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Soft computing (SC) techniques can be used to tackle
problems characterized by imprecision, uncertainty, and
partial truth to achieve tractability and robustness at a low
computational cost.

"ese features represent the main differences between
SC and hard computing techniques and provide SC
strategies with the ability to deal with ambiguous situations
like imprecision and uncertainty. For this reason, SC
techniques can obtain approximate solutions to problems
which have no known methods to compute an exact so-
lution. "e main SC paradigms include fuzzy systems,
evolutionary computation, artificial neural computing,
metaheuristics, and swarm intelligence.

"ose features render SC particularly suitable for ana-
lyzing medical data, which is typically characterized by
imprecision and the presence of noise. Moreover, SC
techniques allow easily integrating human knowledge, which
can help achieve better solutions. Biomedical data may be of
different nature: texts, images, signals, and so forth, which
typically contain a high presence of noise.

"e overall aim of this special issue was to compile the
latest research and development, up-to-date issues, and
challenges in the field of SC and its applications to bio-
medical data.

Seventeen articles were submitted to this special issue,
and finally, six original research articles were accepted and
are contained in this special issue.

In the article from Y. X. Meng et al., the authors used
functional gene enrichment analysis to identify genetic
markers and pathways that are associated with neonatal
sepsis. A case-control population based dataset was collected

for the purpose of the study, and subsequent statistical tests
and coexpression network analysis were employed. A set of 7
key signaling pathways and 7 hub genes were identified with
high potential associated with the disease risk.

Biomedical text mining was the subject of the article
from A. Onan. In particular, the author proposed an
efficient multiple classifier approach to text categorization
based on swarm-optimized latent Dirichlet allocation and
diversity-based ensemble pruning. "e proposed tech-
nique was applied to five biomedical text benchmarks.
Results showed that the proposed technique outper-
formed other state-of-the-art classification algorithms, as
well as various ensemble learning and ensemble pruning
methods.

In article from Y. Li et al., different machine learning
techniques were applied to the classification of diabetes
follow-up data. In particular, after having applied feature
selection and imbalanced processing techniques, the authors
applied Support Vector Machine, Decision Trees, Adaboost,
and Bagging to the resulting data. Results showed that
Adaboost was the most successful technique for classifying
this kind of data. Following these results, an analysis of the
most relevant features was also conducted.

In their work, B. Yang and coworkers address the
problem of studying the neural activity under cognitive
reappraisal on simultaneous EEG (electroencephalography)-
fMRI (functional magnetic resonance imaging) data. For
such a purpose, the authors propose an effective fusion
framework that uses a Kernel-based Canonical Correlation
Analysis (KCCA). Results show that the proposed EEG-
fMRI fusion approach provides an effective way to study the
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neural activities of cognitive reappraisal with high spatio-
temporal resolution.

A novel tool for the optimization of the structure of gene
networks is proposed in the article from F. Gómez-Vela et al.
In particular, the tool is called GeSOp, and it represents
a new computational method for optimizing the structure of
gene networks. Such a method performs a pruning of ir-
relevant information in the input network to facilitate the
interpretation of the biological knowledge that comprises
the network. To do this, GeSOp relies on a greedy heuristic
algorithm that selects only the most relevant relationships
and helps to identify the Hubs in the network. "e per-
formance of the method was tested in different data sets with
satisfactory results in all cases.

Finally, D. Liu et al. propose a cosine similarity measure
between hybrid intuitionistic fuzzy sets. In order to study
this measure, the authors apply it to medical diagnosis and
discuss its relevant properties. "en, based on the proposal,
the authors present a decision method for medical diagnosis
so that a patient can be diagnosed with the disease according
to the values of the cosine similarity measure. "is measure
is compared with other existing similarity measures. Results
show the feasibility and effectiveness of the Cosine similarity
measure.

We can conclude that this special issue presents different
works using different machine learning techniques applied
to biomedical data. As a consequence, this issue can prove to
be a valuable tool to gain insights on the state of the art of
such a field.
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In this paper, a cosine similarity measure between hybrid intuitionistic fuzzy sets is proposed.-e aim of the paper is to investigate
the cosine similarity measure with hybrid intuitionistic fuzzy information and apply it to medical diagnosis. Firstly, we construct
the cosine similarity measure between hybrid intuitionistic fuzzy sets, and the relevant properties are also discussed. In order to
obtain a reasonable evaluation in group decision, the weight of experts under different attributes is determined by the projection of
individual decision information on the ideal decision information, where the ideal decision information is the average values of
each expert’s evaluation. Furthermore, we propose a decisionmethod for medical diagnosis based on the cosine similarity measure
between hybrid intuitionistic fuzzy sets, and the patient can be diagnosed with the disease according to the values of proposed
cosine similarity measure. Finally, an example is given to illustrate feasibility and effectiveness of the proposed cosine similarity
measure, which is also compared with the existing similarity measures.

1. Introduction

A similarity measure is an important tool for determining the
degree of similarity between two objects inmany fields, such as
pattern recognition, medical diagnosis, and so on. Many
similarity measures have been introduced [1–8]. Among them,
some similarity measures of intuitionistic fuzzy sets (IFSs)
have been proposed. For example, Li and Cheng [3] proposed
a similarity measure between IFSs and applied it to pattern
recognition. Huang and Yang [2] defined the similarity
measure between IFSs based on the Hausdorff distance and
used it to calculate the degree of similarity between IFSs.
Nguuen [9] proposed a new knowledge-based similarity
measure between IFSs and applied it to pattern recognition.
However, due to the complexity and uncertainty of the de-
cision-making environment, the membership degree and
nonmembership degree of IFS need to be expressed by interval
rather than the numerical value. Motivated by this, Atanassov
and Gargov [10] introduced the concept of interval-valued
intuitionistic fuzzy set (IVIFS), which is a generalization of IFS.
Xu [11] proposed some distance and similarity measures
between IVIFSs and applied them to pattern recognition.

On the other hand, the cosine similarity measure
based on Bhattacharyya distance was first proposed in
Bhattacharyya [12]. Ye [7] proposed a cosine similarity
measure for IFSs (CIFS) and applied it to pattern recog-
nition. Furthermore, Ye [13] proposed the cosine similarity
measure for IVIFSs (CIVIFS) and applied it to group de-
cision-making problems. However, in the complex group
decision-making problem, it is difficult to use a single value
to express the alternative under all attributes. Because some
attributes might be represented by IFSs, but other attributes
are suitable to be represented by IVIFSs. At this time, the
people should use hybrid intuitionistic fuzzy set to make
a decision. However, the existingmethods can not deal with the
hybrid fuzzy information. As far as we know, no people studied
the cosine similarity measure between hybrid IFSs. Motivated
by this, we will introduce the cosine similarity measure with
hybrid intuitionistic fuzzy information (CHIFS) in this paper.
-is generalization makes the CHIFS measure includes CIFS
measure and CIVIFS measure as particular case.

In addition, applying the CHIFS measure to group de-
cision-making problems is very interesting. For example,
Zhou and Wahab [14] use transmissibility incorporated
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with cosine similarity measure to investigate the structural
damage detection. Furthermore, Zhou et al. [15] apply
transmissibility function with distance measure to separate
the intact patterns apart from the damaged pattern. In group
decision-making problems, the weight of the experts under
different attributes can be obtained by using the projection
of individual decision information on the ideal decision
information.-en, we aggregate all individual decisions into
a collective one and apply the proposed cosine similarity
measure between hybrid intuitionistic fuzzy sets to medical
diagnosis.

-e rest of the paper is organized as follows. In Section
2, we review the cosine similarity measure for IFSs and
IVIFSs. In Section 3, we propose the CHIFS measure, some
properties are also analyzed. In Section 4, we propose
a decision method for medical diagnosis based on the
cosine similarity measure between hybrid intuitionistic
fuzzy sets. In Section 5, an example is given to illustrate the
feasibility and effectiveness of the proposed CHIFS measure.
Finally, the conclusion and further research are discussed
in Section 6.

2. Preliminaries

-roughout this paper, let X � x1, x2, ..., xn  be a finite
universal set. In this section, we briefly review the IFSs and
IVIFSs, the cosine similarity measure between IFSs, and the
cosine similarity measure between IVIFSs.

2.1. Intuitionistic Fuzzy Set

Definition 1. Let X be a fixed set, an intuitionistic fuzzy set
(IFS) A in X is defined as:

A � xj, μA xj , ]A xj  xj ∈ X
  , (1)

where the functions μA(xj) and ]A(xj) represent the
membership degree and nonmembership degree of the
element xj to the set A, respectively, such that 0≤
μA(xj) + ]A(xj)≤ 1∀xj ∈ X.

-e intuitionistic fuzzy index πA(xj) � 1− μA(xj)−
]A(xj), and we have 0≤ πA(xj)≤ 1. For example, A �

(0.4, 0.3) is an intuitionistic fuzzy number, and πA � 0.3.
-e space of membership degree of IFS is shown in Figure 1.

In particular, when X has only one element, the IFS A �

(xj, μA(xj), ]A(xj)|xj ∈ X)  is reduced to A � (μA(xj),

]A(xj)), which we call it an intuitionistic fuzzy number
(IFN).

For any two IFSs A � (xj, μA(xj), ]A(xj)) and B �

(xj, μB(xj), ]B(xj)), the following operations are true [16]:

(1) A + B � (μA(xj) + μB(xj)− μA(xj)μB(xj), ]A(xj)

]B(xj))

(2) λA � (1− (1− μA(xj))
λ, (]A(xj))

λ), λ> 0
(3) A � B if μA(xj) � μB(xj), ]A(xj) � ]B(xj)

-e results of the operations A + B and λA are still IFSs.

2.2. Interval-Valued Intuitionistic Fuzzy Set

Definition 2. Let X be a fixed set, an interval-valued intui-
tionistic fuzzy set A is defined as follows:

A � xj, μAL xj , μAU xj  , ]AL xj , ]AU xj    xj ∈ X
 ,

(2)

where
μAL xj ≥ 0, ]AL xj ≥ 0; 0≤ μAU xj  + ]AU xj ≤ 1, ∀xj ∈ X.

(3)

-e interval-valued intuitionistic fuzzy index is defined
as πA(xj) � [πAL(xj), πAU(xj)], where

πAL xj  � 1− μAU xj − ]AU xj , πAU xj 

� 1− μAL xj − ]AL xj .
(4)

For example, A � ([0.3, 0.4], [0.1, 0.4]) is an interval-
valued intuitionistic fuzzy number, the fuzzy index
πA(xj) � [0.2, 0.6].

Remark 1. If μAL(xj) � μAU(xj), ]AL(xj) � ]AU(xj), then
the interval-valued intuitionistic fuzzy set is reduced to
intuitionistic fuzzy set.

When the set X has only one element, the IVIFS A �

(xj, [μAL(xj), μAU(xj)], []AL(xj), ]AU(xj)])|xj ∈ X  is re-
duced to A � ([μAL(xj), μAU(xj)], []AL(xj), ]AU(xj)]),
which we call it an interval-valued intuitionistic fuzzy
number(IVIFN).

Let A � (xj, [μAL(xj), μAU(xj)], []AL(xj), ]AU(xj)])

and B � (xj, [μBL(xj), μBU(xj)], []BL(xj), ]BU(xj)]) be
two IVIFSs, the following operations are true [17]:

(1) A + B � ([μAL(xj) + μBL(xj)− μAL(xj)μBL(xj), μAU

(xj) + μBU(xj)− μAU(xj)μBU(xj)], ([]AL(xj)]BL(xj),

]AU(xj)]BU(xj)])

(2) λA � ([1− (1− μAL(xj))
λ, 1− (1− μAU(xj))

λ], [(]AL

(xj))
λ, (]AU(xj))

λ]), λ> 0

v

µ

0 1

1

µ + v ≤ 1

Figure 1: -e membership degree of IFS.
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(3) A � B if μAL(xj) � μBL(xj), μAU(xj) � μBU(xj),

]AL(xj) � ]BL(xj) and ]AU(xj) � ]BU(xj)

2.3. Cosine Similarity Measures for IFSs or IVIFSs.

Definition 3 (Ye [7]). Let A � (μA(xj), ]A(xj)) and
B � (μB(xj), ]B(xj)) be two IFSs in X, the cosine similarity
measure between A and B is defined as follows:

CIFS(A, B) �
1
n



n

i�1

μA xi( μB xi(  + ]A xi( ]B xi( 
�������������
μ2A xi(  + ]2A xi( 

 �������������
μ2B xi(  + ]2B xi( 

 .

(5)

-e cosine similarity measure between two IFSs A and B

satisfies the following properties:

(1) 0≤CIFS(A, B)≤ 1
(2) CIFS(A, B) � CIFS(B, A)

(3) CIFS(A, B) � 1 if A � B

Definition 4 (Ye [13]). Let A � ([μAL(xj), μAU(xj)], []AL

(xj), ]AU(xj)]) and B � ([μBL(xj), μBU(xj)]), []BL(xj), ]BU

(xj)] be two IVIFSs in X, the cosine similarity measure
between two IVIFSs A and B is defined as follows:

CIVIFS(
A, B) �

1
n



n

i�1

μAL xi( μBL xi(  + μAU xi( μBU xi(  + ]AL xi( ]BL xi(  + ]AU xi( ]BU xi(  + πAL xi( πBL xi(  + πAU xi( πBU xi( 
�������������������������������������������������
μ2AL

xi(  + μ2AU
xi(  + ]2AL

xi(  + ]2AU
xi(  + π2AL

xi(  + π2AU
xi( 


· |H|

,

(6)

where

|H| �
������������������������������������������������
μ2
BL

xi(  + μ2BU
xi(  + ]2BL

xi(  + ]2BU
xi(  + π2BL

xi(  + π2BU
xi( 


. (7)

-e cosine similarity measure between two IVIFs A and
B satisfies the following properties:

(1) 0≤CIVIFS(
A, B)≤ 1

(2) CIVIFS(
A, B) � CIVIFS(

B, A)

(3) CIVIFS(
A, B) � 1 if A � B

3. Cosine Similarity Measure with Hybrid
Intuitionistic Fuzzy Information

In this section, we will propose the cosine similarity measure
with hybrid intuitionistic fuzzy information (CHIFS) and
some properties are also discussed.

Definition 5. Let A be fuzzy set (FS) in X � x1, x2, ..., xn , I
and II be two subsets of the attribute set X, such that
I∪II � X, I∩II � ϕ. If xj ∈ I, the value of fuzzy set A is
characterized by IFSs, if xj ∈ II, the values of fuzzy set A is

characterized by IVIFSs, then A is called hybrid intuition-
istic fuzzy sets (HIFSs).

Definition 6. Let A � (xj, μA(xj), ]A(xj))|xj ∈ X  and B �

(xj, μB(xj), ]B(xj))|xj ∈ X  be two hybrid intuitionistic
fuzzy sets, such that if the same attributes xj ∈ I, (μA(xj),

]A(xj)), and (μB(xj), ]B(xj)) are IFSs, if the same attribute
xj ∈ II, ([μAL(xj), μAU(xj)], []AL(xj), ]AU(xj)]), and
([μBL(xj), μBU(xj)], []BL(xj), ]BU(xj)]) are IVIFSs, which
we call A and B the same type hybrid intuitionistic fuzzy sets.

Definition 7. Suppose A and B are the same type hybrid
intuitionistic fuzzy sets, that is, if xj ∈ I, (μA(xj), ]A(xj)),
and (μB(xj), ]B(xj)) are IFSs, if the same attribute xj ∈ II,
([μAL(xj), μAU(xj)], []AL(xj), ]AU(xj)]), and
([μBL(xj), μBU(xj)], []BL(xj), ]BU(xj)]) are IVIFSs, then
the cosine similarity measure between hybrid intuitionistic
fuzzy sets A and B is defined as follows:

CHIFS(A, B) �
1
n

⎡⎣ 
xi∈I

μA xi( μB xi(  + ]A xi( ]B xi(  + πA xi( πB xi( 
���������������������
μ2A xi(  + ]2A xi(  + π2A xi( 

 ���������������������
μ2B xi(  + ]2B xi(  + π2B xi( 



+ 
xi∈II

μAL xi( μBL xi(  + μAU xi( μBU xi(  + ]AL xi( ]BL xi(  + ]AU xi( ]BU xi(  + πAL xi( πBL xi(  + πAU xi( πBU xi( 
�������������������������������������������������
μ2AL xi(  + μ2AU xi(  + ]2AL xi(  + ]2AU xi(  + π2AL xi(  + π2AU xi( 


·

������������������������������������������������
μ2BL xi(  + μ2BU xi(  + ]2BL xi(  + ]2BU xi(  + π2BL xi(  + π2BU xi( 

 .

(8)

Remark 2. If I � ϕ, then CHIFS measure is reduced to CIVIFS
measure.

Remark 3. If II � ϕ, then CHIFS measure is reduced to CIFS
measure.

Computational and Mathematical Methods in Medicine 3



Theorem 1. 2e cosine similarity measure between two
hybrid intuitionistic fuzzy sets A and B satisfies the following
properties:

(1) 0≤CHIFS(A, B)≤ 1
(2) CHIFS(A, B) � CHIFS(B, A)

(3) CHIFS(A, B) � 1 if A � B

Proof

(1) It is obvious that the property (1) is true according to
the cosine value in [0, 1]

(2) Because the multiplication of numbers satisfies the
commutative law, if the positions of A and B are
exchanged in the computation of cosine measure, the
result values will not change, so the property (3) is true.

(3) If A � B, xi ∈ I, we have μA(xi) � μB(xi) and
]A(xi) � ]B(xi).

If A � B, xi ∈ II, we have μAL(xi) � μBL(xi), μAU(xi) �

μBU(xi), ]AL(xi) � ]BL(xi), and ]AU(xi) � ]BU(xi), then
CHIFS(A, B) � 1 is obvious obtained.

4. Multiple-Attribute Group
Decision-Making with the Cosine Similarity
Measure between Hybrid Intuitionstic
Fuzzy Sets

In this section, we will apply the CHIFS measure between
hybrid intuitionistic fuzzy sets to medical diagnosis. -e
CHIFS measure can be applied in many situations, such as
pattern recognition, medical diagnosis, and so on. -e main
motivation for considering this model is that the repre-
sentation of the decision information is very complex. We
need several doctors correctly to evaluate the symptoms of
the disease. -e doctor usually provides his/her preferences
for symptoms with IFSs or IVIFSs. Suppose that doctors are
good at different diagnostic skills, we can obtain the weights
of doctors based on the projection of individual decision on
the ideal decision; then, all individual diagnosis decisions are
aggregated into a collective one. At last, we apply the CHIFS
measure to medical diagnosis.

In a given pathology, suppose that a set of symptoms
S � (s1, s2, . . . , sn), a set of diagnoses A � (A1, A2, . . . , Am)

and a set of medical experts E � (e1, e2, . . . , et). Assume that
a patient has all the symptoms, which can be represented by
the hybrid intuition fuzzy set B, our aim is to diagnose what
kind of diagnoses the patient B belong to.

In order to solve this problem, we first introduce some
relevant concepts.

Definition 8. Let A′ � (aij)m×n � (μAi
(xj), ]Ai

(xj))m×n be
a decision matrix, I and II be two subsets of the attribute set
X � xj|j � 1, 2, . . . ,n) , such that I∪II � X and I∩II � ∅. If
the attribute xj ∈ Ι, then the evaluation values aij are IFSs, if
the attribute xj ∈ II, then the evaluation values aij are IVIFSs.
In this case, A′ is called a hybrid intuitionistic fuzzy matrix.

Definition 9. Let A′ � (A1, A2, . . . , Am)T and B′ � (B1,

B2, . . . , Bm)T be two hybrid intuitionistic fuzzy matrices,
where Ai � (ai1, ai2, . . . , ain) and Bi � (bi1, bi2, . . . , bin)(i �

1, 2, . . . m), if they satisfy the following conditions:

(1) aij � (μAi
(xj), ]Ai

(xj)) about xj in Ai if and only if
bij � (μBi(xj), ]Bi(xj)) about xj in Bi

(2) ai � ([μAiL
(xj),μAiU

(xj)],[]AiL
(xj),]AiU

(xj)]) about
xj in Ai if and only if bij � ([μBiL

(xj),μBiU
(xj)],

[]BiL
(xj),]BiU

(xj)]) about xj in Bi, thenAi and Bi are
the same type vector, A′ and B′ are the same type
hybrid intuitionistic fuzzy matrices.

Now, suppose that a set of diagnoses A′ � (A1,

A2, . . . , Am), where Ai is represented by IFS Ai � (xj,μAi

(xj), ]Ai
(xj)) or IVIFS Ai � (xj,[μAiL

(xj), μAiU
(xj)],

[]AiL
(xj), ]AiU

(xj)]) (i � 1, 2, . . . , m). We should diagnose
what kind of disease the patient B belongs to. Furthermore,
assume that the patient B is represented by the same type
intuitionistic fuzzy set as Ai. In the following, we will present
the method for application of CHIFS measure to medical
diagnosis, which involves the following steps:

Step 1. Each medical expert provides his/her individual
decision matrix about the relation between the diagnosis and
the symptoms.

Step 2. According to the expert’s diagnostic decision matrix
Rk � (rk

ij)m×n, the ideal decision information should be close
to the opinions of most doctors; then, we define the ideal
relation R∗ � (r∗ij)m×n between the diagnosis Ai(i � 1, 2, . . . ,

m) and the symptom sj(j � 1, 2, . . . , n) as follows:

(9)

Ifj ∈ Ι, r
∗
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(11)

Step 3. Medical experts may give unreasonable assessments
when they encounter unfamiliar symptoms. So, it is not
very reasonable to assume that each expert has equal
weights. In order to obtain a reasonable evaluation, the
weights of medical experts under different attributes are
obtained by the projection of the individual evaluation on
the ideal evaluation r∗ij. -e greater the weight of the expert
is, the closer the evaluation value is to the ideal evaluation.
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-e projection of each decision on the ideal decision is
given by

ifj ∈ Ι,Prj
r

(k)

ij

r∗
ij

�
μ(k)

ij μ∗ij + ](k)
ij ]∗ij + π(k)

ij π∗ij
������������
μ∗2ij + ]∗2ij + π∗2ij

 , (12)

ifj ∈ II,Prj
r

(k)

ij

r∗
ij

�
μ(k)

ijLμ∗ijL + μ(k)
ijUμ∗ijU + ](k)

ijL]∗ijL + ](k)
ijU]∗ijU + π(k)

ijLπ∗ijL + π(k)
ijUπ∗ijU

�����������������������������
μ∗2ijL + μ∗2ijU + ]∗2ijL + ]∗2ijU + π∗2ijL + π∗2ijU

 . (13)

-en the weight of medical expert’s evaluation on dif-
ferent symptoms can be defined as

w
(k)
ij �

Prjr∗
ij
r

(k)
ij


t
k�1Prjr∗

ij
r

(k)
ij

, k � 1, 2, . . . , t;

i � 1, 2, . . . , m; j � 1, 2, . . . , n.

