or confined to these subareas. In other words, we
assume that there is a transformation of a given expression
area to a parallelepiped and that the transformation does not
distort the data drastically. If the expression area is too large
for such a transformation as a whole, then the transformation
can be done as several independent pieces.

3. Method
We have adapted singular spectrum analysis (SSA) [32–34]
to 2D spatial expression data [31] and shown it to be an
efficient and robust means for data decomposition in these
cases. The advantages of SSA, its adaptivity, flexibility with
few parameters, visual control, and no prior specification
of a noise model, make it promising for 3D analysis. A
drawback of SSA its current lack of automation, though see
[35] regarding automation on similar data structures.
SSA-type methods process data specified on a regular grid
within a parallelepiped. Therefore, application to irregular 3D
data first requires flattening, followed by regularization.
Processing 3D data which is in a layer near an ellipsoidal
surface consists of the following steps:
(i) detection of data location: estimation of the ellipsoid
center and finding the nuclear centroid positions
relative to this, enabling data rotation for simpler,
nondistorting flattening,
(ii) flattening the data and embedding them into a parallelepiped,
(iii) interpolation to a regular grid {𝑖 = 1, . . . , 𝑁1 } × {𝑗 =
1, . . . , 𝑁2 } × {𝑘 = 1, . . . , 𝑁3 } to obtain 𝑓𝑖𝑗𝑘 ,
(iv) application of 3D-SSA, perhaps by the shaped version
to confine the analysis to subareas; 3D-SSA results in a
decomposition of the form: 𝑓𝑖𝑗𝑘 = 𝑠𝑖𝑗𝑘 + 𝑟𝑖𝑗𝑘 , where 𝑠𝑖𝑗𝑘
corresponds to the expression pattern or trend,
(v) interpolation of 𝑠𝑖𝑗𝑘 back to regular nuclei on the parallelepiped,
(vi) transformation back to the original (irregular)
embryo coordinates.
This process results in an extracted pattern with residual
noise, on the original geometry. This allows for further study
of the pattern’s form (e.g., comparison with deterministic
dynamic gene regulation models), as well as the model for
the noise (e.g., to detect whether noise is additive or multiplicative).
Below, we comment on the steps of the processing scheme
in further detail. For simplicity, we assume data are located
near the surface of a sphere (the case for zebrafish eggs).

3.1. Detection of Data Location. The origin of the coordinate
system is the center of the sphere, estimated as the point
most equidistant from all data points (more formally, we
find a point minimizing the variance of distances between its
position and those of the data points).
Two types of spatial data distributions are considered,
each of which has a specific procedure for reorientation and
flattening.
The first type is for data located near the spherical cap. In
this case, the “𝑧”-axis passes through the center of the sphere
and the middle point of the data; we can rotate the data to
obtain positive “𝑧”-values for all nuclear coordinates.
In the second type, data are located in a strip along the
equator of the sphere. In this case, the “𝑧”-axis is chosen
orthogonal to the equatorial plane and passing through the
center of the sphere.
In both cases, “𝑥”- and “𝑦”-axes are chosen orthogonal
to the “𝑧”-axis and to each other, oriented to maintain the
original axis orientation as much as possible.
3.2. Flattening the Data. Data is embedded into a parallelepiped with sides parallel to the axes. The first axis
corresponds to depth in the data layer, with the second and
the third axes corresponding to surface directions. We aim to
keep the proportions of the data as unchanged as possible.
3.2.1. Depth Equalization of Data. We assume that the data
are located in a layer of approximately constant depth on
a spherical surface. Before projection, the data should be
corrected to be within an ideal spherical layer of constant
depth. Suppose that all nuclei are located in an area which
is bounded by two convex surfaces (e.g., in a spherical layer).
The first step of the procedure is to find these surfaces as
convex external and internal hulls (envelopes) applying the
classical “convex hull” method to original data for finding the
external hull and to inverted data to find the interior one.
Then the found exterior and interior hulls are transformed to
spherical surfaces of radii 𝑅 + 𝐷/2 and 𝑅 − 𝐷/2 correspondingly, where the sphere radius 𝑅 is estimated as the median of
distances from the data points to the sphere center, which was
estimated on Section 3.1, and the layer depth 𝐷 is estimated
as the median distance between the hulls.
The procedure can detect a too-thin layer of one nucleus
depth, when 2D-SSA should be used instead of 3D version.
For data which is truly 2D, the 2D-SSA method discussed in
[31, 36, 37] is applied. Otherwise, a new modified approach is
elaborated here.
3.2.2. Projection. Spherical projections can have different
invariants. For data in spherical caps, we use the equidistant
azimuthal projection [38, Section 25], to maintain distance
from the center point (i.e., latitude) and therefore the original
layer’s linear sizes. After flattening and projection, the data
points (nuclei) will therefore have the following coordinates:
𝜓, 𝜑 are coordinates along orthogonal meridians in the
azimuthal projection and 𝑑 represents depth; all are measured
in metrical units.
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For data in equatorial strips, we use the equidistant
cylindrical projection [38, Section 12], maintaining distances
of points to the equator (i.e., latitudes) and distances between
points on the equator. This gives the similar coordinates 𝜓,
𝜑, and 𝑑 (latitude, longitude, and depth measured in metrical
units). If an equatorial strip encircles with the whole equator,
we obtain a parallelepiped with circular topology on the
equatorial coordinate and can apply the circular version of
SSA [39].
Note that we obtain new coordinates in approximately the
same units (and the same proportions) as the original data.
This is the main purpose of using equidistant projections,
since proportions can strongly influence the interpolation to
a regular grid.
We use relative coordinates for the flattened data. Thus in
all pictures 𝑑 is reported as a percentage, with 0% at the inner
surface and 100% at the outer surface; 𝜓, 𝜑 are reported as
fractions of the equator length.
3.3. Interpolation of Nuclei to a Regular Grid and Back. Interpolation of irregular data to a regular grid is known as a “3D
scattered data interpolation problem” (see [40] for a description and an overview of different approaches).
We use a “triangulated irregular network-based linear
interpolation using Delaunay triangulation” approach, where
the interpolation is constructed by a linear interpolation
of the vertex values from the corresponding triangulation
simplex. Implementation is performed with the help of the
library “CGAL” [41].
Note the nuclei do not necessarily pack the whole parallelepiped, and edge effects are a consideration. Therefore,
after interpolation, we obtain the expression data on a subset
of the parallelepiped grid. For cap-shaped data, for example,
the subset is a disc. This subset can be processed with the
shaped version of 3D-SSA.
For back-interpolation to nuclei, the conventional trilinear interpolation is used for pattern reconstruction. Residual
values are calculated as differences between original and
extracted-pattern (trend) expression values.
3.4. Shaped 3D-SSA. Shaped 3D-SSA methods need original
data to be given on a subset of a regular grid (which we call
the initial shape).
A parameter of the method is the shaped 3D window,
which is inscribed in a parallelepiped of sizes 𝐿 1 × 𝐿 2 × 𝐿 3 .
It is assumed that the chosen window covers all the points
of the original shape. If not, the uncovered grid points are
removed. For a proper window shape, the number of removed
points should not be large. If so, another window shape or size
should be chosen.
Shaped 3D-SSA can be considered as a particular case of
shaped SSA (see e.g., [37, 39]). To outline the algorithm, we
do the following.
Algorithm of Shaped 3D-SSA.
(1) We will consider all possible locations of the window within the original data array and denote their
number as 𝐾. For each location of the window we
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unfold the shaped window into a vector of length 𝐿.
The obtained vectors are put together into a so-called
trajectory matrix.
The trajectory matrix X has a certain structure; since
the windows cover the array points several times, a lot
of matrix elements coincide. Such matrices are called
quasi-Hankel [42] and form a linear space. We will
designate this space H.
Define the embedding operator T(X): X → H. This
operator is linear, is an injection (if each point of
the initial shaped array is covered by windows), and
therefore is invertible.
(2) Construct the singular value decomposition (SVD) of
the trajectory matrix X: X = ∑𝑑𝑖=1 𝜎𝑖 𝑈𝑖 𝑉𝑖T . The eigenvectors 𝑈𝑖 can be folded to eigenarrays, which have
the same shape as the window has.
(3) Choose a subset 𝐼 ⊂ {1, . . . , 𝑑} and put X𝐼 = ∑𝑖∈𝐼 X𝑖 ,
where X𝑖 = 𝜎𝑖 𝑈𝑖 𝑉𝑖T . Conventionally, the choice is
𝐼 = {1, . . . , 𝑟}, 𝑟 < 𝑑, what corresponds to an approximation of X by a low-rank matrix X𝐼 .
(4) Project the matrix X𝐼 to the space H and obtain the
reconstructed image (pattern) as X𝐼 = T−1 ΠH X𝐼 .
Note that, by additivity, X𝐼 = ∑𝑖∈𝐼 X𝑖 , where X𝑖 =
T−1 ΠH X𝑖 are called elementary components. Therefore the
forms of elementary components can be used for detection of
pattern components.
3.5. Choice of Parameters. Decomposition of gene expression
data on irregular nuclear positions has several parameters: for
interpolation and flattening; and for SSA (the window shape
and size, and the number 𝑟 of components for reconstruction).
In order to obtain a sufficient number of grid points with
respect to the number of nuclei, steps of the regular grid
should not be too large. The upper bound for the grid points
is limited only by computational costs.
Recommendations for 3D-SSA are similar to that for 2DSSA and 1D-SSA given in [33, 34, 37]. Larger windows correspond to more refined decomposition and more accurate
reconstruction if the signal (pattern) has a simple structure
generating a few SVD components. For more complex patterns, medium to small windows are preferable.
Note that window size is measured with respect to pattern
features and should not depend on interpolation step. Therefore, window sizes are measured as a percentage of image
sizes, not in the number of grid points. Starting window sizes
can be chosen as approximately 10–20% of the image sizes
in each direction. If the pattern is extracted imprecisely, the
window can be enlarged; if the pattern is mixed with the
residual (noise), the window should be decreased.
Identification of pattern components can be performed
by analyzing the forms of eigenarrays or elementary reconstructed components (see [37]). Slowly varying patterns can
be constructed readily by accumulation of slowly varying
elementary components. Since it is difficult to perform a
visual analysis of 3D objects, it is preferable to depict slices
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(1D graphs or 2D images), obtained by fixing one or two
coordinates.
Quality of pattern extraction can be checked by means of
residual behaviour. For proper pattern extraction, residuals
should vary around zero. Thus it is recommended to choose
slowly varying elementary components such that the residual
has no part in the pattern.
3.6. Model of Residuals. For understanding biological sources
of noise in gene expression, it is of interest to extract from the
data a model of the noise (functional relation of the leading
moments of gene expressions). We suggest a method for
model detection based on a standard test of heteroscedasticity
of residuals with different normalizations.
For a decomposition of initial data into pattern and noise:
𝑥𝑖 = 𝑠𝑖 + 𝑟𝑖 , 𝑖 = 1, . . . , 𝑁, where 𝑁 is the number of nuclei
(enumeration by one index instead of three does not affect
the results), assume that noise in nuclei is independent and
consider the model
 𝛼
𝑟𝑖 = 𝜀𝑖 ⋅ 𝑠𝑖  ,

(1)

where E𝜀𝑖 = 0 and D𝜀𝑖 = const.
If 𝛼 = 0, the noise is additive (its standard deviation
does not depend on pattern values). If 𝛼 = 1, the noise
is multiplicative (its standard deviation is proportional to
pattern values). The intermediate value 𝛼 = 0.5 corresponds
to Poissonian noise, where noise variance is proportional to
pattern value.
The Park method [43] estimates 𝛼 as the slope of a linear
regression in the model
 
 
log 𝑟𝑖  = log 𝜎 + 𝛼 log 𝑠𝑖  + ]𝑖 ,

(2)

where ]𝑖 = log|𝜀𝑖 /𝜎| is a well behaved error term. The Park
method appears to be robust to the distribution of the
residuals. An estimate of 𝛼 in model (2) can be obtained, for
example, by the least-squares method.
3.7. Implementation. We implemented all of the described
methods in R [44] and included them in our BioSSA package.
For construction of convex and nonconvex hulls (the
“alphashape” [45] method is used), the library “qhull” [46]
is used by the wrapping R-packages (alphashape3d [47],
geometry [48]). For 3D spatial interpolation we implemented
a special R-package with help of the library “CGAL” [41], since
available R implementations of 3D spatial interpolation have
very poor performance.
For trilinear interpolation the R-package oce [49] is used.
For 3D-SSA, we use the Rssa R-package [50]. This implementation is highly effective, since it uses the approaches
from [31, 37, 51].

4. Example for Spherical-Cap Nuclear Pattern
Here we work through an application of the 3D-SSA procedure on the close-to-spherical zebrafish egg. Nuclear coordinates are taken from the default MatchIT [4] example.

The “MatchIT” tool was run with the default dataset and
parameters, producing files with automatically detected
nuclei. Processing is on the file “gsc ntla wt t008 ch01.csv”
containing nuclear coordinates for the cells expressing the gsc
(“goosecoid”) gene at the “late shield” developmental stage.
In this data, nuclei are located in a thick layer on a sphere.
Each nucleus is marked by “1” or “0,” for the gene expressing
or not, respectively. For this data set, gsc-expressing nuclei
(“1”-s) are located within a small spherical cap. We extend
the analyzed area to include all “1”-nuclei, plus a surrounding
ring of nuclei.
We consider two artificial (intensity) expression patterns
for these nuclei and show that shaped 3D-SSA can soundly
extract both types of patterns. The first kind of pattern is twoexponential, analogous to 2D Drosophila patterns analyzed
in [35]. The second type of pattern approximates the on/off
(“1”/“0”) expression values by a smooth bell-shaped pattern.
We first present results for both examples and explain the
choice of parameters and pattern components. We then show
how the method can be used to estimate the model of noise,
after extracting the pattern. In the considered examples, we
add Gaussian noise to patterns; however, it is not essential,
since the SSA-family of methods is stable with respect to noise
distribution and possible weak dependencies.
4.1. Two-Exponential Expression Pattern. Let us construct the
expression values as
𝑠 (𝜓, 𝜑, 𝑑) = 𝑒2𝜑+9𝜓+2𝑑 + 2𝑒−(2𝜑+13𝜓+𝑑) ,

(3)

V (𝜓, 𝜑, 𝑑) = 𝑠 (𝜓, 𝜑, 𝑑) + 𝜀 ⋅ 𝑠 (𝜓, 𝜑, 𝑑) ,

(4)

where 𝜓, 𝜑 are relative spherical coordinates, 𝑑 is layer depth
(𝑑 ∈ [0, 1]), and 𝜀 is white Gaussian noise with standard deviation 0.35. This pattern, which we call CAP-2EXP, is the
sum of two exponentials plus multiplicative noise. Note that
the pattern depends on three coordinates and therefore it is
varied in three directions. Moderate noise levels here and
in the other considered simulated examples were chosen
for better visual color representation of the results for the
considered patterns.
Inside and outside views of the nuclear hulls are shown
in Figures 3(a)–3(d), where colors correspond to expression
levels, as in Figure 1. It can be seen that the coloring is variegated (nuclei of different color occupy similar positions),
reflecting the presence of noise.
The method described in Section 3 produces the reconstructed pattern depicted in Figures 3(e) and 3(f). The results
of noise removal can clearly be seen.
For better visual representation, the nuclei themselves can
be depicted; see Figures 4 and 5. As before, the color of a
nucleus reflects the expression level in the same scale as in
Figure 1. The expression pattern can be clearly seen in the
denoised data. Difference between the inside and the outside
views demonstrates pattern dynamic in depth direction.
After pattern extraction, the noise model can be estimated
(see Section 3.6). In (3), multiplicative noise with 𝛼 = 1 was
simulated. Applying the Park method provides an estimate
of 𝛼̂ = 1.073, recovering the multiplicative character of
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(a) Original: an outside view; with shadow
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(c) Original: an outside view; without shadow

(d) Original: an inside view; without shadow
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(e) Pattern: an outside view; without shadow

(f) Pattern: an inside views; without shadow

Figure 3: CAP-2EXP: the nuclear hulls, coloring based on original and pattern expression intensities.
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(a) Original expression intensities

(b) Reconstructed pattern

Figure 4: CAP-2EXP: nuclei colored; an outside view.

the generated noise and demonstrating how the process can
distinguish between, for example, additive, Poissonian, and
multiplicative noise in datasets.
4.2. Bell-Shaped Expression Pattern. We now test the shaped
3D-SSA process on a different intensity pattern, using the
same nuclear data, gsc ntla wt t008 ch01.csv. We construct
a bell-shaped intensity pattern (referred to as CAP-BELL) as
an approximation of 0-1 expression indicators in the data,

plus white Gaussian noise with standard deviation 0.25.
The approximation was performed by twofold 3D-SSA
smoothing and therefore it cannot be expressed by an
equation.
Inside and outside views on the nuclear hulls are shown
in Figures 6(a)–6(d), where colors correspond to expression
levels, in the topographic scale described in the caption of
Figure 1. It can be seen that the coloring is variegated, signifying the presence of noise.
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(a) Original expression intensities

(b) Reconstructed pattern

Figure 5: CAP-2EXP: nuclei colored; an inside view.
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(c) Original: an outside view; without shadow
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x

x

y

y
z

z

(e) Pattern: an outside view; without shadow

(f) Pattern: an inside views; without shadow

Figure 6: CAP-BELL: the nuclear hulls, coloring based on original and pattern expression intensities.

The method described in Section 3 produces the pattern
depicted in Figures 6(e) and 6(f); it can be seen that the 3DSSA procedure has removed the original noise.
For better visual representation, the nuclei themselves can
be depicted; see Figure 7. As before, the color of a nucleus
reflects the expression level in the topographic scale described
in Figure 1. The pattern (trend) can clearly be seen in the
denoised data.

Estimating the noise model by the Park method returns
an 𝛼̂ = 0.005. 𝛼̂ close to zero indicates additive noise; the
process has recovered the simulated Gaussian white noise.
4.3. The Chosen Parameters. After flattening, as described in
Section 3.2, a parallelepiped with length 𝑙 ≈ 1030, width 𝑤 ≈
885, and depth 𝑑 ≈ 50. Since the shape of the flattened nuclear
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(a) Original expression intensities

(b) Reconstructed pattern

Figure 7: CAP-BELL: nuclei colored; an inside view.

Eigenvectors
1 (96.71%) [0.0048, 0.006]

4 (0.04%) [−0.015, 0.016]

2 (0.67%) [−0.013, 0.0079]

3 (0.05%) [−0.013, 0.021]

5 (0.04%) [−0.01, 0.016]

6 (0.03%) [−0.014, 0.012]

Figure 8: CAP-2EXP: 2D slices of 3D eigenarrays at 𝑑 = 𝐿 3 /2.

cloud is similar to a spherical cap, the equidistant azimuthal
projection was applied.
The stepsize was chosen the same in all directions to
obtain 106 grid points.
For the shaped 3D-SSA algorithm described in
Section 3.4, the ellipsoid window was inscribed in a parallelepiped of size 𝐿 1 × 𝐿 2 × 𝐿 3 , where the 𝐿 𝑖 are equal to 40%
of the original image sizes. The total number of nuclei

in the data file is 3595, while the chosen window covers
approximately 160 nuclei on average. The number of nuclei
covered by all positions of the chosen window is 3306; that
is, a few side nuclei were not considered.
To identify pattern components, let us examine 2D slices
of 3D eigenarrays and elementary reconstructed components.
For example, for the CAP-2EXP data (Section 4.1), Figure 8
shows slices of the six leading eigenarrays at a depth value of
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Reconstructions
Original [1.7, 11]

F4 [−0.5, 0.77]

F1 [3.5, 5.8]

F5 [−0.13, 0.31]

F2 [−0.24, 2.4]

F6 [−0.11, 0.19]

F3 [−0.49, 1.7]

Residuals [−3.7, 5]

Figure 9: CAP-2EXP: elementary component reconstructions, slices.

𝐿 3 /2. The first two ellipsoidal eigenarrays are smooth and the
third one has some oscillations. Therefore, we choose the first
two components for pattern reconstruction.
The six leading elementary components, which are generated by the six eigenarrays depicted in Figure 8, together with
the original and residual 2D slices are shown in Figure 9.
Figure 9 confirms the choice of the two leading components (i.e., 𝑟 = 2) as corresponding to the pattern.
The pattern is reconstructed from the leading eigenarrays
on the regular grid points, then interpolated back to flattened
(irregular) nuclei, and then transformed to the original
nuclear positions on the zebrafish egg.
A similar choice of pattern components can be made for
the CAP-BELL data. Here, there are 𝑟 = 3 smooth pattern
components, not surprising due to the more complex form of
the pattern.
The reconstruction result is quite robust to the window
choice. For example, the pattern reconstruction is approximately the same if we choose a window size of 35% instead of
40% of the original size. However, for more complex patterns,
smaller window sizes are preferable; see discussion regarding
the choice of window in [34] (1D case) and [31] (2D case).
4.4. Check of Proper Pattern Extraction. Inspection of the
reconstructed images clearly demonstrates the noise removal
for both test patterns. However, this does not prove that

we have reconstructed the whole pattern. We now show, on
the CAP-2EXP example, that the pattern reconstruction is
complete.
Let us consider 2D slices of the reconstructed values on
the regular grid of flattened nuclei fixing the depth. The
vertical axis will represent expression values (color mapped
in, e.g., Figure 3) and the horizontal axes correspond to 𝜙, 𝜓
nuclear or grid-point positional coordinates.
Since the nuclei may not be located exactly on the slice,
we consider nuclei from the layer plus-minus 10% to each
side. The extracted pattern on the nuclear slice is depicted
by a solid surface, with nuclear expression values shown as
individual dots; see Figure 10(a). In Figure 10(b), the residuals
are obtained by subtraction of the pattern from the nuclear
values. The even scatter of the residuals around the zero “𝑥𝑦”plane indicates a good fit of the reconstruction to the data.
For a more refined analysis, we can construct 1D slices.
For example, fixing the depth at 82.5% and the width (𝜑)
at 50%, we consider the two-exponential pattern for nuclei
from a thin layer of (±10% around this depth and width). The
extracted pattern on the nuclear slice is depicted by a solid
line. Figure 11 confirms the quality of the reconstruction, with
the residuals between the data and the reconstruction evenly
spaced around the zero plane. Note that, for estimation of the
noise model, the choice of 1, 2, 3, or 4 leading components has
little effect on the results.
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Figure 10: CAP-2EXP pattern: 2D slice with expression values, depth 𝑑 = 82.5%; (a) the surface depicts the reconstructed pattern (in the
regular grid points), the points show expression values in individual nuclei from a ±10% layer; (b) nuclear residuals from the reconstruction
are scattered evenly around the zero plane.
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Figure 11: CAP-2EXP pattern: 1D slice at 82.5% depth (𝑑) and 50% width (𝜑). (a) Pattern on the grid (curve) and original values on the nuclei
(points). (b) Residuals between the reconstruction and the nuclear data values.

4.5. Graphical Analysis of Residual Model. To check the
correctness of the model determined by the Park method, we
can do a visual inspection of plots of the residuals divided by
the trend in a degree 𝛼̃ on the vertical against the trend on the
horizontal. In such plots, the normalized residuals 𝑟𝑖(̃𝛼) will be

most evenly distributed around 𝑦 = 0 (homoscedastic) for 𝛼̃values closest to real 𝛼.
Figure 12 shows such plots for 𝛼̃ = 0, 0.5, 1. Figure 12(c)
shows the most homoscedastic residuals (also note that the
moving median of the absolute residual values, magenta, is
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Figure 12: CAP-2EXP pattern, normalized residuals. (a) Test for the additive (𝛼̃ = 0) noise model. (b) Test for Poissonian noise (̃
𝛼 = 0.5).
(c) Test for multiplicative noise (̃
𝛼 = 1). The homoscedasticity of the residuals on (c) indicates that the noise is multiplicative, confirming the
noise model used in simulated generation of the data (3).

the most horizontal): this indicates that 1 is the best estimate
for 𝛼 in this case, as expected for the multiplicative noise
model in the CAP-2EXP simulated data (3).

5. Example for Equatorial Strip
Nuclear Pattern
In this section, we analyze a qualitatively different expression
pattern at a different stage of zebrafish development. We use
the file 120618a Localn0t1.emb from the “AtlasIT” tool [4],
labelled for the ntla gene, 6.3 hours after fertilization. Expression is labelled in binary, as above. These data belong not to

a particular embryo, but to a common 3D template in the
atlas. Either individual embryos or common templates can be
used, since we are using experimental nuclear positions, not
intensities.
The nuclei cover a half-sphere, but the gene-expressing
nuclei (those labelled “1”) are located in a narrow strip near
the equator. Equatorial strips can be nonconvex and of varying width; hence we need more sophisticated processing than
above.
As before, we will start with pattern extraction and then
explain the specifics of the procedure and the parameter
values.
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Figure 13: STRIP-2EXP pattern (3), nuclear hull, coloring based on the original simulated data; outside view, with shadow.
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(b) Reconstructed pattern

Figure 14: STRIP-2EXP: colored nuclear hull; outside views; without shadow.

5.1. Two-Exponential Expression Pattern. We model the pattern of gene expression along the strip (STRIP-2EXP) as
V (𝑥, 𝑦, 𝑧) = 𝑒(𝑦−50)/250 + 6𝑒(50−𝑦)/500 + 𝜀,

(5)

where 𝜀 is white Gaussian noise with standard deviation 0.25.
Outside views on the nuclei hull are shown in Figures
13 and 14(a), with colors representing expression levels in
the scale defined in Figure 1. Color variegation indicates the
presence of noise; also note that the data area is not convex.
The method described in Section 3 produces the pattern
depicted in Figure 14(b). The noise removal can clearly be
seen. The area of the reconstructed pattern is visibly smaller
than the original one, since the ellipsoidal window can not
reach narrow parts of the original area.
Figures 15(a) and 15(b) compare the reconstruction pattern to the original expression data, plotted on separate
nuclei.

5.2. Parameter Selection and Result Validation. After the
flattening procedure described in Section 3.2, we apply the
method “alphashape” [45] with a parameter equal to 5000
for construction of a nonconvex hull. The bounding box has
length 𝑙 ≈ 450, width 𝑤 ≈ 85, and depth 𝑑 ≈ 30. For the
nuclear cloud in a strip near the equator, we applied the
equidistant cylindrical projection.
As in Section 4, equal step size in all directions was used
to obtain 106 grid points.
For the shaped 3D-SSA algorithm described in
Section 3.4, the ellipsoid window was inscribed in a
parallelepiped of size 𝐿 1 × 𝐿 2 × 𝐿 3 , where the 𝐿 𝑖 are 35% of
the original image sizes. The total number of nuclei is equal
to 492; the chosen window covers approximately 19 nuclei on
average. The number of nuclei covered by all positions of the
chosen window is 360; that is, one quarter of the nuclei were
not considered.
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(b) Reconstructed pattern

Figure 15: STRIP-2EXP: colored nuclei; outside views; without shadow.

As in Section 4, analysis of elementary components helps
to detect the pattern (trend) components. 1D slices (Figure 16)
confirm that the pattern is described by the two smooth
leading components, while the third and fourth components
can reasonably be assigned to the residuals.
Due to the small number of nuclei in the equatorial strips,
we do not estimate the noise model.

6. Discussion and Conclusions
What is the biological impact of extracting denoised (and
regularized) data for 3D gene expression? In particular, what
can be learned from 3D noise filtering and noise analysis?
6.1. Gene Expression Variability and Noise. As with 1D expression data (profiles) and 2D data (expression surfaces) [26, 31,
35, 52], 3D expression data demonstrates pattern variability
from embryo to embryo, as well as expression noise between
neighboring nuclei in the same embryo.
Gene Expression Variability. As observed by Castro-González
and colleagues [4], 3D gene expression volumes can vary significantly from embryo to embryo at the same developmental
stage. This can manifest as additional rows of cells around the
core gene-expressing domain ([4, Figure S16]).
Gene Expression Noise. Within-embryo expression noises
(differences between neighboring nuclei) are observable both
in qualitative and quantitative representations of the gene
expression data [4]. Figure 17 shows qualitative-type noise
in the mixing of expressing (green) and nonexpressing (red)
nuclei along a pattern boundary.
Binary (on/off) data allows us to observe some degree
of noise, but only as “ruggedness” at the expression domain
boundary. With quantitative data, such as in Figure S10
from [4], noise between neighboring nuclei can be observed
throughout the expression domain.

6.2. Prospects for GRN Modeling. The work in [4] studied
9 genes which are components of the axial mesendoderm
gene regulatory network (GRN) proposed by Chan et al.
[53]. In particular, [53] proposed that a subset of 3 of these
genes (Foxh1, sox32, and gsc) forms the regulatory mechanism
for territorial exclusion during endomesoderm specification:
the common activator Foxh1 activates both the endoderm
transcription factor sox32 and the mesoderm transcription
factor gsc, and sox32 then turns off expression of the mesoderm activator (gsc) in endoderm-lineage cells [53].
The next step in a systems biology approach would be to
develop a mathematical model for such a GRN motif which
could generate the proper gene expression patterns in the
biological tissue geometries. As we have shown in our test
cases, the 3D-SSA approach described here can extract such
expression patterns from complex biological geometries. In
addition, correspondence between the mathematical model
and the expression data can be made at an intermediate stage
of the procedure, for example, on the flattened regular grid,
which may be much easier than operating in the original
coordinates.
6.3. Prospects to Analyze 3D Expression Noise. Mathematical
formulations of GRNs are most commonly developed as
deterministic models, and, as discussed above, 3D-SSA can
provide clear pattern trends for matching and developing
such models. Increasingly, as a next step, models are also
being formulated for gene expression noise, such stochastic
modelling can, by treating the variation as well as the mean
of the expression, serve to greatly reduce the potential model
dynamics and parameters, as well as to characterize how
biophysical mechanisms modulate noise (e.g., [27]). SSA is
well-established and has been used effectively for extracting
and analyzing noise from expression data in 1D (subsection
below) and 2D (below) for a number of years. This has
allowed for estimations of the model of noise (𝛼 values), as
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Figure 16: STRIP-2EXP: 1D slices for 50% depth (𝑑) and width (𝜓), signal reconstructed by 1 (a), 2 (b), 3 (c), and 4 (d) components.

well as providing data against which to test stochastic model
output (e.g., [26]).
Extraction of 1D Expression Profiles and Noise. While 1D
expression data (spatial profiles) have been publicly available
for more than a decade (“FlyEx” [54] and “BID BDTNP”
[2, 19] Web resources), few publications have been devoted
to decomposition of the data into biological trend and noise
components. Wu and coauthors [55], extracted the “Bicoid”
(Bcd) transcription factor noise to compare to stochastic
simulations but relied on parameterizing the Bcd profile
as an exponential. However, a nonparametric SSA-related
approach showed a much closer fit for the sum of two

exponentials [35]. SSA was also used to show that Bcd noise
follows an additive model for the considered dataset [36],
while the multiplicative model was correct for the hb factor
noise [26]. On the Drosophila gene hb, SSA showed that a
major component of the total biological noise was “texture
noise,” from the precellular compartmentalization of the
embryo [52].
2D Expression Surfaces and Expression Noise. There have been
less studies on expression data in 2D (expression surfaces).
He and coauthors [56] studied nucleus-to-nucleus Bcd differences and found a signal-dependent rise in variability for
lower Bcd intensities ([56, Figure S1]). Both cited publications
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Figure 17: The distribution of nuclei (red and green dots) in a shield stage early zebrafish embryo, with green dots corresponding to the nuclei
expressing gene ntla. Higher magnification in the insert shows mixing of green and red (ntla off) nuclei along the boundary of the expression
domain.

on the Bcd noise [55, 56] used 2D data, that is, stripes
from the confocal images with several hundred nuclei, and
those stripes do have not only a length, but a width too.
Further analysis of the inherently 2D data as 1D, ignoring the
width, can introduce substantial and unavoidable source of
noise and bias conclusions on the biological noise. However,
application of nonparametric 2D-SSA directly to 2D data
takes into account a spatial distribution of expression intensities and therefore diminishes a possible bias. In particular,
on both live and fixed marker techniques for Bcd, 2DSSA indicated a signal-independence of the noise [36]. This
suggests that Bcd, one of the most studied developmental
genes, deserves further analytical study.
3D Expression Signals and Expression Noise. The groundwork
laid in the 1D and 2D applications of SSA indicates that the
present extension to 3D can be an effective way to process
data from expression data in complex geometries.
For developmental patterning in geometries which are
truly 3D, such as the zebrafish embryo, or which become 3D
(as with Drosophila after gastrulation), 3D-SSA is promising
for extracting trends and noise from expression data. It
could, for example, serve as a critical tool for developing a
data-driven model for the Foxh1, sox32, and gsc motif, both
deterministic and stochastic.
In conclusion, our work with 3D-SSA resolves several
problems in the study of 3D gene expression. These are (i)
representation of the data in a geometrically “flattened” form
suitable for further analysis; (ii) interpolation of the data to
a regular grid; (iii) decomposition of the data into signal
and noise; and (iv) addressing some of the issues (slicing)

for visualizing and evaluating results with four-dimensional
data (3D + gene expression intensity). We present 3D-SSA
as an adaptable and powerful technique for processing and
analyzing the growing amount of gene expression data from
truly 3D developmental events. Since there is an extension
of 3D-SSA to 4D-SSA and even for general nD-SSA, the
SSA family of methods is potentially able to analyze data of
different spatial and temporal nature.
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shapes,” ACM Transactions on Graphics, vol. 13, no. 1, pp. 43–
72, 1994.
[46] C. B. Barber, D. P. Dobkin, and H. Huhdanpaa, “The quickhull
algorithm for convex hulls,” ACM Transactions on Mathematical
Software, vol. 22, no. 4, pp. 469–483, 1996.
[47] T. Lafarge and B. Pateiro-Lopez, alphashape3d: Implementation
of the 3D Alpha-Shape for the Reconstruction of 3D Sets from a
Point Cloud, R package version 1.1, 2014.
[48] K. Habel, R. Grasman, A. Stahel, and D. C. Sterratt, Geometry:
Mesh generation and surface tesselation, R package version 0.3-5,
2014.
[49] D. Kelley, oce: Analysis of Oceanographic Data, R package version 0.9-14, 2014.
[50] A. Korobeynikov, A. Shlemov, K. Usevich, and N. Golyandina,
Rssa: A Collection of Methods for Singular Spectrum Analysis, R
Package Version 0.11, 2014.
[51] A. Korobeynikov, “Computation- and space-efficient implementation of SSA,” Statistics and Its Interface, vol. 3, no. 3, pp.
357–368, 2010.
[52] A. V. Spirov, N. E. Golyandina, D. M. Holloway, T. Alexandrov,
E. N. Spirova, and F. J. P. Lopes, “Measuring gene expression
noise in early Drosophila embryos: the highly dynamic compartmentalized micro-environment of the blastoderm is one
of the main sources of noise,” in Evolutionary Computation,
Machine Learning and Data Mining in Bioinformatics, vol. 7246
of Lecture Notes in Computer Science, pp. 177–188, Springer,
Berlin, Germany, 2012.
[53] T.-M. Chan, W. Longabaugh, H. Bolouri et al., “Developmental
gene regulatory networks in the zebrafish embryo,” Biochimica
et Biophysica Acta—Gene Regulatory Mechanisms, vol. 1789, no.
4, pp. 279–298, 2009.
[54] E. Poustelnikova, A. Pisarev, M. Blagov, M. Samsonova, and J.
Reinitz, “A database for management of gene expression data in
situ,” Bioinformatics, vol. 20, no. 14, pp. 2212–2221, 2004.
[55] Y. F. Wu, E. Myasnikova, and J. Reinitz, “Master equation simulation analysis of immunostained Bicoid morphogen gradient,”
BMC Systems Biology, vol. 1, article 52, 2007.
[56] F. He, Y. Wen, J. Deng et al., “Probing intrinsic properties of a
robust morphogen gradient in Drosophila,” Developmental Cell,
vol. 15, no. 4, pp. 558–567, 2008.