(14)

Step 4. According to the recognition principle of maximum
degree of cosine similarity measure, the process of diagnosis
B to Ak is derived by k � Max

1≤ i≤m
(CHIFS(Ai,

B)).

5. Numerical Example

In this section, the proposed cosine similarity measure
between hybrid IFSs is applied in medical diagnosis to
demonstrate its effectiveness.

5.1. Illustration of the Cosine Similarity Measures for Hybrid
IFSs. Assume that a set of diagnosis A� A1(viral fever),

A2(typhoid),A3(stomachproblem),A4(chestproblem)} and
a set of symptoms S� s1(temperature),s2(stomachpain),

s3(cough), s4(chestpain)}. Suppose a patient has all the
symptoms, which can be represented by the following hybrid
intuitionistic fuzzy information (data obtained through
a survey of doctors):

B �  s1, 0.5, 0.4( , s2, 0.6, 0.2( , s3, [0.5, 0.6], [0.2, 0.3]( ,

s4, 0.4, 0.2( .

(15)

-ere are three medical experts evaluate each diagnosis
with all the symptoms, which are represented by the hybrid
IFSs, the results are shown in Tables 1–3.

By step 3 in Section 4, applying (12)–(14), we can cal-
culate the weights of each medical expert for the diagnosis
with respect to different symptoms, which are obtained in
Tables 5–7.

From the previous formula CHIFS(A′, B), we can cal-
culate the cosine similarity measure between Ai(i � 1, 2, 3, 4)

and B as follows:

CHIFS A1,
B(  � 0.9674,

CHIFS A2,
B(  � 0.9477,

CHIFS A3,
B(  � 0.9140,

CHIFS A4,
B(  � 0.9511.

(16)

We can conclude that the diagnosis of the patient B is
viral fever (A1).

5.2. Comparison Analysis. In this subsection, the existing
cosine similarity measure is used to compare with the same
numerical example. In the numerical example, the decision
information is represented with hybrid IFS, we can transform
it into a unified form. For example, the relation between the
diagnosis and the symptoms under the attribute s3 of experts
is IVIFSs, and if we use the cosine similarity measure CIFS
proposed by Ye [7] to calculate the numerical example, we
should convert the corresponding IVIFSs to IFS according to
the midpoints of IVIFSs. For example, ([0.4, 0.6], [0.1, 0.3])

can be converted to (0.5). -en using the cosine similarity
measure CIFS proposed by Ye [7], we can obtain the corre-
sponding cosine similarity measure values: CIFS(A1,

B) �

0.9691, CIFS(A2,
B) � 0.9546, CIFS(A3,

B) � 0.9377, and
CIFS(A4,

B) � 0.9586. -at is to say, the diagnosis of the
patient B is still the viral fever A1. -e proposed cosine
similarity between hybrid IFS in this paper produces the same
results as the existing methods. -is means that the proposed
method is feasible and effective, and it has some advantages in
solving multiple criteria decision-making problems. On one
hand, the method is more convenient to make decision for
decision makers, who can express their preferences over
the decision information by IFS or IVIFS simultaneously. On
the other hand, because the information conversion will be
lost in decision-making process, there are no information
conversions between IFSs and IVIFSs in this model, the al-
ternatives will be ranked directly based on the original de-
cision information.

6. Conclusion

-e paper proposed the cosine similarity measure between
hybrid intuitionistic fuzzy sets, and the proposed method

Computational and Mathematical Methods in Medicine 5



Table 1: -e relation between the diagnosis and the symptoms—expert 1.

s1 s2 s3 s4

A1 (0.5, 0.4) (0.5, 0.3) ([0.4, 0.6], [0.1, 0.3]) (0.4, 0.4)

A2 (0.7, 0.3) (0.7, 0.2) ([0.3, 0.5], [0.4, 0.5]) (0.6, 0.2)

A3 (0.8, 0.1) (0.6, 0.4) ([0.6, 0.7], [0.2, 0.3]) (0.6, 0.3)

A4 (0.7, 0.2) (0.5, 0.2) ([0.5, 0.7], [0.1, 0.2]) (0.5, 0.3)

Table 2: -e relation between the diagnosis and the symptoms—expert 2.

s1 s2 s3 s4

A1 (0.4, 0.5) (0.6, 0.2) ([0.5, 0.6], [0.2, 0.3]) (0.3, 0.4)

A2 (0.5, 0.2) (0.7, 0.2) ([0.4, 0.7], [0.1, 0.3]) (0.7, 0.1)

A3 (0.6, 0.2) (0.5, 0.1) ([0.5, 0.7], [0.1, 0.2]) (0.6, 0.2)

A4 (0.7, 0.1) (0.4, 0.3) ([0.3, 0.6], [0.2, 0.4]) (0.4, 0.3)

Table 3: -e relation between the diagnosis and the symptoms—expert 3.

s1 s2 s3 s4

A1 (0.5, 0.3) (0.6, 0.2) ([0.4, 0.6], [0.2, 0.3]) (0.5, 0.4)

A2 (0.7, 0.2) (0.4, 0.4) ([0.5, 0.7], [0.1, 0.3]) (0.6, 0.3)

A3 (0.6, 0.3) (0.7, 0.3) ([0.6, 0.8], [0.1, 0.2]) (0.7, 0.2)

A4 (0.5, 0.2) (0.5, 0.3) ([0.3, 0.6], [0.1, 0.4]) (0.6, 0.1)

According to step 2 in Section 4, applying (10) and (11), respectively, the ideal relation between the diagnosis and the symptoms are shown in Table 4.

Table 4: -e ideal relation between the diagnosis and the symptoms.

s1 s2 s3 s4

A∗1 (0.467, 0.4) (0.567, 0.233) ([0.433, 0.6], [0.167, 0.3]) (0.4, 0.4)

A∗2 (0.633, 0.233) (0.6, 0.267) ([0.4, 0.633], [0.2, 0.367]) (0.633, 0.2)

A∗3 (0.667, 0.2) (0.6, 0.267) ([0.567, 0.733], [0.133, 0.233]) (0.633, 0.233)

A∗4 (0.633, 0.167) (0.467, 0.267) ([0.367, 0.633], [0.133, 0.333]) (0.5, 0.233)

Table 5: -e weights of the medical expert 1 for Ai with respect to sj.

s1 s2 s3 s4

A1 0.3427 0.3155 0.3391 0.3333
A2 0.3614 0.3614 0.3052 0.3223
A3 0.3761 0.3466 0.3293 0.3263
A4 0.3458 0.3395 0.3314 0.3313

Table 6: -e weights of the medical expert 2 for Ai with respect to sj.

s1 s2 s3 s4

A1 0.3371 0.3423 0.3311 0.3148
A2 0.2841 0.3614 0.3474 0.3531
A3 0.3097 0.2821 0.3196 0.3193
A4 0.3594 0.3210 0.3276 0.3106

Table 7: -e weights of the medical expert 3 for Ai with respect to sj.

s1 s2 s3 s4

A1 0.3202 0.3422 0.3298 0.3519
A2 0.3545 0.2772 0.3474 0.3246
A3 0.3142 0.3713 0.3511 0.3544
A4 0.2948 0.3395 0.3410 0.3581
When the weight values of the experts are determined, the aggregated evaluating decision results provided by different experts are obtained in Table 8.
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would be quite good for some real-world applications, such as
pattern recognition and medical diagnosis. -rough the pro-
posed cosine similaritymeasure, we can classify the patient B in
one of the diagnosis A1, A2, . . . Am. Finally, a numerical ex-
ample illustrated the application and efficiency of the developed
approach, which is also compared to the existing methods. In
future research, we expect to develop further extensions of the
CHIFS measure by adding the new characteristic, such as or-
dered weighted averaging operator, and we will also consider
other applications of the proposed CHIFS measure.
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Background. Neonatal sepsis (NS) is considered as the most common cause of neonatal deaths that newborns suffer from.
Although numerous studies focus on gene biomarkers of NS, the predictive value of the gene biomarkers is low. NS pathogenesis is
still needed to be investigated.Methods. After data preprocessing, we used KEGG enrichment method to identify the differentially
expressed pathways between NS and normal controls. .en, functional principal component analysis (FPCA) was adopted to
calculate gene values in NS. In order to further study the key signaling pathway of the NS, elastic-net regression model,
Mann–Whitney U test, and coexpression network were used to estimate the weights of signaling pathway and hub genes. Results.
A total of 115 different pathways between NS and controls were first identified. FPCAmade full use of time-series gene expression
information and estimated F values of genes in the different pathways. .e top 1000 genes were considered as the different genes
and were further analyzed by elastic-net regression and MWU test. .ere were 7 key signaling pathways between the NS and
controls, according to different sources. Among those genes involved in key pathways, 7 hub genes, PIK3CA, TGFBR2, CDKN1B,
KRAS, E2F3, TRAF6, and CHUK, were determined based on the coexpression network. Most of them were cancer-related genes.
PIK3CA was considered as the common marker, which is highly expressed in the lymphocyte group. Little was known about the
correlation of PIK3CA with NS, which gives us a new enlightenment for NS study. Conclusion. .is research might provide the
perspective information to explore the potential novel genes and pathways as NS therapy targets.

1. Introduction

Neonatal sepsis is the most prevalent cause of death of the
neonates with few certainly reported biomarkers for many
years. At least 35% neonatal deaths were caused by infections
each year. .e neonates have usually suffered from early-
onset NS, which occurs within the first 72 hours after birth
[1, 2]. According to the recent report, the diagnosis of sepsis
is humbled by the nonspecific and highly variable human
inflammatory and anti-inflammatory processes [3]. .e
main risk factor that causes the neonatal death is infections,
which include respiratory infections, drug-resistant in-
fections, and neonatal tetanus [4]. In order to manage the
infections, the research to develop primary and secondary
prevention strategies based on different kinds of infections
has been a hot field for NS study in recent decades [5, 6].
Future medical research should be based on reducing the

application and duration of antibiotics for NS. In view of the
side effects caused by the treatment of NS, it is important to
make the division for using the right standard of practice
for the vulnerable group. .e current classification criteria
for susceptible populations are crucial to future research
and to improve the development of neonatal manage-
ment strategies. Medzhitov et al. found that the Toll-like
receptor-2 and Toll-like receptor-4 are involved in the
recognition process of the bacteria in neonates [7]. Septic
neonates have a significant upregulation and obvious de-
cline of several genes, which involved in innate immunity
[8, 9]. .e neonatal innate immune response to sepsis is
driven by innate immunity genes (IL1R2, ILRN, and
SOCS3) [10]. Current studies also investigated the re-
lationship between the cytokine pattern and onset of NS
and proved that the increased expression of proin-
flammatory cytokines, such as TNF-alpha, IL-6, and IL-10,
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was associated with the acute and post-acute phase of NS,
respectively [11].

Despite the numerous studies of NS pathogenesis based
on genes, the valuable predictors have remained unveiled and
contributed to being a major challenge to the research of NS.
Gene transcriptomic profiles can be used to identify di-
agnostic and prognostic gene signatures in complex diseases
and to reveal the pathogenesis of NS [9, 10]. Several systems
biology approaches were built to dissect the physiological
mechanism of sepsis. In particular, methods for discovering
the context-specific activations of pathways [12, 13] were
merged. However, for the time-course studies, it will be
difficult to do clinical trials if the role of the gene of choice is
not specific to the biological process of interest. In other
words, a temporally differentially expressed gene should show
a significant nonconstant expression pattern across time
points. To address this, weighting methods were needed to be
carried out to assess the functional similarities between
a given gene and the sets in different time points [14].

In this report, a method based on the functional prin-
cipal component analysis (FPCA) was proposed to discover
arbitrary nonconstant trends in time-course data analysis
[15]. After estimating the impact of the gene, an elastic-net
regression model was used to analyze the weights of genes.
Besides, a generalized Mann–Whitney U (MWU) test was
also applied for gene set-level inferences. Finally, hub genes
were determined by the topological feature of coexpression
networks [16]. Using the proposed analysis method, sus-
ceptible pathways and crucial genes will be revealed. And
they will facilitate the future investigation of NS.

2. Methods

2.1. Data Recruitment and Preprocess. Gene expression
profiles of human peripheral blood cells at various time
points from samples of meningococcal sepsis were de-
posited at Gene Expression Omnibus database with the
data accession no. GSE11755, including NS patients and
normal controls. .ese datasets were processed on Affy-
metrix Human Genome U133 Plus 2.0 Array platform.
Totally, forty-one samples, which were drawn at four time
points (t� 0, t � 8, t � 24, and t � 72 h after admission to the
paediatric intensive care unit), were studied, and key
pathways and hub genes were also identified. Next, based
on the RNA microarray, gene expressions isolated from
whole blood, lymphocytes, and monocytes were also an-
alyzed, respectively. According to the different sources of
microarray data, we adopted different groups: .e first, we
named All Sources, contained all the 41 samples (10
controls and 31 patients). .e second, we named Blood
Source, contained the microarray data derived from blood
(3 controls and 8 patients). .e third, we named Lym-
phocyte Source, contained the microarray data derived
from lymphocytes (4 controls and 12 patients). .e fourth,
we namedMonocyte Source, contained the microarray data
derived frommonocytes (3 controls and 11 patients). In the
following analyses, we conducted four parallel analyses
based on different groups. .e study was approved by the
local medical ethics committee.

For data preprocessing, a freely available R platform
(http://cran.r-project.org/) was applied. GraphPad Prism
7.0 software was used to create images. And data preprocess
of dataset was commenced with reading the data by the
standard method carried out by Affy. Expressions of genes
were normalized using the robust multiarray average (RMA)
method, in order to eliminate the influence of nonspecific
hybridization [17]. And then, genes were further filtered by
quartile-based algorithm [18]. A total of 15144 genes were
reported for each subject.

2.2. Pathway Enrichment Analysis. Pathway analysis was
used to find the significant pathways of the NS and control
groups according to Kyoto Encyclopedia of Genes and
Genomes (KEGG) [19]. Fisher’s exact test was adopted to
select the significant pathways, and the threshold of sig-
nificance was defined by FDR and p value. Significant
pathways were extracted according to the thresholds of
p< 0.05 and intersection gene count >1.

2.3. A Gene-Level Summary Statistic by the Functional
Principal Component Analysis. In the present research, the
FPCA model was used to identify temporally differentially
expressed genes [20]. .e gene expression profile obtained
was assumed to be the scattered members from the true
profile of gene expression. And the true profile will be
further interfered by noisy signals. After subtracting the
average expression value of genes, FPCA was used to center
all the gene values. .e gene expression profile of pre-
processed data was weighted according to their corre-
sponding mean expression and FPCA score across all the
gene expression values.

.e observed expression using the FPCA model is as
follows:

Xi (t) � μi + 
L

l�1

ξil
Φl(t), (1)

where μi is the average expression of the temporal sample,
Φl(t) is the lth eigenfunction, and ξil is the FPC value that
quantifies how much Xi(t) can be explained by Φl(t).

When it applied to the time-course gene expression, we
used functional F-statistic to summarize the gene pattern
information for each gene in the time points:

Fi �
RSS0i −RSS

1
i

RSS1i
, (2)

where RSS0i is the residual sum of squares of null hypotheses
and RSS1i is the residual sum of squares of alternative hy-
potheses. Fi can be viewed as a “signal-to-noise” ratio and
revealed the importance of genes.

2.4. Estimating the Weights of Signaling Pathway Using the
Elastic-Net Regression Model. In this study, we also took an
approach with computationally efficient and highly flexible
methods on the basis of an equivalent influence between the
penalty function regression and a standard multivariate
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regression, in order to minimize optimization problem,
which is known as the functional elastic-net regression
problem [14]. .is problem occurs because of the model
selection methods in a functional linear regression model
that is needless for the concurrent function regression.

.e main function of the model is as follows:
βi � min

βi

OBJ βi xi(t)
 , Φi(t) 

OBJ βi xi(t)
 , Φi(t)  � xi(t)− Φi(t)

Tβi

����
����
2

+ λ1 βi

����
����1

+ λ2 βi

����
����
2
,

(3)

where λ is the penalty coefficient and βi is the vector of the
set of linear coefficients.When βi is calculated and estimated,
then the weights of the pathways can be obtained by

Wi,k ≔


L
l�1

β
k

l,i 
2

k∈Ki


L
l�1

β
k

l,i 
2. (4)

A similar approach can be used to estimate the weights
of genes.

2.5. Weighted Mann–Whitney U (MWU) Test with Correla-
tion Using Gene Set Enrichment Analysis (GSEA). MWU test
is used to compare two independent samples. Given that two
samples were exactly from the same groups, the mean was
different. .e aim of the MWU test was to analyze whether
there was a significant difference between themeans of the two
groups. Recent reports showed that MWU test plays an im-
portant role in gene set enrichment analysis (GSEA) [21, 22].
.e pathway enrichment analysis was carried out based on the
genome-wide background and was applied to identify the
biological functions of the significant clusters. KEGG pathway
enrichment was also performed. Categories with more than 5
genes were presented, and p value< 0.01 were considered
significant in pathway enrichment analysis [23].

2.6. Identification of Hub Genes Based on the Coexpression
Networks. Adjacency matrixes were firstly constructed
based on the intergenomic relationships evaluated by
Spearman correlation coefficient [24]. Topological features
were further studied to find key nodes in the network. Genes
whose degree was greater than the average degree values and
whose Spearman correlation coefficient was greater than 0.6
were considered as hub genes.

3. Results

3.1. Pathway Enrichment Analysis. Gene expression profile
of human NS with the series of GSE11755 was downloaded
from Gene Expression Omnibus. After preprocessing the
expression profile data of the dataset, we collected data from
a total of 41 samples, including six children with menin-
gococcal sepsis. Blood was drawn at four time points and
matched with controls. Pathway enrichment analysis of NS
and controls was conducted on the basis of the KEGG
pathway database. A total of 286 pathways covering 6893
genes were obtained. After Fisher’s exact test, 115 differential
pathways covering 3532 genes met the thresholds of p< 0.05
and intersection gene count >1. Table 1 shows the top 6
differential signaling pathways in ascending order based on
p value.

3.2. Integrated Analysis of Gene Signatures Using the FPCA
Model. In the present research, the FPCAmodel was used to
identify temporally differentially expressed genes and each
gene would get an F value. Based on the 115 differential
pathways (covering 3532 genes), we identified top 1000 gene
signatures of NS using FPCA model, which were defined as
dysregulated genes. FPCA narrowed the gene search range
from 3532 to 1000. Greater F value means that the ex-
pression level differed greatly with others. Figures 1(a)–1(d)
show the curve of gene signatures with F value. Among the
dysregulated genes, the top 12 genes from All Sources, Blood
Source, Lymphocyte Source, and Monocyte Source were
CDC37, NCOA2, P2RY12, RXRB, EDEM2, ACTN4, STX12,
PPM1A, PRKACB, DUSP10, VEGFA, and SLC44A2. Since
NS is mainly caused by infections, the dysregulated genes in
NS should be immune response related. However, there were
few genes in the list that were immune related. Activation of
the cytokines in a specific infection might not be derived
from all the regulated genes that can activate those genes.
.erefore, it is important to find the pathways which are
activated by infections in NS. FPCA could effectively utilize
the time-series information and overcome the traditional
control design deficiencies [14]. F values would be used for
the MWU test.

3.3. Estimating the Weights of Genes Using the Elastic-Net
Regression Model. Genes that exist in multiple pathways
were considered as overlapping genes. .ese genes are
thought to play multiple roles in hypothesis testing, where
the weight coefficients were overestimated. In the present
study, elastic-net regression model was used to decompose

Table 1: Top 6 differentially expressed pathways according to the KEGG analysis.

Pathway_name p value FDR Gene count
Hsa04740: Olfactory transduction 1.25E− 138 3.59E− 136 59
Hsa05206: MicroRNAs in cancer 1.07E− 23 1.53E− 21 133
Hsa04080: Neuroactive ligand-receptor interaction 2.84E− 10 2.03E− 08 179
Hsa04110: Cell cycle 2.42E− 10 2.03E− 08 117
Hsa04380: Osteoclast differentiation 1.45E− 09 8.27E− 08 122
Hsa00830: Retinol metabolism 2.47E− 09 1.0E− 07 23
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an overlapping gene between gene sets and eliminate the
overlapping effects. After calculating the weight value of
each gene and adding the weight values of the pathway
genes, the total weight value of the pathways was obtained.
Figure 2 shows the sum weight of each pathway. .e weight
value (w) of each gene would be used for the MWU test.

3.4. Functional Enrichment Analysis Using GSEA and MWU
Model Test. Based on the KEGG pathway enrichment, 115
differential pathways were obtained. In order to more ac-
curately find key pathways andmolecules, FPCA and elastic-
net regression were performed to eliminate overlapping
gene effects. Combined with the MWU test, key molecular

pathways in the gene transcription data of NS and controls
were identified. Based on the t-test, pathways were ranked in
the descending order. After the pathway data were tested by
the MWU model, a total of 7 pathway terms met the
condition p values< 0.05. .ere was no pathway met the
conditions in the monocyte group. .e resulting pathways
are presented in Table 2.

According to the MWU test, there were 7 pathways were
screened based on the p values< 0.05. We selected the top
3 significant pathways: hsa05220: Chronic myeloid leuke-
mia; hsa04380: Osteoclast differentiation; and hsa05222:
Small-cell lung cancer for further analysis. Besides, pathways
including the proinflammatory cytokine genes were also
studied, such as hsa05164: Influenza A (TNF, IL-6, IL-18,
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Figure 1:.e distribution of F value of pathway genes. Time-series gene signatures data were analyzed by FPCA and each gene obtained an
F value (x-coordinate, F value). Y-axis represents gene density..e genes were ranked in the order of F value, and the top 1000 of themwere
selected..e red line represents the threshold of top 1000 genes. (a) All Sources, (b) Blood Source, (c) Lymphocyte Source, and (d)Monocyte
Source.
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and IFNA1; p value 0.3256); hsa04620: Toll-like receptor
signaling pathway (TNF, IL-6, and IFNA1; p value 0.2185);
hsa05168: Herpes simplex infection (TNF, IL-6, IFNA1, and

IL-15; p value 0.4868). Unfortunately, theMWU test showed
that there was no difference between the controls and patients
in those proinflammatory cytokines included pathways. For
the obtained genes in the top 3 pathways, Figure 3(a) reveals
that the expression change of hsa05220: Chronic myeloid
leukemia from All Sources was not obvious. .e levels of
hsa05120: Epithelial cell signaling in Helicobacter pylori in-
fection from Blood Source after admission to the paediatric
intensive care unit were significantly higher than control.
Besides, the levels of hsa05222: Small-cell lung cancer from
Lymphocyte Source were up at 72 h after admission to the
paediatric intensive care unit.

3.5. Identification and Estimation of the Weights of the Hub
Genes in the Pathway. Networks provide effective models to
study complex biological systems, such as gene and protein
interaction networks. A weighted gene coexpression net-
work was constructed using adjacency matrix based on
superman coefficient. We further studied the topological
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Figure 2: Sum weights of 115 differential pathways. Y-axis represents the sum weights of pathways. X-axis represents the number of
pathways. (a) All Sources, (b) Blood Source, (c) Lymphocyte Source, and (d) Monocyte Source.

Table 2: p values of MWU test of sample groups.

Groups KEGG pathways p values
All Sources hsa05220: Chronic myeloid leukemia 0.0457024

Blood
Source

hsa05120: Epithelial cell signaling
in Helicobacter pylori infection 0.0357933

hsa04380: Osteoclast differentiation 0.0380088
hsa04666: Fc gamma R-mediated

phagocytosis 0.0415344

Lymphocyte
Source

hsa05222: Small-cell lung cancer 0.0150380
hsa04660: T cell receptor

signaling pathway 0.0412070

hsa05219: Bladder cancer 0.0463346
Monocyte
Source None

hsa: Homo sapiens (human); p values< 0.05 significant difference.
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features to find key nodes in the networks. Genes whose
degree was greater than the average degree values were
considered as hub genes. Based on the three networks of
7 pathways from All Sources, Blood Source, and Lympho-
cyte Source, we mapped a Venn diagram. Figure 4 shows
that the intersection of these three sets contained only one
gene, PIK3CA. We defined PIK3CA as the common marker
of NS. .e intersection of All Sources and Blood Source had
two genes, namely, PIK3CA and TGFBR2. A total of 4 genes
(PIK3CA, CDKN1B, KRAS, and E2F3) existed in All Sources
and Lymphocyte Source sets, simultaneously. .ere were 3
genes that shared in both Blood Sources and Lymphocyte
Source: PIK3CA, TRAF6, and CHUK.

3.6. Expression Levels of Hub Genes and Common In-
flammatory Factors. After analyzing the topological features
of networks based on 7 pathways, 7 genes were considered as
the hub genes which were described above. In order to
investigate the relevance of the hub genes and NS, the ex-
pression levels of PIK3CA, TGFBR2, CDKN1B, KRAS,
E2F3, TRAF6, and CHUK were further analyzed. As we all
know that NS is mainly caused by infections, the levels of

proinflammatory genes were also observed, such as tumor
necrosis factor alpha (TNF-α), interleukin-2 (IL-2),
interleukin-6 (IL-6), interleukin-7 (IL-7), interleukin-10
(IL-10), and interferon alpha-1 (IFNA1). Besides, we exam-
ined expressions of housekeeping genes GAPDH and beta-
catenin (not shown here) aiming at objectively reflecting the
changes in hub genes. Figure 5 shows the expression levels of
these genes in Box-whisker plot. We can easily found that
PIK3CA levels from common and blood groups of patients
after admission to the paediatric intensive care unit had no
obvious changes compared with controls, while expression of
PIK3CA from Lymphocyte Source significantly decreased.
According to the reports, NS is mainly caused by infections;
however, there was no significant difference between controls
and patients in immune response-related gene expression
levels (Figures 5(d)–5(i)). .e expressions of CDKN1B,
KRAS, E2F3, TRAF6, and CHUK were not displayed here.

4. Discussion

In recent years, many new mathematical model methods
such as high-dimensional differential equations [25, 26],
dynamic Bayesian network [27, 28], and Granger’s model [29]
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Figure 3: Expression levels of the top 3 significant signaling pathways. (a) hsa05220: Chronic myeloid leukemia from All Sources, (b)
hsa05120: Epithelial cell signaling in Helicobacter pylori infection from Blood Source, and (c) hsa05222: Small-cell lung cancer from
Lymphocyte Source. Y-axis represents expression levels of pathways. X-axis represents control and several time points after admission to the
paediatric intensive care unit. .e graphs were made with GraphPad Prism 7.0.
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were widely used in molecular biology and bioinformatics.
According to reports, inchoate changes in gene expression
underlying diseases or infections could be calculated by
mathematical models. Low et al. [27, 28] used them to analyze
the temporal causality between genes on account of changes
expressed at many time points. Time-series gene expression
experiments are getting more andmore popular..is method
plays an important role in studying translation and gene
regulation. We provide a flexible way to detect common
expression patterns in the individual subjects. Elastic-net
regression model combined with the MWU test was used
in this study. According to this method, both individual gene
and gene set changes, which are induced by infection in
a subject-specific way, will be detected.

In the classic MWU test, each variable is independent
and there is no relationship between them. However, genes
are interrelated, in particular within the related signaling
pathway..erefore, we must make some amendments to the
classic MWU test, which can be used to accommodate with
gene correlation. In our method, we assume that genes in the
relative signaling pathway share a common pairwise cor-
relation q and the irrelevant genes maintain independence.
In the current study based on KEGG enrichment of gene
signatures, the results showed that, among several KEGG
pathways, the top 3 significant pathways were hsa05220:
Chronic myeloid leukemia, hsa04380: Osteoclast differen-
tiation, and hsa05222: Small-cell lung cancer, respectively.
Besides, pathways including the proinflammatory cytokine
genes were also studied, such as hsa05164: Influenza A,
hsa04620: Toll-like receptor signaling pathway, and
hsa05168: Herpes simplex infection. Unfortunately, the
MWU test showed that there was no difference between the

control and common groups in those proinflammatory cy-
tokines included pathways. In order to determine the hub
genes, based on the topological characteristics of coexpression
networks, PIK3CAwas defined as the commonmarker of NS.
.en, TGFBR2, CDKN1B, KRAS, E2F3, TRAF6, and CHUK
were also selected as our target molecules.

PIK3CA, an oncogene, encodes the p110 catalytic sub-
unit of class I phosphatidylinositol 3-kinases (PI3Ks),
namely, PI3Kp110a. Approximately 4/5 of the mutations in
PIK3CA occur in the two hot spots, exon 9 and exon 20. Its
mutation not only can reduce the apoptosis of cells but also
can promote the infiltration of tumors and increase the
activity of its downstream kinase PI3Ks [30]. Under phys-
iological conditions, PIK3CA is expressed in brain, lung,
mammary gland, gastrointestinal tract, cervix, and other
tissues and has many important physiological functions such
as regulation of somatic cell proliferation, differentiation,
and survival. PIK3CA is often inactive and usually not easily
detected. However, PIK3CA was overexpressed after mu-
tation, which could increase the catalytic activity of PI3Ks
and promote cell canceration in tissues. PIK3CA mutation
has become the molecular biomarker of many tumors
[31–34]. PI3K-Akt-mTOR signaling is associated with the
balance between cell proliferation and survival and plays
a major role not only in tumor growth but also in the
potential response of cancer treatment, such as wortmannin
and LY294002 [35, 36]. Unfortunately, it seems that there is
no direct correlation between PIK3CA and NS in the
existing literature.

TGFBR2, transforming growth factor, beta receptor II, is
a tumor suppressor gene. .e encoded protein is a trans-
membrane protein that has a protein kinase domain, forms
a heterodimeric complex with another receptor protein, and
binds TGF-beta. Heterozygous mutations in TGFBR2 play
an important role in Marfan syndrome, which is an ex-
tracellular matrix disorder with cardinal manifestations in
the eye, skeleton, and cardiovascular systems [37]. Several
recent reports showed that inducible ablation of TGF-β
receptor type 2 signaling was able to limit hepatic stellate
cells and fibrosis and attenuates tumor-associated in-
flammation [38]. TGF-β acts as a key regulator of immune
cells, epithelium, in inflammatory bowel disease [39]. Many
studies have shown that TGFBR2 signaling was associated
with inflammatory-related diseases. But, whether TGFBR2
and NS are related is still a mystery. CDKN1B, a cyclin-
dependent kinase inhibitor 1B, can bind to and prevent the
activation of cyclin E-CDK2 or cyclin D-CDK4 complexes
and thus controls the cell cycle progression at G1. KRAS is
a gene that acts as an on/off switch in cell signaling and
controls cell proliferation. Most of the target molecules we
selected were related to the cell proliferation and tumori-
genesis. While very few literature studies report the corre-
lation between them and NS. .is study gave us a new
enlightenment for neonatal sepsis research. However, there
were some limitations to our study. Firstly, PIK3CA and
other molecular biomarkers were predictive biomarkers of n,
and further experimental verification should be conducted
to verify our results. Besides, whether the workflow was
suitable for other analysis or another database is a question.
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Figure 4: Venn diagram of hub genes based on the coexpression
networks. Venn diagram showing the number of hub genes ob-
tained from All Sources (Blue), Blood Source (Red), and Lym-
phocyte Source (Green).
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Figure 5: Box-whisker plot of expression levels of genes from GSE11755. (a) GAPDH (internal reference) from All Sources; (b) PIK3CA
from All Sources; (c) TGFBR2 from All Sources. (d) GAPDH from Blood Source; (e) PIK3CA from Blood Source; (f ) TGFBR2 from Blood
Source. (g) GAPDH from Lymphocyte Source; (h) PIK3CA from Lymphocyte Source; (i) TGFBR2 from Lymphocyte Source. Levels of (j) IL-
6, (k) IL-10, (l) TNF-α, (m) IL-18, (n) IL-7, and (o) IFNA1 from All Sources. Y-axis represents the expression levels of genes. X-axis
represents control and several time points after admission to the paediatric intensive care unit. .e box represents the express range and the
central line was the median of the data. All graphs were made with GraphPad Prism 7.0.

8 Computational and Mathematical Methods in Medicine



5. Conclusion

In conclusion, a comprehensive process of data in datasets of
NS was conducted in our research. .en, the function and
signaling pathways of NS were presented systematically by
the cutting edge models. Finally, based on the potential
pathways and their topological characteristics of coex-
pression networks, several critical genes for NS were
identified. PIK3CA was defined as the common marker of
NS. However, the current study was based on the previous
reports and more clinical evidence results were needed.
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Copyright © 2018 Aytuğ Onan. 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.

Text mining is an important research direction, which involves several fields, such as information retrieval, information extraction,
and text categorization. In this paper, we propose an efficient multiple classifier approach to text categorization based on swarm-
optimized topic modelling. The Latent Dirichlet allocation (LDA) can overcome the high dimensionality problem of vector space
model, but identifying appropriate parameter values is critical to performance of LDA. Swarm-optimized approach estimates the
parameters of LDA, including the number of topics and all the other parameters involved in LDA. The hybrid ensemble pruning
approach based on combined diversity measures and clustering aims to obtain a multiple classifier system with high predictive
performance and better diversity. In this scheme, four different diversity measures (namely, disagreement measure, Q-statistics,
the correlation coefficient, and the double fault measure) among classifiers of the ensemble are combined. Based on the combined
diversity matrix, a swarm intelligence based clustering algorithm is employed to partition the classifiers into a number of disjoint
groups and one classifier (with the highest predictive performance) from each cluster is selected to build the final multiple classifier
system. The experimental results based on five biomedical text benchmarks have been conducted. In the swarm-optimized LDA,
different metaheuristic algorithms (such as genetic algorithms, particle swarm optimization, firefly algorithm, cuckoo search
algorithm, and bat algorithm) are considered. In the ensemble pruning, five metaheuristic clustering algorithms are evaluated.
The experimental results on biomedical text benchmarks indicate that swarm-optimized LDA yields better predictive performance
compared to the conventional LDA. In addition, the proposedmultiple classifier system outperforms the conventional classification
algorithms, ensemble learning, and ensemble pruning methods.

1. Introduction

The immense quantity of biomedical text documents can
serve as an essential source of information for biomedical
research. Biomedical text documents are characterized by an
immense quantity of unstructured and sparse information in
a wide range of forms, such as scientific articles, biomedical
datasets, and case reports. Text mining aims to identify valu-
able information from unstructured text documents with the
use of tools and techniques from several disciplines, such as
machine learning, information retrieval, and computational
linguistics. The use of text mining is one of the most promis-
ing tools in the biomedical domain that has attracted a lot of
research interest. Text mining in biomedical domain can be
successfully applied in a wide range of applications, including
identification of disease-specific knowledge [1], diagnosis,

treatment, and prevention of cancer [2], identification of
obesity status of patients [3], identification of risk factors
for heart disease [4], annotation of gene expression [5], and
identification of drug targets and candidates [6].

Biomedical text mining follows the same stages (namely,
format conversation, tokenization, stop word removal, nor-
malization, stemming, dictionary construction, and vector
space construction) utilized in the text processing from other
domains [7]. To build accurate classification schemes on text
documents, one pivotal issue is to identify an appropriate
representation model for the documents [8]. The vector
space model (also known as term vector model) is one of
the most commonly employed representation schemes to
process text documents, owing to its simple structure [9]. In
this model, each text document is represented as vectors of
identifiers (index terms).The vector spacemodel suffers from
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high dimensional feature space, irrelevancy, and sparsity of
features. Since each document is represented as a bag ofwords
with the corresponding frequencies, words are regarded as
statistically independent. Hence, word order is not taken into
consideration [10].

Considering the limitations of the vector space model
and the high dimensional unstructured nature of biomed-
ical text documents, there are a number of representation
schemes (such as the latent semantic analysis, the prob-
abilistic latent semantic analysis, and the latent Dirichlet
allocation) employed to process biomedical text documents
[7]. The latent semantic analysis (LSA) is a scheme to extract
and represent the contextualmeaning ofwordswith the use of
statistical computations utilized on a large amount of text [11].
LSA can represent the semantic relations within the text. It
can find the latent classes, while reducing the dimensionality
of vector space model [12]. However, LSA has no strong
statistical foundation and can suffer from high mathematical
complexity [13]. The probabilistic latent semantic analysis
(PLSA) is a statistical method for analysis of data which is
based on a latent class model. PLSA has a strong statistical
foundation. It can find latent topics and it can yield better
performance compared to LSA [13].

The latent Dirichlet allocation (LDA) is an efficient
generative probabilistic topic model, where each document
is represented as a random mixture of latent topics. LDA
can find latent topics, reduce the high dimensionality of
vector space model, and can outperform other linguistic
representation schemes, such as latent semantic analysis
and probabilistic latent semantic analysis [14]. LDA involves
several parameter values, such as the number of topics, the
number of iterations for Gibbs sampling, 𝛼 parameter to
control the topic distribution per document, and𝛽 parameter
to model distributions of terms per topic (Panichella et al.,
2003). For unstructured text documents, information about
the document-wise content and number of relevant topics
is not known in advance (Zhao et al., 2005). Hence, the
identification of an appropriate value for the number of topics
is a challenging problem for unstructured text documents.
An insufficient or excessive number of topics can degrade
the predictive performance of machine learning algorithms
built on LDA-based topic modelling. In addition to the
number of topics, LDA requires several other parameters.
Therefore, finding an optimal configuration for LDA-based
topic modelling involves extensive empirical analysis with
different configurations.

In order to build robust classification schemes, multiple
classifier systems (also known as ensemble classifiers) have
been widely employed in the field of pattern recognition,
owing to its remarkable improvement in generalization ability
and predictive performance [15]. There are three main stages
of the ensemble learning process, namely, ensemble genera-
tion, ensemble pruning, and ensemble combination [16, 17].
The ensemble generation stage is the phase, in which base
learning algorithms to be utilized in the multiple classifier
system are generated. The base learning algorithms can be
generated either homogeneously or heterogeneously. The
ensemble combination stage seeks to integrate the individ-
ual predictions of base learning algorithms. The ensemble

pruning stage aims to identify an optimal subset of base
learning algorithms from the ensemble to enhance the pre-
dictive performance and computational efficiency. It has been
empirically validated that ensemble pruning can yield more
robust classification schemes [18].

Considering these issues, we propose a multiple classifier
approach to biomedical text categorization based on swarm-
optimized topic modelling and ensemble pruning. In the
presented scheme, swarm-optimized approach is employed
to estimate the parameters of LDA, including the number of
topics and all the other parameters involved in LDA. Moti-
vated by the success of hybrid ensemble pruning schemes [19–
21], the proposed approach combines diversity measures and
clustering. In this scheme, four different diversity measures
(namely, disagreement measure, Q-statistics, the correlation
coefficient, and the double fault measure) are computed
to capture the diversities within the ensemble. Based on
these diversity measures, a combined diversity matrix is
obtained. Based on this matrix, a swarm intelligence based
clustering algorithm partitions the classification algorithms
into a number of disjoint groups and one algorithm (with
the highest predictive performance) from each cluster is
selected to build the multiple classifier system. In the empir-
ical analysis, five biomedical text benchmarks have been
utilized. In the swarm-optimized LDA, different metaheuris-
tic algorithms (such as genetic algorithms, particle swarm
optimization, firefly algorithm, cuckoo search algorithm, and
bat algorithm) are considered. In addition, five different
metaheuristic clustering algorithms are considered in the
ensemble pruning stage. The empirical analysis on biomed-
ical text benchmarks indicates that swarm-optimized LDA
yields better predictive performance compared to the con-
ventional LDA. In addition, the proposed hybrid ensemble
pruning scheme outperforms the conventional classification
algorithms and ensemble learning methods.

The main contributions of our proposed categorization
scheme can be summarized as follows:

(i) We introduced a metaheuristic approach to optimize
the set of parameters utilized in LDA-based topic
modelling. In this regard, the number of topics (k),
the number of Gibbs iterations (n), 𝛼 parameter to
control the topic distribution per document, and 𝛽
parameter to model distributions of terms per topic
are considered. We conducted several experiments
on swarm-optimized LDA with different metaheuris-
tic algorithms (namely, genetic algorithms, particle
swarm optimization, firefly algorithm, cuckoo search
algorithm, and bat algorithm). To the best of our
knowledge, this is the first comprehensive empirical
analysis devoted tometaheuristic algorithms onLDA-
based topic modelling.

(ii) We introduced an ensemble pruning approach based
on combined diversity measures and metaheuristic
clustering. To the best of our knowledge, this is the
first study in ensemble pruning, which utilizes meta-
heuristic clustering algorithms to obtain diversified
base learning algorithms.
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(iii) The presented classification scheme, which integrates
swarm-optimized LDA-based modelling with the
hybrid ensemble pruning scheme, is employed on
biomedical text categorization. To the best of our
knowledge, this is the first comprehensive study on
LDA-based topicmodelling and ensemble pruning on
biomedical text categorization.

The rest of this paper is structured as follows. In Section 2,
related work on topic modelling and multiple classifier sys-
tems have been presented. Section 3 presents the theoretical
foundations, Section 4 presents the proposed text categoriza-
tion framework, Section 5 presents the experimental results,
and Section 6 presents the concluding remarks.

2. Related Work

This section presents the related work on topicmodelling and
multiple classifier systems in biomedical text categorization.

2.1. Related Work on Topic Modelling. Topic modelling mod-
els have been successfully employed to summarize large-scale
collections of text documents. Probabilistic topic modelling
methods can be utilized to identify the core topics of text
collections. In addition, topic modelling schemes can be
utilized in a variety of tasks in computational linguistics,
such as analysis of source code documents [23], summarizing
opinions of product reviews [24], identification of topic
evolution [25], aspect detection in review documents [26],
analysis of Twitter messages [27], and sentiment analysis
[28, 29].

Probabilistic topic modelling has attracted the attention
of researchers on biomedical domain. Biomedical text col-
lections suffer from high dimensionality and topic mod-
elling methods are effective tools to handle with large-scale
collections of documents. Hence, topic modelling can yield
promising results on biological and biomedical text mining
[30]. For instance, Wang et al. [31] presented a probabilistic
topic modelling scheme to identify protein-protein inter-
actions from the biological literature. In this scheme, the
correlation between different methods and related words
is modelled in a probabilistic way to extract the detection
methods. In another study, Arnold et al. [32] utilized the
latent Dirichlet allocationmethod to identify relevant clinical
topics and to structure clinical text reports. Song and Kim
[33] employed the latent Dirichlet allocation method to
conduct bibliometric analysis on bioinformatics from full-
text text collections of PubMed Central articles. In another
study, Sarioglu et al. [34] utilized topicmodelling to represent
clinical reports in a compact way, so that these collections
can be efficiently processed. In another study, Bisgin et
al. [35] applied topic modelling to drug labelling, which
is a human-intensive task with many ambiguous semantic
descriptions. In this way, manual annotation challenges can
be eliminated. Likewise, Wang et al. [36] introduced a
topic modelling based scheme to identify literature-driven
annotations for gene sets. In this scheme, the number of
topics to be utilized in topic modelling is empirically inferred
through the analysis with various parameter values (5, 10,

15, 20, etc.) for the number of topics. In another study,
Bisgin et al. [37] employed the latent Dirichlet allocation
based topic modelling to identify interdependencies between
cellular endpoints. The experimental analysis indicated that
LDA can substantially enhance the understanding of systems
biology. Probabilistic topicmodelling has also been employed
to identify drug repositioning strategies [38]. Wang et al.
[39] utilized topic modelling to analyze 17,723 abstracts from
PubMed publications related to adolescent substance use and
depression. In this study, topic modelling was employed to
identify the literature and to capture other relevant topics. In
another study, Wang et al. [40] presented a topic modelling
based scheme to mine biomedical text collections. In this
scheme, topic modelling was employed as a fine-grained
preprocessing model. Recently, Sullivan et al. [41] utilized
topic modelling to identify unsafe nutritional supplements
from review documents. In another study, Chen et al. [42]
employed probabilistic topic modelling to represent hospital
admission processes in a compact way.