BioMed Research International

Hindawi Publishing Corporation
BioMed Research International
Volume 2015, Article ID 671058, 7 pages
http://dx.doi.org/10.1155/2015/671058

Research Article
Analysis of Chemical Properties of Edible and Medicinal Ginger
by Metabolomics Approach
Ken Tanaka,1 Masanori Arita,2,3 Hiroaki Sakurai,4 Naoaki Ono,5 and Yasuhiro Tezuka6
1

College of Pharmaceutical Science, Ritsumeikan University, 1-1-1 Noji-Higashi, Kusatsu, Shiga 525-8577, Japan
Center for Information Biology, National Institute of Genetics, Mishima, Shizuoka 411-8540, Japan
3
RIKEN Center for Sustainable Resource Science, Yokohama, Tsurumi 230-0045, Japan
4
Department of Cancer Cell Biology, Graduate School of Medicine and Pharmaceutical Sciences, University of Toyama,
Toyama 930-0194, Japan
5
Graduate School of Information Science, Nara Institute of Science and Technology, Ikoma, Nara 630-0192, Japan
6
Faculty of Pharmaceutical Sciences, Hokuriku University, Ho-3 Kanagawa-machi, Kanazawa 920-1181, Japan
2

Correspondence should be addressed to Ken Tanaka; ktanaka@fc.ritsumei.ac.jp
Received 27 April 2015; Revised 1 July 2015; Accepted 1 July 2015
Academic Editor: Paul M. Tulkens
Copyright © 2015 Ken Tanaka et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
In traditional herbal medicine, comprehensive understanding of bioactive constituent is important in order to analyze its true
medicinal function. We investigated the chemical properties of medicinal and edible ginger cultivars using a liquid-chromatography
mass spectrometry (LC-MS) approach. Our PCA results indicate the importance of acetylated derivatives of gingerol, not gingerol
or shogaol, as the medicinal indicator. A newly developed ginger cultivar, Z. officinale cv. Ogawa Umare or “Ogawa Umare” (OG),
contains more active ingredients, showing properties as a new resource for the production of herbal medicines derived from ginger
in terms of its chemical constituents and rhizome yield.

1. Introduction
Traditional medicine embodies accumulation of knowledge,
skills, and practices on the maintenance of health as well
as the prevention, diagnosis, improvement, or treatment
of physical and mental illness. World Health Organization
reported that, even today, more than 80% of the world’s
population utilizes traditional medicine for primary health
care [1]. Such medicinal system prescribes a combination
of herbal, animal, and mineral parts, collectively known as
crude drug, whose core materials are derived from plants
including seeds, berries, roots, leaves, bark, or flowers [2]. The
chemical constituents of crude drug are therefore considered
a “chemical system,” which consists of a complex mixture
of primary and secondary metabolites such as saponins,
flavonoids, and alkaloids. The system is represented as a
matrix in which rows and columns represent natural species
and their chemical ingredients, respectively. This matrix
works on another matrix representing the human body
system, in which rows and columns represent interactive

biomolecules (e.g., genes, proteins, and metabolites) and
their tissue distribution, respectively. Thus, the research
on traditional medicine deals with this “system to system”
methodology, instead of the “point to point” methodology
of western medicines (e.g., one particular chemical and its
receptor gene). To understand the total function of traditional medicine, the knowledge of the interactions between
matrices representing “chemical system” and “body system” is
crucial. The matrix representing the human body system has
gradually been made clear through several omics approaches,
whereas knowledge on chemical system is not enough since
almost all studies were done based on “point to point” or
“point to system” methodology. Thus, we are accumulating the knowledge on chemical system with metabolomics
approach [3–6].
Following our previous report on a newly registered
turmeric (Curcuma longa cv. Okinawa Ougon) [3], we
recently here investigate the chemical system of ginger
cultivars. Ginger, the rhizome of the plant Zingiber officinale
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Roscoe, is widely used as a spice and herbal medicine for the
treatment of catarrh, rheumatism, nervous diseases, gingivitis, toothache, asthma, stroke, constipation, and diabetes [7].
The genus Zingiber is distributed in tropical and subtropical
Asia, Far East Asia, and Africa and is under cultivation mostly
in India and China. The global consumption of ginger has
been increasing rapidly, and the recent, growing demand
for natural products as additives for functional food and
beverages makes ginger an ideal candidate for development.
Thus, attempts at crop improvement for ginger have been
performed in order to increase the yield and enhance the
concentration of its active constituents. Traditionally, crop
improvement involves controlled crosses (hybridization)
between selected cultivars with desirable properties.
The target of our metabolomic approach is three medicinal ginger types, “Shokyo” (dried rhizome of Z. officinale var.
rubens), “Kankyo” (steamed and dried rhizome of Z. officinale
var. rubens) from Kampo (traditional Japanese) medicine,
and “Red ginger” (rhizome of Z. officinale var. rubra) from
Indonesian traditional medicine (Jamu) [8, 9], and two edible
ginger types, “Shoga” (fresh rhizome of Z. officinale var.
rubens) from Japan and “White ginger” (rhizome of Z. officinale var. amarum) from Indonesia. From the comparison
of five cultivars, we evaluate a new cultivar, Z. officinale
cv. Ogawa Umare or “Ogawa Umare” (OG), and show its
effectiveness as crude drug. OG was recently registered in the
Japanese Plant Variety Protection (Ministry of Agriculture,
Forestry and Fisheries, Japan) [10] and is characterized by
its bold rhizome (3 times bigger than ordinary ginger) and a
more pungent taste than standard medicinal ginger. All assays
were conducted in a metabolomics platform with LC-MS and
our results are consistent with the ginger taste.

2. Experimental
2.1. Specimens. The specimens of OG and “Shoga” used in
this study were obtained from an official breeder. Fresh
rhizomes of OG and “Shoga” were sliced and air-dried. Two
specimens of Indonesian ginger, “Red ginger” and “White
ginger,” were purchased from Oryza Oil & the Fat Chemical
Co., Ltd. (Nagoya, Japan). Two Japanese herbal medicines,
“Shokyo” and “Kankyo,” were bought from Tochimoto
Tenkaido (Osaka, Japan). All specimens were deposited in
the Museum of Materia Medica, College of Pharmaceutical
Science, Ritsumeikan University (RIN).
2.2. Analytical Instruments. LC-MS analyses were performed
using a Shimadzu LC-IT-TOF mass spectrometer equipped
with an ESI interface. The ESI parameters were as follows:
source voltage 4.5 kV, capillary temperature 200∘ C, and
nebulizer gas 1.5 L/min. The LC-MS mass spectrometer was
operated in the negative ion mode, scanning from m/z 50 to
2000. In the LC-MS analysis, a Waters Atlantis T3 column
(2.1 mm i.d. × 150 mm) was used and the column temperature
was maintained at 40∘ C. The mobile phase was a binary eluent
of (A) 0.1% HCOOH solution and (B) CH3 CN under the
following gradient conditions: 0–30 min linear gradient from
20% to 100% B, 30–40 min isocratic maintained at 100% B.
The flow rate was 0.2 mL/min.
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2.3. LC-MS Sample Preparation. Individual specimens were
homogenized to a fine powder using a multibeads shocker
(Model MB755U, Yasui Kikai Co., Osaka, Japan). Two grams
of the fine powder was accurately weighted and extracted four
times with 50 mL of methanol under reflux conditions for
30 min. After centrifugation, the methanol layers were combined and evaporated in vacuo to give an extract. The extract
was dissolved in 10 mL of methanol and filtrated through
0.2 𝜇m Millipore filter (polytetrafluoroethylene (PTFE) filter). Two milliliters of this solution was injected into LC-MS.
2.4. Standard Samples and Reagents. The isolated compounds
([6]-gingerol, [6]-shogaol, [6]-gingerdiol, and diacetoxy-[6]gingerdiol) were identified by comparing their 1 H- and 13 CNMR spectra with those reported in the literature [11, 12].
All chemicals were of analytical grade, and chromatographic
solvents were of HPLC grade.
2.5. Data Analysis. All statistical analyses were carried out
using Pirouette software (GL Science Inc., Tokyo).
2.6. Cell Proliferation Assay. HT-29 human colon cancer cells
were seeded in 96-well plates (1 × 103 cells/well). Cells were
allowed to adhere to overnight culture and then treated with
metabolites at the final concentration of 3–100 𝜇M. After a
72 h incubation, cell viability was determined with a WST-1
reagent (DOJINDO, Kumamoto, Japan).

3. Results and Discussion
The major pungent principles of ginger are gingerols and
shogaols (dehydrated form of gingerols). The conversion
of gingerols to shogaols is favored at higher temperature
[7], and shogaols show stronger activity than gingerols [13].
As Japanese “Shoga” contains lower amount shogaol than
Chinese one, heat processing is used for the production
of herbal medicines derived from ginger. In this study,
the oleoresins and their derivatives such as gingerdiols,
acetoxy gingerdiols, and diacetoxy gingerdiols [7] were identified based on mass spectral fragmentations with highresolution mass data (Table 1). The fragmentation processes
for [6]-gingerol, [6]-shogaol, [6]-gingerdiol, and diacetoxy[6]-gingerdiol were determined from their mass spectra
shown in Figure 1. [6]-Shogaol gave the (M+H)+ ion at m/z
277.1807, whereas [6]-gingerol did not provide the (M+H)+
ion and showed (M+Na)+ and (M+K)+ ions at m/z 317.1717
and 333.1469, respectively, together with [(M+H)–H2 O]+ ion
at m/z 277.1798. [6]-Gingerdiol predominantly provided the
[(M+H)–2H2 O]+ ion at m/z 261.1849 together with the weak
(M+H)+ and [(M+H)–H2 O]+ ions. In the case of diacetoxy[6]-gingerdiol, intense signals for the [(M+H)–CH3 COOH]+
and [(M+H)–2CH3 COOH]+ ions were observed at m/z
321.2046 and 261.1843, respectively. Furthermore, three characteristic adduct ions, (M+NH4 )+ , (M+Na)+ , and (M+K)+ ,
were detected. These results indicate that gingerol, shogaol,
and their related compounds could be annotated by ESI mass
spectral patterns together with high-resolution mass data.
LC-MS chromatograms of OG and “Shoga” are shown
in Figure 2. Intense peaks in the respective chromatogram
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Table 1: Compounds in ginger, their compositions, and expected weight of (M+H)+ ions.
Compounds
[6]-Paradol
[7]-Paradol
[8]-Paradol
[9]-Paradol
[10]-Paradol
[11]-Paradol
[13]-Paradol
Methyl [6]-paradol
[4]-Gingerol
[6]-Gingerol
[7]-Gingerol
[8]-Gingerol
[10]-Gingerol
Methyl [4]-gingerol
Methyl [6]-gingerol
[4]-Shogaol
[6]-Shogaol
[8]-Shogaol
[10]-Shogaol
[12]-Shogaol
Methyl [6]-shogaol
Methyl [8]-shogaol
Acetoxy-[4]-gingerol
Acetoxy-[6]-gingerol
Acetoxy-[8]-gingerol
Acetoxy-[10]-gingerol
Methyl acetoxy-[6]-gingerol

C
17
18
19
20
21
22
24
18
15
17
18
19
21
16
18
15
17
19
21
23
18
20
17
19
21
23
20

H
26
28
30
32
34
36
40
28
22
26
28
30
34
24
28
20
24
28
32
36
26
30
24
28
32
36
30

O
3
3
3
3
3
3
3
3
4
4
4
4
4
4
4
3
3
3
3
3
3
3
5
5
5
5
5

MW
278.1882
292.2038
306.2195
320.2351
334.2508
348.2664
376.2977
292.2038
266.1518
294.1831
308.1988
322.2144
350.2457
280.1675
308.1988
248.1412
276.1725
304.2038
332.2351
360.2664
290.1882
318.2195
308.1624
336.1937
364.2250
392.2563
350.2093

[M+H]+
279.1960
293.2117
307.2273
321.2430
335.2586
349.2743
377.3056
293.2117
267.1596
295.1909
309.2066
323.2222
351.2535
281.1753
309.2066
249.1491
277.1804
305.2117
333.2430
361.2743
291.1960
319.2273
309.1702
337.2015
365.2328
393.2641
351.2172

1-Dehydro-[3]-gingerdione

14

16

4

248.1049

249.1127

1-Dehydro-[6]-gingerdione

17

22

4

290.1518

291.1596

1-Dehydro-[8]-gingerdione

19

26

4

318.1831

319.1909

1-Dehydro-[10]-gingerdione

21

30

4

346.2144

347.2222

[4]-Gingerdiol

15

24

4

268.1675

269.1753

[6]-Gingerdiol

17

28

4

296.1988

297.2066

[8]-Gingerdiol

19

32

4

324.2301

325.2379

[10]-Gingerdiol
5-Acetoxy-[4]-gingerdiol
5-Acetoxy-[6]-gingerdiol
5-Acetoxy-[7]-gingerdiol
Methyl 5-acetoxy-[4]-gingerdiol
Methyl 5-acetoxy-[6]-gingerdiol
Diacetoxy-[4]-gingerdiol
Diacetoxy-[6]-gingerdiol
Methyl diacetoxy-[4]-gingerdiol
Methyl diacetoxy-[6]-gingerdiol
Methyl diacetoxy-[10]-gingerdiol

21
17
19
20
18
20
19
21
20
22
26

36
26
30
32
28
32
28
32
30
34
42

4
5
5
5
5
5
6
6
6
6
6

352.2614
310.1780
338.2093
352.2250
324.1937
352.2250
352.1886
380.2199
366.2042
394.2355
450.2981

353.2692
311.1859
339.2172
353.2328
325.2015
353.2328
353.1964
381.2277
367.2121
395.2434
451.3060

O
H3 CO
n

HO
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n
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OAc

H3 CO
n

HO
O
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Figure 1: Mass spectra of (a) [6]-shogaol, (b) [6]-gingerol, (c) [6]-gingerdiol, and (d) diacetoxy-[6]-gingerdiol.
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Figure 2: LC-MS chromatograms of (a) OG and (b) “Shoga.”
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Figure 3: LC-MS chromatograms of the extracts of (a) dry ginger (“Shokyo”), (b) “Shoga” (Z. officinale var. rubens), (c) “White ginger” (Z.
officinale var. amarum), (d) steamed and dried ginger (“Kankyo”), (e) “Ogawa Umare” (Z. officinale cv. Ogawa Umare, OG), and (f) “Red
ginger” (Z. officinale var. rubens).
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Figure 4: The score plot (a) and the loading plot (b) of PCA.

were annotated by detailed analysis of their mass spectral
data. Comparison of the chromatographic data shows that
OG contains larger amounts of diacetoxy-[6]-gingerdiol and
methyl diacetoxy-[6]-gingerdiol than “Shoga.”
In order to clarify the medicinal properties of ginger, LCMS chromatograms of the extracts of all six ginger types are
shown in Figure 3. Although there are clear visual differences
between the chromatograms of the upper three and lower
three samples in Figure 3, this classification does not match
their medicinal usage or tastes. For more unbiased interpretation and to reduce the dimensionality of the multivariate
data, we analyzed the LC-MS chromatographic data using
principal component analysis (PCA).
PCA is an unsupervised method of multivariate data
analysis and is used for clarifying the characteristic properties

of the metabolomic profiles of complex mixtures, such as
plant extracts. The annotated peaks and relative intensities
detected in the chromatograms of the extracts (Table 2) were
normalized and subjected to the PCA analysis. In Figure 4,
the PCA scores plot and loading plot were shown. The
first two PCs accounted for 90.4% of total variance (PC1,
71.1%; PC2, 19.3%). The scores plot clearly indicated that
the chemical content patterns of the medicinal and edible
ginger were different. In the chemometric analysis, the peaks
having big loading values could be considered as the makers
strongly contributing to the classification of the samples
by PCA. In the present results, “Shokyo” and “Kankyo”
showed similar properties, which were higher concentrations of acetoxy-[6]-gingerdiol and diacetoxy-[6]-gingerdiol.
“Red ginger” was also characterized by its higher content
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Table 2: Annotated peaks and relative intensities detected in the chromatograms of the ginger extracts.

Compounds

Retention time (min)

Relative intensity
Kankyo

White ginger

Shoga

Shokyo

[6]-Gingerdiol

20.13

63181888

34195478

35356476

29468319

38266151

40782586

[6]-Gingerol
Methyl [6]-gingerol
5-Acetoxy-[6]-gingerdiol

20.93
22.97
22.97

167039972
9115912
41701072

46057215
7474131
14320787

20037041
10056226
8371635

163492434
40450873
2022737

78274022
31652131
1469088

136439541
30072261
10809735

Diacetoxy-[4]-gingerdiol
[8]-Gingerdiol

23.58
23.78

0
14502585

3764215
2161811

3927640
1983957

773810
4419134

0
3260478

4670940
5932284

[8]-Gingerol
Acetoxy-[6]-gingerol
Methyl 5-acetoxy-[6]-Gingerdiol

24.48
24.60
24.95

53406657
0
13575229

13470644
5066601
17357866

3991218
2597449
18372059

76799848
0
5087324

26551957
3259442
3214607

63339810
5569505
18486380

[6]-Shogaol
Methyl [6]-shogaol

25.37
26.33

55671256
11794505

0
1309059

34992211
1624192

44191998
1752366

2677276
0

33490436
1482872

Methyl acetoxy-[6]-gingerol
Diacetoxy-[6]-gingerdiol
1-Dehydro-[6]-gingerdione

26.33
26.70
27.13

17107183
368541323
9896109

7053201
117403970
80710864

5050693
88966249
63993719

4379036
47412894
131863825

1820760
4212568
109603237

3071943
96827979
113232143

[10]-Gingerdiol
[10]-Gingerol

27.21
27.79

18056089
31802196

1755611
19048130

1728210
5682838

10924634
140215493

4379361
45855844

10721515
27.825

[8]-Shogaol
Methyl diacetoxy-[6]-gingerdiol
[10]-Shogaol

28.62
28.62
31.52

20999783
190863115
7237938

0
136670779
0

7432153
166419472
4268883

20607889
114138767
24167568

0
64094728
0

0
164358531
16005930

of acetylated compounds, but low methyl diacetoxy-[6]gingerdiol content. The new cultivar, OG, was also grouped
with medicinal ginger. On the other hand, two edible ginger
types (raw Z. officinale var. rubens and Z. officinale var.
amarum) showed higher contents of [10]-gingerol and lower
contents of acetylated compounds. Although Z. officinale var.
rubens is used as the raw material in the production of Kampo
medicine (“Shokyo” and “Kankyo”), only the most pungent
fresh ginger is selected and utilized [14], which suggests
the importance of shogaols and gingerols, the pungent and
active constituents, for medicinal purpose [8]. So far, [6]gingerol and [6]-shogaol were described as main bioactive
constituents of ginger with “point to point” methodology
[15–17], whereas [6]-gingerol was reported to be metabolized
to (3R,5S)- and (3S,5S)-6-gingerdiols in mice to induce cell
death toward H-1299 cancer cells [11]. On the other hand,
our metabolomics approach to chemical system of medicinal
ginger is based on “system to system” methodology and
has suggested the importance of acetylated compounds,
diacetoxy-[6]-gingerdiol. Thus, we examined the cytotoxicity of diacetoxy-[6]-gingerdiol, a main constituent of OG.
As shown in Figure 5, diacetoxy-[6]-gingerdiol exhibited
stronger cytotoxicity to HT-29 human colon cancer cells than
[6]-gingerol. These results should indicate the importance
of acetylated compounds such as diacetoxy-[6]-gingerdiol
for the use as Kampo medicine and for the classification of
medicinal and edible ginger. In addition, from the viewpoint
of its chemical constituents and rhizome yield, OG has
valuable properties as a new resource for the production of
herbal medicines derived from ginger.
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Figure 5: Cell viability of HT-29 human colon cancer cells after
treatment with [6]-shogaol, diacetoxy-[6]-gingerdiol, [6]-gingerol,
and [6]-gingerdiol.

4. Conclusion
Up to now, several studies reported on the contribution of
[6]-gingerol and [6]-shogaol to many biological activities
of ginger. Prasad and Tyagi summarized many molecular
targets of the compounds [15]. However, medicinal activities
of ginger are not attributable to only [6]-gingerol and [6]shogaol. Their derivatives have been actively investigated
for novel bioactivities such as antihaemolysis by longer
chain oleoresins [18], quorum sensing inhibition by [6]azashogaol [19], and antiplatelet aggregation by [6]-paradol
[20]. Synergistic bioactivity of [6]-gingerol with another
metabolite is also reported [21]. Our observation that acetoxy
derivatives are relatively abundant in medicinal ginger and
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the compound possesses biological activities may provide
additional clues to find more bioactivities of ginger. On
the other hand, scarcity of [10]-gingerol, [12]-gingerol, or
gingerdiols in both medicinal and edible ginger indicates
that these bioactive components [22] play fewer roles in the
medication of traditional medicines.
The molecular targets of the certain compounds have
gradually been made clear through several omics approaches,
whereas knowledge on chemical system is still limited. Integration of the knowledge of “chemical system” as described
in this paper may help understand the action between “chemical system” and “body system” in traditional medicines.
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The proper functioning of a hospital computer system is an arduous work for managers and staff. However, inconsistent policies
are frequent and can produce enormous problems, such as stolen information, frequent failures, and loss of the entire or part of the
hospital data. This paper presents a new method named EMRlog for computer security systems in hospitals. EMRlog is focused on
two kinds of security policies: directive and implemented policies. Security policies are applied to computer systems that handle
huge amounts of information such as databases, applications, and medical records. Firstly, a syntactic verification step is applied by
using predicate logic. Then data mining techniques are used to detect which security policies have really been implemented by the
computer systems staff. Subsequently, consistency is verified in both kinds of policies; in addition these subsets are contrasted and
validated. This is performed by an automatic theorem prover. Thus, many kinds of vulnerabilities can be removed for achieving a
safer computer system.

1. Introduction
In recent years computer security applications have grown
significantly due to the increase of cybercrime. The international scientific community has been working in this field
witnessing an increment in the number of publications on
the subject. Failures of information systems due to a bad
implementation of a security policy are usually explained
in terms of policy misinterpretation or poor programming
practices, including design problems [1].
Access control policies of an organization define the
goals and constraints related to the actions of its members
[2]. Within the study of computational security policies
arise diverse complex challenges for which solutions are still
pursued. To obtain accurate data for a system in a dynamic
environment and to control the system are very complex
tasks. An important part of the development software budget
is devoted to critical applications, for testing them and

ensuring they comply with the specifications. To guarantee
that the policies built in the operational stage correspond with
the policies defined in the planning stage is a very difficult
issue. This is however paramount for health services, where
monitoring the proper functioning of hospital computer
systems in general requires an investment similar to the
possible undesirable consequences.
The electronic medical record (EMR) contains the standard medical and clinical data gathered by physicians. EMR
is a digital version of the paper chart, which contains all the
medical history of patients and is used for diagnosis and
treatment. Benefits of an EMR include the following: it is
paperless, it tracks data over a long period of time, and it
provides effective patient identification and preservation of
records (vaccinations, blood pressure readings, X-rays). EMR
information improves overall quality of care in a hospital
practice. Nevertheless, the information stored in EMRs is
not easily shared among physicians and administrative staff.
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The record of a patient may not have even been printed and
mailed to specialists and other members of the care team;
Figure 1 is an example of an EMR.
Confidentiality of an EMR is a main security issue. Thus,
EMR is critical and extremely important for computer security in a hospital. Integrity, availability, and confidentiality of
key software systems, databases, and data networks are major
concerns throughout all sectors. Corruption, unauthorized
disclosure, or theft of corporate resources could disrupt
different tasks of a hospital and have immediate and serious
financial, legal, safety, privacy, and public confidence impact
[3].
One of the main motivations of this paper is based on
the feasibility of defining and building an effective solution to
verify the consistency of security policies once implemented.
The problem is significantly more complex when there are an
exceedingly large number of users in the system. This is due
to a high number of operations that could cause inconvenient
issues for the use and control of these medical systems.
A directive policy, referred to as M1, is a security policy,
as defined by the executives of the hospital for which specific
actions are to be carried out to guarantee security. By contrast,
an implemented policy, referred to as M2, corresponds to
the computing configurations of the system and all the
performed actions for ensuring that all the M1 instructions
are really implemented.
Formal methods, using logic as a tool, have been already
used for policy verification [4–6]. They all have in common essentially these issues: (i) only directive policies are
considered, and many operations can be required [7–9];
(ii) only consistency of implemented policies is verified,
without proper contrast to directive policies. Perhaps the
complexity of the problem has limited the work to solve the
entire problem: consistency in every subset of policies and to
contrast all of them to detect eventual contradictions. In fact
the literature reports the next separated problems:
(A) Detection of policies implemented through logs for
intrusion detection models [4, 8].
(B) General security models [10, 11].
(C) Logic models for security policy checking [6, 12].
(D) Implemented policy detection with data mining, [13].
In this paper, we introduce EMRlog, a model that contrasts directive versus implemented policies. Directive policies are written in a language defined for this purpose while
the second ones are obtained after a process of data mining
from log files. The paper is divided into four parts. The first
is the introduction. In the second, a description of the two
sets of policies is presented. The third part describes the
extraction of the implemented policies by data mining. In the
fourth section the verification EMRlog method is tested by
simulation and experimentation. Finally, conclusions drawn
from this study are presented.

2. Computer Security Policy
Computer security policies are defined as the measures taken
to protect computers and their contents from unauthorized

Patient data

Treatment

Diagnosis

Figure 1: Example of electronic medical record.

use. Computer security is the process of protecting applications, information, and computer resources. It often is taken
as the provision of the next properties: (i) confidentiality, (ii)
integrity, and (iii) availability [2]. The lack of security is a
consequence of failures of one or more of these properties.
When a hospital does not have a well-defined security policy,
many problems can arise. In that case, information, hardware,
and applications are left unprotected in face of many external
and/or internal hacker attacks.
A security policy for access control describes how people
may access documents or other computer resources. In order
to obtain the correct information for security policies, access
control should be described according to their environment
in terms of three features [14]: subjects, objects, and actions.
The distinction between security policy and security
properties is especially important [14]. The computer’s version of a policy consists of a precise set of rules for determining authorization as a fundamental requirement for making
access and control decisions. Authorization depends on the
security attributes of users and information, unique IDs, and
perhaps other information about the current state of the
system [15].
Often a policy is a mixture of ad hoc rules for a certain
period of time that could have evolved which can fall into
an inconsistent enforced state. In addition, due to unclear,
imprecise, or ambiguous policies the security of the systems
can be reduced [14].
In addition, security policies of an organization define
the objectives and constraints of all its elements: people,
hardware, software, applications, and information. Basically,
security policies are rules, which should be clearly written,
completely understood, and correctly implemented. Therefore, the first step is to convince all the organization that
these kinds of tasks must be performed. Moreover, an access
control policy should describe the rights and obligations
to be met by different types of users, as well as rules of
conduct and how to make good use of the company resources.
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Some important points for developing security policies are as
follows:
(1) Identify security objectives.
Subject

Object

Action

(2) Know to whom policies are addressed.
(3) Configure security equipment adequately.
(4) Contrast security policies systems of other hospitals
and adopt good hospital security practices.
Medical centers without security policy documentation can
be in serious danger in regard to their EMR and medical
attention processes. In addition, they can lose credibility
in the quality of their service. By contrast, implementing
security policies, an organization takes control of its operations and reduces the likelihood of vulnerabilities in the
information to be exploited by an external or internal threat.
As Figure 2 shows, the components of an access control policy
are subject, objects, and actions. Subjects take certain roles,
which enable them to perform some actions with restrictions
about classified information according to their profiles.
To represent particular security policies on primary data
files is required to find a scheme consisting of the main
components involved in the management, distribution, and
maintenance of information [16]:
(i) Subjects. They represent a dynamic entity within the organization and its employees (who occupy a hierarchical level
according to their working activities) and the implementation
of processes or applications that directly influence the status
of an information file.
Examples of subjects in a hospital system are doctors,
nurses, and administrative staff. These entities, through a
specific access action, alter the structure or content of
an information file, which must preserve its properties of
integrity, confidentiality, availability, and authentication.
Subjects require a set of constraints, which, in turn, one
should establish based on the roles that individuals play
within the organization [12]. For each subject, the active role
is the one that the subject is currently using [3]:

The user or
employee who
has a role

Actions:
execute,
write, read,
and no
access

Classified
information
(files, directories,
applications)

Figure 2: Interactions of subject-action-object [14].

have the permission, prohibition, or obligation to do some
activity on some database.
(iii) Roles. Three basic rules are required [3].
(1) Role Assignment. A subject can execute a transaction only
if the subject has selected or been assigned a role:
∀𝑠: subject, 𝑡: tran, (exec (𝑠, 𝑡) ⇒ AR (𝑠) ≠ ⌀) .

(3)

The identification and authentication process (e.g., login) is
not considered a transaction. All other user activities on the
system are conducted through transactions. Thus all active
users are required to have some active role.
(2) Role Authorization. A subject’s active role must be authorized for the subject:
∀𝑠: subject, (AR (𝑠) ⊆ RA (𝑠)) .

(4)

Together with rule 1, this rule ensures that users can take on
only roles for which they are authorized [3].
(3) Transaction Authorization. A subject can execute a transaction only if the transaction is authorized for the subjects
active role:

(1)

∀𝑠: subject, 𝑡: tran, (exec (𝑠, 𝑡) → 𝑡 ∈ TA (AR (𝑠))) . (5)

Each subject may be authorized to perform one or more roles:

Together with rules 1 and 2, rule 3 ensures that users can
execute only transactions for which they are authorized [3].

AR (𝑠: subject) = {the active role for subject 𝑠} .

RA (𝑠: subject) = {authorized roles for subject 𝑠} .

(2)

Each role may be authorized to perform one or more transactions, in symbols: TA(𝑟: role) = {transactions authorized for
role 𝑟}. Subjects may execute transactions. Predicate exec(𝑠, 𝑡)
is true if subject 𝑠 can execute transaction 𝑡 at the current time;
otherwise it is false.
(ii) Actions. They represent permissions for some subjects
to realize some actions on some objects. Specific controls
must be made by the system for any user action. Each
organization specifies its own security rules. Some roles may

(iv) Objects. They represent information (the main resource
of any organization), which must necessarily qualify for the
implementation of access mechanisms that protect safety by
restricting unauthorized users thus avoiding huge losses that
impact the objectives and goals of the company. For example,
the EMR database elements can take the role of objects.
A security policy is adequate if it helps in setting security
goals including integrity, availability, confidentiality, authentication, and nonrepudiation, without hindering the mission
of the organization for which they are developed. In [3] role
based access control is explained via “the Therapist example,”
where a healer can take on several roles (Figure 3): Therapist,

4

BioMed Research International

User 1
Member_of

User 3

Member_of

Member_of

Therapist

Transaction a

User 8

User 5

User 2

Member_of

Member_of

User 6

User 7

Member_of

Member_of

Intern

Member of

Transaction b

Object 1 Object 2

User 4

Transaction c

Member of
Transaction d

Object 5 Object 6

User 9

Member_of

Transaction e

Member_of

Doctor

Transaction f

Object 5 Object 6

Figure 3: Multirole relationships.

Intern, and Doctor. In this case, the role Doctor implies
access to all the transactions defined for the roles Intern
and Therapist, as well as those of a Doctor. On the other
hand, the Intern role implies only transactions of the Intern
and Therapist and not those of a Doctor. Finally, the role
Therapist only allows access to those resources defined for just
a Therapist.

any security policies (The work in [12]). For example, let us
consider the next examples of policies taken from [12]:

2.1. Policy Review Methods Using Predicate Logic. Logic is
a tool that helps disambiguate natural language using a
more precise, simple, and clear mathematical language. In
EMRlog, natural language policies are transcribed into predicate logic. These security policies are mainly of either two
types, permitting or denying. A permitting (resp., denying)
security policy conveys the conditions under which someone,
the subject, is allowed (resp., forbidden) to perform an
action on some object. Accordingly, the vocabulary of our
language is assumed to contain at least four collections of
predicate relations. One denotes subjects (agents, processes,
and officers), one denotes objects (files, directories, databases,
and applications), one denotes actions (read, write, execute,
and not access), and another denotes constraints (roles).
The predicate expression permitted(𝑆, 𝐴) has two terms:
𝑆 and 𝐴, identifying a subject and an action, respectively. The
complete expression permitted(𝑆, 𝐴) means that the subject 𝑆
is allowed to carry out action 𝐴. Besides an action over some
terms of type of actions can be described. Thus, in general a
security policy is a sentence, which has the next form [12].

(4) Employees may read all the information associated
with their department of affiliation.

(3) Anyone who is forbidden from reading a file may not
edit it.

These four policies can be expressed as follows [12].
Security policies example:
∀𝑋: staff. (post (𝑋, officer, sec))
→ permitted (𝑋, write (passwords)) ,
∀𝑋: staff. (¬post (𝑋, officer, sec))
→ ¬permitted (𝑋, write (passwords)) ,
∀𝑋: staff. 𝐹: info. (permitted (𝑋, write (𝐹))
→ permitted (𝑋, read (𝐹))) ,
∀𝑋: staff. 𝐹: info. (¬permitted (𝑋, read (𝐹))
→ ¬permitted (𝑋, write (𝐹))) ,
∀𝑋: staff. 𝑌: post, 𝑍: dpt, 𝐹: info. (posts (𝑋, 𝑌, 𝑍)

Security policy standard form:
∀𝑋1 : 𝑇1 , . . . , 𝑋𝑛 : 𝑇𝑛 , (𝐶 → [¬] permitted (𝑆, 𝐴)) .

(1) Security officers may edit the password file.
(2) Anyone who is allowed to edit a file may read it.

(6)

The definition of literal comes from Latin litera/littera letter,
alphabetic sign. In programming area, literal is a constant
made available to a process, by inclusion in the executable
text. Most modern systems do not allow texts to modify
themselves during execution, so literals are indeed constant;
their value is written at compile-time and is read-only at run
time. In (6), 𝐶 is a conjunction of literals 𝑆 and 𝐴 which are the
terms previously defined, and [¬]permitted(𝑆, 𝐴) indicates
that 𝑆 does not have permission of action 𝐴; in contrast, when
the negation sign is not present in (6), this predicate declares
that subject 𝑆 does really have permission of execute action 𝐴.
A policy in the form of (6) is in the standard policy
form [8]. Standard policies are generally enough to express

∧ ∈ (𝐹, 𝑍) → permitted (𝑋, read (𝐹))) .

(7)

(8)

(9)

(10)

(11)

In this sentence, post(𝑋, officer, sec) means “𝑋 is
an officer to the security department” and permitted(𝑋,
write(password)) means “𝑋 is allowed to write object password, taken to be a file.”
Once translated from natural language to predicate logic,
the next step is to validate consistency using a theorem
prover. An important good practice adopted in EMRlog is
rule ordering. General rules appear first, followed by specific
rules.
2.2. Using Data Mining for Implemented Policies (M2). Implemented policies, M2, are policies as configured in the systems.
In the literature, only security policies are checked for
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Overall consistency of the policies
implemented is no reviews

Currently only this
step is performed

Implemented
policies

Directive policies
Consistency
check

M1
M1

M1

M2

False

Logical rules with
consistency
check

M2

M2

M1

False

Logical rules
with consistency
check

Figure 4: Directives and implemented policies verification.

consistency using formal verification. However, once these
policies are implemented some errors like the following can
arise:
(1) Policy misinterpretation/misunderstanding.
(2) Policy omission, either by mistake or by intension.
(3) Policy inconsistency, for example, giving more privileges to users.
Data mining is usually defined as the task of identifying
patterns of interest and describing them concisely and meaningfully or as the automatic extraction of implicit interesting
patterns in large data collections. As discussed before, in
our approach we consider two universes of policies. One,
named M1, is the subset of directive policies, which has
been shown consistent through an axiomatic logic process.
The other, named M2 (see the right hand side of Figure 4),
represents the implemented policies. M2 is obtained using a
data mining technique, actually, one that is very common,
namely, decision trees. In the center of Figure 4 the bubble
“consistency check” shows the consistency task that should
be done between M1 and M2. More precisely, consistency of
M1 with respect to M2 is represented by M2 ⊨ M1. A very
well known method is resolution, which usually works by
contradiction, negating the statement to be verified. The main
impact of this paper is to verify whether policy directives are
actually implemented in the sites of the organization.
2.3. System Roles. Table 1 shows the types of roles that are
commonly found in every system. The classic nomenclature
for permissions is used for fast and efficient understanding;
for instance, RWX for a manager means that this role (i.e.,
manager) has permission: read, write, and execute; another
role cannot access the system. To keep this nomenclature is
very important because it represents the basis for interpretation for building any secure computer system [14].

Table 1: Types of roles in the EMRlog system.
Role

Manager

Writer
Reader
No access

Description
Administrators have the
privilege to create users,
modify databases, make
backup, copy, and so forth.
Read, write, and execute.
Users can read or write to a
database.
Users who can only read
information. Ex. E-mails
corporate. Read.
Users without access to the
system. No access.

Nomenclature

RWX

RW
R
NA

2.4. EMRlog Method Steps. The EMRlog methodology is
based on five steps as shown in Figure 5.
The consistency verification of directive and implemented
policies (M1 and M2) for the EMR is made by the EMRlog
method, which performs the verification of both M1 and
M2 (Figure 7). The explanation of the five steps of EMRlog
method is as follows:
(I) The first step is the verification of the directive policies
set. This is done by using a theorem prover for
predicate logic which by a refutation method checks
if this set is inconsistent or not. In this paper Prover9
is used to validate the directive policies M2.
(II) The second step is the transformation of the directive
policies into a database. The method classifies the
three entities previously explained (subjects, actions,
and objects).
(III) The third step is to review the policies implemented
in the EMR data base log (including the log of
the system). This database is analyzed using the
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1

Verification policy theorem prover for first-order logic to validate
whether they are correct and not contradictory
Transformation policy directives to a BD (table accesses)

2

3

4

5

Review the policies implemented to log data mining. Result
inference rules
Comparison of both BDs of directives implemented in joint with
predicate logic policies

Validation and verification of results to find contradictions or
inconsistencies (statistics, graphs, and conclusions)

Figure 5: EMRlog methodology steps.

C4.5 algorithm [17]. The inference rules obtained
by this algorithm are used to review the policies
implemented in the system. The mined rules are
translated into predicate logic for further verification
of correctness.
(IV) The fourth step is the comparison of both databases
obtained in the second step (i.e., the directive and
implemented policies). For this task the automatic
theorem prover is used. As a result, the entire set of
policies (M1 and M2) is checked. This process is also
illustrated in Figure 4.
(V) Finally, using the results of the previous step, the fifth
step is the interpretation of the report of the automatic
theorem prover. The possible results are as follows:
(a) M1 policy directives are not implemented in M2.
(b) The policies implemented in M2 contradict the
M1 policies.
(c) There are policies in M2, which do not have
equivalent policies in M1.
(d) The M1 policies directives are correct and consistent with policies implemented in M2. Thus,
M1 ⊨ M2. In this case, EMR security is consistent, or M2 follows the policy directives.
2.5. EMRlog Implementation. Figure 4 shows that the directives policies M1 are contrasted with the implemented policies
M2. Security policies are formalized in syntax of Prover9 in
order to validate their consistency. This section outlines the
implementation of the five steps of EMRlog through some
examples.
Step 1 (M1 directive policies verification). To continue our
example, we use the same directive policies and then translate
into a Prover9 (see policies (1)–(4) listed in Section 2.1).
Policies (1) to (4) are in predicate logic (see (7)–(11)).
Next, policies (7) to (11) are translated into Prover9 for
validation:

(a) set(auto).
(b) formula list(usable).
(c) (all x (staff (x) → (post (x), officer sec) → permitted(x, write (passw)))).
(d) (all x (- staff (x) → -(post (x), officer sec) → permitted(x, write (passw)))).
(e) (all x (staff (x) → all F info(F) → (permitted
(x,write(F) → permitted (x,read(F)))))).
(f) (all x (staff (x) → F (info(F) → permitted(x,read(F) ∧(permitted(X,write(F))))))).
(g) (all x all y all z all f (staff(x) → (pos(y) → (dept(z) →
(info(f) → (post(x, y, z) & belongs2(f, z) → perm(x,
read(f)))))))).
Instructions (a) and (b) are specific to Prover9; (c) to (g) are
the predicate formulas. For this step, we adopted the approach
reported in [12].
Step 2 (M1 directive policies transformation). Once the validation is correct and rules are found not to be contradictory,
the next step is to send the directive policies in a database that
has the attributes of Table 2.
Step 3 (M2 implemented policies review). Firstly, the M2
implemented policies are extracted from the EMR database
log using C4.5 algorithm. Every SQL Server database has a
transaction log that records all transactions and the database
modifications made by each transaction. The benefit by the
transaction log is the recovery of individual transactions.
EMRlog method extracts this information from the EMR
database log using C4.5 algorithm. This program generates
a classifier in the form of a decision tree used to classify
the user-object-action at the root of the tree and moving
through until a leaf is encountered. When this process
finally leads to a leaf, the class of the user-object-action is
predicted. Finally, these results are translated manually to
policies from natural language into predicate logic. In the
example the implemented policies M2 found are the same
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Table 2: Types of roles in the EMRlog system.

User
Administrator (security officer)

User profile
Manager

Object
Passwords.nsf

Action
Execute, write, and read

Access
Yes

Table 3: Types of roles in the EMRlog system.
User
Mauricio Martı́nez administrator (security officer)
Javier Hernández (user)
Silvana González (human resource manager)
BMS Migrator

User profile
Manager
Reader
Manager
Write

as the directive policies M1. For instance, see policies (1)–(4)
listed in Section 2.1.
Policies (7) to (11) are manually converted in predicate
logic as shown in Step 1. Next M2 is translated into Prover9
theorem software for validation as shown in Step 1.
M2 implemented policies results are as follows:

Object
Passwords.nsf
Passwords.nsf
Passwords.nsf
Passwords.nsf

#

Site name

Type

User access
type

1

Hardware
Operating
system

Laptop, desktop

Manager

Windows 8.0 OS

Manager

TCP/IP
Oracle database
ver. 8i
SAP EMR ver.
4.5

Reader

2
3

Network

4

Data base

Step 4 (M1 and M2 comparison). The next step is to compare inconsistencies via both databases (i.e., M1 and M2
databases).

5

Applications

3. EMRlog Testing
Because of the multiple interactions of the users with the
system, testing becomes a very complex problem and a
real challenge in a complete environment. The EMRlog was
tested with data from an international company that has
1000 directive policies, which should be implemented in five
different sites. In this case, the hospital has around 18,000
users and each user has different types of access in the system.
There are five different sites:
Site 1 = hardware (laptop, desktop).
Site 2 = operating system (Windows, OS).
Site 3 = network (TCP/IP).
Site 4 = data base (Oracle, Informix).
Site 5 = applications (EMR, ERP).
Each site has different privileges for each user (see Table 4).
Table 4 shows the names and the user access type.
However, in a real environment, a user does not have a single
access site. The number of interactions of access types for
every user is different for each organization. For example,

Access
Yes
No
No
No

Table 4: Site names and user access type.

≫ ACCESS RESULTS. The access and actions
detected are written in Table 3.

Step 5 (M1 and M2 validation). Both worlds M1 (directive
policies) and M2 (implemented policies) are used to make
comparisons. Interpretation of results: if the same results
are found in both worlds (M1 and M2), then both worlds
are correct. Otherwise, there are some contradictions or
inconsistencies which can be detected by using axiomatic test
detection software.

Action
Execute, read, and write
Read
Execute, read, and write
Write and read

Writer
Reader

in the present case, the hospital has 18,000 users and at
least five sites for each user, and the number of interactions
will be 90,000. On the other hand, the systems are dynamic
and always changing and the basic actions of users (create,
update, modify, and delete) can be constantly applied. As
a consequence, the number of total interactions can be
extremely large and the problem becomes too difficult.
The number of access types for each user is already
defined as follows: manager, designer, writer, reader, and no
access. These access types are very common in the security
area.

4. Data Mining for EMRlog File
Information Extraction
Data mining is the stage forming part of the process known as
knowledge discovery in databases (Databases on Knowledge
Discovery, KDD) which provides a number of automated
tool advantages to analyze data to find ways to increase
efficiency in an organization and information sharing. The
KDD is defined as a task for identifying pattern [13, 18]
which presents a useful method of classification for intrusion
detection systems; these methods are general strategies for
intrusion detection. There are two categories under this
misuse detection classification and anomaly detection. Data
mining refers to a process of nontrivial extraction of implicit
previously unknown and potentially useful information from
databases to discover patterns of intrusions. It then applies
a metalearning classifier to learn the signature of attacks.
Data mining attempts to extract implicit previously unknown
and potentially useful information from data. Applications of
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data mining to anomaly detection include ADAM (audit data
analysis and mining) [13], IDDM (intrusion detection using
data mining) [19], and eBayes [20].
Data mining has a set of techniques and technologies to
explore large databases, automatically or semiautomatically,
with the aim of finding repetitive patterns, trends, or rules
that explain the behavior of the data in a given context [21].
Specifically, data mining performs a specific task with the data
that have passed through the stages of cleaning and sorting:

Directive
policies
(M1)

Versus

Implemented
policies
(M2)

Consistency
check

1

1

Good

2

2

Good

3

3

Good

4

4

Good

Figure 6: Consistency check M1 versus M2.

(a) Exploratory data analysis.
(b) Descriptive modeling.
(c) Predictive modeling: classification and regression.

5. Results

(d) Discovery of patterns and rules.

As part of the validation process, general security policies of
the two examples shown in previous sections were deliberately denied once the document presents no inconsistencies.
However, the result produced by a logic theorem prover
does not reflect inconsistencies. This is because the general
security policies represent goals that meet the particular
policies specified. If a particular policy contradicts any safety
goal, the demonstrator finds inconsistencies. The process of
forming correct security policies is the first step of this paper.
Though the time used in the capture and validation of security
policies is relatively large, it does not exceed a larger period of
time than that used in the description of policies. If directives
policies are validated and no contradiction was found in
them, directives company policies are correct and the process
continues to Step 2. Based on this research five incorrect
cases were defined on purpose. Then the directives policies
M1 and implemented policies M2 were tested. The first case
has a fictitious role of manager (i.e., the BMS Migrator). In
this case the user should not have access to the system. In
the second case, two users have the profile reader, and there
was no policy directive M1 to issue that order, and M2 has
more security policies. Finally, in the third case, two policies
are violated because the writer profile has a BMS Migrator;
as a consequence, the user should not have access to the
entire system but has access (incorrectly) as a manager. The
summary of these policies is as follows:

(e) Content recovery.
C4.5 algorithm is for policies implemented through data
mining decision tree C4.5. After cleaning data, the next step
used in data mining is leaving only the relevant data [18];
for this analysis ID3 and C4.5 are very popular algorithms
to find patterns in the database [17]. In a hospital case these
patterns are useful for identifying the actions really taken for
the different roles of the users of the system.
The decision trees use (A) an entropy measure for
classifying discrete values in several branches of the tree; (B)
a training set and a test set; (C) the way to make partitions
guided by the information gain and gain ratios heuristics.
This paper uses C4.5 for the EMRlog to find the following:
(1) User privileges consistent with what directive policies
require.
(2) Report of users active or inactive in the system.
(3) Detection of abnormal situations such as the following:
(a) Users with more privileges than the directives
policies force.
(b) Users that no longer work for the company and
yet continue using the system.
(c) Users that have restricted access to confidential
data bases yet they can access.
The basic methodology for constructing regression trees
is the one used in decision trees [17]. When the decision tree
was built, then policies implemented M2 are transformed into
an access table in order to work as shown in Figures 6 and
8 with the directive policies M1, which are contrasted with
implemented policies M2 in order to review the consistency
(as is shown in Figure 6).
In Figure 9 the policies are reviewed by decision trees;
Weka software helps to identify the policies poorly designed
and also for finding deviations in directive policies. Finally,
in Figures 10 and 11 a comparison of the two universes of
discourse is done for detecting inconsistencies.
Figure 11 shows two tables with data of the M1 directive
policies and M2 implemented policies. The two tables are
contrasted in order to find contradictions or inconsistencies.

(a) M1 policy directives are not implemented in the M2
sites.
(b) M1 policies contradict policies and the policies implemented in the M2 sites.
(c) There are more policies in M2 than that defined in M1.
(d) The implemented policies M2 are correct and consistent with the directive policies M1. Thus, M2 ⊨= M1.
In test cases where intentionally designed policies are not
consistent with the policies implemented effectively the
following causes are found:
(1) M1 policies are not completely implemented in M2.
(2) M1 and M2 are contradictory.
(3) There are policies in M2 which are not defined in M1.
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Axiomatic consistency verification
Implemented policies

Directive policies

M2

User
Mauricio Martínez
administrator
(security officer)
Javier Hernández
(usuario)
Silvana González
(human resource
manager)
BMS_migrator

M1

User
profile

Object

Action

Manager

Passwords.nsf

Execute, write, and read

Passwords.nsf

Read

Passwords.nsf

Execute, write, and read

No

Passwords.nsf

Write and read

No

Reader

Access

Yes

User
Administrador
(Jefe) de
seguridad

User
profile

Object

Action

Access

Manager

Passwords.
nsf

Execute, write,
and read

Yes

No

Manager

Write

Detected inconsistencies

Figure 7: EMRlog consistencies verification.

(3) As a result of our tests it was found that policies are
consistent in 99% of cases applied.
Subject

6. Conclusion

Object
Action

The user or
employee who
has a role

User

Actions:
:
execute,
write, read,
and no
access

Action

Administrator
(head) security

Classified
information
(files, directories,
applications)

Object

Execute, write, and Passwords.nsf
read

The EMRlog method is innovative because currently the
security systems ignored validating both worlds, due to the
influence of computer security. The EMRlog method checks
the following:
(a) The EMRlog method verifies EMR inconsistencies
between implemented and directive policies.

Access

(b) The EMRlog method improves the security. The users
as physicians, nurses, and administrative staff only see
records of their patients and others are allowed to see.

Yes

(c) Only authorized users will be able to see the medical
records assigned to them.

Figure 8: Transformation policies into access tables.

The latter cases were tested and the results are shown in
Figure 12. The interpretations derived from these results are
the following:

Finally, the proposed method is able to determine if a set of
policies is valid. EMRlog contrasts directive and implemented
policies using an automatic theorem prover, showing if a
set of security policies are consistent. The definition and
verification of integrity policies in EMRlog were successfully
implemented for a case study.

(1) The EMRlog method is effective.
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Axiomatic consistency verification

Implemented policies

Directive policies

M2

M1

User

User
profile

Mauricio Martínez
administrator
(securityofficer)

Manager

Passwords.nsf Execute, write, and read

Yes

Javier Hernández
(usuario)

Reader

Passwords.nsf

No

Silvana González
(human resource
manager)

Manager

Passwords.nsf

BMS_migrator

Write

Passwords.nsf

Object

Action

Read

Execute, write, and read

Write and read

Access

User

Administrador
(Jefe) de
seguridad

User
profile

Object

Action

Access

Manager

Passwords.
nsf

Execute, write,
and read

Yes

Inconsistencies detected
No

No

Figure 10: Consistency verification.

BioMed Research International

11

Policy directives are converted and implemented in a matrix of access to work them with data mining
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Corporate information DB
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Corporate information DB

Writer
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User 5

Corporate information DB

Manager
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Adolfo Cisneros

Financial statements DB

Reader
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Alejandro Valdepena

Confidential information DB

Reader
M1

Yes

It services 2

Financial statements DB

Manager
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Josua El-mann
Programer
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Accounting manager
Manager
Accounting manager
User 3

Manager

$CAS_CM_01

Writer
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System employee

$CAS_CM_01

Reader

Yes
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$CAS_CM_01

Reader
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Reader
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Figure 11: Tables M1 and M2 contrasted.
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T. pallidum, the syphilis-causing pathogen, performs very differently in metabolism compared with other bacterial pathogens. The
desire for safe and effective vaccine of syphilis requests identification of important steps in T. pallidum’s metabolism. Here, we
apply Flux Balance Analysis to represent the reactions quantitatively. Thus, it is possible to cluster all reactions in T. pallidum. By
calculating minimal cut sets and analyzing topological structure for the metabolic network of T. pallidum, critical reactions are
identified. As a comparison, we also apply the analytical approaches to the metabolic network of H. pylori to find coregulated drug
targets and unique drug targets for different microorganisms. Based on the clustering results, all reactions are further classified into
various roles. Therefore, the general picture of their metabolic network is obtained and two types of reactions, both of which are
involved in nucleic acid metabolism, are found to be essential for T. pallidum. It is also discovered that both hubs of reactions and
the isolated reactions in purine and pyrimidine metabolisms play important roles in T. pallidum. These reactions could be potential
drug targets for treating syphilis.

1. Introduction
As data for molecular interactions and sequenced genomes
in microorganisms are increasing rapidly, network analysis
provides a novel perspective for studies on the metabolism
of microorganisms. When it comes to human beings, the
study of pathogens is highly related with the treatment of and
drug development for infectious and inflammatory diseases. Recent studies have revealed important facts about
the metabolisms that microorganisms, especially pathogens,
have developed mechanisms to escape from the prevention
process of the elaborate network of the human immune system [1, 2]. In this paper, T. pallidum, the causative agent of
syphilis, is analyzed as a successful demonstration.
T. pallidum is a spirochete as well as a phylogenetically
ancient and distinct bacterial group. Despite its discovery
almost a century ago, T. pallidum continues to be an enigma.
The problem confronted by syphilis researchers is their
failure in cultivating T. pallidum in artificial medium [3]. For
years, although many scientists attempted to cultivate syphilis

spirochete, only nonpathogenic treponema was found, while
the virulent treponema still escapes cultivation [3, 4]. It is
discovered that the failure in cultivation results from the
limited biosynthetic capacity and tolerance for the environmental stress of T. pallidum that utilizes glycolysis for
energy production. It lacks the tricarboxylic acid cycle and
oxidative phosphorylation pathways. In addition, it is unable
to synthesize enzyme cofactors, fatty acids, and most amino
acids [5]. Further research about Treponema denticola (T.
denticola) and T. pallidum reveals that many genes and metabolic capabilities present in T. denticola, which enable this
bacterium to replicate in vitro, are absent in T. pallidum
rendering the latter incapable of sustained replication under
similar conditions. Due to these frustrating facts, it is aspiring
to perform an analysis of T. pallidum’s metabolic network in
silico.
Systems biology, which provides us with an efficient way
to exploring the biological mechanisms, would facilitate the
study of T. pallidum. Recently, many studies have found
numerous important properties of the metabolic networks

2

2. Results
2.1. Clusters of Reactions and the Role Type of Reactions in T.
pallidum. According to the hierarchical clustering result of
341 reactions in T. pallidum obtained from KEGG database,
the network has a “hub-structure” (shell-type ordering): there
is one or two clusters consisting of a large number of reactions
(more than 85 reactions) while the other clusters have only
a few reactions (less than 8 reactions) (Figure 1). This type
of structure is associated with robust operation and efficient
communication in microorganisms.
The role type distributions in Figure 2 imply that most
reactions fall into the first three types. According to the definition, reactions in the first three types are closer to their
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Figure 1: Structure of clusters of T. pallidum and H. pylori. 𝑥axis represents the number of clusters that contain the percentage
(indicated by the value on 𝑦-axis) of reactions.
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such as the scale-free topology [6], network robustness [7],
and a hierarchy of modules [8]. However, the limitation of
computing capability restrains further exploration on the
level of the whole organism. It results in attempts to find subnetworks or to cluster the network nodes. Questions about
the differences and similarities among subnetworks and how
the behaviors change when subnetworks are separated and
grouped together are also raised. In spite of topological and
graph analysis, many network models and analysis tools have
been developed: biochemical reaction network and statistical influence models network [9–14] and constraint-based
reconstruction and analysis [15], among which Flux Balance
Analysis has been applied to many theoretical analyses [16]
because in general all reactions in a system are maintaining
a steady state flux. It not only gives the solution space but
also provides a quantifiable method to examine various vast
reactions.
It is promising to identify the virulence determinants in
T. pallidum by cellular metabolic network analysis. Previous
work only identifies a small number of virulent determinant
genes based on the biological functions related to pathogenhost interaction [5]. Interestingly, nearly all of the T. pallidum metabolic enzymes genes are not annotated to be
virulent factors because the traditional angle for virulent
genes is more focused on housekeeping and pathogeninteraction processes. However, accumulated evidences link
the metabolic enzymes as virulence factors in the pathogens
[17, 18]. Thus reannotation of T. pallidum metabolome by
comparative genomics strategy may provide further insight
into the metabolic virulent factor [3, 5, 19].
Syphilitic gastritis is the case of chronic active gastritis
which involves T. pallidum and H. pylori together [20]. In
clinical practice, it is also necessary to demonstrate T. pallidum in gastric lesion to confirm the diagnosis [21]. So, in
order to further confirm our analysis, we also investigate
H. pylori as a comparison to find out differences between
organisms, especially the factors which are important to their
artificial cultivation.
In this paper, we cluster all reactions in T. pallidum and
group them into different types based on both the Flux
Balance Analysis and topological analysis. By computing the
stoichiometry matrix’s null space, reactions are represented
quantitatively and further classified. In addition, critical
reactions are identified through minimal cut set calculation.
Analysis of H. pylori follows as a comparison. This paper
closes with a discussion.
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Figure 2: The distribution of role type of the reactions for T. pallidum and H. pylori. 𝑥-axis indicates the type of reactions; and 𝑦-axis
indicates the percentage of reactions in the corresponding type.

cluster center but far away from the other clusters. This
phenomenon indicates a separate functional mechanism in
the metabolism. There are 61, 112, 97, 20, 6, and 26 reactions
in type 1, type 2, type 3, type 4, type 5, and type 6, respectively.
Therefore, reactions of type 2 take the most part in all
reactions; reactions of type 4 take the least part. Also, the first
three types are much more than the last three types. It could
be seen from the results that there are many isolated reactions;
most reactions are more connected within their own clusters
but have a few reactions linking them to other clusters.
2.2. Calculation of Minimal Cut Sets for T. pallidum. It is
known that reactions in nucleotide, purine, and pyrimidine
metabolisms play an important role in T. pallidum. Here,
reactions that take part in minimal cut sets are considered to
be crucial to the metabolism [22]. According to our results, 28
reactions that compose 582 minimal cut sets in combination
stand out. The overall average cut set size is 11.3127 and the cut
set size histogram is shown in Figure 3. These 28 reactions

Number of occurrences
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3
a nice choice since it helps to kill H. pylori without affecting T.
pallidum. In contrast, if T. pallidum is the target, impairment
of type 1 and type 6 reactions could be a goal to achieve.
However, type 4 reactions are essential for both microorganisms which may be untouched in purification but could be a
potential target for efficient broad spectrum antibiotic.

3. Discussion
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Figure 3: The distribution of the cut set size. 𝑥-axis indicates the
number of reactions in one minimal cut set; and 𝑦-axis indicates the
number of minimal cut sets that have that amount (indicated by 𝑥axis) of reactions.

spread in 19 clusters and all of them are type 1 or type 6
reactions except 3 type 2 reactions and 2 type 4 reactions. It
means the hutches of reactions and isolated reactions have
larger impact on the pathways.
The degree distribution for the subnetwork shown in
Figure 4 exhibits the combination possibilities for each reaction. All reactions are essential in purine and pyrimidine
metabolisms. These combinations further make a distinction
among these reactions in minimal cut sets by their significance. For example, we notice the fact that only two upstream
reactions (R00300 (D-glucose: NAD+ 1-oxidoreductase) and
R00335 (GTP phosphohydrolase)) and one downstream reaction (R02372 (dUTP: cytidine 5 -phosphotransferase)) distinguish themselves since they participate in most minimal
cut sets.
2.3. Comparison with H. pylori. To further explore the functions that the reactions of each role type perform, another
microorganism, H. pylori, is analyzed.
As a basic comparison, there is a clear similarity between
cluster structures of T. pallidum and H. pylori (see Figure 2),
one huge cluster and many small and isolated clusters. This
nonuniform distribution meets the recent findings about the
scale-free property of cellular networks. It is also related to
the highly heterogeneous centrality distribution [23]. Moreover, the similarity of the role type distribution for those
two microorganisms (Figure 1) tells that in both organisms’
reactions in the same cluster are more likely to be involved
with the same metabolites. Thus, the large clusters represent
metabolites that have high degrees in the metabolic networks
or participate in a lot of reactions and a few nodes with a
great number of links, which are often called hubs, hold other
nodes together.
In addition, we investigated the role type of reactions that
participate in the minimal cut sets and found out that type 4
reactions occur in both microorganisms. However, type 1 and
type 6 only exist in H. pylori while type 2 and type 5 only exist
in T. pallidum (Figure 5). The complementarity appears in all
role types except types 3 and 4. It leads to the conclusion that if
H. pylori contaminates the medium where T. pallidum grows,
biocide that disturbs type 2 and type 5 reactions would be

The structure of cellular networks underlying the cellular
functions and regulation appeals to researchers to reveal
their relationship. Here, we analyze all metabolic reactions
in one microorganism by both topological and quantitative methods to discover critical reactions. Although further experimental and clinical verification is still needed,
computer simulation and analysis, along with traditional
bioinformatics approaches, have frequently been proposed to
significantly increase the efficiency of metabolism study of
microorganism.
It is worth noticing that all the 28 reactions which are
essential to T. pallidum are in nucleotide metabolism: 11
(rectangle nodes) take part in purine metabolism and the
others (circular nodes) participate in pyrimidine metabolism
(Figure 4(a)). This discovery is in concert with the previous
work [5, 24]. As mentioned above, T. pallidum lacks enzymes
that are responsible for the synthesis of fatty acids, amino
acids, and so forth. Baseman et al. and the genome analysis
both confirmed that T. pallidum did not take up the tritiated
thymidine and lacked a thymidine kinase (EC 2.7.1.21) but
synthesized DNA from uridine nucleotides [5, 24]. Both uridine kinase and uridylate kinase (the gene IDs in KEGG are
TP0667 and TP0099, resp.) are present as well as thymidylate
kinase (the gene id in KEGG is TP0354). T. pallidum possesses
the necessary enzymes to synthesize DNA. Among these
genes, TP0667 and TP0354 are responsible for 16 reactions
(R00513, R00517, R00962, R00964, R00968, R00970, R01548,
R01549, R01880, R02096, R02097, R02098, R02327, R02332,
R02371, and R02372) in the minimal cut sets, giving strong
evidence that both genes and reactions found here are critical
in the metabolism of T. pallidum.
The purine and pyrimidine metabolism are indispensable
constituents critical for synthesis of DNA and RNA and
relevant metabolic regulation to all organisms. The mutations
of these enzymes often cause lethal effect on the newborn.
In total, at least 19 inborn disorders are related to purine
and pyrimidine metabolism in human [25]. According to
our results from minimal cut set, those reactions related to
purine and pyrimidine metabolism tend to be the hub nodes
in the entire metabolic network. Previous studies on the
biological network revealed that the hubs with large number
of interactions are associated with lethality [26]. With the
important genetic function, numerous essential enzymes are
identified in purine and pyrimidine metabolism. Moreover,
many enzymes that catalyze these essential reactions are
missed in host human. For example, one of the upstream
enzymes glucose 1-dehydrogenase (NAD) not only participates in the majority of minimal cut sets, but also is missed in
human. Thus, this enzyme will be one of the best candidates
for the follow-up pathogen treatment experimental design.
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Figure 5: Role type of minimal cut sets in two species. 𝑥-axis indicates the role type; and 𝑦-axis indicates the number of reactions in minimal
cut sets of the corresponding role type.

This method leads us to view the metabolism of microorganism in a new perspective. Topological analysis has been
used for drug target selection [27]. Calculated elementary
modes of human parasite Trypanosoma brucei find out that
all three modes obtained are in agreement with experimental
observations. Klamt and Gilles have verified the relationship
between elementary modes and minimal cut sets [22]. However, interpreting topological calculation, we should keep in
mind that this kind of analysis tends to be confined to several
determined reactions because the results represent idealized
situations. By defining the role type of each reaction, we
extend the potential reactions and determine that nucleic
acid metabolism is extraordinary important, which could be
verified by syphilis pathogenesis. It is reported that virtually
every gene in T. pallidum is expressed during testicular
infection of rabbits [28]. Previous research indicates that
the number of DNA recombination and repair genes of T.
pallidum takes the least part of its DNA sequence. So, once
destroyed or interrupted, it is less likely that T. pallidum
could repair its DNA or RNA to survive [4]. Moreover,
Leschine and Canale-Parola [29] discover that treponemal
RNA polymerases are resistant to rifampicin but rifampicin
is toxic to H. pylori [30]. All the results are in agreement with
our findings about T. pallidum and H. pylori.
One of the great current challenges in bioinformatics is
to correlate the simple linear world of nucleotide sequence

with the nonlinear world of cellular function [31]. In this
paper, minimal cut set analysis with FBA provides us with
a new combined method. The cell can be approached from
top to the bottom, starting from the network’s scale-free
and hierarchical nature and moving to the organism-specific
molecules. By clustering the reactions, we characterize each
reaction and determine their importance according to the
topological calculation of minimal cut sets. On the other
hand, time is also an appealing parameter that should be
taken into consideration. As the concentrations or fluxes
always change, more questions could be answered under the
sense. Thus, it is necessary to extend our cellular metabolic
analysis in both space and time.

4. Conclusions
The failure in identifying virulent determinant or drug targets
of T. pallidum results from its “complex” metabolism. The
problem is extended to questions about the importance of
reactions and the roles of reactions in the metabolism. This
paper is concerned with the related questions. The first question is addressed by calculating the minimal cut sets under
the frame of whole metabolism. In concordance with the
previous biological findings, nucleotide metabolism contains
all 28 reactions in minimal cut sets. The question regarding
the reaction role is harder since we do not have a universal
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definition or classification about the reactions. Here, we use
a novel way to deal with the difficulty. The reactions are first
quantified by Flux Balance Analysis. Then they are clustered
through hierarchical clustering analysis. Given the cluster
structure of the reactions, different reaction patterns show up
with respect to the within-cluster and out-cluster distances.
We associate the reactions in minimal cut sets with their role
types and thus extend the concept of essential reactions to
essential role types. Furthermore, by analyzing H. pylori as a
comparison, we discover that different types of reactions have
various importance in diverse microorganisms.

5. Methods
5.1. Description of the Dataset. Data used here were obtained
from Kyoto Encyclopedia of Genes and Genomes (KEGG)
LIGAND database [32]. For each organism, the LIGAND database contains chemical substances, reactions, and
enzymes. However, carrier metabolites such as water and ATP
were removed manually.
For each organism, only reactions catalyzed by enzymes
were considered.
5.2. Flux Balance Analysis and Null Space Determination. In
most metabolic network analysis, metabolites are treated as
nodes while two metabolites are connected if a biochemical
reaction exists. However, to explore the connection between
reactions directly, we treated each reaction as a node. Reactions are linked by reaction compounds.
Flux Balance Analysis (FBA) [33, 34] provides a way to
estimate the flux distribution of reactions in an organism.
More importantly, it assigns every reaction a value that is
unique to the reaction. In general, the steady state is common
for organism; that is, all reactions in the metabolic system
are maintaining a steady state flux. So the concentrations
of metabolites and reaction rates are constant. Therefore,
a principle equation is achieved. Assume that there are 𝑚
metabolites with concentrations (𝑐1 , . . . , 𝑐𝑚 ), 𝑟 reactions with
fluxes (𝑟1 , . . . , 𝑟𝑟 ), and 𝑁 is the 𝑚∗𝑟 stoichiometry matrix with
element 𝑛𝑖𝑗 to be coefficient for metabolite 𝑗 in reaction 𝑖:
0=
In a matrix notation,

𝑟
𝑑𝑐𝑖 (𝑡)
≅ ∑ 𝑛𝑖𝑗 𝑟𝑖 .
𝑑𝑡
𝑖=1

𝑟 ,
0 = 𝑁⇀

(1)

(2)
⇀

where 𝑟 = (𝑟1 , . . . , 𝑟𝑟 ).
The mass balance equation above represents the principle
constraint of FBA. Additional constraints or objectives are
added to maximize the growth in terms of glucose, acetate,
glycerol, and so forth, with excess energy production in form
of ATP. The physicochemical constraints represent a set of
linear equations: 𝐶𝑟,⃗ where 𝐶 is 𝑟 ∗ 1 defining the weights
of fluxes: fluxes that produce glucose, acetate, glycerol, and
ATP have weight 1, fluxes that consume glucose, acetate,
glycerol, or ATP have weight −1, and the others have weight
0. Combining these constraints, FBA can be presented as a
linear programing problem:
max 𝐶𝑟 ⃗
(3)
𝑟 ,
s.t. 0 = 𝑁⇀

where 𝑁 is the stoichiometry matrix and 𝐶 defines the weights
of fluxes in the objective function. To solve this linear programming problem, it is noticed that all stationary flux distributions lie in the right null space of stoichiometry matrix. It
can be further derived that the null space could be spanned by
its kernel which is indicated by 𝑟 ∗ 𝑘 matrix 𝐾, assuming that
the rank of kernel is 𝑘. Thus, the kernel represents the basis
of the steady states of an organism [35]. In addition, each row
of the kernel is associated with a reaction which is a crucial
fact to quantify the reactions. However, there are infinite
representations of the kernel because vectors in the null space
are linearly correlated. Given this drawback, constraining
the kernel to be an orthogonal matrix may be a solution.
It could be proved that the orthogonal matrix is unique for
each stoichiometry matrix. Denote by 𝑏1⃗ , . . . , 𝑏𝑘⃗ the column
vectors of the orthogonal kernel. Then any flux in the steady
state can be written as a linear combination of the basis; that
is, 𝑟 ⃗ = 𝑐1 𝑏1⃗ + ⋅ ⋅ ⋅ + 𝑐𝑘 𝑏𝑘⃗ , where 𝑐𝑖 ’s are coefficients. Among all
the fluxes which satisfy the steady state condition, those with
the largest growth rate are the desired states. In other words,
the boundary surface of the null space depicts the fluxes that
achieve the cellular objective. Depending on the collinearity
between the weight matrix and the stoichiometry matrix, the
boundary surface could be a set of fluxes or a subspace of the
null space. In the latter case, the subsets of the orthogonal
basis that span the subspace are the fluxes that quantify the
reactions.
5.3. Hierarchical Clustering of Reactions. As the flux of a reaction is correlated with its reaction rate, the value of the flux
could be used to cluster reactions based on their reaction rates.
Here, hierarchical clustering is used to group the reactions.
Firstly, find out the similarities between each pair of
reactions according to their “distance.” If two reactions are
associated with vector 𝑥𝑟 = (𝑥𝑟1 , 𝑥𝑟2 , . . . , 𝑥𝑟𝑘 ) and vector
𝑥𝑠 = (𝑥𝑠1 , 𝑥𝑠2 , . . . , 𝑥𝑠𝑘 ), respectively, the distance is defined
bellow:

(𝑥𝑟 − 𝑥𝑟 ) (𝑥𝑠 − 𝑥𝑠 )
𝑑𝑟𝑠 = 1 −
, (4)
√(𝑥𝑟 − 𝑥𝑟 ) (𝑥𝑟 − 𝑥𝑟 ) √(𝑥𝑠 − 𝑥𝑠 ) (𝑥𝑠 − 𝑥𝑠 )
where 𝑥𝑟 = (1/𝑘) ∑𝑗 𝑥𝑟𝑗 and 𝑥𝑠 = (1/𝑘) ∑𝑗 𝑥𝑠𝑗 .
Therefore, when the two reactions are negatively correlated, meaning that the correlation between associated
vectors is −1, distance 𝑑𝑟𝑠 reaches the maximum value of 2;
when the two reactions are positively correlated implying
that correlation between associated vectors is 1, distance 𝑑𝑟𝑠
reaches the minimum value of 0.
Secondly, group the reactions into a hierarchical tree with
regard to the distances. The distance between two clusters
is defined by the smallest distance between points in the
clusters. Suppose there are 𝑛𝑟 reactions in cluster 𝑟 and 𝑛𝑠
reactions in cluster 𝑠. Denote by 𝑥𝑖𝑟 the 𝑖th reaction in cluster
𝑟 and denote by 𝑥𝑗𝑠 the 𝑗th reaction in cluster 𝑠. The distance
between clusters 𝑟 and 𝑠 is
𝑑 (𝑟, 𝑠) = min (dist (𝑥𝑖𝑟 , 𝑥𝑗𝑠 ) , 𝑖 ∈ (1, . . . , 𝑛𝑟 ) , 𝑗
(5)
∈ (1, . . . , 𝑛𝑠 )) ,
where dist(𝑥𝑖𝑟 , 𝑥𝑗𝑠 ) is defined above (4).
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Figure 6: Distributions of within-cluster distances and out-cluster distances for T. pallidum. (a) Distribution of the order of magnitude of
within-cluster distances. (b) Scatterplot of the order of magnitude of the within-cluster distances against the out-cluster distances for reactions
with large within-cluster distances.