2.2. Related Work on Multiple Classifier Systems. Multiple
classifier systems have been successfully employed in a
wide range of applications in pattern recognition, including
biomedical domain. Empirical analysis on multiple classifier
systems indicates that ensemble pruning can enhance the
predictive performance of multiple classifier systems [18].
Ensemble pruning approaches can bemainly divided into five
groups, as exponential search, randomized search, sequen-
tial search, ranking-based, and clustering based methods
[16]. Exponential approaches to ensemble pruning seek to
examine all possible subsets of base learning algorithms
within themultiple classifier system. For instance, Aksela [43]
examined the predictive performance of several evaluation
metrics (namely, correlation between errors, Q-statistics,
and mutual information) in ensemble pruning. Randomized
approaches to ensemble pruning aim to explore the search
space of candidate classifiers with the use of metaheuristic
algorithms. A wide range of metaheuristics, such as genetic
algorithms, tabu search, and population based incremental
learning, have been successfully utilized for ensemble prun-
ing [44, 45]. For instance, Sheen and Sirisha [46] introduced
an ensemble pruning scheme for malware detection based on
harmony search. Likewise, Mendialdua et al. [47] utilized the
estimation of distribution algorithm for ensemble pruning.
In sequential search based methods, the search space of
candidate classifiers has been explored in forward, backward,
or forward-backward direction. For instance, Margineantu
and Dietterich [48] introduced a sequential approach for
ensemble pruning based on reduced error pruningwith back-
fitting. Similarly, Caruana et al. [49] presented a forward
stepwise selection based approach for ensemble pruning.
Recently, Dai et al. [50] introduced a reverse reduced error-
based ensemble pruning algorithm based on subtraction
operation. Ranking-based approaches to ensemble pruning
aim to identify an optimal subset of classifiers based on
a ranking obtained by a particular evaluation measure.
For instance, Kotsiantis and Pintelas [51] presented a t-test
based ranking scheme for ensemble pruning. More recently,
Galar et al. [52] presented an ordering-based metric for
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ensemble pruning. Clustering based approaches to ensemble
pruning partition the base learning algorithms of ensemble
into clusters. For instance, Zhang and Cao [53] presented a
spectral clustering based algorithm for ensemble pruning. In
this scheme, the base learning algorithms were grouped into
two clusters based on predictive performance and diversity.
Then, one cluster of ensemble was pruned and one cluster of
ensemble was retained as the pruned subset of classifiers.

2.3. Motivation and Contribution of the Study. As outlined in
advance, probabilistic topic modelling methods are essential
tools to identify hidden topics in large-scale collections of text
documents. In order to enhance the performance of LDA,
there are a number of extensions on the basic model. For
instance, Griffiths and Tenenbaum [54] introduced a hierar-
chical latent Dirichlet allocation model. In this model, topic
distributions are identified from hierarchies of topics, where
each hierarchy is modelled by a nested Chinese restaurant
process. Each node of tree corresponds to a particular topic,
where each topic is associated with a distribution. In another
study, Teh et al. [55] presented a hierarchical latent Dirichlet
allocation scheme, in which parameter value for the number
of topics is inferred through the use of posterior inference.
Grant and Cordy [56] introduced a heuristic approach to
estimate the number of topics in source code analysis. In
another study, Panichella et al. [57] presented a genetic
algorithm based scheme to identify optimal configurations
for latent Dirichlet allocation. In this scheme, parameter set
for topic modelling was estimated with the use of genetic
algorithm. The presented scheme was employed on three
different tasks of software engineering, namely, traceability
link recovery, feature location, and software artifact labelling.
Likewise, Zhao et al. [58] introduced a heuristic approach to
estimate the appropriate number of topics for latent Dirichlet
allocation. In this scheme, the appropriate number of topics
is identified through the use of ratio for perplexity change.
Recently, Karami et al. [59] presented a fuzzy approach
to topic modelling. In this scheme, fuzzy clustering was
employed to identify optimal number of topics.

In addition to the aforementioned five ensemble prun-
ing approaches, hybrid methods have attracted research
attention in the pattern recognition. Hybrid approaches to
ensemble pruning seek to integrate several ensemble prun-
ing paradigms. For instance, Lin et al. (2014) introduced
a hybrid ensemble pruning algorithm which integrates k-
means clustering and dynamic selection. Similarly, Mousavi
and Eftekhari [60] presented a hybrid ensemble pruning
scheme which integrates static and dynamic ensemble selec-
tion with NSGA-II multiobjective genetic algorithm. In
another study, Cavalcanti et al. [21] presented a hybrid
ensemble pruning algorithm based on genetic algorithm and
graph coloring. In this scheme, several different diversity
measures (such as Q-statistics, correlation coefficient, Kappa
statistics, and double fault measure) are combined via a
genetic algorithm. Similarly, Onan et al. [19, 20] introduced
a hybrid ensemble pruning algorithm based on consensus
clustering and multiobjective evolutionary algorithm. In this
scheme, classifiers are assigned into clusters based on their

predictive performance and the set of candidate classifiers are
explored through the use of evolutionary algorithm.

Recent studies on topic modelling indicate that the iden-
tification of an appropriate parameter value for the number
of topics is an essential task to build robust classification
schemes. In addition, hybrid ensemble pruning schemes
can outperform conventional classifiers, ensemble learning
methods, and ensemble pruning methods. Through their
potential use on text classification, the number of works that
utilize metaheuristic algorithms to optimize parameters of
LDA and the number of works that utilize ensemble pruning
schemes are very limited. To fill this gap, this paper presents a
classification scheme based on swarm-optimized topic mod-
elling and hybrid ensemble pruning for text categorization.

3. Theoretical Foundations

This section summarizes the theoretical foundations of the
study.Namely, the latentDirichlet allocationmethod, swarm-
based optimization algorithms, ensemble learning methods,
ensemble pruning methods, cluster validity indices, and
pairwise diversity measures are presented.

3.1. The Latent Dirichlet Allocation. The latent Dirichlet
allocation model (LDA) is a widely employed generative
probabilistic model to identify the latent topics in text
documents [22]. In LDA, each document is represented
as a random mixture of latent topics and each topic is
represented as a mixture of words. The mixture distributions
are Dirichlet-distributed random variables to be inferred. In
this scheme, each document exhibits the topics in different
proportions, each word in each document is drawn among
the topics, and topics are chosen based on per-document
distribution over topics [61]. LDA attempts to determine
the underlying latent topic structure based on the observed
data. In LDA, the words of each document correspond to
the observed data. For each document in the corpus, words
are obtained by following a two-staged procedure. Initially,
a distribution over topics is randomly chosen for each word
of the document [22]. In LDA, a word is a discrete data
from a vocabulary indexed by {1, . . . , 𝑉}, a sequence of N
words 𝑤=(𝑤1, 𝑤2, . . ., 𝑤𝑛), and a corpus is a collection of M
documents denoted by D={w1,w2, . . . ,w𝑀}. The generative
process of LDA is summarized in Box 1.

LDA process can be modelled by a three-level Bayesian
graphical model, as given in Figure 1. In this graphical model,
nodes are used to represent random variables and edges
are used to denote the possible dependencies between the
variables. In this notation, 𝛼 refers to Dirichlet parameter,Θ refers to document-level topic variables, z refers to per-
word topic assignment, 𝑤 refers to the observed word, and𝛽 indicates the topics [61].

Based on this notation, the generative process of LDAcor-
responds to a joint distribution of the hidden and observed
variables.The probability density function of a k-dimensional
Dirichlet random variable is computed as given by (1), the
joint distribution of a topic mixture is computed as given by
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For each document 𝑤 in a corpus D:(1) Choose N ∼ Poisson (𝜉).(2) Choose Θ ∼ Dir (𝛼).(3) For each of the N words 𝑤𝑛:
(a) Choose a topic zn ∼Multinomial (Θ).

Choose a word 𝑤𝑛 from p(𝑤𝑛 | 𝑧𝑛, 𝛽), a multinomial probability conditioned on the topic zn.

Box 1: The generative process of LDA (Blei et al., 2013; [19, 20]).

Figure 1: The graphical representation of LDA [22].

(2), and the probability of a corpus is computed as given by
(3) [22]:

𝑝 (Θ | 𝛼) = Γ (∑𝑘𝑖=1 𝛼𝑖)∏𝑘𝑖=1Γ (𝛼𝑖) Θ
𝛼1−1
1 . . . Θ𝛼𝑘−1

𝑘
(1)

𝑝 (Θ, 𝑧, 𝑤 | 𝛼, 𝛽) = 𝑝 (Θ | 𝛼) 𝑁∏
𝑛=1

𝑝 (𝑧𝑛 | Θ) 𝑝 (𝑤𝑛 | 𝑧𝑛, 𝛽) (2)

𝑝 (𝐷 | 𝛼, 𝛽) = 𝑀∏
𝑑=1

∫𝑝 (Θ𝑑 | 𝛼)

⋅ (𝑁𝑑∏
𝑛=1

∑
𝑍𝑑𝑛

𝑝 (𝑧𝑑𝑛 | Θ𝑑) 𝑝 (𝑤𝑑𝑛 | 𝑧𝑑𝑛, 𝛽))𝑑Θ𝑑
(3)

In LDA, the computation of the posterior distribution of the
hidden variables is an important inferential task. The exact
inference of hidden variables is exponentially large. Hence,
approximation algorithms (such as Laplace approximation,
variational approximation, and Gibbs sampling) have been
utilized in LDA process [61].

3.2. Ensemble Learning Methods. Ensemble learning meth-
ods aim to combine the predictions of multiple classification
algorithms so that a classification model with higher predic-
tive performance can be achieved [62]. In dependent meth-
ods, the outputs of former classifiers determine the outputs
of following classifiers. In contrast, the outputs of classifiers
are individually identified and combined to produce the final
prediction in independent methods. Dependent ensemble
methods include Boosting (e.g., AdaBoost algorithm) and
independent methods include Bagging, Dagging, and Ran-
dom Subspace. To examine the predictive performance of
the proposed scheme, four well-known ensemble learning

methods (namely, AdaBoost [63], Bagging [64], Random
Subspace [65], and Stacking [66]) are considered.

3.3. Ensemble Pruning Methods. The ensemble pruning
methods aim to identify optimal subset of classification algo-
rithms to improve the predictive performance and compu-
tational efficiency of multiple classifier systems. To examine
the predictive performance of proposed ensemble pruning
algorithm, we have employed four ensemble pruning algo-
rithms. These methods are the ensemble pruning methods
from libraries of models [49], Bagging ensemble selection
[67], LibD3C algorithm [68], and ensemble pruning based on
combined diversity measures [21].

3.4. Swarm-Based Optimization Algorithms. Swarm-based
optimization algorithms, including genetic algorithms, par-
ticle swarm optimization, firefly algorithm, cuckoo search
algorithm, and bat algorithm, have been successfully em-
ployed on applications of data science, such as data clustering
anddata categorization [68]. In the proposed scheme, swarm-
based optimization algorithms have been utilized to optimize
the set of parameters of LDA-based topic modelling. In
addition, the proposed ensemble pruning algorithm employs
swarm-based optimization algorithms to group classifiers
into clusters. In the empirical analysis, genetic algorithms
[69], particle swarm optimization algorithm [70], firefly algo-
rithm [71], cuckoo search algorithm [72], and bat algorithm
[73] are utilized.

3.5. Cluster Validity Indices. This section briefly introduces
four cluster validity indices (namely, the Bayesian infor-
mation criterion, Calinski-Harabasz index, Davies-Bouldin
index, and Silhouette index), which are utilized to evaluate
the clustering quality of different configurations of LDA.
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The Bayesian information criterion (BIC) is computed as
given below:

BIC = − ln (L) + vln (n) (4)

where n denotes the number of topics, L denotes the like-
lihood of parameters to generate data in the model, and v
denotes the number of free parameters in Gaussian model
[74]. The smaller the Bayesian information criterion, the
better the generated model.

The Calinski-Harabasz index (CH) is the ratio of the
traces of between cluster scatter matrix and the internal
scatter matrix, which is computed as given below [74]:

CH (𝐾) = [𝑡𝑟𝑎𝑐𝑒 𝐵/𝐾 − 1][𝑡𝑟𝑎𝑐𝑒 𝑊/𝑁 − 𝐾] (5)

trace B = 𝐾∑
𝑘=1

𝐶𝑘 𝑐𝑘 − 𝑥2 (6)

trace C = 𝐾∑
𝑘=1

𝑁∑
𝑖=1

𝑤𝑘,𝑖 𝑥𝑖 − 𝐶𝑘2 (7)

where K denotes the number of clusters,N denotes the num-
ber of data instances, |𝐶𝑘| denotes the number of elements
in cluster Ck, xi denotes a point within cluster Ck, B denotes
the between-cluster scattermatrix, which represents the error
sum of squares between different clusters, and W denotes
the internal scatter matrix, which represents the squared
differences of instances in a cluster. Here, trace of an n-by-
n square matrix corresponds to the sum of the elements on
the main diagonal [75].

TheDavies-Bouldin index (DB) is a cluster validity index,
which aims to maximize between-cluster distance and to
minimize the distance between centroids of clusters and the
other data points, that is defined as given by the following
equation:

BD = 1𝑐
𝑐∑
𝑖=1

max
𝑖 ̸=𝑗

{𝑑 (𝑋𝑖) + 𝑑 (𝑋𝑗)𝑑 (𝑐𝑖, 𝑐𝑗) } (8)

where c denotes the number of clusters, i and j correspond
to cluster labels, d(ci, cj) corresponds to distance between
centroids of clusters, and 𝑋i corresponds to a data point
within cluster Ci. The smaller the DB criterion, the better the
generated model.

The Silhouette index (SI) is defined as given by (9):

SI = 1𝑁∑
𝑖

( 1𝑛𝑖 ∑𝑥∈𝐶𝑖
𝑏 (𝑥) − 𝑎 (𝑥)

max [𝑏 (𝑥) , 𝑎 (𝑥)]) (9)

𝑎 (𝑥) = 1𝑛𝑖 − 1 ∑
𝑦∈𝐶𝑖,𝑦 ̸=𝑥

𝑑 (𝑥, 𝑦) (10)

𝑏 (𝑥) = min
𝑗 ̸=𝑖

[
[
1𝑛𝑖 ∑𝑦∈𝐶𝑗𝑑 (𝑥, 𝑦)]] (11)

whereN denotes the number of clusters, 𝑛𝑖 denotes the size of
cluster C𝑖, a(x) denotes the average distance between the ith
instance and all instances in X𝑗, b(x) denotes the minimum
distance from i to the centroids of clusters not containing i.

3.6. Pairwise Diversity Measures. This section briefly intro-
duces four diversity measures (namely, disagreement mea-
sure, Q-statistics, the correlation coefficient, and the double
fault measure) which are utilized in the proposed ensemble
classification scheme.

Q-statistics, the correlation coefficient (pi,k), the disagree-
ment measure (Dis), and the double fault measure (DF)
among two classifiersDi andDk are computed using (12), (13),
(14), and (15), respectively [76]:

𝑄𝑖,𝑘 = 𝑁11𝑁00 − 𝑁01𝑁10𝑁11𝑁00 + 𝑁01𝑁10 (12)

𝜌𝑖,𝑘
= 𝑁11𝑁00 − 𝑁01𝑁10
√(𝑁11 + 𝑁10) (𝑁01 + 𝑁00) (𝑁11 + 𝑁01) (𝑁10 + 𝑁00)

(13)

𝐷𝑖𝑠𝑖,𝑘 = 𝑁01 + 𝑁10𝑁11 + 𝑁10 + 𝑁01 + 𝑁00 (14)

𝐷𝐹𝑖,𝑘 = 𝑁00𝑁11 + 𝑁10 + 𝑁01 + 𝑁00 (15)

whereN11,N00,N10, andN01 denote the number of correctly
classified instances by the two classifiers, the number of
incorrectly classified instances by the two classifiers, the
number of instances correctly classified byDi and incorrectly
classified by Dk, and the number of instances correctly
classified by Dk and incorrectly classified by Di, respectively.

4. The Proposed Text
Categorization Framework

The proposed text categorization framework combines the
swarm-optimized Latent Dirichlet allocation and diversity-
based hybrid ensemble pruning scheme. The rest of this sec-
tion explains the methods utilized in the proposed biomedi-
cal text categorization framework.

4.1. Swarm-Optimized Latent Dirichlet Allocation. The latent
Dirichlet allocation (LDA) is an efficient generative proba-
bilisticmodel that can be employed to represent unstructured
text documents in an efficient way. In general, LDA-based
topic modelling involves the calibration of several parame-
ters, summarized as follows:

(i) Number of topics in LDA-based topic modelling (k).
(ii) 𝛼 parameter to control the topic distribution per

document. A higher value for 𝛼 parameter denotes
better smoothing of topics for each document.

(iii) 𝛽 parameter tomodel distributions of terms per topic.
In order to improve the computational complexity of LDA,
LDA is usually employed in conjunction with an approxi-
mation method. In this work, we utilized Gibbs sampling
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method in conjunction with LDA. In this way, the number of
iterations (N) for sampling is also involved as an additional
parameter value. Identifying appropriate parameter values of
LDA with the optimal configuration is a challenging task.
Without setting appropriate parameter values, LDA-based
representation may degrade the predictive performance of
classification schemes. Too low or toomuch number of topics
can result in a poor predictive performance. Hence, finding
an optimal configuration for LDA-based topic modelling
involves extensive empirical analysis. Exhaustively enumerat-
ing possible parameter values for LDA to identify an optimal
configuration involves high computational analysis with a
wide range of parameter values.

In this paper, five metaheuristic algorithms (namely,
genetic algorithms, particle swarm optimization, firefly algo-
rithm, cuckoo search algorithm, and bat algorithm) are
utilized to calibrate the parameters of LDA. In this scheme,
values of all parameters of LDA are taken into consideration.
Hence, various values for each parameter are evaluated to
find an optimal configuration. In the presented problem,
the first issue is to examine the merit of a particular LDA-
based configuration. In order to evaluate the merit of a
particular configuration of LDA before employing on a par-
ticular task, we have employed four internal cluster validity
indices, namely, the Bayesian information criterion, Calinski-
Harabasz index, Davies-Bouldin index, and Silhouette index.
Higher clustering quality of a particular LDA-based configu-
ration tends to yield higher predictive performance on LDA-
based categorization tasks [19, 20]. For this reason, we seek to
identify an LDA configuration which maximizes the overall
clustering quality of LDA configuration.

Since exhaustively enumerating possible configurations
for LDA can be computationally infeasible task, the iden-
tification of a parameter set which maximizes the overall
clustering quality can be modelled as an optimization prob-
lem. In the presented scheme, five swarm-based optimiza-
tion algorithms (namely, genetic algorithms, particle swarm
optimization, firefly algorithm, cuckoo search algorithm,
and bat algorithm) have been considered. The presented
approach seeks to find an LDA configuration [k, 𝛼, 𝛽, N]
which maximizes the clustering quality in terms of inter-
nal cluster validity indices (Bayesian information criterion,
Calinski-Harabasz index, Davies-Bouldin index, and Silhou-
ette index).Thepresented scheme starts with a randomly gen-
erated population of initial configuration. Then, randomly
generated LDA configurations are utilized to cluster text
documents. The merit of clusters is evaluated using four
internal clustering validity indices and the swarm-based
optimization algorithms have been utilized to optimize the
parameter values. In Figure 2, the general structure of swarm-
optimized LDA is summarized.

4.2. Diversity-Based Ensemble Pruning. Diversity-based en-
semble pruning approach is a hybrid ensemble pruning
scheme, which integrates combined pairwise diversity mea-
sures and swarm-based clustering algorithms. The presented
ensemble pruning method consists of two main stages,
namely, computation of pairwise diversity matrices among

the base learning algorithms of the ensemble and swarm-
based clustering on combined pairwise diversity matrix to
obtain final base learning algorithms of the pruned ensemble.

The general structure of diversity-based ensemble prun-
ing algorithm is presented in Figure 3. Initially,many different
base learning algorithms (classification algorithms) from
the model library with varying parameter values have been
taken as the initial set of classifiers. The model library
contains classification algorithms from five groups, namely,
five Bayesian classifiers, fourteen function based classifiers,
ten instance based classifiers, three rule based classifiers, and
eight decision tree classifier which have been considered.The
detailed description regarding the classification algorithms
of the model library is presented in Table 2. Classification
algorithms of the model library have been trained on the
training set. In this way, the predictive characteristics of
different learning algorithms have been obtained.

After training classification algorithms, pairwise diversity
matrices are computed. The diversity and accuracy are two
essential factors to build multiple classifier systems with
high predictive performance. There are many pairwise and
nonpairwise diversity measures presented in the literature.
Different diversity measures concentrate on different aspects
of the diversity and there is not a widely accepted definition
for the term. Motivated by the success of the combined
diversity measures in the ensemble pruning [21], we seek
to find an appropriate subset of diversity measures. In this
regard, we have conducted an experimental analysis with
five widely utilized diversity measures (namely, Q-statistics,
correlation coefficient, disagreement measure, double fault
measure, and kappa statistics). Since there are five diversity
measures, we have evaluated 25-1=31 different subset cases.
The values obtained for each measure are normalized. Since
the highest predictive performance is obtained by averaging
the four diversity measures (Q-statistics, correlation coeffi-
cient, disagreement measure, and double fault measure), this
configuration is utilized in the proposed ensemble pruning.
For four pairwise diversity measures mentioned above, the
diversity values of each pair of classifiers are computed using
the validation set. Then, the combined pairwise diversity
matrix is obtained from the four pairwise diversity matrices
by averaging the diversity values of the individual diversity
matrices.

After computation of the combined pairwise diversity
matrix, clustering has been employed on the combined diver-
sity matrix. Clustering has been widely employed technique
for ensemble pruning, which aims to group classification
algorithms into clusters such that the classifiers with the
similar characteristics are assigned into the same cluster. By
obtaining classifiers from the different clusters, a multiple
classifier system with high diversity can be achieved. In
this study, five metaheuristic clustering algorithms (namely,
genetic algorithmbased clustering, particle swarm clustering,
firefly clustering, cuckoo clustering, and bat clustering) have
been employed on the combined diversity matrix. Based on
the clustering results, the classification algorithms have been
assigned into a number of clusters.

On the empirical analysis with five metaheuristic clus-
tering algorithms, the highest predictive performance is
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Swarm-optimized LDA stage

Clustering text documents

Evaluating the clustering quality of LDA configuration

Application of metaheuristic algorithms to calibrate the parameters
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Particle swarm
algorithm
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Number of iterations: 20,
Mutation probability: 0.01,

Mutation type: bit-flip,
Population size: 20, Seed:

1, Social Weight: 0.33

Firefly algorithm
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configuration to represent text

documents

Ld=0.4, pr=0.4, fqmin=0, fqmax=2

Pa= 0.5

Figure 2: Swarm-optimized latent Dirichlet allocation.

achieved by firefly clustering algorithm. Hence, we utilized
firefly clustering scheme to cluster classification algorithms
on the combined diversity matrix based on their predictive
characteristics. Let A denote an agent that consists of m
n-dimensional points, 𝑎i denote n-dimensional points in
A, P denote a set containing of l n-dimensional points, pi
denote n-dimensional point contained in P, and Dist(A,P)
denote the distance between A and p; the general structure of
firefly clustering algorithm utilized in the proposed scheme is
outlined in Box 2.