Then treat a cluster as a new point to group and so on until
we eventually get only one cluster and the hierarchical tree of
reaction nodes.
Finally, it is reasonable to cut the tree at the middle level
when we need to determine where to cut the hierarchy tree
into clusters. In fact, it is shown that there is a wide range of
cutoff levels leading to the same results.
5.4. Minimal Cut Set Calculation. Elementary mode can be
defined as the smallest subnetwork enabling the metabolic
system to operate in steady state [25]. It enables us to get
insight into cell functions. Elementary mode analysis has
been used to predict phenotype and gene expression ratio
[36]. It is a “forward” way to model and investigate. On the
other hand, analyzing the minimal cut sets (MCS) is an opposite perspective [22]. Klamt and Gilles defined a cut set as a
set of reactions (with respect to a defined objective reaction)
if after the removal of these reactions from the network
no feasible balanced flux distribution involves the objective
reaction.
So, for the purpose of finding critical reactions to a
specific microorganism, we calculated the minimal cut sets in
an organism because the removal of all reactions contained in
an MCS could result in a dysfunction of the objective reaction
from a perspective of the network structure; and removing a
complete MCS from the network could also repress certain
functioning. However, other pathways might still be active
[22]. These properties of minimal cut sets help to find out
species-specific reactions that are essential for pathogen but
do not affect the hosts, which could be promising drug
targets. We use FluxAnalyzer [37] to do the calculation and
use Medusa [38] to draw the map of minimal cut sets.
In addition, to identify important reactions, we pay attention to the degree distribution of reactions in this particular
subnetwork formed by reactions that compose minimal cut

sets. The total degree is defined as the number of links that a
node has. In a directed map for a certain node, an incoming
degree is the number of links that point to the node while
an outgoing degree is the number of links that start from it.
Degree distribution would help us to gain insight into the
global structure of the subnetwork.
5.5. Role Identification. From the perspective of distance,
reactions have different connections either within their own
clusters or outside their own clusters. As the reactions have
been grouped into different clusters, we further classified
reactions into six types.
If 𝑟𝑖 = (𝑟𝑖1 , 𝑟𝑖2 , . . . , 𝑟𝑖𝑘 ) is the vector associated with
reaction 𝑖 belonging to cluster 𝑐, 𝑅𝑐 is the average of 𝑟𝑖 for
all 𝑛 reactions in cluster 𝑐; that is, 𝑅𝑐 = (1/𝑛) ∑𝑛𝑖=1 𝑟𝑖 =
(𝑅𝑐1 , . . . , 𝑅𝑐𝑘 ). The within-cluster distance of reaction 𝑖 is
defined as 𝑑𝑖 = ∑𝑘𝑗=1 (𝑟𝑖𝑗 − 𝑅𝑐𝑗 )2 . Moreover, if there is only one
reaction in the cluster, the within-cluster distance is defined
to be 0, which is in concert with the former definition.
Suppose there are 𝑠 clusters in all and the average for each
cluster is 𝑅1 , . . . , 𝑅𝑠 , respectively. The out-cluster distance for
reaction 𝑖 is defined as 𝐷𝑖 = ∑𝑠𝑐=1 ∑𝑘𝑗=1 (𝑟𝑖𝑗 − 𝑅𝑐𝑗 )2 .
Then each reaction is classified according to their scores:
𝑑𝑖 and 𝐷𝑖 . To classify the reactions, assume that reactions of
the same type have similar connectivity in the subnetwork.
Reactions in the clusters that only contain one reaction
are isolated reactions which form a stand-only type. The
other reactions are classified by the order of magnitude
of the within-cluster distances. As seen in the left panel
of Figure 6, the within-cluster distances are well separated
and have significant differences in order. Reactions in the
clusters which have large within-cluster distances are hubs
while reactions in the clusters with small but nonzero withincluster distances are nonhubs or peripheral nodes. Any
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typical classification method such as 𝐾-means would classify
the reactions into three groups: one with the order around
−30, one with the order around −5, and one with the order
above −4. For clusters with within-cluster distances larger
than 1𝑒 − 4 or equivalently with the order larger than −4,
the order of within-cluster against the out-cluster distances
relationship is shown in the right panel of Figure 6. The
plot shows clear pattern of three well-separated groups:
one has relatively smaller within-cluster distance and two
with the largest within-cluster distances. The two groups
with the largest within-cluster distances are further classified
by the out-cluster distances: provincial hubs which have
larger out-cluster distances and connection hubs which have
smaller out-cluster distances. Therefore, all reactions other
than isolated reactions are further classified into 5 groups.
For convenience purpose, integer thresholds are used in the
classification but it is worth noting that the classification
is quite robust against the specific numerical thresholds. In
summary, if 𝑑𝑖 = 0, reaction 𝑖 belongs to type 1; if 1𝑒 − 10 >
𝑑𝑖 > 0, reaction 𝑖 belongs to type 2; if 1𝑒 − 10 > 𝑑𝑖 > 1𝑒 − 4,
reaction 𝑖 belongs to type 3; if 1𝑒 − 1 > 𝑑𝑖 > 1𝑒 − 4, reaction 𝑖
belongs to type 4; if 𝑑𝑖 > 1𝑒 − 1 and 𝐷𝑖 < 1, reaction 𝑖 belongs
to type 5; if 𝑑𝑖 > 1𝑒−1 and 𝐷𝑖 > 1, reaction 𝑖 belongs to type 6.
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Background. The molecular profiles exhibited in different cancer types are very different; hence, discovering distinct functional
modules associated with specific cancer types is very important to understand the distinct functions associated with them.
Protein-protein interaction networks carry vital information about molecular interactions in cellular systems, and identification
of functional modules (subgraphs) in these networks is one of the most important applications of biological network analysis.
Results. In this study, we developed a new graph theory based method to identify distinct functional modules from nine different
cancer protein-protein interaction networks. The method is composed of three major steps: (i) extracting modules from proteinprotein interaction networks using network clustering algorithms; (ii) identifying distinct subgraphs from the derived modules; and
(iii) identifying distinct subgraph patterns from distinct subgraphs. The subgraph patterns were evaluated using experimentally
determined cancer-specific protein-protein interaction data from the Ingenuity knowledgebase, to identify distinct functional
modules that are specific to each cancer type. Conclusion. We identified cancer-type specific subgraph patterns that may represent
the functional modules involved in the molecular pathogenesis of different cancer types. Our method can serve as an effective tool
to discover cancer-type specific functional modules from large protein-protein interaction networks.

1. Background
PPI networks represent the cross talk among groups of
proteins, which have a wide range of biological implications
[1, 2]. Computational analysis has become an indispensable
tool in understanding the functional significance of PPI
networks, given the large volumes of PPI data available
from systems biology experiments. Specifically, graph theory
based computational methods have been widely used to
analyze PPI networks [3, 4]. For example, graph kernels and
graph alignments have been used to compare similarities
between networks [5]; and graph-clustering and module
detection have been used to identify functional modules in
PPI networks [6]. For a thorough description of different
graph-mining algorithms that have been applied to study
biological interaction networks, please refer to a recent review
[7].

In a previous study [8], we collected differentially
expressed genes (DEGs) between tumor and normal samples
from microarray studies of nine different solid tumor types,
using the Oncomine database [9]. We constructed nine
cancer-type specific PPI networks by mapping DEGs to
PPIs of five human protein interactome databases including
IntAct [10], MINT [11], HPRD [12], DIP [13], and BIND
[14]. We studied the commonality among the nine PPI
networks and identified the common modules that frequently
occur in these networks. These common modules could be
functionally important as they were frequently identified
in multiple cancer types. In fact, these modules have been
closely associated with cancer-related processes such as transcriptional regulation, cell growth, and cell proliferation [8].
While finding common functional modules (subgraphs) that
exist among many cancer types was very useful, it is more
valuable to find the modules that are specific to only one
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cancer type. In contrast to our previous study, this study
is focused on discovering distinct cancer-specific functional
modules that could offer direct targets for effective drug
discovery. Distinct modules are those that exist exclusively
in one network and can be discovered by finding distinct
patterns in PPI networks. From the graph theory perspective,
identification of distinct patterns is differential from identification of common patterns, in that the latter converges as the
size of modules increase, while the former diverges.
Existing algorithms, such as RNSC (Restricted Neighbourhood Search Clustering), are effective in extracting
modules from networks (more details on the existing algorithms are provided in Supplementary File 1) (see Supplementary File 1 in Supplementary Material available online
at http://dx.doi.org/10.1155/2015/146365). RNSC is a local
search-based, graph-clustering algorithm that defines a naı̈ve
cost function and a scaled cost function, resulting in the
lowest clustering cost among comparable methods [15].
Starting from an initial random clustering, RNSC moves
vertices among different clusters in order to reduce the cost.
RNSC maintains a list of moves referred to as Tabu list,
which should be avoided to speed up the process. Once
the modules are extracted, it identifies distinct modules that
exist only in one network but not in the others. Subgraph
query algorithms are used to determine whether a module
exists in a given network. Such methods require a subgraph
isomorphism test, and as a result querying is computationally
expensive. SPath is a subgraph query method [16], which
maintains a neighborhood signature (NS) consisting of a
group of node sets indexed by shortest path distance, for
each vertex. During the subgraph query, NS of the vertices
are used to generate the shortest paths of the query graph. A
few of the shortest paths are selected to represent the whole
query graph. Another approach is graph indexing, which
is frequently used as an optimization technique in graphmining. GraphGrep [17] is a graph indexing algorithm that
enumerates all the paths up to a certain length in a network
and indexes them as a means to later identify every graph
that contains all the paths. Yan et al. proposed a method for
quick graph indexing and pattern search known as gIndex
[18], which performs graph-based indexing instead of pathbased indexing. It uses discriminative fragments to index the
networks and is therefore suitable for complex query graphs.
In this study, we developed a new graph theory based
method to identify distinct modules between the nine PPI
networks, where each network belongs to a distinct cancer.
We divided the task into three steps: (1) We used RNSC
[15], a local search algorithm that divides networks into
nonoverlapping substructures to identify modules in networks. (2) We found distinct subgraphs among the identified
modules. And (3) we extracted patterns from the distinct
subgraphs and searched for these patterns in other networks.
If a pattern does not exist in other networks, we defined it as
a distinct module. Using this method, we identified distinct
modules or subgraphs that are unique to a given cancer type.
We also verified if the unique subgraphs indeed represent
PPI networks in specific cancer types using quantitative
validation methods. To our knowledge, this work represents
the first attempt to identify distinct functional modules in
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cancer using large-scale PPI networks and graph theory based
algorithms.

2. Methods
Our method includes three steps: module detection using
RNSC, distinct subgraph identification, and distinct pattern
identification. We first introduce preliminary concepts and
then explain the details of each step in the methodology.
2.1. Graph Theory Preliminaries
Graph. A graph is a pair 𝐺 = (𝑉, 𝐸), where 𝑉 is the node set
and 𝐸 ⊆ 𝑉 × 𝑉 is the edge set.
Labeled Graph. A labeled graph is a triple 𝐺 = (𝑉, 𝐸, 𝜇), where
𝑉 is the node set, 𝐸 ⊆ 𝑉 × 𝑉 is the edge set, and 𝜇 is the
function assigning labels to vertices.
Graph Isomorphism. Given two graphs 𝐺 = (𝑉, 𝐸) and 𝐺 =
(𝑉 , 𝐸 ), graph isomorphism is a bijective function 𝑓 : 𝑉 →
𝑉 such that ∀V𝑖 , V𝑗 ∈ 𝑉, (V𝑖 , V𝑗 ) ∈ 𝐸 ↔ (𝑓(V𝑖 ), 𝑓(V𝑗 )) ∈ 𝐸 .
Subgraph Isomorphism. Given two graphs, 𝐺 and ℎ, if there
exists a subgraph 𝑔 in 𝐺 such that 𝑔 is graph isomorphic to ℎ,
then ℎ is subgraph isomorphic to 𝐺.
Graph Patterns. Given a labeled graph 𝐺 = (𝑉, 𝐸, 𝜇), the graph
pattern of 𝐺 is an abstraction graph 𝑃 = (𝑇, 𝐸) such that
𝑇 = {𝜇(V) : V ∈ 𝑉}. The graph pattern is a special case of the
graph isomorphism. When the bijective function in the graph
isomorphism is defined to be the assignment of same vertex
labels, graphs that belong to the same patterns are isomorphic
to each other.
2.2. Module Detection Using RNSC. We used RNSC algorithm to generate modules for each of the nine cancer
PPI networks. RNSC divides a graph into nonoverlapping
connected components, each of which is defined as a module.
The results of RNSC clustering depend on the parameter
setting. We set up the following parameters for our RNSC
runs.
(1) Tabu list tolerance: Tabu list stores the vertex moves
that should be avoided. Tabu list tolerance is the
number of times a vertex must appear in the Tabu list
before it becomes forbidden to move the vertex. We
chose 1 for this value.
(2) Tabu length: the number of items that are stored in a
Tabu list (we set it to 50).
(3) Naive stopping tolerance: the number of steps the naive
scheme will continue without improving the best cost.
It determines when to stop running for the naive
scheme (we set it to 15).
(4) Scaled stopping tolerance: the number of steps the
scaled scheme will run without improving the best
cost (we set it to 15).
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Subgraph
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patterns

A-B (2)

C

D

E

F

[F, A, C, D, B]001111011110001001010

Figure 1: Canonical labeling of a subgraph. The label at the bottom
of the figure includes the list of nodes sorted in a given order [in
square brackets] followed by the concatenated adjacency matrix.

(5) Diversification frequency: it represents the shuffling
diversification frequency or the destructive diversification frequency, depending on which diversification
scheme is used (we set it to 50).
(6) Shuffling diversification length: the number of moves
for shuffling diversification. If this parameter is set,
shuffling diversification will be performed instead of
destructive diversification (we set it to 3).
2.3. Distinct Subgraph Identification. Distinct modules are
not only the unique subgraphs, but also the unique subgraph
patterns (a subgraph can have many patterns based on the
edge topology) in networks. From the modules generated
by RNSC, we searched for those that exist uniquely in each
network. We used canonical labels [8] to represent subgraphs
in order to quickly identify distinct subgraphs.
2.4. Module Labeling. In McKay’s canonical graph labeling
algorithm [19], the concept of canonical labeling for graphs
was introduced. The basic idea is to represent relational graph
data using a sequence of symbols that can uniquely identify
a graph. Conversely, a graph must be able to be converted
to the same sequence of symbols all the time. Koyuturk et
al. proposed to use the concatenation of upper triangle of
adjacency matrix as the canonical label of graphs [20]. For
a graph without edge weights, its adjacency matrix is a binary
matrix in which every row or column corresponds to a node
in the graph. The value at the row 𝑖 and column 𝑗 of the matrix
is “1” if there is an edge connecting node 𝑖 with node 𝑗, and
“0” otherwise. For an undirected graph, its adjacency matrix
is symmetric on the main diagonal. Therefore, we can use the
upper right triangle of the adjacency matrix to fully represent
a graph. An example of the subgraph labeling is shown in
Figure 1.
2.5. Distinct Subgraphs. The network modules generated by
RNSC may only contain one node. When we identified
distinct modules, we set the threshold of minimum number
of edges contained in a module as three, considering the
smaller the node or edge size the lesser the distinctness. We
built a hash table for each network that stores the mapping

Subgraph
Data structure 1

C-B (1)

List of subgraphs
containing the
edge pattern
Data structure 2

Figure 2: Data structures for distinct pattern identification. Data
structure 1 stores the mapping between subgraphs and the edge
patterns contained in the subgraphs. Data structure 2 stores the
reversed indices from edge patterns to subgraphs containing the
patterns. Data structure 3 stores expanded patterns for given
patterns.

between the canonical labeling and the actual subgraph. For
the modules in each network, we filtered out those that also
appear in other networks. We also filtered out the modules
that are subgraphs of other modules based on the edge set
enclosure.
2.6. Distinct Pattern Identification. To label the graph nodes
in a PPI network, we used a sequence alignment algorithm to
cluster protein sequences into mutually exclusive groups [21].
Proteins present in the same cluster were deemed functionally
similar to each other and were assigned the same label. We
used stringent criteria of 90% sequence identity over 95% of
the length of each sequence and reduced the original set of
18,888 proteins to 14,838 clusters. All proteins in the given
cluster contain the same label prefix. For example, cluster 𝑎
containing 𝑛 number of proteins is labeled as 𝑎1 , 𝑎2 , . . . , 𝑎𝑛 .
The total number of proteins is the union of all proteins from
all cancer networks, so each network contains a subset of
these proteins.
A graph pattern is the abstraction of graphs created
by maintaining the same topology and vertices. In order
to facilitate the pattern comparison, we created three data
structures as depicted in Figure 2. The first data structure
stores list of edge patterns for each subgraph. Edge patterns
are the edges in the subgraphs, with vertices replaced by
labels. Since our PPI networks are undirected graphs, the
order of vertices in edge labels was not considered when
assigning patterns. We added a number to the end of the
edge pattern to indicate how many times that edge pattern
occurred in the graph. For example, edges a1-b1 and b2-a5
belong to the same pattern, A-B [8]. If a graph has three
edges of A-B pattern, it will point to A-B (3) edge pattern.
The second data structure maintains a list of subgraphs that
contain the edge patterns. Similar to the graph indexing
technique used in GraphGrep [17], the second data structure
is a reverse index from the edge pattern to the subgraphs. It
can speed up the searching of subgraphs to a greater extent.
The third data structure stores the expanded patterns for each
edge pattern. Expanded patterns are the edge patterns with
the same gene combination but higher count; that is, for
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//construct data structure
(1) Define hash table h edgepatterncnt all
(2) for every subgraph 𝑔𝑖 in list subgraphs
(3)
define hash table h edgepattern cnt
(4)
for every edge in 𝑔𝑖
(5)
store key: value pair, key is the edge pattern, value is count of pattern
(6)
end for
(7)
store key: value pair in h edgepatterncnt all, key is a unique ID, value is an object
which stores the concatenation of key and value pair h edgepattern cnt,
(8) end for
(9) for every subgraph 𝑔𝑖 in list subgraphs
(10) define a list of IDs pointing to h edgepatterncnt all (data structure 1)
(11) end for
(12) for every object in h edgepatterncnt all
(13) define a list of IDs pointing to list of subgraphs (data structure 2)
(14) end for
//perform query
(15) for every subgraph 𝑔𝑖 in list subgraphs
(16) define set of subgraphs with matching patterns s match
(17) use data structure 1 to get list of IDs
(18) expand list of IDs to include more occurrence of patterns
(19) for every id in IDs
(20)
use data structure 2 to get set of subgraphs s thismatch
(21)
if first id then s match = s thismatch
(22)
else s match = s match ∩ s thismatch
(23) end for
(24) if s match is empty after excluding 𝑔𝑖 itself then include 𝑔𝑖 into distinct modules
(25) else verify matching(𝑔𝑖 , s match)
(26) end for
Algorithm 1: Distinct pattern detection (list of subgraphs).

edge pattern A-B (2), the expanded patterns are all A-B (𝑘)
patterns, where 𝑘 > 2.
With the three data structures, we can largely reduce
the number of potential matching subgraphs for a given
subgraph. Given a subgraph, we performed some preliminary
filtering based on its number of nodes and number of
edges. Subgraphs from other networks were filtered out if
their number of nodes or edges is smaller than that of the
given query subgraph. We got the query subgraph’s edge
patterns from the first data structure and then expanded the
edge patterns by supplementing their expanded patterns. For
example, if A-B (2) is in the edge pattern, then we will include
all A-B (𝑘) patterns, where 𝑘 > 2, to the pattern list. The
purpose of the pattern expansion is to find subgraphs that
contain the query graph pattern as a subgraph. The expanded
edge patterns were used to search matching subgraphs. For
each edge pattern of the query subgraph, we got the list of
subgraphs containing the pattern based on the second data
structure and then intersected the subgraphs to obtain the list
of subgraphs that may potentially match the pattern of the
query graph. If the resulting list is empty, the query subgraph
has a distinct pattern and therefore is a distinct module. If
the resulting list is not empty, further verification is required
to examine whether the query subgraph really matches the
discovered subgraphs. The pseudocode for the algorithms is
given in Algorithms 1 and 2.

We verified whether or not the query subgraph and the
matching subgraphs contain the same edge patterns based on
node information. From the query subgraph, we selected the
node with the highest degree and looked for its counterpart
in the matching subgraphs. If the counterpart does not exist
in one matching subgraph, we filtered out the subgraph.
Otherwise, we extended the search to look for the next node
that is connected to the previous node and had the highest
degree. The process was halted whenever a node from the
query subgraph could not be matched to any node in the
other subgraph. If all nodes in the query graph were mapped
to their counterparts in the other subgraph, then we found a
truly matching subgraph of the query subgraph. For a query
subgraph, if all of its matching subgraphs were filtered out,
then this query graph was included into the distinct module
set. Since the subgraphs with less than three edges do not
contain enough interaction information, we used only those
subgraphs with three or more edges for further analysis.
The running time and resource requirements for
Algorithm 2 are very high, as it tries to match subgraphs
node by node. This is similar to a depth-first search, but
without the backtrack process. However, Algorithm 2 runs
only on a limited set of subgraphs since Algorithm 1 has
effectively filtered out all the nonmatching subgraphs, leaving
only a few potential candidates. This helps reduce the overall
running time of the method.
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(1) for every graph mg in matchingGraphs
(2) find node with the highest degree in 𝑔, denoted as 𝑛, mark as visited
(3) look for node in mg with the same label and degree as 𝑛
(4) if such node doesn’t exist
(5)
skip to next loop
(6) else
(7)
while there are nodes remaining unvisited in 𝑔
(8)
find node connected node 𝑛 and with the highest degree
(9)
or find node with the highest degree if no node is connected to 𝑛
(10)
assign the node to 𝑛, mark 𝑛 as visited
(11)
look for node in mg with the same label and degree as 𝑛
(12)
if such node doesn’t exist
(13)
Skip to next loop on line (1)
(14)
else do nothing
(15)
end while
(16) if all nodes in 𝑔 are visited,
(17)
mg is a matching subgraph, 𝑔 is not distinct, halt
(18) end for
(19) include 𝑔 into distinct modules
Algorithm 2: Verify matching (graph 𝑔, list of matchingGraphs).

2.7. Calculation of GO Semantic Similarity. The semantic similarity of GO terms between two interacting proteins was
calculated for all possible pairs of proteins in the human PPI
network. The GO terms associated with each protein were
obtained from the GO database. The GO annotation (GOA)
for a protein can be based on three concepts: biological process (P), molecular function (F), and cellular component (C).
The best semantic similarity measure between the GO terms
of the two proteins, under each GO concept, was determined
for all pairs of proteins using the method proposed by Brown
and Jurisica [22].
The probability of minimum subsumer, 𝑃ms , was determined separately for biological process (P) and molecular
function (F) and cellular component (C) using the following
derivation: (i) Let 𝑔𝑖 and 𝑔𝑗 represent the set of GO terms
from proteins 𝑖 and 𝑗, respectively; (ii) let 𝑆(𝑔𝑖 , 𝑔𝑗 ) represent
the set of shared parental GO terms of 𝑔𝑖 and 𝑔𝑗 ; (iii) let 𝐺𝑐
represent GO concept P, F, or C; and (iv) let 𝑔𝑝 be a shared
parental GO term. Then, 𝑃ms is calculated as the probability
of minimum subsumer (the least frequent of all the parental
GO terms in the set), over each concept. Consider
𝑃ms (𝑔𝑖 , 𝑔𝑗 ) =

min {𝑝 (𝑔𝑝 )} .

𝑆(𝑔𝑖 ,𝑔𝑗 )|𝐺𝑐

(1)

A similarity measure based on this probability is then calculated as the negative log probability of minimum subsumer,
using the following equation:
Sim (𝑔𝑖 , 𝑔𝑗 ) = − ln (𝑃ms (𝑔𝑖 , 𝑔𝑗 )) .

(2)

The similarity score between a pair of GO terms is higher
if they share a common parent containing more specific GO
term (less frequent), and vice versa. The total similarity score
is the sum of the best similarity scores from each concept.

2.8. Validation of the Cancer-Type Specific Distinct Subgraph Patterns. We used the IPA (Ingenuity Systems, http://
www.ingenuity.com/) PPI data to validate the cancer-type
specificity of the distinct subgraph patterns that we generated
in this study. IPA is a system that yields a set of networks
relevant to a list of genes based on the curated records
contained in the Ingenuity Pathways Knowledge Base (IPKB),
which were constructed by collecting experimental evidence
published in literature. When a list of genes is fed into IPA, its
core analysis tool maps the gene list to the IPKB and generates
molecular interaction networks that are most likely relevant
to the input gene list. We input all the nodes in the distinct
subgraphs relevant to each cancer PPI network into IPA and
generated the human cancer-type specific PPI networks by
selecting appropriate parameters. These parameters include
“Human” in the “Species” options and specific-type of cancer
cell lines in the “Tissues and Cell Lines” options. We generated six PPI networks related to breast, cervical, colorectal,
melanoma, pancreatic, and prostate cancers. We could not
generate PPI networks related to bladder, esophagus, and
gastric cancers because IPA does not have these three cancer
types listed in the “Tissue and Cell Lines” options. Finally,
we mapped our distinct subgraphs to the IPA generated
networks to validate if corresponding subgraphs are indeed
cancer-type specific.

3. Results and Discussion
3.1. Cancer Protein Interaction Networks. Cancer PPI networks were constructed from a comprehensive, nonredundant dataset of experimentally derived PPIs that were collected from five major databases including IntAct [10], MINT
[11], HPRD [12], DIP [13], and BIND [14]. Since PPI data
that are specific to a cancer type do not exist in the public
domain, we used all the available PPI datasets for humans
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Table 1: Number of distinct modules, distinct subgraphs, and distinct patterns generated for each cancer PPI network.

Cancer PPI
Network
Bladder cancer
Breast cancer
Cervical cancer
Colorectal cancer
Esophagus cancer
Gastric cancer
Melanoma cancer
Pancreatic cancer
Prostate cancer

Protein count

Edge count

Node count

Number of
modules

Number of
distinct subgraphs

Number of
distinct patterns

29286
26498
22447
40905
13380
28224
22421
37160
27598

47909
33558
19332
58212
13405
41289
30843
52125
41658

10726
8611
6288
13273
4218
9707
7677
12199
9621

5129
6565
1144
6357
767
4038
2204
5581
3070

510
508
167
638
103
425
322
500
396

154
161
46
289
29
116
99
153
133

from five major databases as the basis for our studies.
In our final human PPI network, there are 19,710 unique
proteins representing 95,931 unique interactions. Note that
this unique set of proteins exhibit some level of redundancy
because splice variants with minimal sequence differences
are included as unique proteins due to the fact that PPIs are
isoform-specific.
We collected differentially expressed genes (DEGs)
between tumor and normal samples from microarray studies
of nine different solid tumor types using the Oncomine
database [23]. Oncomine is a cancer microarray database that
provides access to DEGs on most major types of cancer. For
each type of cancer, DEG lists are available from multiple
experiments, where the 𝑞-values (a variant of 𝑃 value) for
a gene vary from experiment to experiment. Therefore, we
chose only DEGs whose average 𝑞-values are equal to or
smaller than 0.05. The gene lists were then mapped to
protein lists using our in-house mapping tools. The number
of proteins is roughly two times the number of genes due
to the multiple mappings between genes and proteins. These
proteins were further mapped to the proteins in the human
PPI network to create nine cancer-specific PPI networks.
Table 1 summarizes the number of genes and proteins and the
corresponding network size associated with each cancer type.
3.2. Identification of Distinct Modules, Subgraphs, and Patterns
from Cancer PPI Networks. Distinct subgraphs and subgraph
patterns are those that exist in only one cancer PPI network
but not in the others. A distinct pattern may contain multiple
distinct subgraphs; that is, there is one-to-many relationship
between a distinct pattern and distinct subgraphs. To find
the distinct patterns, we first identified all distinct subgraphs
and then extracted patterns from them. In the worst case,
the number of distinct subgraphs is 𝑂(𝑑𝑘 ), where 𝑘 is
proportional to the number of edges (𝑑) in networks. Because
the computational complexity in this case is intractable, an
alternative way to make this tractable is to first identify the
modules and then find distinct modules. We obtained a large
number of modules for each of the nine cancer PPI networks
using RNSC. Table 1 shows cancer PPI network statistics, the
number of modules generated for each cancer PPI network,
and also the number of corresponding distinct subgraphs and

patterns that would be generated in the subsequent steps.
Figure S3 in Supplementary File 1 shows examples of multiple
distinct subgraphs that map to a distinct pattern.
From the network modules generated by RNSC, we
identified hundreds of distinct subgraphs for each of the nine
cancer PPI networks (Table 1) by filtering out those that also
appear in other networks, including those that are subgraphs
of other modules based on the edge set enclosure. We identified distinct subgraph patterns by comparing and filtering out
graph patterns that have the same topology and vertices (or
those with the same cluster label). Some of them, however,
have instances of the same pattern appearing in multiple
networks. For distinct pattern identification, we selected
those patterns that are only occurring in one network as
modules. We did not select those that are occurring in other
networks, either as modules or as subgraphs of modules. The
total numbers of modules, distinct subgraphs, and distinct
subgraph patterns for each cancer PPI network are shown
in Table 1. The numbers of distinct subgraphs and distinct
patterns generated in each cancer type are proportional to
the number of modules obtained in corresponding cancer
networks, suggesting that each cancer type has its own set
of functional processes that are carried out through different
number, type, and topology of interacting proteins.
Figures 3 and 4 show the size distribution of distinct
subgraphs and distinct patterns in the nine cancer PPI
networks, as a function of their edge count. The number
of distinct subgraphs declines quickly from 3- to 5-edge
subgraphs and almost flattens out beyond 5 edges for all the
nine cancer types (Figure 3). The number of distinct patterns
(Figure 4) follows a similar trend, except that they show
some variation across different cancers until the patterns
reach 9 edges. Obviously, the most frequently occurring
subgraphs and patterns are 3-edge subgraphs across all the
cancer networks. These observations indicate that most of the
distinct subgraphs and distinct patterns in different cancers
are formed by a smaller number of interacting partners (with
only 3–5 edges) that can be easily associated and dissociated
in the cellular environment.
3.3. Biological Relevance of Distinct Patterns. To determine if
the identified subgraph patterns are biologically meaningful
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Figure 5: Comparison of GO semantic similarity score. The GO
semantic similarity score of distinct patterns is consistently higher
than random subgraphs.
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Figure 3: Size distribution of distinct subgraphs in the nine cancer
PPI networks. The 𝑥-axis represents the size of subgraphs (number
of edges), and the 𝑦-axis represents the number of subgraphs at each
size.
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Figure 6: Distribution of distinct subgraphs in PPI networks across
the IPA cancer-specific networks.
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Figure 4: Size distribution of distinct patterns in the nine cancer
PPI networks. The 𝑥-axis represents the size of subgraph patterns
(number of edges), and the 𝑦-axis represents the number of
subgraph patterns at each size.

or not, we compared the semantic similarity of Gene Ontology (GO) terms corresponding to the interactions (edges)
in the subgraph patterns against those from the randomly
generated subgraph patterns in the same 𝑛-edge group, where
𝑛 varies from 2 to 12. Semantic similarity [22] provides a
quantitative measure (with a score range of 0–10) of how
similar a pair of proteins is, based on the GO annotations.
Because the interacting proteins are more likely associated
with similar cellular processes and/or involved in similar
function, this similarity measure is higher for functionally
related proteins, and vice versa. This concept has been

very effective in interpreting the functional similarities of
genes/proteins based on gene annotation information from
heterogeneous data sources [8, 24]. As shown in Figure 5,
the GO semantic similarity score of distinct patterns is
consistently higher than the randomly generated subgraphs
at all 𝑛-edge groups, suggesting that the identified subgraph
patterns are biologically relevant.
3.4. Validation of Cancer-Specific Distinct Subgraph Patterns.
In this experiment, we validated the distinct subgraph patterns identified in our study against experimentally known
caner-specific PPI networks obtained from the Ingenuity
Pathway Analysis (IPA) Knowledge Base. Cancer-specific
network information was not available for bladder, esophagus, and gastric cancers from IPA; therefore we used only
six cancer networks for the validation study. Figure 6 shows
the distribution of distinct subgraphs across different cancerspecific networks based on the percentage of the distinct
subgraphs that have at least one overlapping edge with each
of the six IPA cancer networks. Because the available PPI data
is incomplete, we counted those subgraph patterns that have
at least one overlapping edge in a cancer-specific network.
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Table 2: Comparison of edge overlapping rate between two groups of distinct subgraphs.

Nine PPI networks
Bladder
Breast
Cervical
Colorectal
Esophagus
Gastric
Melanoma
Pancreatic
Prostate

Breast
1.13 ∗ 10−5
NA
1.71 ∗ 10−7
8.6 ∗ 10−4
1.72 ∗ 10−5
6.0 ∗ 10−4
8 ∗ 10−4
2.7 ∗ 10−7
1.01 ∗ 10−5

Cervical
0.0026
0.0015
NA
0.0014
0.0016
0.0014
0.0019
0.0014
0.0015

Six IPA networks
Colorectal
Melanoma
−4
1.0 ∗ 10
2.11 ∗ 10−6
−4
9.7 ∗ 10
1.93 ∗ 10−7
0.0039
9.2 ∗ 10−8
NA
2.59 ∗ 10−7
−11
2.38 ∗ 10
1.07 ∗ 10−5
−6
1.18 ∗ 10
1.96 ∗ 10−7
−6
1.08 ∗ 10
NA
3.65 ∗ 10−5
7.5 ∗ 10−6
5.08 ∗ 10−8
7.1 ∗ 10−4

Pancreatic
0.048
0.15
0.173
0.033
0.024
0.024
0.024
NA
0.046

Prostate
8.47 ∗ 10−8
7.93 ∗ 10−7
2.84 ∗ 10−8
3.07 ∗ 10−7
2.45 ∗ 10−5
8.7 ∗ 10−6
6.7 ∗ 10−6
2.65 ∗ 10−7
NA

Note: for each of the six IPA networks (column), the 𝑡-test 𝑃 values are shown by comparisons of the edge overlapping rate of distinct subgraphs and the IPA
network between the group of distinct subgraphs with the same cancer type as the IPA network and each of the other groups of distinct subgraphs with different
cancer types from the IPA network.

It is expected that the group of distinct subgraphs from
a given cancer type will have more overlapping edges in
its corresponding IPA cancer network but less overlap in
the dissimilar networks. As seen in Figure 6, the distinct
subgraph patterns from all the PPI cancer networks are
highly enriched in the corresponding IPA cancer networks
compared to other cancers. It is also evident that unlike all
the other cancers, the distinct subgraphs in pancreatic cancer
are generally not highly enriched despite having one of the
highest numbers of distinct subgraphs and subgraph patterns
(Table 1) in this cancer type. The reason for this could be due
to the IPA pancreatic cancer network having much smaller
scale compared to almost all the other caner networks (there
are 921, 71, 1689, 346, 52, and 549 edges contained in the
IPA breast, cervical, colorectal, melanoma, pancreatic, and
prostate cancer networks, resp.).
As the sizes of 𝑛-edge subgraph patterns vary, we defined
the edge overlapping rate of a subgraph with an IPA network
as the ratio of the number of overlapping edges to the
total number of edges in a subgraph. We calculated the
edge overlapping rate for all the distinct subgraphs in the
six IPA networks (as shown in Supplementary File 2). For
each cancer, we carried out a one-sided 𝑡-test by comparing
the overlapping rates of subgraphs from the same cancer
versus those from all the other cancers (with the hypothesis
that the distinct subgraphs from a given cancer will have
higher edge overlapping rate in the IPA network of the same
cancer type). Table 2 lists all the 𝑡-test 𝑃 values, showing
that overlapping rates of subgraphs from dissimilar cancers
are significantly lower than those from the same cancer (𝑃
value < 0.05) with the exception of two cases in pancreatic
cancer. Again, the dismal performance of subgraph patterns
in pancreatic cancer may be attributed to the lack of sufficient
cancer-specific data for this cancer in the IPA network. Since
the IPA networks were constructed based on experimental
evidence, the significantly lower overlapping rates of edges
from distinct subgraphs of different cancer types indicate that
the distinct subgraph patterns we identified are cancer-type
specific.

Figure S4 in Supplementary File 1 shows one example
of a caner-type specific PPI module corresponding to each
of the breast, cervical, colorectal, melanoma, pancreatic, and
prostate cancers based on the IPA data. These patterns are
worthy of experimental verification in corresponding cancers since experimental evidence that supports the cancerspecificity of these patterns is insufficient.

4. Conclusions
In this study, we developed the methodology to extract the
distinct functional modules from nine cancer-specific PPI
networks. In order to identify distinct modules we employed
a 3-step strategy. The first step is to search for modules in the
networks. We used RNSC, a local search algorithm, to divide
each network into nonoverlapping partitions based on the
network’s connectivity. In the second step, distinct subgraphs
that uniquely exist in single networks were identified from
the modules discovered in the first step. In the third step,
we filtered the distinct subgraphs to keep only those that
have unique patterns across the networks. We implemented
canonical labeling to expedite the identification of unique
subgraphs in the second step and graph indexing for fast
retrieving of subgraphs based on edge patterns in the third
step.
The subgraph patterns identified in this study are more
biologically significant (as measured by the GO semantic
similarity) when compared to the subgraph patterns that
are randomly generated from the cancer-specific networks
(Figure 5). Validation of distinct subgraph patterns against
cancer-specific IPA networks (experiment-based evidence)
showed high correspondence between identical cancer types,
indicating that the distinct subgraph patterns we identified
are likely to be cancer-type specific. As new PPI data emerge,
we hope to use our method to identify cancer-type specific
functional modules that may contribute to specific molecular pathogenesis of different cancer types. In addition, the
methodology developed in this study can also be applied to
study the PPI networks from other diseases.
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5. Glossary
Distinct Modules. When performing comparative analysis on
multiple protein-protein interaction networks, we define distinct modules as the functional modules that exist exclusively
in a subset of protein-protein interaction networks.
Distinct Subgraphs. From the given protein-protein interaction networks, we identify subgraphs that are significant
according to our clustering algorithm. The subgraphs that
exist exclusively in a subset of networks are distinct subgraphs.
Distinct Patterns. Patterns are abstraction of graphs. In the
context of this research, subgraph patterns have the same
topology as the subgraphs but with the nodes replaced by
cluster label of the original nodes. In this way, different
subgraphs may belong to the same pattern if they share the
same topology and similar nodes. Distinct patterns refer to
a stricter concept than distinct subgraphs, because distinct
subgraphs may not belong to distinct patterns if they share
topology with other subgraphs.
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Volatile organic compounds (VOCs) are small molecules that exhibit high vapor pressure under ambient conditions and have
low boiling points. Although VOCs contribute only a small proportion of the total metabolites produced by living organisms,
they play an important role in chemical ecology specifically in the biological interactions between organisms and ecosystems.
VOCs are also important in the health care field as they are presently used as a biomarker to detect various human diseases.
Information on VOCs is scattered in the literature until now; however, there is still no available database describing VOCs and
their biological activities. To attain this purpose, we have developed KNApSAcK Metabolite Ecology Database, which contains the
information on the relationships between VOCs and their emitting organisms. The KNApSAcK Metabolite Ecology is also linked
with the KNApSAcK Core and KNApSAcK Metabolite Activity Database to provide further information on the metabolites and
their biological activities. The VOC database can be accessed online.

1. Introduction
Recently big data has become an important topic that has
significant roles to play in versatile disciplines of scientific
research. Big data biology is a data-intensive science which
has emerged because of the rapidly increasing volume of
molecular biological data in omics fields such as genomics,
transcriptomics, proteomics, and metabolomics [1–3]. With
the explosively growing data scale, the development of biological databases incorporating different species has become
a very important theme in big data biology. To address
this need, we have developed KNApSAcK Family Databases
(DBs), which have been utilized in a number of studies
in metabolomics. The KNApSAcK Family Database systems
previously have been used to understand the medicinal usage

of plants based on traditional and modern knowledge [4, 5].
To facilitate a comprehensive understanding of the interactions between the metabolites of organisms and the chemicallevel contribution of metabolites to human health, a Metabolite Activity DB known as the KNApSAcK Metabolite Activity
DB has been constructed [6] and a network-based approach
has been proposed to analyze the relationships between 3D
structure and biological activities of the metabolites [7].
Metabolomics is the scientific study of quantification of
profiles and analysis of chemical processes involving metabolites in a comprehensive fashion. In general, metabolites can
be divided into two groups: primary and secondary metabolites. Primary metabolites are directly involved in the normal
growth, development, and reproduction. On the other hand,
secondary metabolites are not directly involved in these
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processes but usually have important ecological function,
such as inter- or intraspecies communication, antifungal and
antimicrobial activities, and also defense against pests and
pathogens. Large portions of these defense compounds are
volatile organic compounds (VOCs) that are involved in
different ways of defense: direct defense and indirect defense.
VOCs constitute only a small proportion of the total number
of secondary metabolites produced by living organisms;
however because of their important roles in chemical ecology
specifically in the biological interactions between organisms
and ecosystems, revealing and analyzing the roles of these
VOCs is essential for understanding the interdependence of
organisms [8].
VOCs originate from major pathways of secondary
metabolisms of many living organisms, including human,
animals, microorganisms, and plants. In plant kingdom,
VOCs are responsible for internal and external communication between plants and herbivores, pathogens, pollinators,
and parasitoids such as defense and attractant [9]. Microbial
volatiles are widely used as biomarkers to detect human
diseases [10]. This is because bacteria have a recognizable
metabolism that produces bacteria-specific VOCs, which
might be used for noninvasive diagnostic purposes [11].
For example, a volatile organic compound called methyl
nicotine produced by Mycobacterium tuberculosis bacteria
can be used as a noninvasive and rapid diagnostic marker
for detection of Tuberculosis (TB) diseases [12]. Human also
produces VOCs. Hundreds of volatiles are emitted from
the human body in breath, blood, skin, and urine. These
compounds reflect the different metabolic conditions of an
individual [13]. Therefore, differences between the volatile
profiles of individual humans can be used as an indicator to
evaluate and monitor “disease” or “health” status. A review of
breath analysis in disease diagnosis using volatile profiles is
presented by Lourenço and Turner [14]. Breath analysis can
be used as a biomarker to identify patients related to breast
cancer [15], colorectal cancer [16], pulmonary tuberculosis
[17], and lung cancer [18].
Advancements in analytical methods such as gas chromatography-mass spectrometry (GCMS), proton transfer reaction mass spectrometry (PTR-MS), and selected ion flow tube
mass spectrometry (SIFT-MS) have provided an opportunity
to identify the volatile metabolites of living organisms in
research laboratories. These analytical approaches generate a
large amount of data and require specialized mathematical,
statistical, and bioinformatics tools to analyze such data.
Despite the advances in sampling and detection by these
analytical methods, only few databases have been developed
to handle these large and complex datasets. There are few
volatile organic compound databases which can be accessed
freely; however their applicability is often limited by several
elements. Most of these databases only focus on volatiles
which are emitted by certain living organisms and have limited applications. For example, the Superscent database [19]
only provides structure information of flavors and scents, and
the mVOC database [20] provides information of microbial
volatiles only. Flavornet [21] features compounds identified
in experiments employing gas chromatography olfactometry
(GC-O) analysis, and Pherobase [22] is focused on insect
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pheromones and semiochemicals. The vocBinBase [23] is
a mass spectral database for volatiles which can allow for
tracking and identification of volatile compounds in complex
mixtures. None of these databases provide information on
biological activities of VOCs and species-species interaction
based on volatiles. Information on volatiles emission from
microorganisms, plants, and other organisms is scattered in
the literature until now, but there is no public and up-todate database that accumulated comprehensive information
of volatiles and their biological activities.
In the present study, we have developed a VOC database
of microorganisms, fungi, and plants as well as human being,
which comprises the relation between emitting species, the
volatiles, and their biological activities. We have deposited the
VOC data into KNApSAcK Metabolite Ecology Database and
this database is currently available at http://kanaya.naist.jp/
MetaboliteEcology/top.jsp. Apart from the database development, we also analyzed the VOC data using hierarchical
clustering and network clustering based on DPClus [24,
25]. In addition, we also performed the heatmap clustering
based on Tanimoto coefficient as the similarity index of the
chemical structure to cluster all VOCs emitted by various
biological species to understand the relationships between
chemical structures of VOCs and their biological activities.

2. Methods
2.1. Data Collection and Database Development. The data
were collected by an extensive literature search up to January
2015 on PubMed (http://www.ncbi.nlm.nih.gov/pubmed) and
Google Scholar (http://scholar.google.co.jp/). The PubMed
search provided 60 articles based on the keywords “volatile
organic compounds” and “metabolites.” The information on
VOCs, emitting species, target species, and their biological activities was extracted and deposited into KNApSAcK
Metabolite Ecology Database. The KNApSAcK Metabolite
Ecology is also linked to the KNApSAcK Core and KNApSAcK Metabolite Activity Database to provide further information on the metabolites and their biological activities.
Data were divided into two types: (1) microorganisms
species-VOC binary relations; (2) emitting species-VOCtarget species triplet relations.
2.2. Clustering of Species Based on VOC Similarity. Clustering
is an unsupervised learning method, which is the task of
grouping a set of objects into the same group (cluster) based
on similarity or distance measures. This technique is important for knowledge discovery and has been applied in many
applications such as machine learning, pattern recognition,
image analysis, and bioinformatics [26–28]. In this study, we
utilized hierarchical clustering and graph clustering methods
for classifying the VOC emitting species. Both methods are
discussed separately in the following.
2.2.1. Hierarchical Clustering. We used hierarchical agglomerative clustering method, which starts out by putting each
observation into its own separate cluster. It then examines all
the distances between all the observations and pairs together
the two closest ones to form a new cluster. The process

BioMed Research International

3

continues until all the observations are included in a single
cluster. The result of clustering is usually represented by a
dendrogram. In our case, we used a species versus VOC
matrix. Let this matrix be called 𝑀 and 𝑀𝑖𝑘 = 1 if the species
𝑖 is related to the 𝑘th VOC or otherwise 𝑀𝑖𝑘 = 0. Hierarchical
methods require a distance matrix and hence we determined
the Euclidean distances between species. Euclidean distance
𝑑 between species 𝑖 and species 𝑗 can be calculated as follows:
𝑛

2

𝑑 (𝑖, 𝑗) = √ ∑ (𝑀𝑖𝑘 − 𝑀𝑗𝑘 ) .

(1)

𝑘=1

Here, 𝑛 is the number of VOCs and there are 1088 VOCs in
our data. Based on Euclidean distance, we perform Ward’s
hierarchical clustering analysis using 𝑅, an open source
programming language.
2.2.2. Graph Clustering Based on DPClus. DPClus is a graph
clustering software [24], which has been developed based on a
graph clustering algorithm that can extract densely connected
nodes as a cluster [25]. This algorithm can be applied to an
undirected simple graph 𝐺 = (𝑁, 𝐸) that consists of a finite
set of nodes 𝑁 and a finite set of edges 𝐸. Two important
parameters are used in this algorithm, which are density
𝑑𝑘 and cluster property 𝑐𝑝𝑛𝑘 . Density 𝑑𝑘 of any cluster 𝑘 is
the ratio of the number of edges present in the cluster (|𝐸|)
and the maximum possible number of edges in the cluster
(|𝐸|max ). The cluster property of node 𝑛 with respect to cluster
𝑘 is represented by
𝑐𝑝𝑛𝑘 =

𝐸𝑛𝑘
𝑑𝑘 × 𝑁𝑘

(2)

𝑁𝑘 is the number of nodes in cluster 𝑘. 𝐸𝑛𝑘 is the total
number of edges between the node 𝑛 and each of the nodes
of cluster 𝑘. In this study, we apply the DPClus algorithm to
identify certain groups of microorganism species based on
VOC similarity. A network is constructed where a node represents a microorganism species and an edge indicates high
VOC similarity between the corresponding species pair. We
selected 5% of the organism pairs based on lower Euclidean
distance between them. We used the nonoverlapping mode
with the following DPClus settings: Cluster property 𝑐𝑝𝑛𝑘
was set to 0.5, density value 𝑑𝑘 was set to 0.6, and minimum
cluster size was set to 2.
2.3. Clustering of VOCs Based on Chemical Structure Similarity. We also performed a classification of VOCs based
on their chemical structure similarity. In order to determine
the similarity between two chemical compounds, we used
Tanimoto coefficient as similarity measure. The Tanimoto
coefficient is defined as (3), which is the proportion of the
features shared between two compounds divided by their
union [29]
Tanimoto𝐴,𝐵 =

𝐴𝐵
.
𝐴 + 𝐵 − 𝐴𝐵

(3)

The variable 𝐴𝐵 is the number of features (or on-bits
in binary fingerprint) common in both compounds, while

𝐴 and 𝐵 are the number of features that are related to
individual compounds, respectively. The Tanimoto coefficient has a range from 0 to 1 with higher values indicating
greater similarity than lower ones. Additionally, a Tanimoto coefficient value larger than 0.85 indicates that the
compared compounds may have similar biological activity
[30]. For the purpose of calculating Tanimoto coefficient,
it is obligatory to assign fingerprints to the compounds.
ChemMine package in R was used to generate atom pair
fingerprints and calculation of Tanimoto coefficient [31, 32].
2D compound structures in the generic structure definition
file (SDF) format were obtained from PubChem database
(https://pubchem.ncbi.nlm.nih.gov) and then were imported
into ChemmineR package in one batch file. The atom pair
descriptors are calculated during the SDF import and stored
in a searchable descriptor database as a list object.
Based on Tanimoto similarity measure between chemical
structures, heatmap clustering was performed for classifying
the VOCs. We also determined the 𝑝 values of the clusters
based on hypergeometric distribution using
𝐾−1 𝑉
( 𝑖 ) ( 𝑁−𝑉
𝐶−𝑖 )
.
𝑁
(𝐶)
𝑖=0

𝑝 value = 1 − ∑

(4)

Here 𝑁 is the total number of VOCs, 𝐶 is the size of a
cluster, and 𝑉 and 𝐾, respectively, are the number of VOCs
of a certain category in the whole data and in the cluster.
The hypergeometric distribution is used to calculate the
statistical significance of having drawn specific 𝐾 successes
(out of 𝑁 total draws) from the whole population. The test
is often used to identify which subpopulations are overor underrepresented in a sample. The calculated 𝑝 value
implies the probability of getting 𝐾 or more VOCs of a
particular category in a cluster when the cluster is formed by
random selection. Lower 𝑝 value indicates that the statistical
significance is high.
Our purpose is to relate a structure group to a biological
activity if and only if the structure group is overrepresented
by VOCs associated with that biological activity.

3. Results and Discussion
3.1. KNApSAcK VOC Database. At present, we have
accumulated 1088 VOCs emitted by 517 microorganisms
species and 341 VOCs emitted by other biological species
including plants, animals, and human. These VOC data
have been deposited into KNApSAcK Metabolite Ecology
Database, which allows users to search information on
VOCs using the KNApSAcK compound ID and metabolite
name. This KNApSAcK Metabolite Ecology Database is also
linked to the KNApSAcK Core and KNApSAcK Metabolite
Activity Database to provide further information on the
volatile metabolites and their biological activities. The VOC
database can be accessed online at http://kanaya.naist.jp/
MetaboliteEcology/top.jsp. Figure 1 shows the main window
of the KNApSAcK Metabolite Ecology Database, which
shows the search type and search condition. For search type,
users can choose either partial or exact string matching
searches by clicking the corresponding button, that is,
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(A)

(B)

(C)

Figure 1: The main window of the KNApSAcK Metabolite Ecology Database. (A) Section used to select the search type. (B) Section used
to select the search conditions and to input keywords. (C) Users can input “VOC” in the text box for the ecological/localization category to
search VOC data.
Input word = [match type: partial, ecological category/localization: VOC]

(A)

(B)

Figure 2: The results retrieved for VOCs search in the KNApSAcK Metabolite Ecology Database. (A) The VOC, which does not have a
KNApSAcK compound ID. (B) The VOC, which has a KNApSAcK compound ID. Users can click at the C ID to find more information on
the metabolite and at the button “A” to retrieve its biological activity.

partial or exact (Figure 1(A)). Other check boxes can also be
selected to specify different search conditions (Figure 1(B))
such as KNApSAcK compound ID (C ID), metabolite name,
species name, and ecological category or localization. To
search VOC data, users can input “VOC” in the text box
for the ecological category/localization category, select the
corresponding check box, and then click the List button
(Figure 1(C)). Part of the results retrieved by entering “VOC”
in the text box is shown in Figure 2. The attributes in the list
are C ID, which corresponds to the KNApSAcK compound
ID, metabolite name, species name (VOCs emitting species),
ecological category/localization (VOC), and references
(the source of the VOCs information), from left to right.
During the literature search, it turned out that many VOCs
do not have a KNApSAcK compound ID but might be
biologically relevant. Therefore, those VOCs were also

included into the database. For example, in the first line, the
VOC with the name (+)-2-Carene (Figure 2(A)) does not
have a KNApSAcK compound ID; however it was produced
by Solanum lycopersicum. In the future, we will find more
information on these VOCs and assign the KNApSAcK
compound ID to these metabolites. On the other hand,
information related to the VOCs that have KNApSAcK
compound ID can be obtained by clicking the C ID as
in Figure 2(B). Figure 3 shows the search results obtained
by clicking the C ID, C00000805, which were retrieved
from the KNApSAcK Core Database. Users can retrieve
further knowledge of this metabolite, such as molecular
formula, molecular weight, CAS RN, 3D structure, and other
species information, which also produce the corresponding
metabolite. To understand the relationships between
VOCs and their biological activities, we also integrate
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Figure 3: An example of the search results obtained by clicking the C ID, C00000805, which were retrieved from the KNApSAcK Core
Database.

the KNApSAcK Metabolite Ecology Database with KNApSAcK Metabolite Activity Database. Information on VOCs
related to biological activity can be obtained by clicking the
“A” button as in Figure 2(B). Figure 4 shows the search result
of biological activity related to C ID C00000805, which
were retrieved from the KNApSAcK Metabolite Activity
Database. The attributes in the list are C ID, metabolite
name, activity category, biological activity, target species, and
references, from left to right. Here, the metabolite known as
alpha-pinene (C ID C00000805) has few biological activity
categories such as antimicrobial, antioxidant, biomarker,
defense, plant growth enhancement, anticholinesterase,
antifungal, dermatitic, irritant, psychotomimetic, and toxic.
3.2. Clustering of Microorganisms Based on VOC Similarity.
Initially, the accumulated VOC data were divided into two
types: (1) microorganisms species-VOC binary relations;
(2) emitting species-VOC-target species triplet relations.
This section focuses on the clustering analysis result of
the first type of data, which is the relationship between
microorganism species and their emitting VOCs. Until now,
we have accumulated 1088 compounds produced by 517
microorganisms. Figure 5 shows the log-log relation between
the number of VOCs, 𝑀, and the frequency of species, 𝑁. The
pattern roughly follows power law [33]. Figure 5 shows that
there are 92 species that emit only one type of VOC (Point
𝑥). Highest 50 types of VOCs are emitted by an individual
species and there are 14 such species in our present data
(Point 𝑦). From this statistical analysis, we can say that most
microorganism species emit a few VOCs, which can act as
their odor fingerprint. The information of emitting species
and compounds has been converted into a 517 × 1088 binary

matrix (“1” indicates presence while “0” indicates absence).
The binary matrix then was used to calculate the Euclidean
distance between species. From the Euclidean distance, hierarchical clustering of species was performed. Figure 6 shows
a hierarchical dendrogram plot of microorganism species
based on VOC presence. Here, we cut the dendrogram tree
to 50 clusters and the threshold height for this clustering is 7.
Supplementary Table 1 (in Supplementary Material available
online at http://dx.doi.org/10.1155/2015/139254) shows the
species name with their corresponding clusters and the
pathogenicity of the microorganism species. Interestingly, 77
species from 517 species are known as pathogenic bacteria
and are classified into six clusters, which are clusters 6, 27,
35, 40, 47, and 48. Out of these six clusters, three clusters,
that is, clusters 35, 40, and 47, contain 100% pathogenic
bacterial species such as P. aeruginosa, K. pneumoniae, and
E. coli. The other three clusters contain both pathogenic
and nonpathogenic species. For example, cluster 6 consists
of 11 (7.2%) pathogenic bacterial species while cluster 27
comprises only one (7.7%) pathogen species. Cluster 48
contains 4 (16%) pathogenic bacterial species. Out of all 50
clusters, the rest of 44 clusters contain nonpathogenic species.
These results imply that VOCs emitted by some pathogenic
bacteria are different from those emitted by nonpathogenic
bacteria. These results show consistency between VOC and
pathogenicity based classification of microorganisms.
In order to extract different and more information, we
constructed a network by inserting edges between species for
which the Euclidean distance is less than a threshold. The
threshold was decided to include the lowest 5% distances as
edges in the network. We then determined the high-density
clusters in that network by applying the graph clustering
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Figure 4: An example of the search result of biological activity related to C ID C00000805, which were retrieved from the KNApSAcK
Metabolite Activity Database.

VOCs versus microorganisms species
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Figure 5: The log-log relation between the number of VOCs and the
number of related microorganisms’ species.

algorithm DPClus. Supplementary Figure 1 shows the overall
network, which displays all the generated clusters in such a
way that intracluster edges are green and intercluster edges
are red. Figure 7(a) shows the hierarchical connected graph of
the clustering result, where the green nodes represent clusters

of microorganism species and the red edges represent the
interaction between clusters. The radius of a green node in
the hierarchical graph in Figure 7 is proportional to the logarithm of the number of nodes in the cluster it represents. The
width of a red edge in the hierarchical graph between a pair
of clusters is proportional to the number of edges between
those clusters in the original graph. Figure 7(b) shows the
independent nodes of the hierarchical graph, which indicates
that these clusters do not interact with other clusters.
Overall, DPClus generated 50 clusters where 20 clusters
are connected nodes to each other while the remaining 30
clusters are independent nodes. Only cluster 1 contains both
pathogenic and nonpathogenic microorganisms. Clusters 2, 7,
14, 21, 26, and 40 consist of only pathogenic bacteria while the
other clusters are consisting of only nonpathogenic bacteria.
These results imply that pathogenicity of microorganisms can
be linked to characteristic combinations of identical VOCs
emitted by them. Some of the pathogenic members of cluster
1 such as Klebsiella pneumoniae, Escherichia coli, Staphylococcus aureus, and Pseudomonas aeruginosa are very highly
connected to other pathogenic clusters, for example, clusters
2 and 7. Figure 7(a) shows that clusters 2, 7, 14, 21, 26, and
40 are connected by red edges, which reflect VOC similarity
between pathogenic microorganisms. Also, there is VOC
based similarity between nonpathogenic species of cluster 1
and clusters 10, 13, 16, 18, 19, 23, 24, 33, and 36. The red edges
between clusters 4 and 8 and between clusters 9 and 15 are also
because of VOC similarity between nonpathogenic species of
those clusters. Here it is noteworthy that the rest of 30 clusters
consisting of nonpathogenic species are independent clusters,

0

which implies that many nonpathogenic groups of species
emit quite unique types of VOCs as shown in Figure 7(b).
Supplementary Figure 2 shows the microorganism species
belong to cluster 1 (pathogenic and nonpathogenic), cluster
7 (pathogenic only), and cluster 10 (nonpathogenic species
only), respectively. Here the internal nodes of a cluster are
shown connected by green edges and its neighboring clusters
are shown connected by red edges. To evaluate the stability
of graph clustering results by DPClus, we also clustered
the networks generated by several random samplings of
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Figure 6: Hierarchical dendrogram plot of microorganism species based on VOC presence.

80% or more edges of the original network. We found that
DPClus can still cluster the microorganisms species based on
pathogenicity.
The results of network clustering and hierarchical clustering are similar in the sense that both results indicated
that VOC based classification of microorganisms is consistent with their classification based on pathogenicity. However, clustering by DPClus further revealed existence and
nonexistence of relations between different pathogenic and
nonpathogenic groups of microorganisms.
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Figure 7: Hierarchical graph of DPClus clustering result. (a) Connected nodes. (b) Independent nodes.

3.3. Clustering Analysis of VOCs Based on Chemical Structure
Similarity. The first type of data focused on microorganism
species only but the second type of data includes VOCs
emitted by other biological species such as plants, animals,
and humans. The second data type that we have accumulated until now is 1044 species-species interactions via 341
VOCs associated with 11 groups of biological activities. The
biological activities of VOCs are classified into two types:
(i) chemical ecology related activities, in which most VOCs
are involved in interaction between species for survival of
organisms such as defense and antimicrobial, and (ii) human
health care related activities, in which many VOCs are widely
used as disease biomarker and odor. From our accumulated
data, 57.3% of the activities belong to chemical ecology such
as antifungal, antimicrobial, attractant, defense, plant growth
enhancement, root growth inhibition, and repellent activities and 42.7% are human health related activities such as
disease biomarker, odor, anticholinesterase, and antioxidant
as shown in Figure 8. There are many VOCs, which have
several biological activities. Thus, it is important to investigate
the relationships between VOCs and their biological activities statistically. Initially, we determined pairwise chemical
structural similarity between VOCs based on Tanimoto coefficient. 2D compound structures in the generic structure definition file (SDF) format of all 341 VOCs were obtained from
PubChem database (https://pubchem.ncbi.nlm.nih.gov) and
then were imported into ChemmineR package in one batch
file. We calculated the chemical structure similarity using
Tanimoto coefficient. Then, we converted the Tanimoto
similarity matrix into distance matrix by subtracting each
of the similarity values from 1. Based on distance matrix,
we performed heatmap clustering and the result is shown in
Figure 9. White and red colours indicate the extreme distance
values of 0 and 1, respectively, and the intermediate distance
values are indicated by the intensity of the red colour.
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Figure 8: Pie chart showing the relative frequencies VOCs belonging to 11 biological activities.

From the heatmap plot, we tentatively outlined 11 clusters
of VOCs. The count of VOCs belonging to each activity
group in each cluster is shown in Table 1. To assess the
richness of VOCs of similar activity in individual clusters,
we determined their 𝑝 values based on hypergeometric
distribution which are also shown in Table 1. The major types
of chemical compounds belonging to each cluster and their
corresponding biological activities are mentioned in Table 2.
The chemical structures of the VOCs belonging to all clusters
(cluster 1 to cluster 11) are shown in Supplementary Figure 2.
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Figure 9: Heatmap clustering of VOCs based on chemical structure similarity determined by Tanimoto coefficient.

From this result, we can see that there are 55 VOCs
belonging to cluster 1 and mainly involved with anticholinesterase, antimicrobial, antioxidant, and defense activities, for example, beta-caryophyllene, isocaryophyllene, and
caryophyllene. All compounds in cluster 1 are terpenoids, of
which 15 VOCs are monoterpenoids (10 carbon units) and

40 VOCs are sesquiterpenoids (15 carbon units). There are
33 VOCs in cluster 2 and the 𝑝 values corresponding to
anticholinesterase, antimicrobial, and antioxidant are 4.849 ×
10−4 , 9.696 × 10−4 , and 4.849 × 10−4 , respectively. Some of the
VOCs that are classified into cluster 2 are monoterpenoids
and sesquiterpenoids such as beta-linalool, terpinen-4-ol,

Biological activity

Cluster ID
(Count)
𝑝 value
Anticholinesterase
(count)
𝑝 value
Antifungal
(count)
𝑝 value
Antimicrobial
(count)
𝑝 value
Antioxidant
(count)
𝑝 value
Attractant
(count)
𝑝 value
Biomarker
(count)
𝑝 value
Defense
(count)
Plant
𝑝 value
growth
(count)
enhancement
Root
𝑝 value
growth inhibition (count)
𝑝 value
Odor
(count)
𝑝 value
Repellent
(count)
9.258 × 10−2
(7)
1
(0)

3.35 × 10−9
(22)

6.01 × 10−2
(4)

0.1749
(5)
1
(0)
1
(0)

9.696 × 10−4
(15)
4.849 × 10−4
(15)
0.8144
(2)
0.9999
(11)

7.551 × 10−2
(2)

0.8632
(1)
1
(0)

4.849 × 10
(15)
0.9115
(1)

−4

Cluster 2 (33)

Cluster 1
(55)
5.28 × 10−7
(26)
0.9128
(2)
2.10 × 10−6
(26)
5.28 × 10−7
(26)
0.9708
(2)
1
(8)

0.9183
(1)
1
(0)
1
(0)

1
(0)

1.835 × 10−3
(34)
0.9758
(2)

0.6181
(8)
0.5399
(3)
0.6898
(8)
0.6181
(8)
1
(0)

Cluster 3 (41)

1
(0)
1
(0)
1
(0)

1
(0)

0.9109
(2)
2.561 × 10−2
(4)
0.9281
(2)
0.9109
(2)
0.4831
(2)
0.7944
(10)
0.6764
(2)

Cluster 4 (18)

1.871 × 10−3
(3)

0.7111
(1)
1
(0)

1
(0)

1.274 × 10
(9)
1
(0)
1.871 × 10−2
(9)
1.274 × 10−2
(9)
1
(0)
1.444 × 10−2
(18)
0.7594
(2)

−2

Cluster 5 (21)

0.7778
(1)
0.7672
(2)
1
(0)
1
(0)

4.111 × 10−2
(4)
2.29 × 10−5
(4)
1
(0)

1
(0)
0.6403
(3)
0.9999
(1)
1
(0)
3.829 × 10−2
(8)
4.42 × 10−5
(41)
0.9987
(1)

Cluster 7 (47)

3.531 × 10−3
(4)

0.9147
(3)
0.5176
(2)
0.8246
(4)
0.9147
(3)
0.1661
(4)
0.9821
(11)
0.8418
(2)

Cluster 6 (25)

0.5847
(1)
1
(0)
1
(0)

1
(0)

0.3596
(4)
0.6571
(1)
0.4049
(4)
0.3596
(4)
0.1356
(3)
0.9948
(5)
0.8668
(1)

Cluster 8 (15)

0.7062
(2)
1
(0)
1
(0)

1
(0)

0.9994
(2)
0.3099
(4)
0.9997
(2)
0.9994
(2)
1.983 × 10−2
(8)
6.071 × 10−2
(31)
0.9787
(2)

0.5591
(1)
1
(0)
1
(0)

1
(0)

1
(0)
1
(0)
1
(0)
1
(0)
1
(0)
1.036 × 10−2
(13)
1
(0)

0.8347
(1)
1
(0)
1
(0)

0.6069
(1)

1
(0)
0.3291
(3)
1
(0)
1
(0)
1
(0)
1.963 × 10−3
(26)
1
(0)

Cluster 9 (42) Cluster 10 (14) Cluster 11 (30)

Table 1: The count of VOCs belonging to each activity group in each cluster and their 𝑝 value based on hypergeometric distribution.

10
BioMed Research International

BioMed Research International

11

Table 2: Summary of clustering result and its descriptions related to chemical structures and biological activities.
Cluster ID (count)
Cluster 1 (55 VOCs)

Cluster 2 (33 VOCs)

Description on chemical structures
All compounds are terpenoids. 15 VOCs are monoterpenoids
(10 carbon units) and 40 VOCs are sesquiterpenoids (15
carbon units).
17 VOCs are alcohol, aldehyde, ketone, epoxide, and ester of
terpenoids. The other VOCs are alcohol, aldehyde, carboxylic
acid, ester, and ketone of straight-chain alkenes.

Related biological activities
Anticholinesterase, antimicrobial,
antioxidant, and defense.
Anticholinesterase, antimicrobial, and
antioxidant.

Cluster 3 (41 VOCs)

Alkanes.

Biomarker.

Cluster 4 (18 VOCs)

Alkenes.
Aldehyde, ester, carboxylic acid, and ketone of C8–C18
alkanes.

Antifungal.
Anticholinesterase, antimicrobial,
antioxidant, biomarker, and repellent.
Plant growth enhancement and root
growth inhibition and odor.

Cluster 5 (21 VOCs)
Cluster 6 (25 VOCs)

21 VOCs are alcohol and ether of C3–C8 alkanes.

Cluster 7 (47 VOCs)

45 VOCs are ester, carboxylic acid, ketone, and aldehyde of
noncyclic C2–C9 alkanes.

Cluster 8 (15 VOCs)

VOCs consist of epoxide, ethers, esters, and alcohols.
24 VOCs are aromatic alcohols, carboxylic acids, esters,
ketones, and ethers. 16 VOCs are aromatic compounds
consisting of C and H atoms. One VOC consists of C, H, and
Br atoms. One VOC is an alkane ester.
Aromatic compounds. 12 VOCs are heteroaromatic
compounds that consist of one or more sulfur, nitrogen, or
oxygen atoms.
VOCs are quite diverse in chemical elements, C0–C6 small
molecules.

Cluster 9 (42 VOCs)

Cluster 10 (14 VOCs)
Cluster 11 (30 VOCs)

p-menth-1-en-8-ol, drimenol, and nerolidol. 17 VOCs are
alcohol, aldehyde, ketone, epoxide, and ester of terpenoids.
The other VOCs are alcohol, aldehyde, carboxylic acid, ester,
and ketone of straight-chain alkenes.
For cluster 3, there are 41 compounds and the main
biological activity involved is biomarker for various diseases
such as colorectal cancer and asthma. We obtained small
𝑝 value (1.835 × 10−3 ) for biomarker activity of cluster 3.
All compounds are alkanes; most of them are emitted in
human breath such as octane, isobutane, 2-methylpentane,
methylcyclohexane, hexane, and cyclohexane.
There are 18 compounds in cluster 4 and all of them
are alkenes such as beta-farnesene, alpha-caryophyllene,
ocimene, and beta-ocimene. These compounds are mainly
associated with chemical ecology activity, which is antifungal
and the 𝑝 value for this activity is 2.561 × 10−2 . For cluster
5, there are 21 VOCs which are aldehyde, ester, carboxylic
acid, and ketone of C8–C18 alkanes. Cluster 5 is significantly
related with multiple biological activities, which are anticholinesterase, antimicrobial, antioxidant, biomarker, and
repellent activities.
There are 25 VOCs in clusters 6 and 21, of them are
alcohol and ether of C3–C8 alkanes. We also obtained small
𝑝 value for plant growth enhancement activity (3.531 ×
10−3 ), root growth inhibition activity (4.111 × 10−2 ), and
odor activity (2.29 × 10−5 ) for cluster 6. An example of
VOCs involved in plant growth enhancement activity is
2,3-butanediol and there are many reports that this compound released by soil microorganisms had improved plant

Attractant and biomarker.
—
Attractant.

Biomarker.
Biomarker.

growth and increased pathogen resistance [34, 35]. For odor
activity, compounds involved are in alcohol sulfanylalkanols
chemical class group such as 2-methyl-3-sulfanylbutan-1-ol
and 3-methyl-3-sulfanylhexan-1-ol. These compounds have
a pungent sweat/kitchen odor, also reminiscent of onions
with some fruity connotations which are transformed into
the volatile substances by bacterial enzymes present only in
corynebacteria.
There are 47 VOCs in clusters 7 and 45, of them are ester,
carboxylic acid, ketone, and aldehyde of noncyclic C2–C9
alkanes. Cluster 7 is significantly related with multiple
biological activities, which are attractant (𝑝 value = 3.829 ×
10−2 ) and biomarker for various diseases (𝑝 value = 4.42 ×
10−5 ). Aldehydes belong to cluster 7 such that acetaldehyde,
propanal, hexanal, 2-methyl-butanal, pentanal, heptanal, and
3-methyl-butanal are mostly used as biomarker for various
diseases including cancers and irritable bowel syndrome.
In cluster 8, there are 15 VOCs belonging to this cluster,
which consist of epoxide, ethers, esters, and alcohols. In
cluster 9, there are 42 VOCs and the main biological activity
is attractant (𝑝 value = 1.983 × 10−2 ). All VOCs belonging
to cluster 9 are aromatic compounds, in which 24 VOCs
are aromatic alcohols, carboxylic acids, esters, ketones, and
ethers. 16 VOCs are aromatic compounds consisting of C
and H atoms. One VOC consists of C, H, and Br atoms. One
VOC is an alkane ester. Also, there are 14 VOCs in cluster 10
which are aromatic compounds. 12 VOCs are heteroaromatic
compounds that consist of one or more sulfur, nitrogen,
or oxygen atoms. On the other hand, 30 VOCs belonging
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to cluster 11 are of diverse types of C0–C6 small molecules
with low molecular weight, ranging from hydrogen cyanide
(27.02534) to tetrachloroethyene (165.8334). The main biological activity for cluster 10 and cluster 11 is biomarker for
various diseases. The 𝑝 values for biomarker activity for
cluster 10 and cluster 11 are 1.036 × 10−2 and 1.963 × 10−3 ,
respectively. The major VOCs involved in this activity are
isoxazole, 2,3-dimethyl-pyrazine, and 2-methyl-pyrazine
which are mostly produced in human urine and can be used
as biomarker for autism spectrum disorders.
The heatmap clustering shows that there are strong links
between chemical structure of VOCs and their biological
activities. Comparative activity relationships between chemical ecology and human health care activity will lead to
systematization of metabolomics combined with human and
ecological metabolic pathways.