After applying clustering algorithm on the combined
pairwise diversity matrix, clustering results are utilized to
select the classifiers of the pruned ensemble. In order to
do so, classifiers of each cluster are ranked based on their
predictive performance (in terms of classification accuracy).
Then, one classifier with the highest predictive performance
is selected from each cluster. Let N denote the number of

clusters obtained at the end of firefly clustering algorithms,
and one classifier has been selected fromeach classifier. In this
way,N classifiers constitute the pruned ensemble. In order to
combine the predictions of the selected classifiers, majority
voting scheme is employed.

5. Experimental Analysis

In order to examine the predictive performance of the
proposed biomedical text categorization scheme, an extensive
empirical analysis has been performed. This section presents
the datasets utilized in the analysis, the experimental proce-
dure, and the experimental results.

5.1. Dataset. The experimental analysis has been conducted
on five public biomedical text categorization datasets. These
datasets are Oh5 collection, Oh10 collection, Oh15 collection,
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Figure 3: Diversity-based ensemble pruning approach.
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Input: Data points: P={𝑝1, 𝑝2, . . . , 𝑝𝑙}, 𝛼, 𝛿 and 𝛾 parameters.
Output: An agent A with the highest fitness value.
Initialize A={𝐴1, 𝐴2, . . . , 𝐴𝑘} agents,
for before stopping criterion has been met do
(i) For each Ai agent, calculate fitness function value 𝐹𝑖 based on the following equation:

𝐹 (𝐴) = 𝑙∑
𝑖=1

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐴, 𝑝𝑖)
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐴, 𝑝) = min(‖𝑎1 − 𝑝‖, ‖𝑎2 − 𝑝‖, . . . , ‖𝑎𝑚 − 𝑝‖).

(ii) For each Ai agent, compare fitness value of Ai with fitness value of Aj agent. If 𝐹𝑖 > 𝐹j then,
Update Ai agent based on the following equations:𝑎𝑖𝑗 = 𝑎𝑖𝑗 + 𝑑 ∗ 𝑒−𝛾∗𝑑2 + 𝛼 ∗ 𝑟𝑑 = (𝑎𝑥𝑗 − 𝑎𝑖𝑗)

(iii) Update 𝛼=𝛼 ∗ 𝛿.
Box 2: The general structure of firefly clustering algorithm.

Table 1: Descriptive information for the datasets.

Dataset Number of
documents Number of terms Average occurrence

of terms Number of classes

Oh5 918 3013 54.43 10
Oh10 1050 3239 55.63 10
Oh15 3101 54142 17.46 10
Ohscal 11162 11466 60.38 10
Ohsumed-400 9200 13512 55.14 12

Ohscal collection, and Ohsumed-400 collection [77]. Oh5,
Oh10,Oh15,Ohscal, andOhsumed-400 collections are part of
OHSUMED collection. Each collection contains biomedical
text collections. The basic descriptive information about
biomedical text collections utilized in the empirical analysis
has been summarized in Table 1, and the number of terms
extracted after preprocessing is given.

5.2. Evaluation Metrics. In order to evaluate the predictive
performance of the presented biomedical text categorization
scheme, classification accuracy (ACC) and F-measure have
been employed as the evaluation measure.

Classification accuracy is one of the most widely utilized
measures in performance evaluation of classification algo-
rithms. It is the proportion of the number of true positives
and true negatives obtained by the classifiers in the total
number of instances as given by the following equation:

𝐴𝐶𝐶 = 𝑇𝑁 + 𝑇𝑃𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁 (16)

where TN, TP, FP, and FN represent the number of true
negatives, true positives, false positives, and false negatives,
respectively.

F-measure is another common measure in performance
evaluation of classification algorithms. F-measure is the
harmonic mean of the precision and recall of a classifi-
cation algorithm. It can take values between 0 and 1 and
the higher values of F-measure indicate a better predictive
performance. Based on the characteristics of datasets utilized

in the empirical analysis, there are two variants of F-measure,
namely, micro-averaged F-measure and macro-averaged F-
measure. The micro-averaged F-measure extends F-measure
to multiclass problems by averaging precision and recall
values across all classes. However, F-measure and micro-
averaged F-measure cannot focus entirely on rare classes [78].
Since some of the datasets utilized in the empirical analysis
are imbalanced dataset, themacro-averaged F-measure is also
utilized as another evaluation measure. The macro-averaged
F-measure, which determines the average F-measure across
all one-versus-all classes, is computed as given by (17):

Macro − averaged F −measure

= 1𝑛
𝑛∑
𝑖=1

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑖𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑖
(17)

Precision = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 (18)

Recall = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (19)

where TP, FP, and FN represent the number of true positives,
false positives, and false negatives, respectively.

5.3. Experimental Procedure. In the experimental analysis,
dataset is divided into tenfold (parts). In this scheme, sixfold
is utilized for training, twofold is utilized for validation,
and twofold is utilized for test. The experimental analysis
is performed with the machine learning toolkit WEKA
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Table 2: Classification algorithms used to build the model library.

Classifier Group Classification Algorithms

Bayesian Classifiers (5)
Bayesian logistic regression (with Norm-based hyper-parameter selection), Bayesian logistic
regression (with Cross-validated hyper-parameter selection), Bayesian logistic regression

(with Specific value based hyper-parameter selection), Naive Bayes, Naive Bayes
Multinomial

Function based classifiers (14)
FLDA, Kernel Logistic Regression (with Poly Kernel), Kernel Logistic Regression (with

Normalized Poly Kernel), LibLINEAR (with L2-regularized logistic regression), LibLINEAR
(with L2-regularized L2-loss support vector classification), LibLINEAR (with L1-regularized

logistic regression), LibSVM (with radial basis function), LibSVM (with linear kernel),
LibSVM (with polynomial kernel), LibSVM (with sigmoid kernel), Multi-layer perceptron,
radial basis function networks, Logistic regression, Gaussian radial basis function networks

Instance based classifiers (10) KNN (with K: 1), KNN (with K:2), KNN (with K:3), KNN (with K: 4), KNN (with K:5),
KNN (with K:6), KNN (with K:7), KNN (with K:8), KNN (with K:9), KNN (with K:10)

Rule based classifiers (3) FURIA (with Product T-norm), FURIA (with Minimum T-norm), RIPPER

Decision tree classifiers (8) BFTree (Unpruned), BFTree (Post-pruning), BFTree (Pre-pruning), Functional Tree, C4.5
(J48), NBTree, Random Forest, Random Tree

Table 2 is reproduced from ONAN et al. [19, 20] (under the Creative Commons Attribution License/public domain).

(Waikato Environment for Knowledge Analysis) version
3.9, which is an open-source platform with many machine
learning algorithms implemented in Java [79]. The presented
classification scheme is also implemented in Java. In the
empirical analysis on swarm-based latent Dirichlet alloca-
tion, Näıve Bayes algorithm and support vector machines are
utilized as the base learning algorithms. In order to compare
the presented multiple classifier system, four well-known
ensemble methods (namely, AdaBoost, Bagging, Random
Subspace, and Stacking) have been considered. ForAdaBoost,
Bagging, and Random Subspace algorithms, Naı̈ve Bayes and
support vector machines are utilized as the base learners. In
the Stacking (stacked generalization), the classifier ensemble
consisted of five base learners (namely, Naı̈ve Bayes, support
vector machines, logistic regression, Bayesian logistic regres-
sion, and linear discriminant analysis). For ensemble selec-
tion from libraries of models (ESM) and Bagging ensemble
selection (BES), the same model library presented in Table 2
has been utilized [19, 20].

For evaluating ensemble pruning schemes, we have
adopted the scheme outlined in [19, 20]. In the experimental
analysis, ESM, BES, and LibD3C algorithms are considered
with different parameter values. For ESM algorithm, four
different schemes (namely, forward selection, backward elim-
ination, forward-backward selection, and the best model
scheme) have been considered. In ESM algorithm, root mean
squared error (RMSE), classification accuracy (ACC), ROC
area, precision, recall, and F-measure are considered as the
evaluation measures. For BES algorithm, different bag sizes
ranging from 10 to 100 are considered. In this algorithm,
root mean squared error (RMSE), accuracy (ACC), ROC
area, precision, recall, F-measure, and the combination of all
metrics are employed as the evaluationmeasures. For LibD3C
algorithm, five different ensemble combination rules (namely,
average of probabilities, product of probabilities, majority
voting, minimum probability, and maximum probability)
are considered. In the experimental analysis, the highest
predictive performances obtained from these algorithms are

reported. In Table 3, the parameter values of metaheuristic
algorithms utilized in swarm-based LDA are presented. In
Table 4, parameters of metaheuristic clustering algorithms
utilized in the ensemble pruning stage are given. The param-
eters of the metaheuristic algorithms utilized in the swarm-
based LDA stage and the parameters of the metaheuristic
algorithms utilized in the ensemble pruning stage are deter-
mined based on the benchmark empirical results for the
algorithms [80, 81].

5.4. Experimental Results and Discussion. The presented
biomedical text categorization framework consists of two
main stages, namely, swarm-optimized latent Dirichlet allo-
cation stage and diversity-based ensemble pruning stage.

Swarm-optimized latentDirichlet allocation stage aims to
estimate the parameters of LDA. In the empirical analysis on
LDA, five differentmetaheuristic algorithms (namely, genetic
algorithms, particle swarm optimization, firefly algorithm,
cuckoo search algorithm, and bat algorithm) are considered.
To evaluate the clustering quality of different configurations
of LDA, four internal cluster validity indices (namely, the
Bayesian information criterion, Calinski-Harabasz index,
Davies-Bouldin index, and Silhouette index) are considered.
In addition, the proposed scheme presents an ensemble prun-
ing based on combined diversity measures andmetaheuristic
clustering. In the tables, the highest (the best) results achieved
by a particular configuration are indicated as both boldface
and underline and the second best results are indicated as
both boldface and italics.

In order to evaluate the merit of swarm-optimized
topic modelling in LDA, Table 5 presents the classification
accuracies obtained by different LDA-based configurations
with Naı̈ve Bayes and support vector machine classifiers.
To verify the impact of ensemble pruning method in the
presented scheme, Table 6 presents the classification results
obtained by conventional algorithms, ensemble learning
methods, conventional ensemble pruning methods, and the
proposed diversity-based ensemble pruning method. For the
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Table 3: Parameters of the metaheuristics algorithms utilized in swarm-based LDA.

Metaheuristic algorithm Parameter Values

Genetic algorithms Crossover probability: 0.6, The number of generations to evaluate: 20, Mutation
probability: 0.033, Population size: 20, Seed: 1

Particle swarm
optimization

Individual weight: 0.34, Inertia weight: 0.33, Number of iterations: 20, Mutation
probability: 0.01, Mutation type: bit-flip, Population size: 20, Seed: 1, Social Weight:

0.33
Firefly algorithm 𝛼= 0.8, 𝛾= 0.5, 𝛿=0.85
Cuckoo search algorithm Pa= 0.5
Bat algorithm Ld=0.4, pr=0.4, fqmin=0, fqmax=2

Table 4: Parameters of the metaheuristics algorithms utilized in ensemble pruning.

Metaheuristic algorithm Parameter Values

Genetic clustering Crossover probability= 0.6, The number of generations to evaluate= 20, Mutation
probability= 0.033, Population size= 20, Seed: 1, k:20

Particle swarm clustering Individual weight: 0.70, c1: 1.5, c2: 1.5, k: 20
Firefly clustering 𝛼= 0.6, 𝛾= 0.3, 𝛿=0.95, k: 20
Cuckoo clustering Pa= 0.3, k: 20
Bat clustering Ld=0.5, pr=0.5, fqmin=0, fqmax=2, k:20

Table 5: Classification accuracies obtained with different LDA-based configurations.

Naive Bayes (NB) Support Vector Machines (SVM)
Configuration oh5 oh10 oh15 ohscal Ohsu-med oh5 oh10 oh15 ohscal Ohsu-med
LDA (k=50) 74.38 66.66 69.40 59.27 28.35 76.24 78.73 83.17 70.62 34.64
LDA (k=100) 70.85 63.64 67.44 60.05 29.56 78.28 78.25 83.23 73.23 38.82
LDA (k=150) 69.02 65.24 65.51 59.01 29.43 76.72 79.09 84.74 73.8 41.27
LDA (k=200) 66.17 64.01 63.61 58.93 27.99 77.33 77.93 84 74.19 41.82
GA-LDA (BIC) 75.16 67.24 74.70 71.66 35.45 77.98 69.03 75.12 73.62 35.83
PSO-LDA (BIC) 75.40 68.60 76.90 72.43 35.46 78.22 72.56 75.17 75.89 36.23
FA-LDA (BIC) 75.48 71.26 77.48 72.80 35.60 79.50 74.73 76.63 76.90 37.69
CSA-LDA (BIC) 76.66 71.96 78.77 72.94 35.65 79.56 75.97 77.96 77.02 37.94
BA-LDA (BIC) 78.82 72.21 79.77 73.02 36.58 79.85 76.53 78.89 77.34 38.89
GA-LDA (CH) 79.02 72.88 80.11 74.53 36.85 80.62 77.72 80.31 78.17 38.96
PSO-LDA (CH) 80.20 72.93 80.66 74.76 37.03 81.50 77.91 80.50 78.99 39.03
FA-LDA (CH) 81.20 72.99 80.72 75.13 37.75 81.80 77.99 80.55 79.09 39.03
CSA-LDA (CH) 81.40 73.12 81.71 76.02 38.34 82.61 78.01 80.78 79.82 39.03
BA-LDA (CH) 81.46 73.49 81.82 76.21 39.24 82.87 78.93 81.01 79.89 39.52
GA-LDA (DB) 84.46 76.22 84.13 78.71 40.50 84.73 80.95 85.88 82.46 43.02
PSO-LDA (DB) 84.60 80.07 85.14 79.21 42.57 85.13 81.11 86.17 84.22 43.51
FA-LDA (DB) 85.89 80.82 85.17 80.83 44.60 86.22 81.88 86.73 84.62 44.61
CSA-LDA (DB) 86.42 80.97 86.10 81.69 45.21 86.79 82.00 86.96 85.07 46.67
BA-LDA (DB) 87.60 81.36 87.32 83.56 47.00 88.86 82.09 88.05 85.24 50.08
GA-LDA (SI) 81.57 73.57 82.03 76.48 39.36 83.21 79.00 82.24 79.93 40.58
PSO-LDA (SI) 82.61 73.76 82.50 76.61 39.66 83.58 79.33 83.03 80.36 40.87
FA-LDA (SI) 83.19 74.18 82.88 77.47 39.68 83.69 79.41 83.11 80.95 40.95
CSA-LDA (SI) 83.78 75.11 83.01 78.06 39.69 83.84 80.83 84.47 81.82 41.12
BA-LDA (SI) 84.11 76.08 83.03 78.13 40.08 84.49 80.90 85.52 81.99 42.65
LDA: latent Dirichlet allocation, GA-LDA: genetic algorithm based LDA, PSO-LDA: particle swarm optimization based LDA, FA-LDA: firefly algorithm based
LDA, CSA-LDA: cuckoo search algorithm based LDA, BA-LDA: bat algorithm based LDA, BIC: Bayesian information criterion, CH: Calinski-Harabasz index,
DB: Davies-Bouldin index, and SI: Silhouette index.
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Table 6: Classification results obtained by conventional algorithms and the proposed diversity-based ensemble pruning (with LDA (k=50)
based representation).

Classification algorithm oh5 oh10 oh15 ohscal ohsumed
NB 75.19 67.43 70.77 60.24 29.41
SVM 77.59 80.29 84.47 71.58 34.72
Bagging+NB 76.08 69.77 70.94 60.21 29.21
Bagging+SVM 84.36 77.20 79.07 71.92 35.98
AdaBoost+NB 73.53 68.07 70.26 60.09 29.60
AdaBoost+SVM 84.06 77.19 78.88 72.08 35.03
RandomSubspace+NB 74.75 67.29 68.51 57.58 28.60
RandomSubspace+SVM 78.02 69.89 71.22 67.65 31.80
Stacking 83.78 81.32 81.69 60.02 40.76
ESM 79.25 79.07 78.91 72.52 37.84
BES 80.11 80.61 81.08 73.02 40.04
LibD3C 82.86 82.93 84.51 74.86 41.17
CDM 84.77 84.13 85.32 76.45 43.55
DEP (Genetic clustering) 81.61 81.96 84.64 74.21 43.27
DEP (PSO clustering) 80.91 81.41 83.31 73.98 45.73
DEP (Firefly clustering) 86.52 86.08 86.29 77.47 47.48
DEP (Cuckoo clustering) 85.06 83.00 85.84 76.81 45.43
DEP (Bat clustering) 84.47 84.18 82.11 72.70 44.13
NB: Naı̈ve Bayes algorithm, SVM: support vector machines, ESM: ensemble selection from libraries of models, BES: Bagging ensemble selection, LibD3C:
hybrid ensemble pruning based on k-means and dynamic selection, CDM: ensemble pruning based on combined diversity measures, and DEP: the proposed
diversity-based ensemble pruning.

Table 7: Comparison of the proposed text categorization scheme with conventional classifiers, ensemble learners, and ensemble pruning
method (with BA-LDA (DB) based representation).

Classification algorithm oh5 oh10 oh15 ohscal ohsumed
NB 87.67 81.42 87.44 83.64 47.09
SVM 88.97 82.22 88.16 85.32 50.08
Bagging+NB 89.32 83.35 88.87 83.47 48.52
Bagging+SVM 88.03 84.84 87.86 83.92 50.73
AdaBoost+NB 89.77 83.60 87.48 86.18 51.18
AdaBoost+SVM 88.18 84.95 87.35 86.29 51.85
RandomSubspace+NB 88.32 83.96 86.66 88.09 50.70
RandomSubspace+SVM 88.56 84.11 89.58 88.29 50.29
Stacking 88.28 86.87 88.93 84.90 53.84
ESM 88.58 86.66 90.25 88.48 51.94
BES 89.29 86.00 90.98 89.12 52.47
LibD3C 90.35 87.95 91.27 90.48 53.41
CDM 91.51 89.61 93.17 91.33 54.47
Proposed scheme 93.14 91.29 93.76 92.14 58.17
NB: Naı̈ve Bayes algorithm, SVM: support vector machines, ESM: ensemble selection from libraries of models, BES: Bagging ensemble selection, LibD3C:
hybrid ensemble pruning based on k-means and dynamic selection, and CDM: ensemble pruning based on combined diversity measures.

results reported in Table 6, the biomedical text categorization
datasets are represented with LDA (k=50); i.e., swarm-
optimized latent Dirichlet allocation stage has not been
applied for the results presented in Table 6 to examine the
predictive performance of the proposed ensemble pruning
scheme. Finally, Table 7 compares the predictive performance
of conventional algorithms, ensemble learning methods,

conventional ensemble pruning methods, and the proposed
diversity-based ensemble pruning method when swarm-
optimized latent Dirichlet allocation stage has been applied
to represent the dataset.

As can be observed from the classification accura-
cies presented in Table 5, the performance of LDA-based
representation schemes generally enhances with the use
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of metaheuristic algorithms in conjunction with LDA to
estimate the parameters of it. Among the different meta-
heuristic algorithms, the highest predictive performance is
obtained by bat algorithm based LDA with Davies-Bouldin
index based evaluation. The second highest predictive per-
formance is obtained by cuckoo search algorithm based
LDA with Davies-Bouldin index based evaluation. Regard-
ing the performance of different evaluation measures, the
highest performance is achieved by Davies-Bouldin index
based configurations. The second predictive performance is
achieved by Silhouette index based configurations, which
is followed by Calinski-Harabasz index based configura-
tions. Regarding the performance of conventional LDA-
based representation schemes, the highest predictive per-
formance is generally achieved when k=50. The predic-
tive performance patterns obtained by different LDA-based
configurations with Naı̈ve Bayes algorithm are valid for
LDA-based configurations with support vector machines
algorithm.

In the empirical analysis on the ensemble pruning, five
swarm-based clustering algorithms (namely, genetic clus-
tering, particle swarm-based clustering, firefly clustering,
cuckoo clustering, and bat clustering) have been considered.
Regarding the predictive performance obtained by conven-
tional classification algorithms, support vector machines
algorithm outperforms Näıve Bayes algorithm for the com-
pared datasets. In addition, Bagging ensemble of Naı̈ve Bayes
algorithm yields better predictive performance compared to
Näıve Bayes algorithm. In general, the predictive perfor-
mance is enhanced with the use of conventional ensemble
learning methods (namely, Bagging, AdaBoost, and Ran-
dom Subspace algorithm). As can be seen from the results
reported in Table 6, conventional ensemble pruningmethods
outperform the conventional classification algorithms and
ensemble learning schemes. In addition, hybrid ensemble
pruning schemes (the proposed diversity-based ensemble
pruning method, LibD3C algorithm, and ensemble pruning
based on combined diversity measures) outperform the
other ensemble pruning schemes (ensemble selection from
libraries of models and Bagging ensemble selection). The
highest predictive performance is obtained by the proposed
diversity-based ensemble pruning schemewith firefly cluster-
ing. The second highest predictive performance is generally
obtained by the proposed diversity-based ensemble pruning
scheme with cuckoo clustering.

Based on the extensive empirical analysis with different
metaheuristic algorithms in swarm-based LDA and with
different clustering algorithms in diversity-based ensemble
pruning algorithm, the highest predictive performance is
obtained by bat algorithm based LDA with Davies-Bouldin
index and diversity-based ensemble pruning with firefly
clustering. In Table 7, the predictive performance of the
proposed biomedical text categorization scheme is compared
with two classification algorithms (namely, Näıve Bayes algo-
rithm and support vector machines), four ensemble methods
(namely, Bagging, AdaBoost, Random Subspace, and Stack-
ing), and four ensemble pruning methods (namely, ensem-
ble selection from libraries of models, Bagging ensemble
selection, LibD3C algorithm, and ensemble pruning based

on combined diversity measures). For the results reported
in Table 7, the biomedical text categorization datasets are
represented with bat algorithm based LDA with Davies-
Bouldin index (BA-LDA (DB)). As can be observed from the
results outlined in Table 7, the proposed scheme outperforms
the conventional classifiers, ensemble learning methods, and
ensemble pruning methods.