4. Conclusion
In the present study, we have developed a database of VOCs
emitted by various living organisms including microorganisms, plants, animals, and human, which can be accessed
at KNApSAcK Metabolite Ecology Database. Apart from
VOC biological activities related to human health care, more
than half of the biological activities are associated with
chemical ecology. Hierarchical clustering and graph clustering by DPClus algorithm were utilized to extract specific
microorganism species clusters based on VOC similarity. We
found consistency between VOC and pathogenicity based
classification of microorganisms. Additionally, heatmap clustering based on Tanimoto similarity measure was used to
cluster the VOCs emitted by various species. We found that
similar chemical structures of VOCs indicate possibilities
of exhibiting similar biological activities. In future work,
we will accumulate more data and perform comprehensive
analysis of the VOCs in the context of human health care
and chemical ecology. The KNApSAcK Metabolite Ecology
Database may be useful for the discovery of novel agriculture
tools and also for the noninvasive identification of biomarkers
in medical diagnostic field as well as systematic research in
various omics fields, especially metabolomics integrated with
ecosystems.
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With the remarkable increase in genomic sequence data from various organisms, novel tools are needed for comprehensive analyses
of available big sequence data. We previously developed a Batch-Learning Self-Organizing Map (BLSOM), which can cluster
genomic fragment sequences according to phylotype solely dependent on oligonucleotide composition and applied to genome
and metagenomic studies. BLSOM is suitable for high-performance parallel-computing and can analyze big data simultaneously,
but a large-scale BLSOM needs a large computational resource. We have developed Self-Compressing BLSOM (SC-BLSOM) for
reduction of computation time, which allows us to carry out comprehensive analysis of big sequence data without the use of highperformance supercomputers. The strategy of SC-BLSOM is to hierarchically construct BLSOMs according to data class, such as
phylotype. The first-layer BLSOM was constructed with each of the divided input data pieces that represents the data subclass, such
as phylotype division, resulting in compression of the number of data pieces. The second BLSOM was constructed with a total of
weight vectors obtained in the first-layer BLSOMs. We compared SC-BLSOM with the conventional BLSOM by analyzing bacterial
genome sequences. SC-BLSOM could be constructed faster than BLSOM and cluster the sequences according to phylotype with
high accuracy, showing the method’s suitability for efficient knowledge discovery from big sequence data.

1. Introduction
As genome sequencing technologies represented by nextgeneration sequencers provide higher throughput performance, genome analyses of a very wide range of organisms can be conducted, and genomic sequence data have
increased exponentially, resulting in a huge amount of data
compiled in international nucleotide sequence databases
(DDBJ/ENA/GenBank), which may soon reach the petascale. To enable efficient knowledge discovery from such big
sequence data, it is important to examine the data comprehensively for clarifying the whole picture of all genome
data available. This is especially important for phylogenetic
classification of huge quantity of metagenomic data, which
should contain a wide variety of novel prokaryotic and
eukaryotic genomes poorly characterized previously.
We have focused on oligonucleotide composition in
genomic sequences and developed a “Batch-Learning
Self-Organizing Map (BLSOM),” which allows us to

panoramically grasp the sequence characteristics unique
to organism species by analyzing an ultralarge amount
of genomic sequences. We have so far applied it to gene,
genome, and metagenome analyses [1–3]. The method
provides a strong clustering ability, with its result easily
visible, under which sequences of genome fragments for each
species are separated (“self-organized”) with high accuracy,
based only on similarities in oligonucleotide composition,
with absolutely no information given on the species in the
course of computation. Furthermore, the algorithm can be
optimized for parallel computations, enabling ultra-largescale analyses performed by supercomputers, such as the
“Earth Simulator” [4]. As BLSOM takes computation time
proportional to approximately the cube of the quantity of
input data, a large-scale BLSOM requires huge amounts of
computational time and resources. With the appearance of
next-generation sequencers, which has prompted genomic
sequence data to grow at an exponential rate, enhancing
computer performance alone (e.g., use of the new Earth
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Simulator) will not suffice and a higher-speed, larger-scale
analysis strategy is now called for.
In this study, we have developed the “Self-Compressing
BLSOM (SC-BLSOM),” which provides higher-speed computation and better clustering performance than the conventional BLSOM for species-known genomic sequences.
The SC-BLSOM achieves higher speed by dividing input
data into phylogenetic subclasses and structuring BLSOMs
in a hierarchical manner. As mentioned before, the conventional BLSOM can cluster genomic sequences according
to phylotypes, based only on similarities in oligonucleotide
composition. Therefore, this unsupervised learning method
can phylogenetically classify genomic sequences even derived
from a novel gene, for which an orthologous sequence set
required for constructing a reliable phylogenetic tree covering a wide range of phylotypes is not available. This shows
the usefulness of BLSOM for phylogenetic classification of
metagenomic sequences containing a large amount of novel
genes and genetic fragments. In more detail, the conventional method of phylogenetic classification of metagenomic
sequences in our previous studies [3–6] was the mapping of
metagenomic sequences on a large-scale BLSOM, in which
genomic fragments from almost all species-known genomes
were classified (self-organized) according to phylotype in
advance. When constructing this large-scale BLSOM with
species-known sequences, addition of phylotype information
of the sequences done in SC-BLSOM should most likely
increase but should not decrease the phylogenetic clustering
power for these sequences. Hence, SC-BLSOM is thought to
be a kind of hybrid method of supervised and unsupervised
learning because phylotype information is added in dividing
the species-known genomic sequences into subclasses. We
have tested the effectiveness of the SC-BLSOM by means of
comparative studies of its computation time and clustering
performance, by analyzing almost all prokaryotic genome
sequences currently available.

2. Material and Method
2.1. Genome Sequence. Nucleotide sequences were obtained
from http://www.ncbi.nlm.nih.gov/Genbank/. When the
number of undetermined nucleotides (Ns) in a sequence
exceeded 10% of the window size, the sequence was omitted
from the analysis. When the number of Ns was less than
10%, the oligonucleotide frequencies were normalized to the
length without Ns and included in the analysis.
2.2. Batch-Learning Self-Organizing Map (BLSOM). Multivariate analyses such as factor corresponding analysis and
principal component analysis (PCA) have been used successfully to investigate variations in gene sequences [7]. However,
the clustering powers of conventional multivariate analyses
are inadequate when massive quantities of sequence data
from a wide variety of genomes are analyzed collectively.
SOM implements nonlinear projection of multidimensional
data onto a two-dimensional array of weight vectors, and this
effectively preserves the topology of the high-dimensional
data space [8–10]. We modified the conventional SOM
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for genome informatics on the basis of Batch-Learning
SOM (BLSOM) to make the learning process and resulting map independent of the order of data input [1, 2].
The initial weight vectors were defined by PCA instead of
random values on the basis of the finding that PCA can
classify gene sequences into groups of known biological
categories. Weight vectors (w𝑖𝑗 ) were arranged in the twodimensional lattice denoted by 𝑖 (= 0, 1, . . . , 𝐼 − 1) and 𝑗
(= 0, 1, . . . , 𝐽 − 1). Weight vectors (w𝑖𝑗 ) were set and updated
as described previously. A BLSOM program suitable for
PC cluster systems and a PC program for mapping of new
sequences on a large-scale BLSOM constructed with highperformance supercomputers can be obtained from our web
site (http://bioinfo.ie.niigata-u.ac.jp/?BLSOM).
2.3. Self-Compressing BLSOM (SC-BLSOM). A conventional
BLSOM performs clustering by means of reflecting the
characteristics of input data onto the weight vectors, which
are arranged on a two-dimensional lattice in the same format
as the input data; that is, characteristics of the input data are
summarized and compressed into weight vectors. The SCBLSOM is an analytical method that fully takes advantage
of the BLSOM, and Figure 1 shows the algorithm of the SCBLSOM.
In Step 1, input data are divided according to data
classification criteria “phylotype,” addition of phylogenetic
information. As we use the genome sequence data of known
prokaryotes for input data in this study, phylogenetic affiliation of the known prokaryote was used as the first-layer
classification: Divisions 1–5 in Figure 1. In Step 2, BLSOM
analysis is conducted on each group of the divided input
data: the first-layer BLSOM. The number of BLSOM nodes
(lattice points) created in this step was determined to be
half the number of the divided data pieces. Weight vectors
obtained in the first-layer BLSOMs of the divided input
data are merged, according to the second-layer classification
criterion representing a higher-order phylogenetic affiliation.
Weight vectors in BLSOM1-1, BLSOM1-2, and BLSOM1-3 are
merged and used for constructing BLSOM2-1 in Step 3, and
those in BLSOM1-4 and BLSOM1-5 are merged and used for
BLSOM2-2 in Step 3. In Step 4, the BLSOM analyses are
performed using the merged weight vectors in the secondlayer BLSOMs (BLSOM2-1 and BLSOM2-2). Steps 2 and 3 are
repeated for additional layers, where the original input data
are subdivided into more divisions.
In the SC-BLSOM, more BLSOMs are constructed than
in the conventional BLSOM, but they need much shorter
computation time than the BLSOM for all data input at
once, because the division of data in the first-layer BLSOM
has significantly reduced the number of input data pieces
for each divided BLSOM. As mentioned before, BLSOM
takes computation time proportional to approximately the
cube of the quantity of input data. Smaller number of
vectorial data pieces in the second-layer BLSOM than the
original amount of data also cut computation time. Hence,
shorter computation time can be expected for the SC-BLSOM
compared with the conventional BLSOM.
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(3rd layer)
BLSOM3-1

Figure 1: Overview of SC-BLSOM algorithm.

Table 1: Computational time and occurrence level of pure lattice points in SC-BLSOM and BLSOM.

Computational time (min)
Occurrence level (%) (∗ 1)

BLSOM
831
93.5

SC-BLSOM
138
96.0

SC-BLSOM (mapped original data set)
—
94.5

∗
1: occurrence level is the percentage of the lattice points on which only a single phylum was classified on the obtained map. Calculated using the formula: 100
× (number of lattice points on which there is only a single phylum)/(number of total lattice points).

3. Result and Discussion
3.1. Performance Comparison between SC-BLSOM and
BLSOM. To test the basic performance of SC-BLSOM,
its computation time and clustering performance were
measured and compared with those for the conventional
BLSOM. This test used genomic sequence data obtained by
randomly picking out genomic sequences of 10 Kb from 817
different complete genomes of prokaryotes and merging
them until the sequence length was one-tenth of the original
data; BLSOM and SC-BLSOM were constructed with a
degenerated tetranucleotide composition in a window
size of 5 Kb; the frequencies of pairs of complementary
tetranucleotides (e.g., AAAC and GTTT) in each fragment
were summed up and abbreviated as DegeTetra [3]. The
numbers of lattice points for the conventional BLSOM and

for the SC-BLSOM in two layers were each set to be 50% of
the quantity of input data. Input data for the first layer of
SC-BLSOM were divided into 20 divisions using the number
of phyla for the analyzed organisms as the classification
criterion. The number of input data pieces amounted to
90,998 sequence fragments; Supplementary Table S1 shows
the numbers of genomes and sequence fragments for each
phylum (see Supplementary Material available online at
http://dx.doi.org/10.1155/2015/506052).
The analyses were conducted in a computer environment comprising Intel(R) Xeon(R) CPU E5-2680@2.70 GHz,
256 gigabytes of memory, and CentOS 5.11. Figure 2 shows
the classification results in the second layer of the SCBLSOM and the conventional BLSOM; Supplementary Figure S1 shows the BLSOM maps created for each phylum
in the first layer. Table 1 shows the computation time and
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Figure 2: SC-BLSOM and BLSOM with DegeTetra in 5 Kb sequences from 817 microbial genomes. (a) SC-BLSOM. (b) BLSOM. (c) The
original input data were mapped on SC-BLSOM. Lattice points that include sequences from more than one species are indicated in black,
those that contain no genomic sequences are indicated in white, and those containing sequences from a single species are indicated in colors.

clustering performance of SC-BLSOM and the conventional
BLSOM. Here, the clustering performance is presented as
the percentage of the lattice points, on which only a single
phylum was classified on the map.
The SC-BLSOM accomplished a reduced computation
time approximately one-sixth of the time required for a
conventional BLSOM, and as for the clustering performance
the SC-BLSOM showed an improvement of about 3% over
the conventional BLSOM. Additionally, in order to check
whether the SC-BLSOM sufficiently reflected the characteristics of the original input data, the clustering performance
was measured by plotting the original input data onto the
second- layer SC-BLSOM (Figure 2(c)). As the SC-BLSOM

reduces the map size in proportion to the decrease of input
data, plotting the original input data produces approximately
four data pieces per one node, resulting in a density twice that
of the conventional BLSOM. Interestingly, the clustering performance was found to be better than that of the conventional
BLSOM by 1% or more. This higher performance is thought to
be benefitting from the addition of phylogenetic information
for division conducted in Step 1. Accordingly, the SC-BLSOM
can be described as a method, which is fast, capable of high
clustering performance, and effective for constructing a largescale BLSOM for species-known genomes; that is, the SCBLSOM can be used as a reference map for phylogenetic
assignment of a massive amount of metagenome sequences
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Table 2: Computational time and occurrence level of pure lattice
points in different compression rate of SC-BLSOM.
SC-BLSOM
SC-BLSOM SC-BLSOM defined lower
limit
Compression rate (∗ 1)
2
4
2
Computational time (min)
138
21
176
Occurrence level (%) (∗ 2)
96.0
94.1
96.6
∗
1: compression rate was defined by the number of input data pieces mapped
on a weight vector.
∗
2: occurrence level is the percentage of the lattice points on which only
a single phylum was classified on the obtained map. Calculated using the
formula: 100 × (number of lattice points on which there is only a single
phylum)/(number of total lattice points).

and thus be useful for phylogenetic characterization of an
environmental ecosystem.
3.2. Test of Different First-Layer BLSOM Conditions. Computation time and clustering performance of the SC-BLSOM
should be affected to a large degree by changing the number
of weight vectors in the first-layer BLSOM. For this reason,
we examined, in more detail, what the effects were from
the quantity of weight vectors in the first-layer BLSOM. The
number of weight vectors for the first SC-BLSOM was set
to 25% of the quantity of input data, instead of 50% of the
number of input data pieces used in Figure 2(a).
Table 2 shows that computation time is approximately
two and a half hours for the SC-BLSOM, in which the
number of weight vectors was set to 50% of the amount of
input data and that the computation time is only twentyone minutes for the SC-BLSOM, in which the number of
weight vectors was set to 25%. While this SC-BLSOM had
an evidently reduced computation time (approximately onefortieth part of the conventional BLSOM), this condition
exhibited lower clustering performance. Considering that
the learning conditions for the second-layer BLSOM are
the same as those for the SC-BLSOM shown in Figure 2(a),
the performance degradation may be caused by the larger
amount of information loss resulting from the decreased firstlayer BLSOM map size (i.e., the decrease of the number of
weight vectors relative to the quantity of input data). As a trial
to overcome the reduction of clustering performance, we set a
lower limit for the number of weight vectors in the first-layer
BLSOM for maintaining adequate influence of the input data
from small-size categories. This will bypass imbalances in the
number of analyzed genomes in certain phyla used as the
division category in Step 1; Supplementary Table S1 shows that
many phyla have a limited number of sequence data pieces.
When the lower limit was set at 30% of the amount of data
assuming they are evenly divided, the total number of weight
vectors of the first-layer BLSOMs increased, resulting in an
increase in computation time of approximately one and a half
times, and clustering performance improved. This shows the
improvement effect on the data sets with small sample sizes.
Change in the condition for the first-layer BLSOM
affects speed and clustering performance, showing a tradeoff relationship between them. For example, if the aim is to
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quickly understand the whole picture of target species in a
comparative genome analysis using all available genomes, a
higher compression rate may be applied, as it suffices to grasp
main features of each species. However, in estimating the
biological phyla of metagenome sequences in detail, which
should include sequences from a wide variety of unculturable species, BLSOMs with high clustering performance
are required, and the aforementioned lower limit should be
applied in order to get accurate clustering even for smallsize data sets, which should be poorly represented in the
current DNA databank. The level of clustering performance
and computation speed should be set after taking into
consideration the nature of the target data and the purpose
of analysis.
3.3. Application of the SC-BLSOM for All Known Prokaryotes
to Comparative Genome Analyses. To verify the actual performance of the SC-BLSOM for large quantities of genome
sequence data, SC-BLSOM and BLSOM for all speciesknown prokaryote genomes currently available were constructed with DegeTetra composition; this covers a total of
3,500,000 5 kb sequences from 3,157 species, for which at least
10 kb of sequence was available from DDBJ/ENA/GenBank.
By comparing the two BLSOMs, applicability of the SCBLSOM to large-scale, comparative genome analyses was
tested. In more detail, SC-BLSOM was arranged in three
layers, with the data dividing criterion of family (divided
into 301 divisions) for the first layer and phylum (divided
into 38 divisions) for the second layer. The weight vectors
were arranged so that they represent 50% of the quantity
of input data. For computation of the SC-BLSOM, an Intel
Xeon Phi 5110P (1.053 GHz, 60 cores) mounted-PC server
was used. On the other hand, the conventional BLSOM
was constructed using the Earth Simulator ES2, one of the
leading supercomputer systems in Japan, to perform a parallel
computation with 144 CPUs.
Figure 3 shows the classification results from the phylumbased third-layer BLSOM in the SC-BLSOM (a), as well as
that from the conventional BLSOM (b). The computation
time was approximately one month for the conventional
BLSOM, whereas it was approximately two weeks for the SCBLSOM. While SC-BLSOM was performed using a normal
PC server, a clustering performance was approximately 5%
higher than that of the conventional BLSOM. We will briefly
explain difference in clustering patterns between SC-BLSOM
and BLSOM, by taking Gammaproteobacteria, for instance,
which makes a large territory in the central part in the
map. The number of white lattice points, which are devoid
of genomic sequences in the final map, increases for SCBLSOM, because the number of input sequences per lattice
point for the third- layer map (a) was lower than that for
the conversional BLSOM (b). Furthermore, continuous lines
composed of white lattice points are observed. These while
lines primarily correspond to borders between territories of
different phylogenetic groups in Gammaproteobacteria and
are formed because the detailed phylogenetic information has
been included in the phylogenetic division for the first- and
second-layer BLSOM: 155 and 35 divisions in Gammaproteobacteria, respectively.
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Figure 3: SC-BLSOM and BLSOM with DegeTetra in 5 Kb sequences from species-known prokaryotes. (a) SC-BLSOM. (b) BLSOM. Lattice
points that include sequences from more than one species are indicated in black, those that contain no genomic sequences are indicated in
white, and those containing sequences from a single species are indicated in colors.

Comparative genome analyses using the conventional
BLSOM for oligonucleotide composition can reveal which
oligonucleotides contribute to the formation of speciesand phylotype-specific clusters, providing profound information about molecular evolutionary mechanisms establishing
the species-specific oligonucleotide composition “genome
signature” and possible biological functions of individual
oligonucleotides [2, 11–16]. To examine whether the SCBLSOM can be used to perform the same analysis as the
conventional BLSOM, the distribution of oligonucleotide
composition on SC-BLSOM was examined (Figure 4(a)).
The level of each tetranucleotide for each reference weight
vector was calculated and normalized with the level expected
from the mononucleotide composition for the reference
vector. Degenerated tetranucleotides diagnostic for phylum
separations in the SC-BLSOM and conventional BLSOM
are presented in Figure 4. ATAA + TTAT (a pair of
ATAA and TTAT) is characteristically overrepresented in
the Gammaproteobacteria territory. CAAG + CTTG is
underrepresented in the Gammaproteobacteria territory. In
Cyanobacteria territory, CCCC + GGGG is overrepresented,
but CATG is overrepresented. These findings obtained in
Figure 4 should not depend on the set of genomes included
in the analysis because the level of each tetranucleotide for
each lattice point was normalized with the level expected
from the mononucleotide composition for the lattice point;
the observed/expected ratio is represented with the level

of red (overrepresented) or blue (underrepresented) color.
SC-BLSOM and the conventional BLSOM give similar patterns, showing that the SC-BLSOM can also unveil speciesspecific (and phylotype-specific) characteristics of oligonucleotide composition, by visualizing a major combination of
oligonucleotide frequencies contributing to sequence clustering (self-organization). Collectively, SC-BLSOM can be
used for searching for hidden genome signatures and for
large-scale comparative genome analyses, which will provide
profound knowledge of individual genomes on evolutionary
and functional aspects.

4. Conclusion
We have developed a Self-Compressing BLSOM (SCBLSOM), which provides higher-speed and better clustering
performance than the conventional BLSOM. This high-speed
is achieved by dividing input data according to phylogenetic
group and structuring the layered BLSOMs. Actual application to the comparative genome analyses of more than 3,000
prokaryotic genomes currently available demonstrated the
method’s effectiveness. The SC-BLSOM performs analyses in
a layered manner, and, therefore, it performs faster as the data
are divided further; the smaller number of data pieces in the
first-layer BLSOM reduces the map size, resulting in shorter
computation time. Furthermore, the SC-BLSOM can be easily performed in parallel using multiple computers without
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Figure 4: Level of each DegeTetra in SC-BLSOM (a) or BLSOM (b). Diagnostic examples of species-specific separations are presented. Level
of each DegeTetra in each lattice point in SC-BLSOM or BLSOM in Figure 3 was calculated and normalized with the level expected from the
mononucleotide composition of the lattice point. The observed/expected ratio is indicated in colors shown at the bottom of the figure.

requiring special techniques, because the first-layer BLSOM
processes are completely independent of one another.
The SC-BLSOM can be applied to both comparative
genome analyses and phylogenetic estimation of metagenomic sequence [3, 17–22]. With conventional BLSOM, we
published also a prediction of chronological, directional
change in the influenza viral genome sequences during a
pandemic [23]. In addition, the BLSOM for oligopeptide [24],
as well as the oligopeptide SC-BLSOM, can be used for function prediction of poorly characterized proteins. Therefore,
SC-BLSOM can analyze not only the genome sequence data
which will undoubtedly grow to an ultralarge volume, but also
a wide variety of multidimensional data pieces, for example,
oligopeptide composition in proteins. Because of its powerful
visualization ability and high-speed, SC-BLSOM will become
a versatile tool for effective knowledge discovery from big
data; that is, this method will become useful for a wide variety
of classification purposes against big vectorial data pieces, not
only in genomics but also in other fields.

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

Acknowledgments
This work was supported by Grant-in-Aid for Scientific
Research (C) nos. 26330327 and 26330334. The computation
was done in part with the Earth Simulator of Japan Agency
for Marine-Earth Science and Technology.

References
[1] S. Kanaya, M. Kinouchi, T. Abe et al., “Analysis of codon
usage diversity of bacterial genes with a self-organizing map
(SOM): characterization of horizontally transferred genes with
emphasis on the E. coli O157 genome,” Gene, vol. 276, no. 1-2, pp.
89–99, 2001.

8
[2] T. Abe, S. Kanaya, M. Kinouchi, Y. Ichiba, T. Kozuki, and T.
Ikemura, “Informatics for unveiling hidden genome signatures,”
Genome Research, vol. 13, no. 4, pp. 693–702, 2003.
[3] T. Abe, H. Sugawara, M. Kinouchi, S. Kanaya, and T. Ikemura,
“Novel phylogenetic studies of genomic sequence fragments
derived from uncultured microbe mixtures in environmental
and clinical samples,” DNA Research, vol. 12, no. 5, pp. 281–290,
2005.
[4] T. Abe, H. Sugawara, S. Kanaya, and T. Ikemura, “Sequences
from almost all prokaryotic, eukaryotic, and viral genomes
available could be classified according to genomes on a largescale self-organizing map constructed with the earth simulator,”
Journal of the Earth Simulator, vol. 6, pp. 7–23, 2006.
[5] T. Uchiyama, T. Abe, T. Ikemura, and K. Watanabe, “Substrateinduced gene-expression screening of environmental metagenome libraries for isolation of catabolic genes,” Nature Biotechnology, vol. 23, no. 1, pp. 88–93, 2005.
[6] R. Nakao, T. Abe, A. M. Nijhof et al., “A novel approach, based
on BLSOMs (Batch Learning Self-Organizing Maps), to the
microbiome analysis of ticks,” ISME Journal, vol. 7, no. 5, pp.
1003–1015, 2013.
[7] R. Grantham, C. Gautier, M. Gouy, R. Mercier, and A. Pavé,
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Adverse drug reactions (ADRs) are responsible for drug candidate failure during clinical trials. It is crucial to investigate biological
pathways contributing to ADRs. Here, we applied a large-scale analysis to identify overrepresented ADR-pathway combinations
through merging clinical phenotypic data, biological pathway data, and drug-target relations. Evaluation was performed by
scientific literature review and defining a pathway-based ADR-ADR similarity measure. The results showed that our method is
efficient for finding the associations between ADRs and pathways. To more systematically understand the mechanisms of ADRs,
we constructed an ADR-pathway network and an ADR-ADR network. Through network analysis on biology and pharmacology,
it was found that frequent ADRs were associated with more pathways than infrequent and rare ADRs. Moreover, environmental
information processing pathways contributed most to the observed ADRs. Integrating the system organ class of ADRs, we found
that most classes tended to interact with other classes instead of themselves. ADR classes were distributed promiscuously in all the
ADR cliques. These results reflected that drug perturbation to a certain pathway can cause changes in multiple organs, rather than
in one specific organ. Our work not only provides a global view of the associations between ADRs and pathways, but also is helpful
to understand the mechanisms of ADRs.

1. Introduction
Adverse drug reactions (ADRs) are undesired phenotypic
effects that occur in human organisms after medicine administration. In recent years, ADRs have gained broad public
attention. ADRs not only affect quality of life for patients,
but also have become a major cause of death. Furthermore,
ADRs concern the economical profit of the pharmaceutical
industries. ADRs are responsible for drug candidates’ failure
to gain FDA approvals during clinical trials. Many marketed
drugs have been withdrawn due to severe ADRs. For example,
Cerivastatin was withdrawn from the world market, because
this drug caused 52 deaths that were attributed to rhabdomyolysis and kidney failure [1]. Therefore, the recognition of
ADRs during the early phases of drug discovery is valuable
for drug development and safety [2].
One of the direct reasons for ADRs is the interaction
with the primary targets or off-targets [3]. While binding of
drugs to their primary targets or off-targets affected pathways,

perturbed pathways can cause phenotypic effects in human
biological system. If the pathway that is affected by a drug
influencing the phenotype is known, then we can more
effectively study the drug-related phenotype. Therefore, it is
essential to detect the links between ADRs and pathways
by a systemic approach. Scheiber et al. predicted targets
for compounds causing ADRs using a multiple-category
Bayesian model. Then they used these targets that were
linked to ADRs to connect ADRs to pathways [4]. Xie et al.
identified the protein-ligand binding profiles of cholesteryl
ester transfer protein (CETP) inhibitors. Then, the predicted
targets were merged into biological pathways via a literature
review, and the results clarified the molecular mechanisms
of ADRs of CETP inhibitors [5]. Furthermore, Wallach et al.
predicted protein-drug interactions using in silico docking,
which was based on information in the publicly available
Protein Data Bank, and identified ADR-related pathways
using logistic regression [6]. These studies are limited by their
dependency on the availability of a 3D structure of the drug or
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target. Therefore, the methods are infeasible for many drugs
and drug targets without known 3D models. Additionally,
these studies usually focused on one aspect of identifying
the relations among drugs, pathways, and ADRs and did not
consider the global map of ADRs and pathways. It is known
that network biology and pharmacology provides a way of
developing drugs and understanding the mechanisms of side
effects. Many studies have shown the success of network
analysis in understanding biology and pharmacology [7–
10]. Therefore, a large-scale ADR-pathway network should
be constructed, and network analysis should be used to
understand the mechanisms of ADRs.
In this study, we identified overrepresented ADRpathway associations through combining pathway information, drug-target and drug-ADR relations. We evaluated
those associations through scientific literature review and
defining a pathway-based ADR-ADR similarity measure.
Then, a bipartite graph of ADR-pathway interactions (ADRpathway network) was constructed. We used network analysis
on biology and pharmacology to (i) analyze topological property differences between frequent, infrequent, and rare ADRs,
(ii) explore ADR-ADR associations (ADR-ADR network)
based on the connections in the ADR-pathway network, and
(iii) analyze ADR system organ class relations and mine the
cliques with biological meaning in the ADR-ADR network.
Our results provided great insights into understanding the
mechanisms of ADRs.

2. Materials and Methods
2.1. Drug Targets. Human protein drug targets were collected
from DrugBank [11], PDSP Ki database [12], Matador [13],
and Therapeutic Targets Database [14]. We only considered
drug-target annotations with binding affinity that were lower
than 10 𝜇M [15]. Finally, 3,142 drugs, 2,920 targets (Entrez
Gene ID), and 17,873 interacting pairs were obtained.
2.2. Adverse Drug Reactions. 1,450 ADRs related to 888 drugs
were downloaded from the SIDER database release 1 [16]. We
also obtained information concerning the frequency of drugrelated ADRs, which was defined as the percentage of patients
who reported the ADR after taking the drug. The frequency
can be a general range (rare, infrequent, and frequent) or
an exact value (e.g., 3.1%). The SIDER database provided the
exact lower/upper bounds for the general frequency range.
Rare is limited to the range [0, 0.001]. Infrequent is limited
to the range [0.001, 0.01]. Frequent is limited to the range
[0.01, 1]. We grouped one ADR into three categories (rare,
infrequent, and frequent) according to the median frequency
of its drugs and the lower (upper) bound of the general range.
2.3. Pathways. KEGG database was used to obtain the
biological pathway information for this study [17]. “Global
pathway” was excluded from the pathway set. According to
the pathway classification of KEGG database, all the pathways
were partitioned into six categories: cellular processes (CP),
environmental information processing (EIP), genetic information processing (GIP), human diseases (HD), metabolism
(MB), and organismal systems (OS).
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2.4. The ADR-Pathway Network. We connected ADRs to
pathways through the pathway-drug and drug-ADR relations. The hypothesis is that pathways that are affected
frequently by drugs causing the same ADR have higher
probabilities of correlation with an ADR than pathways
that are affected less frequently. Firstly, we identified drugperturbed pathways using the SubpathwayMiner software
package [18] (see Figure 1). After inputting targets of a drug,
hypergeometric test was performed to obtain the statistically
significant enriched pathways with 𝑃 ⩽ 0.05. By applying
this method for all the drugs, drug-pathway relations were
obtained. These relations were represented by a drug-pathway
matrix, in which rows represent drugs, columns represent
pathways, and the 𝑖𝑗th element is 1, if drug 𝑖 perturbs pathway
𝑗, and is 0 otherwise. Similarly, drug-ADR relations from the
SIDER database were represented by a drug-ADR matrix,
whose rows represent drugs and columns represent ADRs,
in which the 𝑖𝑗th element is 1 if drug 𝑖 induces ADR 𝑗 and
is 0 otherwise. Then, to identify the associations between
ADRs and pathways, we used drug information to combine
the drug-pathway matrix with the drug-ADR matrix. 572
drugs were involved in the above two matrices. Therefore,
we used 572 drugs with 1,267 ADRs and 194 pathways to
find the associations between ADRs and pathways based on
enrichment analysis. An ADR was associated with a pathway,
when drugs causing the ADR were significantly enriched in
the set of drugs that affected the pathway. The significance of
the enrichment was evaluated by the 𝑃 values of the hypergeometric test. Finally, we constructed an ADR-pathway
network consisting of ADRs and ADR-associated pathways.
2.5. Closeness between ADRs’ Drug Sets. For any two ADRs 𝑖
and 𝑗, the drug sets that induced them were denoted by 𝐷𝑖
and 𝐷𝑗 , respectively. We calculated association score (AS) to
evaluate the extent of closeness between the two drug sets 𝐷𝑖
and 𝐷𝑗 . The AS was defined as follows:
𝑁 𝑁𝑗

AS (𝐷𝑖 , 𝐷𝑗 ) =

𝑖
1
∑ ∑ FER (𝑎, 𝑠) ,
𝑁𝑖 × 𝑁𝑗 𝑎=1 𝑠=1

(1)

where 𝑁𝑖 and 𝑁𝑗 denote the number of drugs in the drug
sets 𝐷𝑖 and 𝐷𝑗 , respectively. The FER (fold enrichment ratio)
is used to quantify the extent of the closeness between any
drug 𝑎 in the drug set 𝐷𝑖 and any drug 𝑠 in the drug set 𝐷𝑗 .
It is defined as FER(𝑎, 𝑠) = 𝑂/𝐸, 𝑂 equals 𝑛𝑎𝑠 which is the
observed value, and 𝐸 equals (𝑛𝑎 ×𝑛𝑠 )/𝑁 which is the expected
value [19], where 𝑛𝑎 is the number of indications related to
drug 𝑎, 𝑛𝑠 is the number of indications related to drug 𝑠, 𝑛𝑎𝑠 is
the number of indications shared by drug 𝑎 and drug 𝑠, and
𝑁 is the number of the unions of indications which related to
the drug set 𝐷𝑖 or the drug set 𝐷𝑗 . The higher the AS the more
the same indications shared by the drug set 𝐷𝑖 of ADR 𝑖 and
the drug set 𝐷𝑗 of ADR 𝑗. The AS could quantify the extent
of the closeness between the two drug sets.
2.6. Clique Identification. The CFinder software was used
to detect 𝑘-cliques in the ADR-ADR network based on
the Clique Percolation Method (CPM) [20]. A 𝑘-clique is
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Figure 1: A framework for ADR-pathway network construction. Current knowledge was obtained through two data types: drug targets
from DrugBank, PDSP Ki , Matador, and Therapeutic Targets Database, and drug-induced ADRs from the SIDER database. The affected
pathways for each drug were found by inputting targets of the drug into SubpathwayMiner. Then we applied enrichment analysis method
to identify associations between ADRs and pathways based on drug-ADR relations and drug-pathway relations. Finally, we combined these
ADR-pathway associations to construct an ADR-pathway network.

a maximal complete subgraph. In this context, 𝑘 equals 6,
which is defined as the number of nodes in the subgraph.

3. Results and Discussion
In this paper, we reported a large-scale analysis to systematically extract and characterize ADR-pathway associations.

We combined clinical phenotypic data, biological pathway
data, and drug-target relations to identify overrepresented
ADR-pathway associations. Effectiveness examination was
performed in the following two ways: firstly, we calculated
how many ADR-pathway associations were identified by our
method and were concurrently found in PubMed records
using a text-mining tool; second, we defined a pathway-based
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Figure 2: The AP network. (a) In the AP network, the blue circles correspond to ADRs, and the red triangles correspond to biological
pathways. An edge is placed between an ADR node and a pathway node when drugs that induced the ADR are significantly enriched in the
set of drugs that perturbed the pathway. (b) The distribution of ADR-pathway interactions in the random AP networks. The 𝑥-axis denotes
the edge number, and the 𝑦-axis is the frequency of the edge numbers in random AP networks (the edge number of the real AP network is
labeled in red arrow). ((c), (d)) The distributions of the average degrees of ADR and pathway nodes in the random AP networks. The red
arrows denote the average degrees of ADR and pathway nodes in real AP network, respectively.

ADR-ADR similarity measure and validated whether this
measure can be used to quantify relation between two ADRs.
Then, an ADR-pathway network and an ADR-ADR network
were constructed, and network analysis on biology and
pharmacology was applied to effectively and systematically
understand the mechanisms of ADRs.
3.1. Construction of the ADR-Pathway Network. To systematically identify pathways that were associated with ADRs,
we integrated ADR data for marketed drugs from the SIDER
database with enriched biological pathways by drug targets (see Section 2). Initially, human targets and off-targets
for 3,142 drugs were utilized to identify the statistically
significant drug-perturbed pathways. After removing drugs
without significantly enriched pathways, we used the 572
drugs with 1,267 ADRs and 194 pathways to find associations
between ADRs and pathways (see Supplementary Figure S1
for histograms in Supplementary Material available online
at http://dx.doi.org/10.1155/2015/670949). An ADR was associated with a pathway, when the drugs causing the ADR
significantly overlapped with the drugs that affected the
pathway (𝑃 ≤ 0.01) and when the number of common drugs

that were shared by the ADR and the pathway was more
than 10. Finally, we obtained 1,694 ADR-pathway associations
covering 284 ADRs and 101 pathways (see Supplementary
Dataset S1). Based on these associations, an ADR-pathway
(AP) network was constructed (see Figure 2(a)).
3.2. Properties of the ADR-Pathway Network. Randomization
tests were performed to evaluate whether the AP network
was generated randomly. We permuted the relations between
drugs and ADRs 1,000 times randomly, while keeping the
degree of each node unchanged. The edges in the AP network
were significantly denser than that in 1000 random networks
(𝑃 < 0.001, Figure 2(b)), and the average degrees of ADR and
pathway nodes in the AP network were significantly higher
than that of 1000 random networks (𝑃 < 0.001, Figures
2(c) and 2(d)). These results reflected that the connections
between ADRs and pathways had biological significance,
instead of random connections.
We calculated the degree of every ADR node, which was
the number of pathways that were linked to the ADR node
under investigation (see Figure 3(a)). Anemia and dyspnea
were the highest degree ADR nodes, which were associated
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Figure 3: The properties of the AP network. (a) Degree distribution of the ADRs. (b) The box plot for ADR degrees in 3 frequency categories.
(c) Degree distribution of the pathways.

with the most pathways (degree = 40). Many drugs eliciting
these ADRs were antineoplastic agents, which can affect
many tissues including the heart and lung [21, 22]. 78% of
all the ADR nodes were linked to more than one pathway,
implying that many ADRs were the compositive outcome
of the alteration of multiple biological pathways. Then, we
focused on the difference in the degrees of three ADR
groups (rare, infrequent, and frequent ADRs), which was
illustrated in Figure 3(b). The degrees of the rare ADRs,
infrequent ADRs, and frequent ADRs were compared using
the Kruskal-Wallis test. The degrees of these ADR classes
were significantly different (𝑃 = 0.0033). Furthermore, we
used the Wilcoxon rank-sum test to compare the degrees
of frequent ADRs with the degrees of infrequent ADRs and
rare ADRs, respectively. As a result, the degrees of frequent
ADRs were significantly higher than that of infrequent ADRs
(𝑃 = 0.0027) and that of rare ADRs (𝑃 = 9.5268 × 10−4 ). This
statistical result indicated that frequent ADRs were linked
to more pathways than infrequent ADRs and rare ADRs.
Similarly, we calculated the degree of every pathway node in
the AP network, which was the number of ADRs that were
linked to the pathway under investigation (see Figure 3(c)).

The linoleic acid metabolism and gap junction pathways
were associated with most ADRs (degree = 94). 90% of
all the pathway nodes were associated with more than one
ADR, implying the disturbance of most pathways induced
concurrency of multiple ADRs. Additionally, the degree
distributions of ADR and pathway nodes in the AP network
both followed power-law distributions with 𝑃 = 0.8608
and 𝑃 = 0.7956, respectively (using igraph package in
𝑅). This implied that the AP network displayed scale-free
characteristics.
The inferred ADR-pathways associations can be used
to interpret an observed drug-ADR pair through searching
pathways that were associated with the ADR among pathways
affected by the drug. To quantify the contributions of pathway
categories to ADR etiology, we classified all relevant pathways
into six categories according to the KEGG database. For each
pathway category, we searched the members of this pathway
category among the drug-affected pathways that can interpret
a drug-ADR pair (see Figure 4(a)). We found that environmental information processing (EIP) contributed most to the
observed 284 ADRs in the AP network (see Figure 4(b)). This
may mirror that a large number of different drugs affected EIP
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Figure 4: Drug-ADR pairs interpreted by pathway categories. (a) For this given drug, two of three drug-ADR pairs can be interpreted by
the identified ADR-pathway associations. If we concerned only one pathway category, then only a drug-ADR pair was interpreted. (b) The
contributions of any pathway and each pathway category to ADRs were quantified. Only 284 ADRs in the AP network were investigated.

pathways, and the number of known targets for these drugs is
high. EIP pathways respond to external environment stimuli
and internal environment changes for maintaining cellular
homeostasis. Therefore, ADRs perhaps are caused by the
alteration of EIP pathways. Recently, Ji et al. predicted drug
effects based on the change at midstage of signal transduction
[23].
3.3. Evaluation Result. We investigated the relevant scientific
literature to validate the inferred ADR-pathway associations.
Firstly, each of all the ADRs in the AP network was used as
a query. In order to insure that the ADR was mentioned in
abstracts or titles, the “[abstract/title]” qualifier was applied
in the PubMed search. Second, because pathway terms are
noun phrases, it is not easy to detect pathway terms in the
literature through a simple exact string match. We extracted
pathway terms using a text-mining tool PathNER which used
soft dictionary matching and rules to identify pathway terms
in the literature [24]. Of 1,694 ADR-pathway associations
identified by our method, 727 were found in the text-mining
results.
To further validate the inferred ADR-pathway associations, we proposed a pathway-based ADR-ADR similarity
measure method using hypergeometric enrichment. Namely,
two ADRs were similar when the pathways that were associated with the two ADRs significantly overlapped based on
hypergeometric test (𝑃 ≤ 0.01). To examine the ability of
the pathway-based ADR-ADR similarity measure to quantify
ADR relations, we calculated the closeness between drug sets
of two ADRs (see Section 2). The background set was defined
as the drug sets of two dissimilar ADRs. We found that similar
ADR pairs’ drug sets significantly shared more indications
than the background set (𝑃 = 1.8261 × 10−57 , Wilcoxon ranksum test). This result indicated drug sets of similar ADRs
were closer than that of dissimilar ADRs, implying that our
method can link similar ADRs to one pathway. Therefore, our
method can efficiently identify the relations between ADRs
and pathways.
3.4. Case Study: Heart Failure-Associated Pathways. Heart
failure (HF) is a condition in which the heart is unable

to pump out sufficient blood to meet the need of the
body. The features of HF are systolic/diastolic dysfunction
and impaired electrical conduction [25]. Upon the seven
identified HF-associated pathways, we can understand the
molecular mechanisms of HF. It was proposed that HF was
likely caused in the following three routes (see Figure 5). (1)
Direct interactions with proteins like p53, TNF, IL-1, IL-3,
or other proteins caused apoptosis, which was a hallmark of
etiologies of HF [26]. (2) Activation of MAPK signaling pathway by undesired interactions with proteins like FGF, ERK,
and JNK caused HF through regulating cardiac remodeling,
cardiomyocyte apoptosis, and cardiac hypertrophy [27–29].
(3) Gating properties of gap junction can be changed by active
mitogen-activating protein (MAP) kinase and c-Src, which
can cause conductance decrease [25, 30]. Altered Ca2+release channel levels via protein IP3R in gap junction may
be responsible for defects in Ca2+ homeostasis, which was
implicated in HF [31]. Besides, pathways including bladder
cancer, colorectal cancer, toxoplasmosis, and epithelial cell
signaling in helicobacter pylori infection were connected
to the MAPK signaling pathway and apoptosis and were
associated with HF.
3.5. Constructing the ADR-ADR Network. To better understand the mechanisms of ADRs, we constructed an ADRADR (AA) network in which two ADR nodes were connected
if they were similar according to the pathway-based ADRADR similarity measure. The AA network contained 273
ADRs and 3,241 interactions (see Figure 6(a) and Supplementary Dataset S2). The average interaction number per ADR
was 23.7. The characteristic path length, which was defined as
the average number of links in the shortest path between two
nodes, was 2.637. The result showed that the AA network was
tightly connected. The degree distribution of ADRs followed
a power-law distribution with 𝑃 = 0.9617 (using igraph
package in 𝑅). Like many other known biological networks,
the AA network also showed scale-free characteristics.
Medical Dictionary for Regulatory Activities (MedDRA)
is a standardized medical terminology that is used for adverse
event reporting in the USA, European Union, and Japan [32].
MedDRA possesses a hierarchy structure that contains five
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Figure 5: The three pathways that were associated with heart failure were shown. The red nodes represented targets of drugs that caused heart
failure.

levels. We obtained the top level system organ class (SOC)
for ADRs. To analyze interacting ADR classes from a global
view, we investigated the interaction frequency between any
two SOCs in the AA network. For an ADR of one SOC (e.g.,
“hepatobiliary disorders”), we calculated the number of the
ADR’s neighborhoods which belonged to another SOC (e.g.,
“eye disorders”). The calculation procedure was repeated
for all the ADRs in the SOC “hepatobiliary disorders”
and the corresponding numbers were summed to gain the
interaction frequency between “hepatobiliary disorders” and
“eye disorders.” In this manner, we obtained the interaction
frequency between any two SOCs for 23 SOCs involved in
the AA network. Here, only one ADR “SGOT increased” in
the AA network was an element of the SOC “investigations,”
and the degree of the ADR equals 1. Hence, this SOC whose
interaction frequency is 1 is excluded. Finally, for one SOC
we calculated the fraction of interaction frequency between
the SOC and each of the 22 SOCs normalized by total
amount of the SOC’s interaction frequency. The outcome was
visualized in Figure 6(b). We found that only the three SOCs
had high interaction frequency with themselves, particularly
“gastrointestinal disorders,” “nervous system disorders,” and

“respiratory, thoracic and mediastinal disorders.” Most SOCs
(19/22) frequently interacted with other SOCs rather than
themselves. Interactions between SOCs were promiscuous. It
suggested that the perturbation of the pathways by drugs may
affect various organs rather than a particular organ, which
was consistent with the previous study [4]. Such a result
also supported the effective performance of our method in
identifying the associations between ADRs and pathways.
Furthermore, interaction frequencies with all SOCs were
different for one SOC. Except “pregnancy, puerperium and
perinatal conditions” and “respiratory, thoracic and mediastinal disorders,” the remaining 20 SOCs interacted with
“gastrointestinal disorders” or “nervous system disorders”
more frequently than other SOCs, with 12 SOCs that interacted frequently with “gastrointestinal disorders” and 8 SOCs
that interacted frequently with “nervous system disorders.”
This analysis has provided useful information. When an
ADR in one organ was observed, gastrointestinal organs and
the nervous system were most likely affected. For example,
“psychiatric disorders” frequently interacted with “nervous
system disorders” which was consistent with the previous
research [33]. Simultaneously, “nervous system disorders”
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Figure 6: The AA network and its properties. (a) The AA network. Each node is an ADR, and two ADRs were connected by a link when
the pathways that were associated with these ADRs significantly overlapped. The significance of the overlapping was also evaluated by the
𝑃 values of the hypergeometric test (𝑃 ≤ 0.01). (b) The heatmap of interaction frequency between any two SOCs. The highest percentage
of interaction frequency of every SOC was labeled on the corresponding color column. (c) ADR clique 20. All ADRs in this clique were
associated with three identical pathways. Every ADR node was colored according to the SOCs to which the ADR belonged.
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Table 1: The cliques with at least half of ADRs sharing the same SOC.
Clique
Clique
Clique
Clique
Clique
Clique
Clique
Clique

r
17
18
21
22
10
11
26

0.83
0.83
0.66
0.66
0.5
0.5
0.5

Clique 27

0.5

Common SOC
Skin and subcutaneous tissue
Skin and subcutaneous tissue
Skin and subcutaneous tissue
Skin and subcutaneous tissue
Blood and lymphatic system
Blood and lymphatic system
Infections and infestations
Respiratory, thoracic and mediastinal
disorders

𝑟 is the percentage of the ADRs belonging to one SOC in a clique.

interacted with “psychiatric disorders” more frequently than
other SOCs. This result showed that ADRs from these two
organs were likely to be cooccurring terms.
Finally, we used CFinder [20] to mine the cliques in the
AA network (as shown in Supplementary Table S1). All ADRs
in one clique were fully connected with each other. Any
two connected ADRs significantly shared the same pathways
according to the method of constructing the AA network. For
example, ADR clique 20, which was shown in Figure 6(c),
shared three pathways: the leishmaniasis pathway, Chagas
disease pathway, and small cell lung cancer pathway. Subsequently, we considered the SOC distribution in ADR cliques.
To this end, we calculated the number of SOCs in each clique,
which spanned a range from 4 to 8. Then, for each SOC in
one clique, we measured the percentage of ADRs belonging to
the SOC. The ADR cliques with percentages ≥0.5 were listed
in Table 1, where the largest percentage was 0.83. This result
indicated that there was none of ADR clique, in which all
the ADRs belonged to the same SOC. In other words, all of
the ADR cliques were heterogeneous. Therefore, SOCs were
distributed promiscuously in all the cliques, implying that the
change in common pathways can cause unwanted phenotypic
effects in different system organs. We further supported the
above result that drug perturbation to a certain pathway may
affect multiple organs instead of one particular organ.
3.6. Discussion. It is worth noting that our work can only
identify pathways that are affected by a certain amount of
drugs. If a pathway is affected by a very few drugs, then it is
unable to associate observed ADRs with this pathway. However, this will be alleviated through completing drug-target
relations. With the development of cheminformatics, more
precise associations between ADRs and biological pathways
will be identified. Another limitation is that examination
in vivo of novel predicted ADR-pathway associations needs
further investigation.
In this study, we proposed a new concept to identify the
ADR-pathway associations using enrichment analysis based
on multilevel relation. Compared with previous works, our
method used existing drug-target relations. Therefore, our
results do not depend on the selection and accuracy of various
drug-target prediction algorithms or require structural information concerning compounds and proteins. Additionally,

the network analysis method was used to systematically
analyze ADR-pathway associations. The results showed that
ADR-related pathways were valuable resources in elucidation
of the mechanisms of ADRs and investigation of the concurrence of ADRs.

4. Conclusions
The inferred ADR-pathway relations can be used to elucidate the mechanisms of drug side effects. To this end,
we used hypergeometric test, which is a typical method
for measuring the significance of the associations between
two variables, to identify ADR-pathway associations. We
evaluated the performance of the method by using a textmining tool to obtain cooccurring pathway terms with
ADRs and defining a pathway-based ADR-ADR similarity
measure. The results suggested that our method can be
efficient for identifying associations between ADRs and
pathways. Then, we constructed the ADR-pathway network
based on the identified ADR-pathway associations. This
network contributes to the investigation of drug-activated
biological pathways that regulate phenotypic changes in cells.
For example, the pathogenesis of heart failure was likely
attributed to three routes: apoptosis, gap junction, and MAPK
signaling pathway. Topological property analysis revealed
that, on the one hand, disturbance of most pathways led to
concurrency of multiple ADRs and, on the other hand, many
ADRs were caused through synthetically affecting multiple
biological pathways. We also found that the degrees among
the rare ADRs, infrequent ADRs, and frequent ADRs were
significantly different. Frequent ADRs were associated with
more pathways than rare and infrequent ADRs. To uncover
the reasons for this phenomenon, we calculated the number
of all drugs causing one ADR and the number of total
targets of these drugs. Although frequency of one ADR is
defined as the percentage of patients reporting the ADR
after taking drug rather than the number of drugs with the
ADR, we found that frequent ADRs were linked to more
drugs and drug sets eliciting frequent ADRs were linked to
more targets. We further investigated the contributions of
pathway categories to ADR etiology. The results showed that
EIP contributed most to the observed ADRs. Subsequently,
an AA network was generated according to the pathwaybased ADR-ADR similarity measure. After accessing the
interaction frequency between any two SOCs, we found that
SOCs frequently interacted with other SOCs rather than
themselves, indicating that perturbation to a certain pathway
may affect multiple system organs instead of one specific
organ. It was further supported by investigating the SOC
distribution in all the ADR cliques. These results can provide
references for side effect assessment in drug design. When
an ADR in one SOC presented after drug administration,
the biological characteristics of the organs that frequently
interacted with the SOC should be investigated. Finally,
there is a new speculation concerning ADR cliques. ADRs
in one clique shared the same pathway according to the
construction method of the AA network. Then, after drug
treatment, the corresponding pathway was affected by this
drug. The ADRs in the same clique likely cooccurred.
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For example, for ADR clique 20, patients with rheumatoid
arthritis experienced adverse events, including dyspepsia,
pneumonia, and gastroenteritis after Tacrolimus treatment
[34]. Additionally, patients with hepatitis had proteinuria
and hyperkalemia complications [35]. The cross talk between
ADRs was established via their common pathways. The AA
network and ADR cliques may be used to elucidate the
concurrence of ADRs. Therefore, it would provide an entry
point for investigating ADR relations through recognition
of common pathways. In conclusion, this ADR and pathway
study provides a global and powerful approach to discuss the
molecular mechanisms of ADRs.
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The substrates of a transporter are not only useful for inferring function of the transporter, but also important to discover
compound-compound interaction and to reconstruct metabolic pathway. Though plenty of data has been accumulated with the
developing of new technologies such as in vitro transporter assays, the search for substrates of transporters is far from complete.
In this article, we introduce METSP, a maximum-entropy classifier devoted to retrieve transporter-substrate pairs (TSPs) from
semistructured text. Based on the high quality annotation from UniProt, METSP achieves high precision and recall in crossvalidation experiments. When METSP is applied to 182,829 human transporter annotation sentences in UniProt, it identifies 3942
sentences with transporter and compound information. Finally, 1547 confidential human TSPs are identified for further manual
curation, among which 58.37% pairs with novel substrates not annotated in public transporter databases. METSP is the first efficient
tool to extract TSPs from semistructured annotation text in UniProt. This tool can help to determine the precise substrates and drugs
of transporters, thus facilitating drug-target prediction, metabolic network reconstruction, and literature classification.

1. Introduction
Metabolic network analysis and reconstruction have become
increasingly prevalent with diverse sources from functional
genomics experiments. Plenty of bioinformatic tools were
developed to generate high quality metabolic models on
metabolic enzyme and pathway annotation for different
organisms [1]. However, transporters, as a large group of proteins to exchange metabolite, drug, toxin, and environmental
signal between cells [2, 3], are often ignored in metabolic
analysis and reconstruction [4, 5]. One possible challenge
is the inherently difficult integration of enzyme metabolic
system with transporting system. Our previous study built
connections between all metabolic enzymes and transporters

in human via their shared substrates [6]. Although it is
far from complete, it provides a practical solution to link
transporter and metabolic enzyme in genome scale. To get
more comprehensive metabolic reconstruction with both
metabolic enzyme and transporter, more accurate information on substrates of transporters is needed.
Although many transporter databases were developed to
store and classify all reported transporters such as TCDB
[7] and TransportDB [2], most of them focus on collection
of transporters. TCDB contains comprehensive transporter
families according to their transporter classification system.
And TransportDB includes more comprehensive annotations
for transporters from 365 organisms. The important substrate
information for transporters is not systematically collected
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Figure 1: Workflow of design and function of METSP. Step I (highlighted in pink): explicit TSPs were manually collected from UniProt,
TCDB, and TransportDB databases. Step II (in blue): the UniProt annotation text of proteins in explicit TSPs and in randomly selecting
protein set was processed to get positive and unlabeled sentence training sets. The maximum-entropy model was used to train and retain the
classifier. Step III (in green): the classifier was used to recognize TSPs from query protein annotation text. The new TSPs were obtained by
further experts checking.

and classified. To get accurate relations between transporters
and their substrates, we manually curated transportersubstrate information from UniProt function annotation
(TSDB: http://TSdb.cbi.pku.edu.cn/) [6]. Though manual
curation gains reliable substrate data for transporters, it is
also too time consuming to keep abreast of the growth of
transporter-substrates information from published literature
and UniProt annotation.
In postgenomic era, biomedical data and literature are
growing in an exponential way. To date, the PubMed,
the most comprehensive biomedical literature repository,
includes over 21 million abstracts [8]. And as the most
popular protein database, UniProt [9] records over 1.5 million proteins with various annotations currently. Given the
explosion of free text based electronically available publications, increasing strategies in text mining and information
extraction were applied to extract biomedical knowledge.
Many high efficient tools were developed for recognition
of named entity such as protein and gene names in free
text, identification of subcellular localization of proteins,
extraction of interaction of proteins, and association of genes
according to functional concepts such as gene ontology and
MeSH terms [10–16].
Here we constructed a standalone tool METSP, a
maximum-entropy text mining classifier, to extract TSPs
from semistructured text in UniProt protein annotation.
As most comprehensive and confidential protein databases,
UniProt provides us with more reliable substrate data. In
addition, its semistructured text for protein annotation
makes information extraction more reliable than those from
free text. We believe that it will be useful to help the metabolic
network reconstruction [17–19] and disease network analyses

[20, 21] by incorporating the transporter-substrate information.

2. Results
The main goal of METSP is to identify and extract sentences
with transporter-substrate information from UniProt entries.
Thus, METSP focuses on two tasks: The first task is to
extract semistructured annotation sentences of transporters
in UniProt and then map transporter and compound names
in sentences into standardized protein identifiers in UniProt
and compound identifiers in KEGG LIGAND database [22].
The second addresses the judgement of transporter-substrate
relationship accurately. For example, when we aim to figure
out what substrates are transported by SLC12A8 (Solute
carrier family 12 member 8, UniProt entry with AC as
A0AV02), first the sentences containing transporter and
compound information are extracted by METSP. METSP
then extracts two compound names potassium and chloride
from functional annotation sentences of SLC12A8 (A0AV02)
and maps potassium and chloride to compound identifiers
C00238 and C00698, respectively. Next, METSP classifier
assigns the correct substrates for the transporter based on
the two extracted compounds. In this example, potassium
(C00238) curated by human expert is the real substrate of
SLC12A8 (A0AV02). Figure 1 shows a typical workflow for
METSP.
2.1. Collecting Reliable TSPs from Public Databases. To obtain
a comprehensive and reliable TSP dataset, we first retrieved
all the known transporter and substrate information from
UniProt and the other two popular transporter databases
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Table 1: Summary of reliable TSPs from UniProt, TCDB, and
TransportDB.

TSPs
Transporters
Substrates

UniProt

TCDB

TransportDB

Sum from
formula (∗)

35586
25056
528

2641
1501
229

86726
57070
351

6955
5042
275

Note: (∗): 𝑅 = {𝑟 | 𝑟 ∈ 𝑅UniProt ∩ 𝑅TransportDB ∪ 𝑅TCDB }, where 𝑅UniProt ,
𝑅TCDB , and 𝑅TransportDB refer to all TSPs collected from UniProt, TCDB, and
TransportDB, respectively.

TCDB and TransportDB. Then we mapped substrate names
to compound IDs in KEGG LIGAND database and manually
checked all the transporter names and their corresponding
substrate names and compound IDs one by one. Finally,
we compiled 6955 reliable TSPs from all the above three
databases (Additional file 1, in Supplementary Material available online at http://dx.doi.org/10.1155/2015/254838, the 6955
TSPs were manually collected from UniProt, TransportDB,
and TCDB). As shown in Table 1, the number of extracted
transporters, substrates, and TSPs in different data sources
is different. Though TransportDB has the largest TSPs, the
collected substrates are less than those from UniProt.
2.2. Constructing Training Set for TSP Prediction. The training sentences expressing transporting relationship of transporter and substrate are included in protein semistructured
annotation text of UniProt. To obtain a reliable training
dataset, we first retrieved all text of transporter entries from
UniProt based on the accession numbers of transporters in
our curated reliable TSPs (Additional file 1). As only annotations from protein name (DE), function annotation (CC),
and gene ontology (DR) fields were informative to extract
substrate information, we deleted annotations in other fields
for training classifier to reduce the size of preprocessing
data and to drop negative influence generated by irrelevant
fields. Previous study indicated that better performance can
be achieved by using sentences as input instead of sentence
pairs [23]. Therefore, we split functional annotations into
sentences and regarded them as elements of training set, as
well as the text related with protein name and gene ontology
fields. If a sentence belonging to annotations of a transporter
contained one or more substrates which were transported by
this transporter and had corresponding compound IDs in
KEGG LIGAND database, we considered that this sentence
was a positive instance. We collected 13,212 positive instances
from the annotations of 5,042 transporters (Additional file
2, the training set includes 41,332 instances in the format of
“label + accession number + field flag + a sentence”).
It was expensive to collect negative dataset manually,
so we collected unlabeled instances as negative data and
combined positive instances to make up training set. There
were 525,997 reviewed protein accession numbers in UniProt
(checked on May 4, 2011), from which 5,042 protein accession
numbers were chosen randomly. Then 28,120 sentences were
extracted as unlabeled instances from the annotations of
selected proteins which are not overlapping with any proteins

in our training set (Additional file 2). Previous study indicated that training set consisting of positive and completely
randomly chosen instances could get similar classification
with training set consisting of positive and negative instances
[24]. Therefore, we used positive and unlabeled datasets to
train classifier. However, the performance of the classifier
must be influenced by positive instances that existed in
unlabeled set. For excluding positive sentences that might
exist in unlabeled set, a method of iterating relabelled training
set was adopted to make unlabeled instances as similar to
negative instances as possible.
In this study, all marked compound names must
have compound IDs in KEGG LIGAND database, with
a hypothesis that a compound name appearing in sentences could be mapped to an identifier in KEGG LIGAND database and be unique. Besides, compound names
in UniProt should be general and in KEGG LIGAND
database should be comprehensive, for example, UniProt
names compound sucrose “sucrose,” and the other names it
“cane sugar,” “saccharose,” and “1-alpha-D-Glucopyranosyl2-beta-D-fructofuranoside.” For these reasons, we fast tagged
compound names in sentences using Trie data structure [25].
2.3. The Tenfold Cross-Validation Strategy to Evaluate the Prediction Results. To assess how the predicted results are robust
to any independent data set, we conducted a tenfold crossvalidation. The collected training set (13,212 positive instances
from the annotations of 5,042 transporters) was randomly
partitioned into 10 equal sized subsets. Of the 10 subsets, a
single subset was used as the validation data to test the output
from our statistical model. The remaining 9 sets were used
as training data for each run. This cross-validation process
was repeated 10 times. As each subset was used exactly
once as the validation data, we harvested 10 results from
calculation, which were combined by average to generate
the final rotation estimation. Our 10-fold cross-validation
performed better than that repeated random subsampling
because all the collected 13,212 positive instances were used
for training and validation. In addition, each observation was
used for validation exactly once. For each cross-validation
process, there were 1,320 positive instances used as testing
set roughly. We calculated the true positive by counting how
many prediction results from testing set were the exact same
as their original labels (positive or negative, as shown in
Additional file 2).
2.4. The Comparison of Maximum-Entropy Classifier and
Naı̈ve Bayes (NB) Model. We obtained features from sentences with the idea of bag of words [26] that ignored
the positions of words in the sentences. In addition, words
with the same stem usually have a similar meaning; for
example, transporter, transporting, and transported have the
same stem “transport.” So we used Porter algorithm [27] to
combine all the words with the same stem into a single term
to obtain general features. Stop words were removed from
sentences by the filter in Mallet Toolkit [28]. The maximumentropy (ME) model and Naı̈ve Bayes (NB) model in Mallet
toolkit software package [28] were applied to construct the
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Figure 2: The performance comparison of ME and NB classifiers. ROC curves of maximum-entropy classifier and Naı̈ve Bayes classifier on
the original (a) and relabelled datasets (b).

Table 2: The precision, recall of ME classifier, and the number of
“false” negative instances that were actually positive instances in four
iterations.
Precision
Recall
FP ratio∗

Iteration 1
94.93%
97.52%
546/688

Iteration 2
98.17%
97.95%
70/250

Iteration 3
98.50%
98.00%
24/205

Iteration 4
98.54%
98.02%
16/201

Note: ∗ FP ratio represents the number of “false” negative instances that were
actually positive instances.

classifiers. Given a known probability distribution of a fact
dataset, ME model that is consistent with the distribution of
this dataset is constructed with even probability distributions
of unknown facts [29–31]. NB model assumes that the
occurrence of a given word in a sentence is independent of
all other words in the sentence [32].
Since there were positive instances in unlabeled dataset,
the method of iteration of tagging false negative instances
in unlabeled dataset was adopted to reduce their negative
effect on the classifier. In each iteration, we rescued the
sentences that expressed real transporting relationship in
unlabeled dataset, added them into positive set to construct
new training dataset, and then obtained the classification
results from tenfold cross-validation experiments on the new
training sets. The precision and recall [30] of our classifiers
were improved step by step until they met steady status after
the fourth iteration (Table 2). As unlabeled dataset is close to
negative dataset after 4 iterations, the final training set from
the last iteration was used to build our classifier to extract
TSPs from protein annotation in UniProt. The performance

of two classifiers was shown in Figure 2: When original
dataset was applied, the accuracy scores of two classifiers were
0.9749 (ME) and 0.9568 (NB), respectively. When retraining
dataset was applied, the accuracy scores of two classifiers were
0.9891 (ME) and 0.9698 (NB), respectively. The performance
of ME classifier was better than that of NB classifier; thus we
adopt ME classifier as the main component of METSP.

2.5. The Precomputed Results for All the Human Proteins in
UniProt Identified Thousands of Novel Transporter-Substrate
Relationships. It is promising to extract specific transporter
and substrate information from the wealth of biomedical
knowledge in free text due to the increasing number of stored
literature in databases such as PubMed and UniProt. To
evaluate the results from METSP, we applied our tool on the
23,204 human reviewed protein annotations in UniProt (23
August 2011), which contained 182,829 sentences as input of
classifier; 3942 TSPs were extracted (Additional file 3, the
3942 human TSPs were extracted by METSP).
To identify novel transporter-substrate relationships, we
compared our predicted human TSPs with the human TSP
data in TCDB, TransportDB, and KEGG (Figure 3). The total
percentage of new TSPs is 58.37% against total TSPs in all
three other databases. The amount of our TSPs extracted
by METSP was more comprehensive than those in other
transporter databases. First, it could be explained by the
inaccuracy substrate description in other related databases.
Many substrate names in these databases are too general
such as “organic anion” in TransportDB. As the terms
such as “organic anion” are too general and common, it is
difficult to map these terms to compound IDs in KEGG
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Q4U2R8 could be easier to be associated with four KEGG
pathways including “ko00380,” “map01070,” “ko01100,” and
“ko04075.” This link of transporter Q4U2R8 to the four
pathways may give more accurate clues for this transporter
on its substrate flux balance. In total, there are 136 compound
IDs in our curated human TSPs, which are not included in
other databases and in which 75 are annotated to 88 metabolic
pathways. Therefore, our METSP is powerful to discover
potential novel linkage between transporters and metabolic
pathways.

TCDB

KEGG

Figure 3: Comparison of TSP data. Comparing human TSPs
extracted by METSP with that in three existing transporter-substrate
databases (TCDB, TransportDB, and KEGG database). Blue bars
represent the number of TSPs extracted by METSP and in the three
databases; red bars represent the number of TSPs that were not
extracted by METSP but in the three databases; green bars represent
the number of TSPs extracted by METSP but not in the three
databases.

LIGAND database. In total, there are 40 human transporters for “organic anion,” 22 for “organic cation,” 17 for
“monocarboxylate,” and 45 for “amino acid” in TransportDB.
However, the “organic anion” was specified to triiodothyronine (C02465) and sulfobromophthalein (C11363) in our
result. On the other hand, the content of transporters in
these databases is not comprehensive as these databases
are constructed for specific purpose. For instance, TCDB
only includes representative transporters; thus it does not
collect some transporters with similar functions in different
organisms [33]. The UniProt entry P41130 (maltose-binding
periplasmic protein) from photorhabdus luminescens is not
included in TCDB because it is similar to transporter
P0AEX9 (maltose-binding periplasmic protein) from E. coli.
In summary, our approach utilizes not only accurate substrate
information but also more comprehensive transporter data
in UniProt. Thus our tool is able to harvest more TSPs from
UniProt compared to other transporter databases.
The comprehensive TSPs extracted by METSP are not
only able to facilitate access to transporter and substrate
researches, but also useful to link transporters with metabolic
pathways in KEGG PATHWAY database. For instance, a
novel TSP (Q4U2R8 and C00954) summarized by METSP
has never been recorded in any existent transporter database
such as TCDB and TransportDB. TCDB does not include
the entry Q4U2R8. In addition, TransportDB and KEGG
databases only annotate substrate with general words as
“organic anion” for entry Q4U2R8 (named “NP 004781”
in TransportDB, “hsa: 9356” in KEGG), which is useless
to assign a compound ID in KEGG LIGAND database for
“organic anion” term. However the function annotations of
Q4U2R8 in UniProt contain the precise transporting substrate as “indoleacetate” belonging to “organic anion.” Based
on its extracted substrate name in the protein annotation,

3. Programming
METSP is implemented by using JAVA language and consists
of data downloadable module, preprocessing module, ME
classifier module, compound name mapping module, and
assisting manual validation module. The three main features
of METSP are
(1) extracting accurate TSPs using the UniProt accession
numbers as input;
(2) extracting accurate TSPs from local semistructured
text, which is similar to the format of text in UniProt,
with transporter and substrate information;
(3) a command line-based running for user to process big
data without minimum deployment.

4. Usage
METSP was packed for downloading at http://tsdb.cbi.pku
.edu.cn/metsp.cgi. By unzipping the packed tar file, user
can find the executable jar file in the extracted directory.
User can configure the running environment for better
performance. The runnable classifier is included in the folder
“classifier.” The folder “compoundNameData” contains the
file “compoundName.txt” to construct Tire tree. User can
add more compound names to this compound name file for
better compound name match. The known TSPs collected
from public databases are included in folder “result,” which
are useful to evaluate the performance.
METSP provides a few parameters for user implementing
the running setting. The threshold of classifier can be set
by the parameter “𝑡” that is in positive correlation with the
precision of METSP and is in negative correlation with the
recall of METSP. It can balance the weight of scale and validity
of TSPs. The default value of “𝑡” is 0.5. User can obtain better
precision of the classifier by setting a threshold of parameter
𝑡. The parameter “𝑛” is used to set whether to remove known
TSPs from prediction result; the default value is not. The
parameter “𝑓” is used to obtain input data with the full
records in UniProt format. The parameter “𝑑” denotes a list
of UniProt accession numbers as input. METSP can retrieve
semistructured annotation sentences from UniProt entries
automatically. The default input is from parameter “𝑓” if user
does not set parameter “𝑑.” The parameter “𝑐” is used to
set whether to export the scores of instances in output; the
default is yes. The parameter “𝑒” is used to set whether to
extract TSP data in output; the default is yes. An example
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of input file “input.txt” in UniProt format is also stored in
METSP. The default output is a PDF file containing all TSPs
with prediction scores from the classifier. The example of the
command to run the example file is as follows:
“java -jar METSP.jar -t 0.5 -f input.txt result.pdf”.
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Recently, biology has become a data intensive science because of huge data sets produced by high throughput molecular biological
experiments in diverse areas including the fields of genomics, transcriptomics, proteomics, and metabolomics. These huge datasets
have paved the way for system-level analysis of the processes and subprocesses of the cell. For system-level understanding, initially
the elements of a system are connected based on their mutual relations and a network is formed. Among omics researchers,
construction and analysis of biological networks have become highly popular. In this review, we briefly discuss both the biological
background and topological properties of major types of omics networks to facilitate a comprehensive understanding and to
conceptualize the foundation of network biology.