In addition to classification accuracy, the predictive
performances of classification algorithms, ensemble learning
methods, and ensemble pruning methods have been also
examined in terms of the macro-averaged F-measure. In
Table 8, the macro-averaged F-measure results obtained by
different LDA-based configurations with Näıve Bayes and
support vector machine classifiers are presented. Regarding
the macro-averaged F-measure results presented in Table 8,
the highest predictive performance is obtained by bat algo-
rithm based LDAwithDavies-Bouldin index based represen-
tation. The same patterns obtained in terms of classification
accuracies presented in Table 5 are also valid for F-measure
based results. Hence, the utilization of metaheuristic opti-
mization algorithms in conjunction with LDA to calibrate its
hyper-parameters enhances the predictive model.

To examine the performance improvement achieved by
the proposed ensemble pruning scheme, Table 9 presents
the macro-averaged F-measure values obtained by conven-
tional algorithms, ensemble learning methods, conventional
ensemble pruning methods, and the proposed diversity-
based ensemble pruning method. For the results reported
in Table 9, the biomedical text categorization datasets are
represented with LDA (k=50); i.e., swarm-optimized latent
Dirichlet allocation stage has not been applied for the results
presented in Table 9. Regarding the macro-averaged F-
measure results presented in Table 9, the highest predictive
performance is obtained by the proposed diversity-based
ensemble pruning scheme with firefly clustering. The second
highest predictive performance is generally obtained by the
proposed diversity-based ensemble pruning scheme with
cuckoo clustering and ensemble pruning based on combined
diversity.

In Table 10, the macro-averaged F-measure results
obtained by classification algorithms, ensemble learning
methods, and ensemble pruning methods are presented. For
the results reported in Table 10, the biomedical text catego-
rization datasets are represented with bat algorithm based
LDA with Davies-Bouldin index (BA-LDA (DB)). Regarding
the macro-averaged F-measure results, the proposed scheme
outperforms the conventional classifiers, ensemble learning
methods, and ensemble pruning methods.

To statistically validate the results obtained in the empir-
ical analysis, we have performed the two-way ANOVA (anal-
ysis of variance) test in the Minitab statistical program. The
two-wayANOVA test is an extension of the one-wayANOVA
test, which aims to evaluate the effect of two different categor-
ical independent variables on one dependent variable. In two-
way ANOVA test, both the main effect of each independent
variable and their interactions are taken into assessment.The
results for the two-way ANOVA test of overall results (in
terms of classification accuracy) are presented in Table 11,
where DF, SS, MS, F, and P denote degrees of freedom,
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Table 8: The macro-averaged F-measure results obtained with different LDA-based configurations.

Naive Bayes (NB) Support Vector Machines (SVM)
Configuration oh5 oh10 oh15 ohscal Ohsu-med oh5 oh10 oh15 ohscal Ohsu-med
LDA (k=50) 0.75 0.68 0.71 0.61 0.30 0.77 0.80 0.85 0.73 0.36
LDA (k=100) 0.72 0.65 0.69 0.62 0.31 0.79 0.80 0.85 0.75 0.40
LDA (k=150) 0.70 0.67 0.67 0.61 0.31 0.77 0.81 0.86 0.76 0.43
LDA (k=200) 0.67 0.65 0.65 0.61 0.29 0.78 0.80 0.86 0.76 0.44
GA-LDA (BIC) 0.76 0.69 0.76 0.74 0.37 0.79 0.70 0.77 0.76 0.37
PSO-LDA (BIC) 0.76 0.70 0.78 0.75 0.37 0.79 0.74 0.77 0.78 0.38
FA-LDA (BIC) 0.76 0.73 0.79 0.75 0.37 0.80 0.76 0.78 0.79 0.39
CSA-LDA (BIC) 0.77 0.73 0.80 0.75 0.37 0.80 0.78 0.80 0.79 0.40
BA-LDA (BIC) 0.80 0.74 0.81 0.75 0.38 0.81 0.78 0.81 0.80 0.41
GA-LDA (CH) 0.80 0.74 0.82 0.77 0.38 0.81 0.79 0.82 0.81 0.41
PSO-LDA (CH) 0.81 0.74 0.82 0.77 0.39 0.82 0.79 0.82 0.81 0.41
FA-LDA (CH) 0.82 0.74 0.82 0.77 0.39 0.83 0.80 0.82 0.82 0.41
CSA-LDA (CH) 0.82 0.75 0.83 0.78 0.40 0.83 0.80 0.82 0.82 0.41
BA-LDA (CH) 0.82 0.75 0.83 0.79 0.41 0.84 0.81 0.83 0.82 0.41
GA-LDA (DB) 0.85 0.78 0.86 0.81 0.42 0.86 0.83 0.88 0.85 0.45
PSO-LDA (DB) 0.85 0.82 0.87 0.82 0.44 0.86 0.83 0.88 0.87 0.45
FA-LDA (DB) 0.87 0.82 0.87 0.83 0.46 0.87 0.84 0.89 0.87 0.46
CSA-LDA (DB) 0.87 0.83 0.88 0.84 0.47 0.88 0.84 0.89 0.88 0.49
BA-LDA (DB) 0.88 0.83 0.89 0.86 0.49 0.90 0.84 0.90 0.88 0.52
GA-LDA (SI) 0.82 0.75 0.84 0.79 0.41 0.84 0.81 0.84 0.82 0.42
PSO-LDA (SI) 0.83 0.75 0.84 0.79 0.41 0.84 0.81 0.85 0.83 0.43
FA-LDA (SI) 0.84 0.76 0.85 0.80 0.41 0.85 0.81 0.85 0.83 0.43
CSA-LDA (SI) 0.85 0.77 0.85 0.80 0.41 0.85 0.82 0.86 0.84 0.43
BA-LDA (SI) 0.85 0.78 0.85 0.81 0.42 0.85 0.83 0.87 0.85 0.44
LDA: latent Dirichlet allocation, GA-LDA: genetic algorithm based LDA, PSO-LDA: particle swarm optimization based LDA, FA-LDA: firefly algorithm based
LDA, CSA-LDA: cuckoo search algorithm based LDA, BA-LDA: bat algorithm based LDA, BIC: Bayesian information criterion, CH: Calinski-Harabasz index,
DB: Davies-Bouldin index, and SI: Silhouette index.

adjusted sum of squares, adjusted mean square, F-Value,
and probability value, respectively. Degrees of freedom are
the amount of information in the data. The adjusted sum
of squares term (SS) denotes the amount of variation in
the response data that is explained by each term of the
model. F-statistics (F) is the test statistic to identify whether
a term is associated with the response and the probability
value (P) is used to determine the statistical significance
of the terms and model. The results presented in Table 11
are divided into three parts. The upper part of the table
denotes the statistical analysis of results on the different LDA-
based configurations, the middle part of the table denotes the
statistical analysis of results on ensemble pruning, and the
lower part of the table denotes the statistical analysis of results
on conventional classifiers, ensemble learning methods, and
ensemble pruning methods. For two-way ANOVA test, two
different factors (different datasets and different algorith-
mic configurations) are taken as categorical independent
variables. In addition, the interaction among these factors
is also taken into consideration. According to the results
presented in Table 11, probability value is P<0.001 for different
factors and their interactions. Hence, there are statistically
meaningful differences between the predictive performances
of compared methods. The performance gain obtained by

swarm-optimized LDA is statistically meaningful. Similarly,
the performance gain obtained by the proposed ensemble
pruning method is also statistically meaningful (P<0.001).

The results for the two-way ANOVA test of overall
results (in terms of the macro-averaged F-measure values)
are presented in Table 12. According to the results presented
in Table 12, there are statistically meaningful differences
between the predictive performances of compared methods
(P<0.001).

In Figure 4, the confidence intervals for the mean values
of classification accuracies obtained by the different LDA-
based configuration schemes are presented. Similarly, in
Figure 5, the confidence intervals for the mean values of
classification accuracies obtained by the conventional classi-
fiers, ensemble learners, and ensemble pruning methods are
presented. For results depicted in Figure 5, the biomedical
text categorization datasets are represented with LDA (k=50);
i.e., swarm-optimized latent Dirichlet allocation stage has not
been applied. In contrast, in Figure 6, the confidence intervals
for the mean values of classification accuracies obtained by
the conventional classifiers, ensemble learners, and ensemble
pruning methods are given. In Figure 6, swarm-optimized
latent Dirichlet allocation stage has been applied to repre-
sent the dataset. For the statistical significance of results,
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Table 9: The macro-averaged F-measure results obtained by conventional algorithms and the proposed diversity-based ensemble pruning
(with LDA (k=50) based representation).

Classification algorithm oh5 oh10 oh15 ohscal ohsumed
NB 0.76 0.68 0.72 0.61 0.30
SVM 0.78 0.81 0.86 0.73 0.35
Bagging+NB 0.77 0.70 0.72 0.61 0.30
Bagging+SVM 0.85 0.78 0.81 0.73 0.37
AdaBoost+NB 0.74 0.69 0.72 0.61 0.31
AdaBoost+SVM 0.85 0.78 0.80 0.74 0.36
RandomSubspace+NB 0.76 0.68 0.70 0.59 0.29
RandomSubspace+SVM 0.79 0.71 0.73 0.69 0.33
Stacking 0.84 0.80 0.81 0.72 0.38
ESM 0.80 0.81 0.81 0.74 0.39
BES 0.81 0.82 0.83 0.75 0.41
LibD3C 0.84 0.85 0.86 0.76 0.42
CDM 0.86 0.86 0.87 0.78 0.45
DEP (Genetic clustering) 0.82 0.84 0.86 0.76 0.45
DEP (PSO clustering) 0.82 0.83 0.85 0.75 0.47
DEP (Firefly clustering) 0.87 0.88 0.88 0.79 0.49
DEP (Cuckoo clustering) 0.86 0.85 0.88 0.78 0.47
DEP (Bat clustering) 0.85 0.86 0.84 0.74 0.45
NB: Naı̈ve Bayes algorithm, SVM: support vector machines, ESM: ensemble selection from libraries of models, BES: Bagging ensemble selection, LibD3C:
hybrid ensemble pruning based on k-means and dynamic selection, CDM: ensemble pruning based on combined diversity measures, and DEP: the proposed
diversity-based ensemble pruning.

Table 10: The macro-averaged F-measure results of methods (with BA-LDA (DB) based representation).

Classification algorithm oh5 oh10 oh15 ohscal ohsumed
NB 0.89 0.82 0.88 0.84 0.48
SVM 0.90 0.83 0.89 0.86 0.51
Bagging+NB 0.90 0.84 0.90 0.84 0.49
Bagging+SVM 0.89 0.86 0.89 0.85 0.51
AdaBoost+NB 0.91 0.84 0.88 0.87 0.52
AdaBoost+SVM 0.89 0.86 0.88 0.87 0.52
RandomSubspace+NB 0.90 0.86 0.88 0.90 0.52
RandomSubspace+SVM 0.90 0.86 0.91 0.90 0.51
Stacking 0.90 0.87 0.91 0.88 0.54
ESM 0.90 0.88 0.92 0.90 0.53
BES 0.93 0.90 0.95 0.93 0.55
LibD3C 0.94 0.92 0.95 0.94 0.56
CDM 0.95 0.93 0.97 0.95 0.57
Proposed scheme 0.97 0.95 0.98 0.96 0.61
NB: Naı̈ve Bayes algorithm, SVM: support vector machines, ESM: ensemble selection from libraries of models, BES: Bagging ensemble selection, LibD3C:
hybrid ensemble pruning based on k-means and dynamic selection, and CDM: ensemble pruning based on combined diversity measures.

confidence intervals are divided into regions denoted by red
dashed lines. As the interval plots indicate, the predictive
performances obtained by the swarm-optimized LDA (BA-
LDA (DB)) and DEP (firefly clustering) are statistically
significant.

In Figure 7, average execution times of compared algo-
rithms have been presented in seconds. As can be observed
from Figure 7, average execution times on base learning algo-
rithms (Näıve Bayes and support vector machines) are the

lowest. Conventional ensemble learning methods generally
enhance the predictive performance of the conventional base
learning algorithms. However, ensemble learning methods
involve more execution times. Compared to the ensemble
learning methods, ensemble pruning schemes have more
execution time. The highest execution time is involved in
ensemble pruning based on combined diversity measures
(CDM) and the second highest execution time is required in
the proposed classification scheme (DEP-firefly clustering).
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Table 11: Two-way ANOVA test results of classification accuracy values.

Statistical analysis of results on different LDA-based configurations

Source DF SS MS F P

Configuration 23 4073.9 177.1 90.50 P<0.001
Dataset 4 60336.7 15084.2 7707.50 P<0.001
Classifier 1 881.0 881.0 450.15 P<0.001
Configuration∗Dataset 92 334.0 3.6 1.85 P<0.001
Configuration∗Classifier 23 932.9 40.6 20.73 P<0.001
Dataset∗Classifier 4 106.3 26.6 13.57 P<0.001
Error 92 180.1 2.0

Total 239 66844.8

Statistical analysis of results on classifiers and ensemble pruning methods (with LDA (k=50) based representation).

Source DF SS MS F P

Configuration 17 2691.7 158.34 25.86 P<0.001
Dataset 4 23128.7 5782.17 944.48 P<0.001
Error 68 416.3 6.12

Total 89

Statistical analysis of results on conventional classifiers, ensemble learners, and ensemble pruning methods (with BA-LDA (DB)
based representation).

Source DF SS MS F P

Configuration 13 324.5 24.96 17.81 P<0.001
Dataset 4 14736.0 3684.00 2628.98 P<0.001
Error 52 72.9 1.40

Total 69 15133.4
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Figure 4: Interval plots for compared LDA-based configurations.
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Table 12: Two-way ANOVA test results of the macro-averaged F-measure.

Statistical analysis of results on different LDA-based configurations
Source DF SS MS F P
Configuration 23 0.42777 0.01860 91.27 P<0.001
Dataset 4 5.99867 1.49967 7359.42 P<0.001
Classifier 1 0.09263 0.09263 454.58 P<0.001
Configuration∗Dataset 92 0.03536 0.00038 1.89 P<0.001
Configuration∗Classifier 23 0.09800 0.00426 20.91 P<0.001
Dataset∗Classifier 4 0.01123 0.00281 13.78 P<0.001
Error 92 0.01875 0.00020
Total 239 6.68241
Statistical analysis of results on classifiers and ensemble pruning methods (with LDA (k=50) based representation).
Source DF SS MS F P
Configuration 17 0.27733 0.016314 23.26 P<0.001
Dataset 4 2.41143 0.692858 859.46 P<0.001
Error 68 0.04770 0.000701
Total 89 2.73646
Statistical analysis of results on conventional classifiers, ensemble learners, and ensemble pruning methods (with BA-LDA (DB)
based representation).
Source DF SS MS F P
Configuration 13 0.03613 0.002780 14.68 P<0.001
Dataset 4 1.53718 0.384296 2029.89 P<0.001
Error 52 0.00984 0.000189
Total 69 1.58316
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Figure 5: Interval plots for classifiers and ensemble pruning methods.

Metaheuristic optimization methods are well-established
techniques on tuning the parameters. Hence, there is a trade-
off between predictive performance and execution times.

6. Conclusion

In this work, we propose a novel biomedical text classification
scheme based on swarm-optimized latent Dirichlet alloca-
tion and diversity-based ensemble pruning. Biomedical text
categorization is an important research direction due to the
immense quantity of unstructured information available.The

latent Dirichlet allocation (LDA) is a popular representation
scheme for text documents, which can yield better perfor-
mance than other linguistic representation schemes, such
as latent semantic analysis and probabilistic latent semantic
analysis. We found out that the identification of appropriate
parameter values is very important to the performance
of LDA. In addition, it has been experimentally validated
that the use of metaheuristic optimization algorithms to
calibrate the parameters of LDA yields promising results on
biomedical text categorization. The presented text classifi-
cation scheme also employs an ensemble pruning approach
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Figure 6: Interval plots for compared algorithms.
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Figure 7: Average execution times (in seconds) for compared algorithms.

based on combined diversity measures to identify a robust
multiple classifier system with high predictive performance.
The presented ensemble pruning approach combines four
different diversity measures (namely, disagreement measure,
Q-statistics, the correlation coefficient, and the double fault
measure). In addition, the scheme employs the swarm-
based clustering algorithm.The experimental results indicate
that the proposed multiple classifier system outperforms the
conventional classification algorithms, ensemble learning,
and ensemble pruning methods.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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The focus of this study is the use of machine learning methods that combine feature selection and imbalanced process (SMOTE
algorithm) to classify and predict diabetes follow-up control satisfaction data. After the feature selection and unbalanced process,
diabetes follow-up data of the NewUrban Area of Urumqi, Xinjiang, was used as input variables of support vector machine (SVM),
decision tree, and integrated learning model (Adaboost and Bagging) for modeling and prediction. The experimental results show
that Adaboost algorithm produces better classification results. For the test set, the G-mean was 94.65%, the area under the ROC
curve (AUC) was 0.9817, and the important variables in the classification process, fasting blood glucose, age, and BMI were given.
The performance of the decision tree model in the test set is relatively lower than that of the support vector machine and the
ensemble learning model. The prediction results of these classification models are sufficient. Compared with a single classifier,
ensemble learning algorithms show different degrees of increase in classification accuracy.The Adaboost algorithm can be used for
the prediction of diabetes follow-up and control satisfaction data.

1. Introduction

Currently, China has the highest number of chronic disease
patients in the world, of which those suffering from diabetes
and its associated complications are among the most crit-
ical. Diabetes is a chronic disease characterized by a long
treatment cycle, numerous complications (e.g., kidney and
eye diseases), and recurrent illness. With advances in the
informatization of medicine, medical industries with large
amounts of complicated patient data are keen to extract
information from this data to assist the development of
these industries. Simultaneously, they also seek to be capable
of alleviating the challenges faced by medical personnel,
through the forthcoming development of smart medicine.
The use of machine learning and other artificial intelligence
methods for the analysis of medical data in order to assist
diagnosis and treatment is one of the manifestations of smart
medicine with the most practical significance.

With the improvement of the living standards of our
people and the westernization of our diet, the incidence,

mortality, and morbidity of diabetes have significantly
increased and have a serious impact on our health. In 2006,
Shang [1] made use of the survey data of Xinjiang chronic
disease integrated prevention and control demonstration site
in the New Urban District of Urumqi in 2004 and surveyed
2031 people over the age of 18 in three communities in the
district.The results showed the relationship between diabetes
and age and gender: the prevalence of male and female rose
with age, because the decrease of glucose tolerance with age
and the improvement of living standard are the reasons for
the increased incidence. Overweight and obesity are one
of the risk factors of diabetes mellitus. The survey found
that the prevalence of diabetes in people with BMI>24 was
10. 58%, the prevalence of diabetes in people with BMI≦24
was 4.31%, two groups prevalence by chi-square test was P
<0.01, and there was a significant difference between the
two groups, indicating that overweight and obese individuals
are more susceptible to diabetes. In 2009, Su [2] analyzed
the related factors of diabetes in the New Urban District of
Urumqi in Xinjiang. The results showed that age, gender,
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height, weight, and BMI associated with diabetes were not
statistically significant. However, the waist circumference,
systolic blood pressure, and triglyceride are factors that are
positively correlated with diabetes. In 2017, Mohemaiti [3]
used questionnaire to survey the prevalence of 200 elderly
patients type 2 diabetes with coronary heart disease from
January to December in 2016 in Hangzhou Road community
of the New Urban Area of Urumqi; the results showed that
smoking, BMI ≥ 24 kg/m2, complications associated with
diabetes, hypertension, and dyslipidemia are risk factors
for coronary heart disease in elderly patients with diabetes
mellitus. It is the key according to the relevant risk factors
and the timely development of interventions to reduce the
prevalence of coronary heart disease in elderly patients with
diabetes mellitus.

Data mining is a significant tool in medical databases,
which enhances the sensitivity and/or specificity of disease
detection and diagnosis by opening a window of relatively
better resources [4]. Applying machine learning and data
mining methods in diabetes research is a pivotal way to uti-
lizing plentiful available diabetes-related data for extracting
knowledge. The severe social impact of the specific disease
makes DM one of the main priorities in medical science
research, which inevitably produces large amounts of data.
Therefore, there is no doubt that machine learning and
data mining approaches in DM are of great concern on
diagnosis, management, and other related clinical adminis-
tration aspects [5]. In order to achieve the best classification
accuracy, abundant algorithms and diverse approaches have
been applied, such as traditional machine learning algo-
rithms, ensemble learning approaches, and association rule
learning. Most noted among the aforementioned ones are the
following: Calisir and Dogantekin proposed LDA-MWSVM,
a system for diabetes diagnosis [6]. The system performs
feature extraction and reduction using the Linear Discrimi-
nant Analysis (LDA)method, followed by classification using
the Morlet Wavelet Support Vector Machine (MWSVM)
classifier. Gangji and Abadeh [7] presented an Ant Colony-
based classification system to extract a set of fuzzy rules,
named FCSANTMINER, for diabetes diagnosis. In [8],
authors regard glucose prediction as amultivariate regression
problem utilizing Support Vector Regression (SVR). Agarwal
[9] utilized semi-automatically marked training sets to create
phenotype models via machine learning methods. Ensemble
approaches, which utilize multiple learning algorithms, have
been confirmed to be an effective way of enhancing classifi-
cation accuracy.

This study follows the support vector machine (SVM),
Adaboost, Bagging data mining ensemble techniques, and
decision tree as our research model. More specifically, the
dataset used for decision-making in this study is obtained
from the diabetes follow-up data of the New Urban Area of
Urumqi, Xinjiang.The purpose of this study is to evaluate the
performance of aforementioned techniques of data mining
and adopt machine learning methods that combine feature
selection and class unbalanced processing to evaluate the
health management control satisfaction of diabetic patients.
We used health management measure indicators of diabetes
patients as the input variables of our models to accurately

classify two levels of control satisfaction in follow-up data,
namely, (i) satisfied with the control and (ii) unsatisfied with
the control. Finally, a classificationmodel with further higher
classification accuracy was constructed.