1. Introduction
In molecular biology, the list of components at the genome,
transcriptome, proteome, and metabolome levels is gradually
becoming complete and well-known to scientists. However, it
is not holistically known how these components interact with
each other to grow, maintain, and reproduce life at different
phases, in different environments or with different challenging conditions. In cells, many concurrent and sequential tasks
are performed based on complex signaling and regulation.
Different omics molecules are elements of a cell. Due to the
existence of unicellular organisms, cells are, in some sense,
considered a basic unit of life.
For system-level understanding, initially the elements are
connected based on their mutual relations and a network
is formed on this basis [1]. Networks at the molecular
level are constructed to understand and explain the cell as
a system. In multicellular organisms, cells that constitute
tissues and organs in turn are organized and arranged to
make an organism. Like intracellular signaling, there is also

intercellular signaling. A whole organism can be viewed as
a network of cells or as a network of organs at a higher
level. An ecosystem, in turn, is made of many organisms and
depends on species-species relations. A network of species
can be constructed and utilized to understand and analyze
ecosystems. Furthermore, over time, an organism can evolve
and to explain such evolution phylogenetic networks, mostly
trees, have been constructed involving present and past
organisms.
In recent years, substantial research has been conducted
on networks ranging from social and biological networks
up to the Internet, aiming to decipher mechanisms of how
these networks grow and evolve and what global properties
they develop in the long run. Global network properties
such as average path length, clustering coefficient, and degree
distribution reflect useful information about the nature of
these networks such as network robustness and the existence
of hub nodes or clusters [1, 2]. Network theory also allows
calculation of different centrality measures for network elements, revealing globally important network information
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in different contexts [3–5]. Centrality measures can identify various things including determination of nodes that
disseminate information rapidly in the network or which
nodes to consider for blocking the spread of something in the
network.
It is increasingly commonly recognized that complex systems cannot be described by separately studying individual
elements. Analysis and understanding of the behavior of such
systems start with determination of the global topological
properties of the corresponding network. Cellular molecules
mainly consist of DNA, RNA, proteins, and metabolites,
which are the key drivers of cellular mechanisms. The actions
and interactions of such molecules control various functions
of the cells. In the present review, we focus on molecular
biological networks. In such networks, the nodes are usually
cellular molecules such as genes, proteins, or metabolites,
while the edges represent biological relationships, for example, physical interactions, regulations such as activation and
inhibition of gene expression, or reactions such as substrate
product association. Networks in systems biology, can be
constructed in different contexts and sizes to support to
system-level analyses of cellular processes, subprocesses, or
higher-level biological phenomenon.
The concept of networks and network-based methods
finds many applications in systems biology [1, 6]. Relational networks of genes derived from gene expression
data can be used to develop novel biological hypotheses
about subgenome level interactions and mechanisms such as
signaling and regulation to guide new experimental designs
aimed at testing such hypotheses [7]. Biological networks
can be utilized to identify biomarkers for disease diagnosis.
Even a subnetwork could be used to identify biomarkers for
diagnostic, predictive, or prognostic purposes [8–11]. Protein
network and mRNA profiles can be integrated to identify
subnetwork biomarkers, that is, highly connected genes of a
subnetwork that could be the marker of a disease state. There
are several network-based approaches for identifying disease
genes and protein interaction subnetworks which are disease
signatures [12–14].
There is growing evidence that a network approach
is needed for successful development of medications for
complicated diseases [15]. Complicated noncommunicable
diseases such as cancer, Alzheimer’s disease, mental disorders, and heart diseases are caused by multiple molecular
abnormalities. The drug discovery process for these diseases
requires targeting entire molecular pathways of various cellular omics networks rather than single molecules.
Recently, biological networks, for example, proteinprotein interaction (PPI) networks and gene expression
networks, have found widespread application in drug target
detection [16–19]. A system-level approach to function prediction of unknown omics molecules can be performed by
constructing a network of such molecules and by analyzing
the clusters in the network based on the “guilt by association”
philosophy [1].
Already, omics networks have become an indispensable
part of understanding biology and medicine, and they will
be increasingly important in the future. In this paper, we
discuss the background and characteristics of some basic
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types of molecular biological networks. This information
provides a useful foundation for understanding the concepts
of biological systems.
The rest of this paper is organized in several sections.
Section 2 describes the gene regulatory networks, including
the biological mechanism, regulatory relations, and topological properties. Section 3 discusses the protein-protein
interaction networks, defining these networks, how they are
detected, and their properties. Section 4 describes the biology
and properties of metabolic pathways. Section 5 looks at
signal transduction and signaling networks. Section 6 then
examines the growing number of databases related to omics
networks. Finally, Section 7 draws our conclusions from
this review of the background and characteristics of major
molecular biological networks.

2. Gene Regulatory Networks
In this section we briefly describe the biological mechanism
of gene regulation, determination methods of regulatory
relations between genes, and the topological properties of
gene regulatory networks.
2.1. The Biology of Gene Regulation. The main objective of
gene regulation is to regulate the production of proteins,
which are directly associated with development, maintenance, and survival of organisms. The process of producing
proteins has several steps, from DNA transcription to mRNA
through translation to proteins, all of which are controlled by
the gene regulation system. Chromosomes contain DNA, a
double helix of nucleotide sequences, which contains codes
for many proteins separated by noncoding regions. Generally,
the code for a single protein on the DNA is called a gene.
To produce a protein, first the DNA corresponding to a
gene is transcribed to an mRNA by a molecular machine
called RNA polymerase. An mRNA is a single-stranded
nucleotide sequence that usually contains the code of a
single protein or sometimes more proteins. This process of
producing an mRNA from DNA is known as transcription,
while generation of mRNAs of a gene is called expression
of a gene. From there, another molecular machine called
a ribosome extracts the information from the mRNA and
produces proteins. This process is known as translation. The
total process of information flow and protein production
from DNA through mRNA to protein is generally known as
the central dogma of molecular biology. However, the gene
regulation system controls this process, determining which
protein is produced, how much, where, and when. Gene
regulation requires very complex signal control for proper
development, maintenance, and survival of an organism.
While all of the mechanisms and information about the
regulatory systems of all genes are not yet known, it is clear
that deciphering the gene regulation system is important for
treating complex diseases and genetic engineering.
A key part of the gene regulation system is what is
known as transcription factors (TFs). As described above,
the process of protein production starts with transcription
of the corresponding gene. Therefore, major mechanisms of
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gene regulation are based on the interaction of TFs and other
regulators such as microRNAs (miRNAs) at the transcription
level. TFs are special types of proteins that have DNA binding
domains that can bind at specific sites of DNA defined by
particular sequences of certain length. For example, a yeast
TF, GAL4, is a chain of 881-amino acids with a Zn-Cys binuclear cluster-type DNA-binding domain [20]. The nuclear
protein GAL4 is a positive regulator of gene expression for
the galactose-induced genes such as GAL1, GAL2, GAL7,
GAL10, and MEL1. These genes encode enzymes that convert
galactose to glucose. GAL4 recognizes a 17-base-pair long
sequence in the upstream activating sequence (uas-g) of
these genes, (5 -cggrnnrcynyncnccg-3 ) CGG-N11 -CCG [21],
where r stands for Purine (A or G), y for Pyrimidine (C or T),
and n is any nucleotide.
Regulation of gene expression at the transcription level
is a fundamental process that is evolutionarily conserved in
all cellular systems [22]. In this mechanism, the TFs bind at
specific sites in the promoter region of a gene using their
DNA binding domain and thus affect the expression of the
target gene (TG). The promoter is the upstream region of the
transcription start site of a gene, which is composed of a short
core promoter [23] and nearby regulatory elements. Also
there are distal regulatory elements, which can be enhancers,
silencers, insulators, or locus control regions (LCR) [24].
Despite extensive studies, we still have limited understanding
of the mechanisms of distal regulatory elements [25]. The
specific site where a TF physically binds is called a cisregulatory motif.
A TF can work as an activator, a repressor, or as a
dual regulator. An activator increases the expression of the
TG by enhancing the activity of the RNA polymerase at
the promoter. In the context of prokaryotic transcription,
a TF is known to bind upstream of the transcription start
site and often upstream of the −35 promoter element in
case of activation. For repression, a TF usually binds the
DNA to prevent RNA polymerase from initiating transcription. For repression, a TF usually binds downstream of
the transcription site, causing DNA looping or, by binding
between −35 and −10 elements of the promoter region, blocks
RNA polymerase from binding to the DNA and initiating
transcription [26, 27]. Eukaryotic promoters are of various
types and are often difficult to characterize. However, recent
studies show that they are divided into more than ten classes
[28].
Between prokaryotes and eukaryotes, the process of
transcription is somewhat different. Within the cell of a
prokaryote, the nucleoid is an irregularly shaped region
that contains all or most of the genetic material [29]. In
contrast, in a eukaryotic cell, the nucleus is surrounded by
a nuclear membrane. In prokaryotic organisms, the genome
is generally a circular, double-stranded piece of DNA. Such
a DNA is called a genophore, commonly referred to as a
prokaryotic chromosome. In the context of chromatin, this
DNA is different from that of a eukaryote. In a eukaryotic
cell, chromatin is the combination of DNA and proteins that
make up the contents of the nucleus. The primary protein
components of chromatin are histones that compact the DNA
into a smaller volume to fit in the cell and prevent DNA
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damage. Prokaryotes do not have typical histones, but they
do have histone-like proteins that package DNA.
In prokaryotes, the absence of a nucleus facilitates transcription and translation on the same site. Prokaryotes also
have known operons, that is, groups of adjacent genes that are
transcribed as the same messenger RNA but translated separately. The control of transcription in prokaryotes primarily
occurs at the DNA sequence level by using cis-regulatory
elements.
The process of transcriptional regulation in eukaryotes
is highly complicated and estimated to be coordinated and
controlled at several steps, including transcription initiation
and elongation and mRNA processing, transport, translation,
and stability [24]. Most regulation, however, is believed to
occur at the level of transcription initiation by the RNA
polymerase. Many biological events, including chromatin
condensation, DNA methylation, alternate splicing of RNA,
mRNA stability, translational control, protein degradation,
and regulation by noncoding RNA, can be regarded as
mechanisms of gene regulation [30]. The noncoding RNAs
called miRNA are important regulators of gene expression.
They are conserved across species, expressed across cell types,
and active against a large proportion of the transcriptome.
miRNAs are ∼22-nucleotide RNAs that posttranscriptionally
repress gene expression by base pairing to mRNAs [31].
A number of research studies have examined transcription regulation based on relations between TFs and targeted
genes. A set of such relations is called a transcriptional regulatory network (TRN), which may be considered a type of gene
regulatory network (GRN). Any comprehensive characterization of GRNs must include TF-DNA-binding specificities
as well as higher-order modes of regulation such as protein
modification and protein-protein interaction [32]. The concept of a GRN is somewhat broader than that of a TRN
and a comprehensive GRN may include relations other than
transcriptional regulations involving other molecules such
as miRNA and even metabolites. Genes may have various
types of relations between them, for example, transcriptional
regulatory relations, or they may be concerned with the same
protein complex or metabolic/signaling pathways. Obviously,
gene expression data should contain some clues to such
relations [33]. A GRN, then, is defined as a network that has
been inferred from gene expression data by the application of
a statistical inference method [7, 34]. Since gene expression
data often quantifies the abundance of mRNAs, a GRN
provides information about general interactions, other genegene interactions, and potential protein interactions such as
in a complex [34].
2.2. How Regulatory Relations Are Determined. The transcriptional relation between a TF and a TG is a kind of
regulatory relation. Such relations are determined by smallscale or high-throughput methods to define the protein-DNA
interactions. Various methods such as ChIP-chip and ChIPseq can directly infer in vivo binding of TF to TGs [35, 36].
Both experimental and computational methods are currently
used to discover and characterize the TF-TG binding interactions. Marcel and Sebastian reviewed the experimental
strategies for studying TF-TG binding specificities [37].
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Figure 1: (a) Well-known motifs in transcriptional regulatory networks and (b) some real examples of SIM, MIM, and FFL.

Another approach to assess transcriptional regulatory
relations is to determine differentially expressed genes upon
overexpression and deletion of TFs. Regulatory relations
between genes can be modeled by analyzing time series or
specific perturbation-based expression data of a comprehensive set of genes. GRN modeling is often performed based
on Boolean or Bayesian networks or differential or difference
equations or by determining expression profile similarities
between genes based on some measure such as correlation,
Euclidean distance, or mutual information [38–41]. Reverse
engineering gene networks based on gene expression data
using singular value decomposition and robust regression
have also been proposed [42]. However, it is still a challenge
to reconstruct underlying regulatory systems from noisy
experimental data, due to stochastic biological dynamics
and nonlinear interactions. Emmert-Streib et al. reviewed
the methods for inferring gene regulatory networks from
observational gene expression data in detail [34, 43].
2.3. Properties of Regulatory Networks. The combination of
all regulatory relations between TFs and TGs of a species can
be regarded as a static network. In general, one gene may be
regulated by more than one TF, and one TF may regulate more
than one gene. The TFs themselves may be regulated by the
same or other TFs. One of the global topological properties
of such a static network is its degree distribution. The degree
distribution is the probability distribution function 𝑝(𝑘),
which is a function of degree 𝑘. The function 𝑝(𝑘) shows
the probability that the degree of a randomly selected node
in the network is 𝑘 [44]. Usually, in the case of biological networks, the degree distributions are represented as
frequency distributions instead of probability distributions,
and corresponding to both the approaches the shape of
the distribution remains the same. Degree distributions of
TRNs have been analyzed for several species. Overall, the
connectivity follows power law (𝑝(𝑘) ∼ 𝑘−𝛾 ) with 𝛾 ≈ 2
in the case of E. coli and S. cerevisiae [45, 46]. Networks
for which degree distribution follows power law are highly
nonuniform; that is, most of the nodes have only a few links,
with a few nodes that have many links. TRNs are directed
networks because the edges are directed from TFs to TGs.
For such networks, indegree and outdegree distributions
can be estimated separately. In a separate study, it was
shown that indegree distribution follows exponential law
(𝑝(𝑘) ∼ 𝐴𝑒−𝛼𝑘 ) while outdegree distribution follows power

law in the case of a typical S. cerevisiae regulatory network
[45]. Exponential indegree distribution implies that a similar
number of TFs regulate most TGs. However, the power law
outdegree distribution implies that there are hub TFs in the
network which regulate a disproportionately large number of
TGs. Such hub TFs are usually called global regulators [47].
As certain TFs regulate other TFs, it is possible to discover a
hierarchical structure in a TRN. Indeed, a number of studies
have determined a hierarchical structure in a TRN using both
top-down and bottom-up approaches [48, 49].
Other studies have determined the occurrence of certain
motifs in TRNs. Figure 1(a) shows the structure of common
network motifs, namely, a feed forward loop (FFL), bifan, and
single input motif (SIM). The bifan is a special case of the
more general type multiple input motif (MIM). Figure 1(b)
shows real examples of SIM, MIM, and FFL [50]. The FFLs
can be of two types: coherent and incoherent depending
on the match and mismatch, respectively, of the regulatory
effects via the direct and feed forward paths [51]. In another
work studying the dynamic structure of the TRN of yeast,
five subnetworks were generated based on the static TRN,
two of them related to cell cycle and sporulation (endogenous
conditions), and the other three related to dioxic shift, DNA
damage, and stress response (exogenous conditions) [52].
This study showed that FFLs are overrepresented in the
networks related to endogenous conditions, whereas single
input motifs are overrepresented in the networks related to
exogenous conditions.

3. Protein-Protein Interaction (PPI) Networks
Here we discuss PPI network concepts, how PPIs are determined, and the properties of PPI networks.
3.1. What Is a PPI Network? In cells, thousands of different
types of proteins act as enzymes, catalysts to chemical reactions of the metabolism, components of cellular machinery
such as ribosomes, regulators of gene expression, and so
on. Some proteins play specific roles in special cellular
compartments, whereas others move from one compartment
to another carrying mass or information.
Usually, more than one protein physically interacts or
binds with other proteins to form a complex performing
certain biological tasks. For example, in adult humans, the
most common hemoglobin type is a tetramer (which contains

BioMed Research International

Figure 2: Cartoon sketch of hemoglobin tetramer (PDB ID: 1GZX).

4 subunit proteins), consisting of two 𝛼 and two 𝛽 subunits
noncovalently bound, each made up of 141 and 146 amino
acid residues, respectively. The subunits are structurally
similar and about the same size. In human infants, the
hemoglobin molecule is made up of 2 𝛼 chains and 2 𝛾
chains. The gamma chains are gradually replaced by 𝛽 chains
as the infant grows. Salt bridges, hydrogen bonds, and the
hydrophobic effect keep the four polypeptide chains together.
The hemoglobin tetramer is a good example of physical
interaction between proteins to form a protein complex.
Figure 2 shows a typical cartoon image of a hemoglobin
tetramer. Numerous PPIs thus construct useful complexes to
perform biologically important tasks. A PPI network usually
refers to a network made of proteins as nodes, with known
or predicted interactions between them as edges. Usually, for
global analysis, all known and predicted interactions in an
organism are used to construct a large PPI network.
3.2. Detection of Protein Interactions. There are various ways
to detect protein interactions. A comprehensive list of the
different experimental procedures can be found in scientific
literatures [79, 80]. The two most popular high-throughput
methods are the yeast two-hybrid system (Y2H) [81] and
affinity purification coupled to mass-spectrometry (AP-MS)
[82]. Below we discuss some details about the Y2H system.
As an example, we discuss Y2H method in the context
of the GAL4 protein. GAL4 is a global TF that activates
galactose metabolic pathways. It has a DNA binding domain
(BD) that binds to the specific sequence upstream of the
GAL4 regulated genes and an activating domain (AD) which
binds to other proteins to activate the transcription. Both
domains are small parts of GAL4 proteins and are capable
of functioning independently but they need to be in close
proximity. If these two domains are expressed as separate
polypeptide chains in the same cell, they are not in close
proximity and thus they fail to activate transcription. It is
therefore reasonable to hypothesize that if BD is fused to
protein P1 and AD is fused to protein P2, with both fusions
coexpressed in the same cell so that the transcription of
GAL4 regulated genes can be activated; then we conclude
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that P1 and P2 physically interacted to bring BD and AD into
close proximity. Y2H systems exploit this idea to determine
interactions between two unknown proteins. A “bait” is
constructed by fusing a protein, such as P1 to BD, and a
“prey” is constructed by fusing another protein, such as P2 to
AD, and both fusions are coexpressed in the same reporter
cell. Then the expression level of GAL4 regulated genes is
measured to determine whether P1 and P2 interact.
Fields and Song pioneered Y2H in 1989 [83]. Since then,
the same principle has been adapted to describe many alternative methods, including some that detect protein-DNA
interactions [84] or those that detect DNA-DNA interactions
and use Escherichia coli instead of yeast [85]. Large-scale
two-hybrid studies have also been used to study interactions in yeast [81], Caenorhabditis elegans [86], Drosophila
melanogaster [87], and humans [88].
The other popular method for detecting PPI is AP-MS.
The details of this method can be found in [82, 89, 90]. Studies
such as [91, 92] utilized it, where each work identified roughly
300 protein complexes in yeast.
3.3. Insights into Protein Interaction Networks. Other than
degree distribution, two other global topological properties
of a network are average path length and clustering coefficient
[44]. A path between two nodes in a graph is a sequence of
edges, starting from one node and ending at the other. The
distance between two nodes is the length of the shortest path
between them. In a graph consisting of 𝑁 nodes, there are
( 𝑁2 ) = 𝑁(𝑁 − 1)/2 distinct node pairs, and the average path
length of the graph is defined as the average distance between
all possible node pairs. The clustering coefficient of a node
is the ratio of the actual number of edges and the maximum
possible number of edges among its neighbors. The clustering
coefficient of a graph, then, is the average of the clustering
coefficients of all its nodes.
It has been shown that for random networks both the
average path length and the clustering coefficient are low,
while for PPI networks the average path length is low, but
the clustering coefficient is high, identifying such networks
as the “small-world” type [44]. The high clustering coefficient indicates that there are high-density modules in the
networks. A number of algorithms have been developed to
identify high-density modules in PPI networks [93–96]. Such
modules show relevance to the known protein complexes.
The degree distribution of PPI networks is reported to be
of power-law type (𝑝(𝑘) ∼ 𝑘−𝛾 ) [44]. The power-law degree
distribution indicates that the structure of the PPI networks is
of “scale-free” type, which means there are a few high-degree
hub nodes and many low-degree peripheral nodes. It has been
reported that many of the hub nodes of PPI networks are
essential, evolutionarily conserved proteins serving central
roles in cellular processes [97]. The nodes of a network can
be ranked based on their degree and also based on other
centrality measures such as betweenness [98] or eigenvector
centrality [99]. The proteins in the PPI networks for which
such centrality measures are high are also more likely to be
essential proteins. A PPI network of yeast was shown to be a
combination of high-density and star-like modules [93].
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Figure 3: The degree distribution of a yeast PPI network and that of
a random network of the same size.

Figure 3 shows the degree distribution of a PPI network
and a random network of equal size. The PPI network of S.
cerevisiae consists of 12487 unique binary interactions involving 4648 proteins collected from the Munich Information
Center for Protein Sequences (MIPS) database [100]. Notice
that the degree distribution of the PPI network is of powerlaw type while that of the random network follows Poisson’s
distribution (𝑝(𝑘) = 𝑒−𝜆 𝜆𝑘 /𝑘!) [101].

4. Metabolic Pathways
In this section, we discuss the biological basics of metabolic
pathways and their properties.
4.1. Biological Basics of Metabolic Pathways. Living cells
generate energy and produce building material for cell
components and replenishing enzymes by the process of
metabolism. All organisms live and grow by receiving food
or nutrients from the environment and assimilating those
chemicals. The foods are processed through thousands of
reactions. In cells, chemical reactions take place constantly,
breaking and making chemical molecules and transferring
ions and electrons. These reactions are typical of metabolic
pathways. As an example, the first stage of glycolysis pathway
is shown in Figure 4. The glycolysis pathway is very primitive
in terms of evolution and is common to essentially all living
organisms. Metabolites can therefore be considered as the
preliminary level molecules generated from food intakes
which are gradually transformed into building blocks for
producing proteins, RNAs, and DNAs, along with other
useful matter and energy for creating and maintaining cells
and life.
Metabolic reactions follow the laws of physics and chemistry, so modeling metabolic reactions requires considering

many physicochemical constraints [102]. Considering the
balance of inflow and outflow of every chemical reaction
within the entire metabolic network, we can estimate reaction
flow under a steady state and predict optimal performance
for bioproduction [103]. However, it is still difficult to model
dynamic behavior of the whole metabolic network, since
kinetic parameters and the regulatory interaction of enzymes
are not fully determined. Actually, to respond to external
perturbations and internal needs, metabolic pathways must
be efficiently regulated, so they are linked to signaling
networks. Metabolic imbalance causes many severe human
diseases such as diabetes, cancer, cardiovascular problems,
obesity, gout, and tyrosinemia.
Metabolism is a general term for two kinds of reactions,
catabolic and anabolic reactions. Catabolic reactions refer
to chemical reactions that break more complex organic
molecules into simpler substances. They usually release
energy that drives chemical reactions. In these reactions,
large molecules such as polysaccharides, lipids, nucleic acids,
and proteins are broken down into smaller units such as
monosaccharides, fatty acids, nucleotides, and amino acids.
The energy from catabolic reactions is used to drive anabolic
reactions. Anabolic reactions refer to chemical reactions
in which simpler substances are combined to form more
complex molecules. These reactions usually require energy
to build new molecules and/or store energy. The energy for
chemical reactions is stored in adenosine triphosphate (ATP).
The term metabolic network usually means a collection
of metabolic reactions represented as networks, where the
metabolites are the nodes, and two metabolites are connected
if one of them is a substrate and the other is the product
of a reaction. Genome scale reconstruction of a metabolic
network involves thousands of metabolites and reactions.
Metabolic reactions are catalyzed by enzymes, which in a
broader sense are themselves gene products or proteins.
Metabolic networks therefore contain information about
both metabolites and proteins where the metabolites are
nodes and the proteins/enzymes are edges. There are other
ways of representing metabolic pathways, such as Bipartite
graphs or Petri nets [104, 105]. A metabolic pathway can
be represented as a bipartite graph by considering the
metabolites as one set of nodes and the enzymes as another
set of nodes. Such a representation can provide some overall
preliminary information about the system.
4.2. Characteristics of Metabolic Pathways. Usually, largescale metabolic pathways are represented as networks by
replacing the enzymes/reactions as unidirectional/bidirectional edges and keeping the metabolites as nodes. However,
to make it biologically meaningful, usually the currency
metabolites are excluded from the network. There is no
strict definition of the currency metabolites. However, the
metabolites that are used as carriers for transferring electrons
and certain functional groups such as phosphate, amino, or
methyl group are often called currency metabolites. Different
studies use different sets of currency metabolites for the
sake of extracting meaningful results. One study showed that
even when currency metabolites are included in the network,
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Figure 4: The first stage of glycolysis.

metabolic networks are scale-free networks, that is, their
degree distribution follows power law [106]. The work of Ma
and Zeng [107] found that, after deletion of the currency
metabolites, the structure of the metabolite networks still has
a scale-free structure.
Overall, metabolic networks can be regarded as smallworld networks for their power-law degree distribution, high
clustering coefficient, low average path length, and diameter
[108]. High clustering coefficient implies the existence of
high-density modules in the networks. It has been proposed
that the combined properties of power-law degree distribution and high clustering coefficient indicate that modules
in the networks are linked to one another in a hierarchical manner [3]. It implies physicochemical constraints and
evolutionary bias in development of metabolic networks,
exemplified by living organisms acquiring new reaction paths
by slight modification of existing enzymes. When a network
consists of many small, highly integrated modules and the
modules are hierarchically organized, such a network is called
a hierarchical network. The most important signature of
hierarchical modularity is that the average clustering of nodes
of degree 𝑘 defined as 𝐶(𝑘) follows the power law (𝐶(𝑘) ∼
𝑘−𝛾 ) [44]. It has been reported that hierarchical modularity
exists in metabolic networks of E. coli and S. cerevisiae [106,
109].
Topological features of metabolic networks can also be
used to compare taxa from different kingdoms of life, for
example, archaea, bacteria, and eukarya [106, 107, 110]. These
studies show that some properties are shared by all taxa; for
example, the metabolic networks show scale-free structure,
but other properties are different; for example, bacteria have
a shorter average path length than archaea and eukarya.

Also, compared to the metabolic networks of bacteria and
eukarya, those of archaea have a lower average clustering
coefficient, betweenness centrality, and scale-freeness [110].
Furthermore, the organization of metabolism can be linked to
the species’ lifestyle and phenotype, for example, to the variability of habitat [111] and growth temperature [112]. Another
study used a novel representation of metabolic networks,
called a network of interacting pathways (NIP) and tried to
identify the most relevant aspect of cellular organization that
changes under evolutionary pressure [113]. This work focused
on the transitions from prokarya to eukarya, from unicellular
to multicellular eukarya, from free living to host-associated
bacteria, and from anaerobic to aerobic respiration, in the
context of the structure of NIPs.

5. Signaling Networks
In this section, we discuss the basic mechanism of signal
transduction, along with the differences of signaling networks
from metabolic and regulatory networks. In addition, we
provide examples of signal transduction systems and the
properties of signaling networks.
5.1. Mechanism of Signal Transduction. Signaling networks
are above the gene regulatory networks. Signaling networks
are related to the transduction of “signals,” usually from
outside to inside the cell. At the molecular level, signaling
involves the same type of processes as metabolism, such
as production and degradation of substances, molecular
modifications (mainly phosphorylation but also methylation
and acetylation), and activation or inhibition of reactions,
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Figure 5: Illustration of difference between signaling and metabolic
pathways.

although signaling is about changes in protein activity involving conformational changes of proteins, while metabolism is
primarily about changes in small molecules. Furthermore,
signaling pathways mainly serve for information processing or transfer of information, while metabolism provides
mainly mass transfer [114]. To clarify the difference between
the metabolic network and signal transduction network,
as depicted in Figure 5, we can compare the generalized
topology of a signal transduction pathway with that of a
metabolic pathway. Figure 5(a) shows that, in a signaling
pathway, one active enzyme E1 modulates the activity of the
another enzyme E2, which in turn modulates the activity of
a third enzyme E3 without being consumed by the reaction.
On the other hand, Figure 5(b) shows that, in metabolic
reactions, the substrate metabolites are consumed by the
reactions to produce new metabolites, and the reactions are
catalyzed by the enzymes. In signal transduction pathways,
the state of the enzymes toggles between on and off to
propagate a signal, while, in metabolic pathways, the enzymes
work as catalysts and are produced in the cell when needed.
This production of enzymes may be a result of some signal
propagation, which indicates that signaling networks are
related to regulatory networks. But there are good reasons
for treating signaling networks separately from regulatory
networks [115]. Signaling networks are strongly defined by
their structural layers—input, intermediate, and output—
which involve crosstalk, integrated decision making, and
feedforward and feedback control [116]. Thus they are different from regulatory networks, which are strongly determined
by feedback loops [116]. However, all the interfaces between
signaling and regulation are not known [117].
Although lipids, proteins, and metabolites are the principal components of signaling networks, further research in
molecular biology may uncover additional signaling components [118], such as the discovery of the regulatory functions
of miRNAs [119]. From an engineering perspective, the
components of a signaling pathway can be viewed as sensors,
transducers, and actuators [120]. The general sequence of
steps in signal transduction are (i) binding of a ligand to a
receptor, usually to an extracellular receptor embedded in the
cell membrane, (ii) phosphorylation of intracellular enzymes,
(iii) amplification and propagation of the signal, and (iv)

5.2. Examples of Signal Transduction Systems. Mitogenactivated protein kinase (MAPK) cascades are a well-known
signal transduction system that is a particular part of many
signaling pathways. In response to a range of stimuli, MAPKs
propagate signals from the cell membrane to the nucleus.
MAPK cascades are widely involved in eukaryotic signal
transduction for a variety of cellular processes, including cell
growth, differentiation, transformation, and apoptosis. It is
worth noting that MAPKs pathways are conserved from yeast
to mammal.
Figure 6 shows the general format of a MAPK cascade.
The signal propagates through several levels, usually 3, by
phosphorylation of the MAPKs, and acts as an enzyme for the
phosphorylation of the next stage MAPKs. There are several
mechanisms to activate MAPKKKs by phosphorylation of
a tyrosine residue. The active MAPKK kinase MAPKKKP phosphorylates MAPK kinase MAPKK at serine and
threonine residues to produce MAPKK-PP. The terminal
level is the MAP kinase MAPK, and MAPKK-PP phosphorylates MAPK at two sites: conserved threonine and tyrosine
residues to produce MAPK-PP which is the active state
signal for the downstream. At all levels, dephosphorylation
is assumed to occur continuously by phosphatases or autodephosphorylation. Some other important signal transduction
mechanisms are G-protein signaling [114] and JAK-STAT
pathways [114].
5.3. Towards Genome-Scale Signaling Networks. Like
organism-wide gene regulatory networks, PPI networks, and
metabolic pathways, it is also essential to construct genomewide signal transduction networks. Signaling networks
work as interfaces between the environment, the genome,
and metabolism, so reconstructing genome-scale signaling
networks is useful for understanding complex diseases and
developing therapies [115]. Though many details of different
signal transduction pathways are known, they are often
fragmented, with different fragments referring to different
species and cell types, making the task of constructing
the large-scale signal transduction network problematic.
To overcome this problem, it has been suggested that the
network be constructed at the genome level instead of
the species level [121]. For this purpose, it is necessary to
represent the molecules by their ortholog abstractions.
Despite such difficulties, a network of several thousand
nodes and edges can be made by collecting information
from the TRANSPATH database [122]. This network is
sparse and shows scale-free properties in terms of degree
distribution and small-world properties in the context
of its diameter and clustering coefficient [121]. It is now
possible to simultaneously measure a substantial portion
of the molecular components of a cell; therefore it is
time to develop and test systems-level models of cellular
signaling and regulatory processes, which will facilitate
gaining insights into the “thought” processes of a cell
[115]. Recently, a method called CCELL was proposed, for
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cell-scale signaling network inference over a predefined
timescale using time series immunoprecipitation data based
on Bayesian compressive sensing [123].

6. Omics Network-Related Databases
By facilitating organized curation and search options for
data, currently databases have become an important part
of systems biology and big data biology. In recent years,
molecular biological data in different omics fields including
genomics, transcriptomics, proteomics, and metabolomics
have drastically expanded both in quantity and diversity.
Different biological databases focus on different aspects of
molecular biology, and a number of them can be directly or
indirectly linked to biological networks. The major objectives
of developing these databases are curation of data and allowing analysis of the data by providing useful analytical software
tools. Curation includes storage, retrieval, dissemination,
filtration, and integration of data [1]. Many databases are
regularly updated, and the updated information is published
in journals. Comprehensive information about the omics
databases can be found by searching the Internet, including
the website of the journal of nucleic acid research. On the next
page in Table 1, we list a few of the important databases related
to omics networks.

7. Conclusions
To understand the cell as a system, it is important to know
the functions of different types of molecules at genome,
transcriptome, proteome, and metabolome levels. At the
same time, it is important to know how these molecules
interact with each other and function as a whole. To achieve
both these goals, the initial step is to construct their networks
based on versatile biological information and to analyze such
networks.
Some of the topological properties of a network such
as degree distribution, average path length, and clustering

coefficient can indicate which network model it belongs to
among several network models, such as random, scale-free,
and small-world models. Different centrality measures of the
nodes can indicate important nodes in a network. Clustering
of a biological network can determine biologically relevant
groups of elements which can be utilized to extract novel
biological information and predict the functions of some
elements whose functions are not known.
In this review, we discussed the major molecular biological networks involving gene regulation, protein-protein
interaction, metabolic, and signaling pathways. We also summarized the biological mechanisms and information relevant
to such networks that are important for researchers working
in the area of big data and network biology.
Omics networks have gradually become an indispensable
part of biology and will become more and more useful in
the future in various fields, including ecology and medicine.
Despite their interrelations, signaling, protein-protein, gene
regulatory, and metabolic networks frequently have been
modeled independently in the context of well-defined subsystems. For such purposes, algorithms and mathematical
formalisms have been developed according to the needs of
each particular network under study. However, a deeper
understanding of cellular behavior requires the integration of
these various systems to discover how they cooperate with
each other to function together.
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Table 1: A list of selected databases related to omics networks.
Database name
BioGRID [53]
BRENDA [54]
ChEBI [55]
ChemSpider
[56]
DIP [57]
EcoCyc [58]
GenBank [59]
Gene Ontology
[60]
IntAct [61]

InterPro [62]

KEGG [63]
KNApSAcK
[64, 65]
MetaboLights
[66]
MetaCyc [67]
OMIM [68]
ProteomeScout
[69]
PubChem [70]
Reactome
[71, 72]

Short description
A database of proteins, genes, and posttranslational modifications
curated from the scientific literature
A database of molecular and biochemical information on
enzymes
A database and ontology of molecular entities
A database of chemicals. It contains more than 34 million unique
molecules from over 450 data sources
A manually curated database of experimentally elucidated
interactions between proteins
A database of the entire genome, and of transcriptional
regulation, transporters, and metabolic pathways in Escherichia
coli K-12, curated from the literature
A comprehensive database of publicly available nucleotide
sequences
A database of annotations of genes and gene products for aiming
to provide a common language to make data machine readable
A database of molecular interaction derived from literature
curation or direct user submissions
A database for classification and analysis of protein sequences. It
includes resources from PROSITE, HAMAP, Pfam, PRINTS,
PRoDom, SMART, TIGRFAMs, PIRSF, SUPERFAMILY,
CATH-Gene3D, and PANTHER
An integrated database resource consisting of seventeen
databases which are categorized into systems, genomic, chemical,
and health information
An integrated database constituting a database of manually
curated metabolite-plant species, metabolic pathways, biological
activities, and so forth for metabolomics studies
A data repository for metabolomics experiments and obtained
information
A metabolic database containing metabolic pathways, enzymes,
metabolites, and reactions from many organisms
A database of diseases with human genes and genetic conditions
A database of proteins and post-translational modifications

A database of chemical molecules and their activities
A database of human biological processes authored by expert
biologists
A database of regulatory network and operon organization in
RegulonDB [73]
Escherichia coli K-12
A database of protein interactions (direct or indirect) derived
STRING [74]
from manual curation or text mining
A comprehensive database of information and materials of
TAIR [75]
Arabidopsis thaliana
A manually curated database of eukaryotic transcription factors,
TRANSFAC
their experimentally elucidated binding sites and DNA binding
[76]
profiles. It needs a license for the up-to-date version
TRANSPATH
A database of mammalian signal transduction and metabolic
[77]
pathways
A database of functional information on proteins. It consists of
UniProtKB [78] UniProtKB/Swiss-Prot (manually annotated, reviewed) and
UniProtKB/TrEMBL (automatically annotated, not reviewed)

Web address
http://thebiogrid.org/
http://www.brenda-enzymes.org/
http://www.ebi.ac.uk/chebi/
http://www.chemspider.com/
http://dip.doe-mbi.ucla.edu/dip/
http://ecocyc.org/
http://www.ncbi.nlm.nih.gov/genbank/
http://geneontology.org/
http://www.ebi.ac.uk/intact/

http://www.ebi.ac.uk/interpro/

http://www.genome.jp/kegg/

http://kanaya.naist.jp/KNApSAcK Family/
http://www.ebi.ac.uk/metabolights/
http://metacyc.org/
http://www.ncbi.nlm.nih.gov/sites/entrez?db=omim
https://proteomescout.wustl.edu/
http://pubchem.ncbi.nlm.nih.gov/
http://www.reactome.org/
http://regulondb.ccg.unam.mx/
http://string-db.org/
https://www.arabidopsis.org/
http://genexplain.com/transfac-db
http://genexplain.com/transpath-db
http://www.uniprot.org/
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