2. Materials and Methods

2.1. Dataset. The dataset used in this study is gathered from
the diabetic patient health management follow-up data of the
New Urban Area of Urumqi, Xinjiang. The dataset contains
3406 records for a period ranging from December 1, 2016,
to February 28, 2017. Each record includes 25 characteristic
variables, which are likely to affect the degree of satisfaction
with diabetes control. An abstract detail of those relevant
factors selected in this study is provided in Table 1 that
includes age, sex, race, bodymass index (BMI), diabetes com-
plications, systolic blood pressure, diastolic blood pressure,
and fasting blood glucose of the patients. The chi-square test
was used to compare and analyze the satisfaction of different
classification variables and the respondents. By using chi-
square test to select a small number of the most relevant
features (or by eliminating many irrelevant features), one
is able to reduce the risk of overfitting the training data
and often produce a better overall model. The difference
was statistically significant at P<0.05. Categorical variables
are statistically significant by chi-square test and continuous
variables, which are used as input variables for machine
learning.

In our research, the dataset encounters the class imbal-
ance problem. Out of 3406 patients, 2832 patients were
satisfied with control of diabetes, which constitutes about
83.21% of the total patients and 574 patients are unsatis-
fied. The imbalanced ratio equals 5:1 between majority and
minority. In other words, a dataset is class-imbalanced if
one class includes significantly more sample numbers than
the other. In order to resolve the problem, we can pick the
randomundersampling (RUS), randomoversampling (ROS),
and SMOTE, which are among the most used resampling
methods to counterpoise imbalanced datasets. Here, we only
choose SMOTE algorithms, which is used to create one more
dataset, where the minority samples were oversampled by
400% and the majority class was undersampled at 123% to
approximately make the ratio 1:1. The descriptions of the
datasets are given in Table 2. Eventually, the balanced dataset
was used to construct the model.

2.2. Algorithms. We selected 4 algorithms to test decision
tree, support vector machine (SVM), Bagging, and Adaboost
which are common algorithms inmachine learning. Decision
tree [10] is a category of tree classifier. Generally, decision tree
uses information entropy, information gain, or Gini coeffi-
cients to assess which characteristic to use as the classification
characteristic corresponding to a non-leaf-node [11]. Ordi-
narily, decision trees can intuitively display the classification
process, clearly showing rules that can be understood by
humans. SVMs are supervised learning models associated
with data analysis and model recognition and are widely
used in classification and regression analysis, which use a
hypothesis space of polynomial linear functions over a high
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Table 1: Analysis of control satisfaction of diabetes patients in New Urban Area of Urumqi (n=3406).

Characteristic Satisfied
(N1=574)

Unsatisfied
(N2=2832) 𝜒

2 P values

Age, Median (IQR), Years 57(49-65) 54(46-62) - -
Sex
male 276 1400 0.35 0.555
female 298 1432
Ethnicity
Han nationality 479 2544

28.05 <0.0001Hui 57 183
others 3 28
Uighur 35 77
Degree of education
junior high school 193 866

12.62 0.013
College specialties and above 55 392
High School / Technical School 96 559
Illiteracy and semi-literacy 56 245
primary school 174 770
Marital status
Divorced / widowed 59 362

2.79 0.248unmarried 3 13
married 512 2457
Diagnosis methods
clinical 228 1673

73.96 <0.0001outpatient clinic 333 1099
others 13 60
Diabetes complications
Coronary heart disease
no 525 2462 9.07 0.003
yes 49 370
Hypertension
no 311 1317 11.27 0.001
yes 263 1515
High cholesterol
no 483 2579 25.17 <0.0001
yes 91 253
Smoking
no 270 1546 10.94 0.001
yes 304 1286
Drinking
no 278 1622 15.13 <0.0001
yes 296 1210
Diet control
no 187 666 20.88 <0.0001
yes 387 2166
physical activities
no 158 621 8.48 0.004
yes 416 2211
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Table 1: Continued.

Characteristic Satisfied
(N1=574)

Unsatisfied
(N2=2832) 𝜒

2 P values

Hypoglycemic agents
no 175 802 1.10 0.295
yes 399 2030
Insulin
no 337 1722 0.88 0.349
yes 237 1110
Quit smoking
no 356 1903 5.72 0.017
yes 218 929
Limit wine
no 333 1863 12.58 <0.0001
yes 241 969
Follow-up method
phone 50 218

9.75 0.008home 26 234
clinic 498 2380
Psychological adjustment
poor 8 13

78.86 <0.0001good 327 2123
fair 239 696
Follow medical practice
poor 98 103

191.40 <0.0001good 254 1863
fair 222 866
Compliance medication
no medication 80 421

41.89 <0.0001regular 455 2356
intermittent 39 55
Systolic blood pressure, Median
(IQR), mmHg 130 (120-140) 130 (120-140) - -

Diastolic blood pressure,
Median (IQR), mmHg 78 (70-80) 80 (70-84) - -

BMI, Median (IQR), kg/m2 25.36 (23.53-27.53) 26.27 (24.14-28.43) - -
Fasting blood glucose level,
Median (IQR), mmol/L 6.4 (6.0-6.8) 8.7 (7.5-11.03) - -

Table 2: Dataset description.

Dataset Samples distribution Ratio Description
Original data 2832/574 5:1 Original data with full instances
SMOTE-data 2824/2870 1:1 Dataset is balanced utilizing SMOTE oversampling

dimensional feature space. While SVMs are a “black box”
algorithm, they typically outperform other ML algorithms
for classification tasks [12, 13]. In 1996, Breiman proposed
the popular bootstrap aggregation (Bagging) method [14]. It
primarily involves bootstrap sampling techniques in which
samples are selected repeatedly with a certain probability
and with replacement, which generates numerous different

sample subsets. Next, these different sample subsets are
used individually to perform training on base classifiers
and obtain an integrated classifier with certain diversity.
The diversity strategy of Bagging is straightforward and
effective, and numerous derivative methods based on this
strategy yield adequate classification results [15]. Boosting,
also known as reinforcement learning, is a critical ensemble
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Table 3: Confusion matrix.

Predicted classification
1 0

Actual classification 1 TP FP
0 FN TN

learning technique that can reinforce a weak classifier, whose
prediction accuracy is marginally higher than that of a
random guess, into a strong classifier with high prediction
accuracy. Adaboost is the most successful representative of
this algorithm and has been rated as one of the ten most
effective algorithms for data mining [16].This algorithm is an
iterative method that was proposed by Schapire and Freund
in 1995 [17–19].

Because each of these algorithms has their own charac-
teristics and advantages, each method will produce different
results to classify the degree of satisfaction of diabetes follow-
up and control, and for more comprehensive evaluation of
predictors in the imbalanced context, G-mean [20] and AUC
[21] are frequently used tomeasure howwell the predictor can
balance the performance between two classes, so we choose
G-mean and area under the ROC curve (AUC) as an index
to evaluate the performance of the classification models. By
using confusion matrix (see Table 3), we can calculate the
accuracy, sensitivity, and specificity.

G-mean is the geometric mean of the sensitivity and
specificity; that is,

G-mean = √Sensitivity × Specificity (1)

The ROC curve describes the relationship between
TP/(TP + FN) and FP/(FP + TN) of the classifier. Since
the ROC curve cannot quantitatively evaluate the classifiers,
AUC is usually adopted as the evaluation index. AUC (area
under ROC curve) value refers to the area under the ROC
curve. An ideal classification model has an AUC value of 1,
with a value between 0.5 and 1.0, and the larger AUC repre-
sents that the classification model has better performance.

The experimentation is performed using open source R
software version 3.4.1 (https://www.r-project.org/). Themain
packages included the following:

(1) The adabag (https://cran.r-project.org/web/packages/
adabag/) software package focuses on the Bagging and Ada-
boost algorithms.

(2)Thekernlab (https://cran.r-project.org/web/packages/
kernlab/) package was used for the support vector machine
algorithm.

(3) The rpart (https://cran.r-project.org/web/packages/
rpart/) was used for decision tree classification.

3. Results

Our research dataset is divided into two parts; two-thirds of
the data is used as a training set, and one-third of the dataset is
defined as a testing set to evaluate the performance of several
classifiers. All classifiers were fitted to the same training and
testing data. The specific process is shown in Figure 1.

Dataset

Testing dataTraining data

Building predicted 
models

Accessing and 
selecting model

Final models

Figure 1: General flowchart of modeling.

As can be seen from Table 4, in this study, the perfor-
mance of the four final predictivemodels was evaluated using
G-mean, AUC. For the testing dataset, the final comparative
analysis results demonstrated that the Adaboost algorithm
showed the best with accuracy of 94.84%, and the sensitivity
and specificity were 95.76% and 93.56%, respectively. The
SVM algorithm came out to be the second best with a
classification accuracy of 92.62%, and the sensitivity and
specificity gave 94.08% and 91.28%, respectively, followed
by the Bagging model (91.15%) and decision tree (91.15%),
which exhibited identical results, with the sensitivity and
specificity being equal to 90.50% and 91.81%, respectively.
In the results, the area under the receiver operating char-
acteristic (ROC) curve (AUC) values of the SVM, Bag-
ging, and decision tree algorithms were 0.9688, 0.9164,
and 0.9115, respectively. The area under ROC for Adaboost
ensemble method is 98.17% and G-mean of 0.9465, showing
a high reliability of discriminative capability among all
the methods. Overall, the ML method presented in this
paper has obtained the well classification performance of
health management control satisfaction of patients with
diabetes. Decision tree also yielded better performance.
The ROC curves for the four classifiers are shown in
Figure 2.

4. Discussion

Health management of diabetic patients is an important part
of the national basic public health service project. Diabetics
are one of the six key groups defined by the national basic
public health service project, and satisfaction is one of the
important indicators of the effectiveness of the test project
[22]. Patients are satisfiedwith the services provided; theywill
take the initiative to participate in the project to form a virtu-
ous circle, further enhance the effectiveness of project health

https://cran.r-project.org/web/packages/adabag/
https://cran.r-project.org/web/packages/adabag/
https://cran.r-project.org/web/packages/kernlab/
https://cran.r-project.org/web/packages/kernlab/
https://cran.r-project.org/web/packages/rpart/
https://cran.r-project.org/web/packages/rpart/
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Table 4: Comparison of prediction performance of the four models.

Algorithms Accuracy Sensitivity Specificity G-mean AUC
Decision Trees 0.9115 0.9050 0.9181 0.9115 0.9115
SVM 0.9262 0.9408 0.9128 0.9267 0.9688
Adaboost 0.9484 0.9576 0.9356 0.9465 0.9817
Bagging 0.9115 0.9050 0.9181 0.9115 0.9164
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Figure 2: ROC curves for (a) decision tree model, (b) SVMmodel, (c) Adaboost model, and (d) Bagging model.

management, and then promote the smooth implementation
of the project. At the same time, patient satisfaction with
health services directly affects the development of health
services. Therefore, we must attach great importance to
the satisfaction of patients and improve patient satisfaction
by continuously improving service capabilities and service
quality [23]. Machine learning methods provide a new way
to diabetes analytics which is suitable for contemporary
Big Data demands. Those approaches could get over many

constraints intrinsic in many traditional statistical modeling
approaches [24]. Therefore, when focusing on a certain
disease, several appropriate classification algorithms should
be selected based on the characteristics of the dataset. By
comparing the classification accuracy of these classification
algorithms on the dataset, the most effective classification
algorithm is used as the diagnostic model. In general, the
performance of machine learning algorithms is evaluated
using predictive accuracy. However, this is not appropriate
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when the data is imbalanced and/or the costs of different
errors vary markedly.

The dataset used in this study is obtained from the
diabetic patient health management follow-up data of the
New Urban Area of Urumqi, Xinjiang. This study system-
atically involves four representative data mining techniques
for predictive data mining task. That includes decision tree,
SVM, ensemble learning method Bagging, and Adaboost.
These algorithms are combined for creating knowledge to
render it useful for decision-making. Each algorithm will
produce different results to classify the degree of satisfaction
with diabetes control. Firstly, chi-square test was used to
select the features of the diabetes dataset. Secondly, because
the dataset has unbalanced problem, we chose a method
to deal with unbalanced data, that is, the SMOTE method.
Finally, the dataset after feature selecting and unbalanced
processing was classified by four classification algorithms.
The experimental results proved that, for the testing dataset,
Adaboost algorithm performed best in four models with
a AUC equal to 0.9817 and an G-mean equal to 0.9465.
An important feature of the Adaboost algorithm is the
calculation of the importance of each variable (feature). We
can output the importance score of each input variable in
the classification process. Variables with high importance are
closely related to the predictions results. For instance, Huang
[25] mentioned that adequately controlled blood glucose was
defined as fasting blood glucose values <7.0 mmol/L. The
effect of post-management blood glucose control has a direct
impact on patient satisfaction, with a statistically significant
difference (X2=24.128, P<0.05). Moreover, Baccaro [26] also
indicated that a significant statistic correlation was observed
between the score of the questionnaires and good diabetes
control showed by the levels of HbAc1 and fasting blood
glucose, among other parameters, which is consistent with
the first important variable (fasting blood glucose) reported
by the Adaboost algorithm proposed by us. Our results
also showed that the age and BMI were also important
variables. One study has pointed out [27] higher age, better
physical health, less diabetes-related distress, and higher
diabetes treatment satisfaction. Another example, a previous
study [28] aims to assess the psychological well-being and
treatment satisfaction in patientswith type 2 diabetesmellitus
in a general hospital in Korea. Their result revealed that
treatment satisfaction was significantly associated with age,
satisfaction with waiting and treatment times, compliance
with recommended diet and exercise, and duration of dia-
betes. For BMI, there is a certain relationship between the
satisfaction rate of blood glucose control and overweight
or obesity, which explains the importance of BMI in the
classification of control satisfaction [29]. Besides, to deter-
minewhich patient characteristics and laboratory valueswere
independently associated with treatment satisfaction, Boels
[30] used a linearmixedmodel for analysis, whose conclusion
was that a number of factors including diabetes education,
perceived and actual hyperglycaemia, and macrovascular
complications are associated with treatment satisfaction.
The Bagging and Adaboost methods [31] combine a large
number of decision trees and can significantly increase their
prediction efficiency. Ensemble learning algorithm has better

performance than simple classification algorithm (decision
tree).

The limitations of research should also be recognized.
In this paper, only one method of dealing with unbalanced
data is used. Of course, all kinds of methods have been
developed to deal with unbalanced data, such as random
oversampling, cluster-based oversampling, and algorithmic
ensemble techniques. This paper does not compare with the
performance of the original dataset in the algorithm. In the
future work, we can consider, from a variety of perspectives,
adopting diverse imbalanced processing methods and a
machine learning method to compare the effects of different
types of unbalanced processing techniques.

In addition, it should be referred that despite the claims
that thesemachine learning classification algorithms can gen-
erate sufficient and effective decision-making, very few have
really permeated the clinical practice [32]. Understandably,
clinicians are not only interested in the high accuracy of a
predictivemodel, but also in the degree with which themodel
could explain the pathogenesis of the disease [24]. Although
it has powerful learning capabilities, without being supported
by the appropriate approaches for determining how they
work, the results of machine learning algorithms prediction
may encounter a limited applicability in the clinical practices.
We used machine learning approaches for diabetes analytics
in real-life clinical settings, which is a severe challenge.

5. Conclusions

In this study, we used the diabetic patient health manage-
ment follow-up data. We have combined feature selection
and imbalanced processing techniques, and few researchers
have utilized the health management control satisfaction of
patients with diabetes for classification predictions. In this
work, we offered proof that Adaboost algorithm can be
successfully used for health management control satisfaction
of patients with diabetes.
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Background. Neural activity under cognitive reappraisal can be more accurately investigated using simultaneous EEG- (electroen-
cephalography) fMRI (functional magnetic resonance imaging) than using EEG or fMRI only. Complementary spatiotemporal
information can be found from simultaneous EEG-fMRI data to study brain function. Method. An effective EEG-fMRI fusion
framework is proposed in this work. EEG-fMRI data is simultaneously sampled on fifteen visually stimulated healthy adult
participants. Net-station toolbox and empirical mode decomposition are employed for EEG denoising. Sparse spectral clustering
is used to construct fMRI masks that are used to constrain fMRI activated regions. A kernel-based canonical correlation analysis is
utilized to fuse nonlinear EEG-fMRI data. Results. The experimental results show a distinct late positive potential (LPP, latency
200-700ms) from the correlated EEG components that are reconstructed from nonlinear EEG-fMRI data. Peak value of LPP
under reappraisal state is smaller than that under negative state, however, larger than that under neutral state. For correlated
fMRI components, obvious activation can be observed in cerebral regions, e.g., the amygdala, temporal lobe, cingulate gyrus,
hippocampus, and frontal lobe. Meanwhile, in these regions, activated intensity under reappraisal state is obviously smaller than
that under negative state and larger than that under neutral state. Conclusions. The proposed EEG-fMRI fusion approach provides
an effective way to study the neural activities of cognitive reappraisal with high spatiotemporal resolution. It is also suitable for
other neuroimaging technologies using simultaneous EEG-fMRI data.

1. Introduction

Emotional regulation is known as a unique ability of human
beings to control experience and expression of their emo-
tions. It has been the focus of many fields (e.g., cogni-
tive neuroscience, clinical medicine, and sociology) due to
its importance to human mental health [1, 2]. Two well-
established emotional regulation strategies are widely applied
to control emotional experiences, including expressive sup-
pression and cognitive reappraisal. The former is a way of
response modulation whereby individual voluntarily inhibits

emotional expressive behavior [3]. However, according to
the catharsis model, emotions are supposed to “pile up”
if not expressed [4]. Hence, expressive suppression may
enhance emotional experience which harms mental health.
Cognitive reappraisal, on the other hand, is an approach to
change the way people think about a potentially emotion
eliciting condition to decrease the emotional influence [5].
For instance, one’s representative reaction to a scene of a
person shooting at another one may be decreased by imaging
the scene as a film scene. On the contrary, the reaction
may be enhanced by imaging the person is shot by his/her
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close relative. By utilizing cognitive reappraisal, discomfort
to events (e.g., sick, horror, and self-abasement) can be
alleviated at an early stage. Despite recent studies show that
cognitive reappraisal is correlated to facial frown muscle
activities [6], heart rate, and skin conductance [3], studying
the essence of cognitive reappraisal is still urgent.

Recently, several neuroimaging technologies (e.g., EEG
(electroencephalography) and fMRI (functional magnetic
resonance imaging)) are utilized to explore the essence of
cognitive reappraisal. Submillisecond temporal resolution
of EEG makes it suitable to explore the subtle temporal
dynamics of neural activity, which is expressed by electric
potential fluctuations spread to the scalp. Event Related
Potential (ERP) is widely used to study the characteristics
of EEG signals under different emotional states due to its
high temporal resolution. An essential component of ERP,
Late Positive Potential (LPP), is found to indicate the ability
of cognitive reappraisal using emotional regulation. The
facilitated processing of emotional stimuli is indicated by
the LPP as a central-parietal slow positive deflection in
the ERP. The amplitude of LPP turns out to be increased
for emotionally eliciting compared with neutral stimuli,
beginningwith approximately 200ms after stimulus onset and
continuing several seconds [7]. Meanwhile, it is susceptible
to spontaneous emotional regulation. Hence, a decrease of
LPP amplitude can be found when participants are asked
to distract attention from the pictures which may arouse
unpleasant emotion via cognitive reappraisal [8]. Moreover,
LPP reduction can also be found from positive emotional
regulation by cognitive reappraisal [9, 10]. However, emo-
tional eliciting sources are hard to locate due to the poor
spatial resolution of EEG. FMRI is another widely used
technology to study the brain function. It can localize both
superficial and deep sources of activity with mm-scale spatial
resolution via detecting the variations of blood oxygenation
level-dependent (BOLD). Cerebral regions which participate
in emotional regulation can be found via fMRI due to its high
spatial resolution. Recent fMRI researches show that volun-
tary reappraisal can influence modulated neural activities in
the amygdala [11, 12]. It also indicates that the employment
of cognitive reappraisal influences the neural activities in the
dorsal parts of the anterior cingulate cortex, the ventromedial
prefrontal cortex, and the dorsolateral prefrontal cortex [13].
However, the low resolution temporal variations of these
regions are not suitable for studying the neural activity under
cognitive reappraisal.

To resolve the abovementioned insufficient of mono-
modality neuroimaging technology, simultaneous EEG-fMRI
fusion is utilized to study the neural activity under cognitive
reappraisal due to its high spatiotemporal resolution. In
general, there are mainly three approaches for simultaneous
EEG-fMRI fusion, including fMRI aided EEG analysis, EEG
aided fMRI analysis, and symmetric EEG-fMRI analysis. For
fMRI aided EEG analysis, fMRI informationwith high spatial
resolution is used to support the inverse issue of EEG source
reconstruction. Kyathanahally et al. proposed a framework to
invest decision-making in the brain using simultaneous EEG-
fMRI data [14]. Thinh et al. developed a novel multimodal
EEG-fMRI fusion approach by employing the most probable

fMRI spatial subsets to guide EEG source localization in a
time-variant fashion [15]. For EEG informed fMRI analysis,
EEG features (e.g., ERP amplitude, the power spectrum, and
epileptic) are used to forecast the BOLD changes in fMRI. Liu
et al. proposed a general linearmodel (GLM)model for EEG-
fMRI fusion.The fusion results indicate that the intraparietal
sulcus and frontal executive areas are the primary sources of
biasing influences on task-related visual cortex, whereas task-
unrelated default mode network and sensorimotor cortex
are suppressive during visual attention [16]. Ahmad et al.
developed a framework to recognize different visual brain
activity patterns using simultaneous EEG-fMRI data. A GLM
model was utilized for EEG-fMRI fusion and the results
were further classified into different patterns by multilayer
perceptron [17]. For symmetric EEG-fMRI analysis, both data
are jointly processed by a generative model or changed into a
common feature/data space. Yu et al. developed a framework
to construct multimodal brain graphs using EEG-fMRI data
which were simultaneously sampled during eyes open and
eyes closed resting states [18]. FMRI data were decomposed
into independent components with associated time courses
by group independent component analysis (ICA) and EEG
time series were segmented into spectral power time courses
by superposed average of five frequency bands (alpha, theta,
beta, delta, and low gamma). However, ICA assumes that all
sources are independent.This strong assumption restricts the
power of ICA fusion approach in exploring the underlying
sources. Canonical correlation analysis (CCA) was employed
by Correa et al. to fuse simultaneous EEG-fMRI data with
weak assumption [19]. Dong et al. also proposed a CCA
based EEG-fMRI fusion approach to study familial cortical
myoclonic tremor and epilepsy [20]. The proposed local
multimodal serial analysis was specifically designed to handle
the change of hemodynamic response functions (HRFs).

Despite thewidely developed approaches to analyze EEG-
fMRI data, there is still no method that focuses on two
challenging issues of simultaneous EEG-fMRI fusion; one is
to handle the mutual interference between EEG and fMRI,
and the other is to handle the nonlinearity of EEG-fMRI
data. Aiming to resolve these challenges, we propose an
effective fusion framework based on CCA. Empirical mode
decomposition (EMD) is used to increase SNR of EEG
data that is polluted by MR scanning. FMRI masks are
constructed and are used to eliminate unwanted fMRI com-
ponents that are correlated with wanted EEG components.
RBF kernel is embedded into the CCA framework to handle
the nonlinearity of EEG-fMRI data. Participants are shown
with visual stimuli paradigm. Based on previous researches
that study EEG and fMRI, respectively [7], we expect (1)
the correlated ERP components and fMRI activated regions
related to cognitive reappraisal can be simultaneously be
extracted from the EEG-fMRI data, and (2) LPPs under three
emotional states can be observed from the correlated ERP
components and amplitudes of different LPPs coincided with
the existed studies, and (3) the correlated fMRI activated
regions coincided with the previous found regions (e.g.,
amygdala, dorsomedial PFC, dorsolateral prefrontal cortex
(PFC), anterior cingulate cortex, and orbitofrontal cortex).
There aremainly two contributions of our work: (1) providing
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Figure 1: Pipeline of the proposed EEG-fMRI fusion approach.

an effective framework for simultaneous EEG-fMRI fusion
and (2) exploring the neural activity under cognitive reap-
praisal in high spatiotemporal resolution.

2. Materials and Methods

2.1. The EEG-fMRI Fusion Framework. The framework of the
fusion approach is demonstrated in Figure 1. Simultaneous
EEG-fMRI data is preprocessed, respectively. EMD is further
used to eliminate noise of EEGdata. Sparse spectral clustering
(SSC) is employed to construct fMRI masks that indicate the
emotion-related cerebral regions. EEG feature to be fused is
defined as Y EEG (convolved trails × ERP time points), which
are obtained by convolving the ERP values at different time
points with a standard HRF. On the other hand, fMRI feature
to be fused is defined as Y fMRI (scans ×AALROIs), which are
obtained by calculating mean values in anatomical automatic
labeling (AAL) cerebral regions under the constraints of
fMRImasks.Then, Y EEG and Y fMRI are fused using a kernel-
based CCA (KCCA) framework. EEG and fMRI components
(C EEG and C fMRI) are finally reconstructed based on the
selected correlated components.

2.2. Subjects. A total of 15 healthy adults, 5 females and 10
males, aged from 19 to 24 years (M (mean value) =23, SD
(standard deviation) =1.48), are recruited from Changzhou
University to implement the experiments.

Stimulus

Blank

Cue

Rest

4s

2s

6s

4s
Cue:
(1)watch

(2)reduce

Stimulus Mode:
(1)neutral images

(2)negative images

Figure 2: Illustration of the visual stimuli paradigm.

Participants have regular or corrected regular visionwith-
out history of neurological, medical, or psychiatric disorders.
They have been tested for psychological profile to discard
some comorbid issues as depression or psychiatric symptoms
that can affect emotional evaluation. All participants provide
written informed consent to be part of the experiment,
which is approved by the local ethics committee (Changzhou
University, Changzhou, China). Each subject receives 42-
minute fMRI scan (structure: 5 min, resting state: 5 min, and
task state: 32 min).

2.3. Paradigm. The visual stimuli paradigm [21] is imple-
mented in a block fMRI design as shown in Figure 2. The
entire experiment for one participant contains 120 trials,
including 4 circulations in which 30 trials are implemented.
Three conditions, including watching neutral images (e.g.,
buildings, neutral faces, and food), watching negative images
(e.g., sadness, disasters, and violence), and watching nega-
tive images with cognitive reappraisal, are randomly imple-
mented in 40 trials, respectively. All the images used are
chosen from the international affective picture gallery. The
arousal for neutral images is M (mean) = 2.91 and SD
(standard deviation) = 1.93; meanwhile, for negative images
it is M = 5.71 and SD = 2.61. Procedure of a single trial
can last at most 16 seconds as proposed in [22]. Initially,
cue word “reduce” or “watch” is shown on the screen for 4
seconds in the cue period. After a 2-second blank period,
the stimulus period will last for 6 seconds. At this period,
neutral and negative images will randomly appear with cue
word “watch”, while only negative images will appear with
cueword “reduce”. Notably, cognitive reappraisal will be used
if the cue word “reduce” appears. Finally, the rest period will
last for 4 seconds.

2.4. Simultaneous EEG-fMRI Acquisition. EEG acquisition
system of EGI company (Eugene, the USA) is used in the
experiment. EEG is sampled continuously at 1000Hz. An
amplifier is placed inside the MR scanner room. Subjects are
fitted with an electrode cap containing 64 electrodes with
Cz as online reference. Later, the data are referenced to zero
by reference electrode standardization technique [23]. It is
recently confirmed being close to the idea of zero reference
[24, 25]. Impedances are kept low below 50kΩ. The helium
pump is turned off during experiments to avoid related
artifacts.

Functional imaging data are sampled with 3-Tesla super-
conducting type nuclear magnetic resonance imaging system
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Figure 3: The foam pads used to prevent head movement.

of Philips Company. Single excitation gradient echoes planar
sequence is utilized to acquire functional images. After a
whole paradigm finished, 960 BOLD sensitive echo planar
images (EPI) are gathered during four sessions. EPI volumes
are aligned with the anterior-posterior commissural line. It
contains 24 axial slices with 4mm thickness including flip
angle: 90 degree; TR (repetition time): 2s; TE (echo time):
35ms; FOV (field of view): 230mm∗182mm; matrix: 96×74.
Subjects are mandated to lie in the MRI scanning room,
staying awake, and blinking as little as possible. The foam
pads (Figure 3) are used to prevent head movement.

2.5. EEG Data Processing. Processing of EEG data contains
two parts, one is denoising and the other is extracting
EEG feature. In consideration of the influence caused by
MR scanning, denoising is achieved through two steps:
traditional denoising using net-station toolbox and further
increasing SNR using EMD.

For traditional denosing, noises such as gradient artifact,
ECG, and power interference are eliminated as follows: (1)
Gradient artifact is removed by template eliminationmethod.
The gradient artifact template is constructed in a weighted
average mean by labeling the timing that fMRI triggered
EEG.Then, an average artifact subtraction method is utilized
to eliminate the gradient artifact. (2) Band-pass filtering is
employed with the band 0.01-40Hz. (3) Optimal basis set
approach is used to eliminate ballistocardiogram artifacts
caused by the heartbeat. (4)The EEG data are segmented into
different fragments based on the stimulus time point. Each
fragment ranges from 200ms before stimulus and 1500ms
after it. (5) Artifacts such as head movements and blinking
are detected in all fragments of all electrodes. The electrode
with artifacts is labeled as bad electrode. (6)Thebad electrode
is replaced by the average of its 3 surrounding electrodes.
(7) The first 200ms of each fragment is used for baseline
correction.

After traditional denoising, EMD is employed to further
increase SNR of EEG data that is affected by MR scanning
[26]. EMD tries to find functions which form a complete
and nearly orthogonal basis of the original signal. These

functions are termed as Intrinsic Mode Functions (IMFs).
Then, increasing SNR can be achieved through removing
IMFs that are taken as disturbance. Details of increasing SNR
through EMD can be found in our former work [27].

After denoising, emotion-related ERP extracted from
EEG is used to study the neural activity under cognitive reap-
praisal [7]. Amplitudes of ERP (extracted from Poz channel)
at different time points are termed as EEG feature. At each
time point, the trial-to-trial dynamics are convolved with a
standardHRF to coincide with fMRI (5 volumes in each trial)
due to the BOLDdelay.We restrict the analysis to 900ms (225
uniform and consecutive time points) after stimulus onset
because the most emotion-related components in the EEG
are considered to appear during the first 200-700ms after
stimulus onset. Finally, the dimension of the extracted EEG
feature is 600 (convolved trails) × 225 (ERP time points).

2.6. FMRI Data Processing. FMRI data are processed using
reference electrode standardization technique and statistical
parametric mapping (SPM) to correct slice time and exclude
head motion. Then the data are normalized and further
registered to the Montreal Neurological Institute (MNI)
space. Finally, a Gaussian filter (full-width at half-maximum
of 8 mm) is used for smoothing filtering and only five fMRI
activation regions (three in stimulus period and two in rest
period) after stimulus presentation are selected in each trial.
Each fMRI activation region is represented by its mean values
in different AAL ROIs [28]. Finally, the dimension of the
extracted fMRI feature is 600 (scans) × 90 (AAL ROIs).

Notably, some fMRI regions irrelevant to emotion pro-
cessing are also activated. These undesired activation regions
should be removed to guarantee the accuracy of EEG-fMRI
fusion. Otherwise, they may correlate with the wanted EEG
components. In this work, an fMRI mask is constructed
through spatiotemporal clustering of all fMRI activation.
SSC is used to cluster the fMRI activation because SSC is
insensitive to the number of features and, thus, can avoid
dimension disaster [29]. Then, there is no undesired fMRI
activation in the fMRI mask because undesired activation
mostly sustain for a short period in certain cerebral regions.
Finally, for each row of the fMRI feature, an “and” operation
with fMRI mask will be performed to restrain the influence
of undesired fMRI activation.

2.7. Simultaneous EEG-fMRI Data Fusion Using KCCA. CCA
searches for a pair of linear transformations of the variable
set in the manner of one for each. It is commonly used for
symmetric EEG-fMRI analysis. Given two data X (Y EEG) and
Y (Y fMRI), their generative models are given by

𝑋 = 𝐴𝑋𝐶𝑋
𝑌 = 𝐴𝑌𝐶𝑌

(1)

where AX and AY are canonical variate matrices and CX and
CY are associated EEG and fMRI components. Let aXk and
aYk represent the kth column of AX and AY (the kth pair of
canonical variate); then their relational degree is defined as
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Table 1: Correlated components of EEG-fMRI with high relational degrees (> 0.55) under three emotional states.

correlated
components

relational degrees (KCCA approach / CCA approach)
neutral state negative state reappraisal state

component 1 0.951 / 0. 944 0.971 / 0.966 0.932 / 0.913
component 2 0.892 / 0.888 0.952 / 0.947 0.834 / 0.801
component 3 0.833 / 0.841 0.863 / 0.877 0.805 / 0.731
component 4 0.765 / 0.741 0.821 / 0.816 0.704 / 0.716
component 5 0.643 / 0.681 0.753 / 0.765 0.613 / 0.606
component 6 0.586 / N/A 0.712 / 0.660 0.551 / 0.537
component 7 N/A / N/A 0.605 / 0.584 N/A / N/A

𝜌𝑘 = 𝑎𝑋𝑘𝑇𝑆𝑋𝑌𝑎𝑌𝑘
√𝑎𝑋𝑘𝑇𝑆𝑋𝑋𝑎𝑋𝑘 × √𝑎𝑌𝑘𝑇𝑆𝑌𝑌𝑎𝑌𝑘 (2)

𝑆 = 𝑆 (𝑋, 𝑌) = [𝑆𝑋𝑋 𝑆𝑋𝑌𝑆𝑌𝑋 𝑆𝑌𝑌] (3)

where 𝜌k indicates the relational degree of the kth pair of
associated components. The total covariance matrix S is
represented as a block matrix. The within-sets covariance
matrices are SXX and SYY. The between-sets covariance
matrices are 𝑆XY= SYX

T. Then, those associated components
whose relational degrees are larger than a given threshold
(0.55) are used to reconstruct the wanted EEG component𝐶𝑋
and fMRI component 𝐶𝑌, which are defined as follows:

𝐶𝑋 = (𝐴𝑇𝑋𝐴𝑋)−1 𝐴𝑇𝑋𝑋
𝐶𝑌 = (𝐴𝑇𝑌𝐴𝑌)−1 𝐴𝑇𝑌𝑌

(4)

where𝐴𝑋 and𝐴𝑌 only contain the selected pairs of canonical
variate. Details of solving a CCA problem can be referred to
[19].

However, CCA cannot process nonlinear data. Thus,
kernel is used to resolve such problem throughmapping data
into a high dimensional feature space. A kernel 𝜅 for all X, Y∈ R is defined as follows:

𝜅 (𝑋, 𝑌) = ⟨𝜑 (𝑋) , 𝜑 (𝑌)⟩ (5)

where 𝜑 is a mapping from the original data space R to a new
feature space F (𝜑: R->F). Great flexibility can be achieved
by applying different kernels such as linear kernel, Gaussian
kernel, and RBF. Based on kernel, the directions aXk and aYk
can be represented as follows:

𝑎𝑋𝑘 = 𝑋𝛼
𝑎𝑌𝑘 = 𝑌𝛽 (6)

where𝛼 and𝛽 indicate the transformations fromoriginal data
to their canonical variate. Then, (2) can be represented as
follows:

𝜌𝑘 = 𝛼𝑋𝑋𝑌𝑌𝛽
√𝛼𝑋𝑋𝑋𝑋𝛼 ∙ 𝛽𝑌𝑌𝑌𝑌𝛽 (7)

Notable, linear transformations X’X and Y’Y cannot
process nonlinear data very well. Hence, RBF kernel is used
to replace the linear transformations due to its superiority
in processing nonlinear data. Then, (2) can be rewritten as
follows:

𝜌𝑘 = 𝛼𝐾𝑋𝐾𝑌𝛽
√𝛼𝐾𝑋2𝛼 ∙ 𝛽𝐾𝑌2𝛽 (8)

where KX and KY represent the RBF kernel matrices.
Relational degrees calculated using (8) is more suitable to
nonlinear EEG-fMRI data than that calculated using (2).

3. Experimental Results

3.1. Comparisons betweenKCCAandCCA. Thiswork focuses
on the highly correlated components between EEG temporal
evolution and fMRI spatial activation. Ninety correlated
components are obtained usingKCCA fusion. Table 1 demon-
strates the correlated components whose relational degrees
are larger than 0.55. As shown in the table, there are six
pairs of correlated components under neutral and reappraisal
states, and seven pairs of correlated components under
negative state. Our former work using CCA fusion is used as
comparison [27]. It is obvious that relational degrees obtained
using KCCA is larger than that obtained using CCA.

Figures 4–6 illustrate the fifteen subjects’ superposed
average results of the correlated EEG-fMRI components.
Correlated components whose relational degrees are larger
than 0.55 are used for superposed average. For each figure,
subfigure (a) indicates the superposed average result of
correlated EEG component extracted from Poz electrode.
Furthermore, x-axis represents time (ms) and y-axis repre-
sents normalized amplitude (dimensionless). Subfigure (b)
illustrates the correlated fMRI activation under the same
state, while the color-bar indicates the normalized activated
intensity. Then, neural activities caused by the same stimuli
can be observed in both high temporal (correlated EEG com-
ponent) and spatial resolutions (correlated fMRI activation).

Aside from the differences in relational degrees, dif-
ferences in EEG components are also evaluated between
CCA [27] and KCCA. Figure 7(a) illustrates the fifteen
subjects’ superposed average results of reconstructed EEG
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Figure 4: Fifteen subjects’ superposed average result of correlated EEG-fMRI under neutral state. (a) Correlated EEG component and (b)
correlated fMRI activation.
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Figure 5: Fifteen subjects’ superposed average result of correlated EEG-fMRI under negative state. (a) Correlated EEG component and (b)
correlated fMRI activation.

reappraisal state

100 200 300 400 500 600 700 800 9000
Time t(ms)

−3
−2
−1

0
1
2
3
4
5

EE
G

 am
pl

itu
de

 (d
im

en
sio

nl
es

s)

(a) (b)

Figure 6: Fifteen subjects’ superposed average result of correlated EEG-fMRI under reappraisal state. (a) Correlated EEG component and
(b) correlated fMRI activation.

components that are calculated by KCCA fusion. All the
EEG components are extracted from Poz electrode. Obvious
differences can be observed among their LPP components.
The amplitude of LPP component under reappraisal state
is smaller than that under negative state and is obviously
larger than that under neutral state. Figure 7(b) illustrates the
fifteen subjects’ superposed average results of reconstructed

EEG components that are calculated by CCA fusion. Similar
results can be observed. However, amplitudes of LPP com-
ponent under negative state and that under reappraisal state
aremore or less intersecting at the reported emotion arousing
period (200-700ms by [7]) as illustrated in Figure 7(b). The
intersection may be caused by nonlinearity of simultaneous
EEG-fMRI data.
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Table 2: Fifteen subjects’ superposed average results of correlated fMRI activations under neutral state, negative state, and reappraisal state
(using KCCA).

under neutral state under negative state under reappraisal state
AAL ROIs (No) Z-score AAL ROIs (No) Z-score AAL ROIs (No) Z-score
Calcarine L (43) 0.355 Hippocampus R (38) 2.711 Heschl L (79) 0.887
Hippocampus R (38) 0.208 Heschl L (79) 2.485 Hippocampus L (37) 0.870
Heschl L (79) 0.178 Hippocampus L (37) 2.317 Hippocampus R (38) 0.776
Caudate R (72) 0.068 Caudate R (72) 1.990 Caudate R (72) 0.550
N / A N / A Temporal Sup R (82) 1.383 Amygdala R (42) 0.043
N / A N / A Cingulum Post L (35) 1.249 Temporal Sup R (82) 0.038
N / A N / A Amygdala R (42) 1.233 Amygdala L (41) 0.031
N / A N / A Cingulum Mid R (34) 0.672 Cingulum Post L (35) 0.006
N / A N / A Cingulum Mid L (33) 0.627 N / A N / A
N / A N / A Amygdala L (41) 0.567 N / A N / A
N / A N / A Fusiform L (55) 0.223 N / A N / A
N / A N / A Thalamus R (78) 0.220 N / A N / A
N / A N / A Cingulum Post R (36) 0.121 N / A) N / A
N / A N / A ParaHippocampal R (40) 0.090 N / A N / A
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Figure 7: Fifteen subjects’ superposed average results of EEG correlation components under three emotional states using (a) KCCA fusion
and (b) CCA fusion.

A quantitative comparison is performed on the average
correlated EEG components of fifteen subjects under three
emotional states. 225 samples are uniformly sampled from
700ms EEG component and their amplitudes are used as
input. F-test is used for evaluation and different emotional
states are used as the factors of ANOVA. The result shows
distinct differences in EEG components of different emo-
tional states. The mean of the differences (MOD) between
conditions under negative and neutral states is 23, with F (1,
224) = 262.65(P < 0.01).TheMOD between conditions under
reappraisal and negative states is 11, with F (1, 224) = 70.49(P< 0.01). The MOD between conditions under reappraisal
and neutral states is 13, when F (1, 224) = 83.04(P < 0.01).

Obviously, the quantitative result is confirmed to the result
of Figure 7.

3.2. Comparisons between KCCA and GLM. Comparisons
between KCCA and GLM are performed to verify the superi-
ority of symmetric EEG-fMRI analysis in studying the neu-
ral activities of cognitive reappraisal. Table 2 demonstrates
fifteen subjects’ superposed average results of correlated
fMRI activation under three emotional states using KCCA.
Intensities of fMRI activation are measured by the Z-score
values in different AAL ROIs. A big Z-score value indicates
a strong fMRI activation. Notably, only AAL ROIs whose
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Table 3: Fifteen subjects’ superposed average results of correlated fMRI activations under neutral state, negative state, and reappraisal state
(using GLM).

under neutral state under negative state under reappraisal state
AAL ROIs (No) Z-score AAL ROIs (No) Z-score AAL ROIs (No) Z-score
Parietal Sup L (59) 0.516 Heschl L (79) 1.587 Parietal Inf R (62) 0.887
Paracentral Lobule R (70) 0.366 Parietal Sup L (59) 1.466 Parietal Sup L (59) 0.870
Parietal Sup R (60) 0.159 Parietal Sup R (60) 1.039 Occipital Mid R (52) 0.776
Occipital Mid L (51) 0.020 Precuneus L (67) 0.922 ParaHippocampal L (39) 0.350
N / A N / A Paracentral Lobule L (69) 0.790 Angular R (66) 0.006
N / A N / A Paracentral Lobule R (70) 0.725 N / A N / A
N / A N / A Occipital Mid R (52) 0.569 N / A N / A
N / A N / A Occipital Mid L (51) 0.507 N / A N / A
N / A N / A Occipital Sup R (50) 0.478 N / A N / A
N / A N / A Parietal Inf L (61) 0.292 N / A N / A
N / A N / A Temporal Pole Mid L (87) 0.159 N / A N / A
N / A N / A SupraMarginal L (63) 0.126 N / A N / A
N / A N / A Precuneus R (68) 0.116 N / A N / A
N / A N / A SupraMarginal R (64) 0.114 N / A N / A
N / A N / A Heschl R (80) 0.108 N / A N / A
N / A N / A Cingulum Mid L (33) 0.084 N / A N / A
N / A N / A ParaHippocampal L (39) 0.080 N / A N / A
N / A N / A Cingulum Ant L (31) 0.022 N / A N / A

Z-score values are larger than 0 (a negative Z-score value
in certain AAL ROI indicates that this ROI is irrelevant to
emotion processing) are preserved in this table. Meanwhile,
no EEG component is evaluated because GLM is mainly
used for analyzing fMRI activation. Table 3 demonstrates
fifteen subjects’ superposed average results of correlated
fMRI activation under three emotional states using GLM.
Differences between KCCA and GLM exist in both activated
regions and intensities. Discussions of their differences will
be given in Section 4 in detail.

3.3. Evaluation of the fMRI Masks. FMRI masks are used to
restrain the activated fMRI regions due to their ability to
eliminate the regions uncorrelated to emotion processing.
The clustering results of all subjects under three emotional
states are illustrated in Figure 8. As shown in the figure,
activated regions under neutral state are the smallest while
activated regions under negative state are the biggest.

KCCA fusion without fMRI masks is performed to
evaluate the effectiveness of fMRI masks. For fMRI, fifteen
subjects’ superposed average results of correlated fMRI acti-
vation obtained through KCCA but without fMRI masks
are illustrated in Figure 9. Correlated fMRI activation varies
a lot due to whether fMRI masks are used, especially
under negative and reappraisal states. For example, there is
obvious activation in cerebral regions such as hippocampus,
amygdala, and temporal lobe that are directly related to
emotion processing in Figure 5(b). However, no activation
can be found in these cerebral regions in Figure 9(a). Same
phenomena can be observed in Figures 6(b) and 9(b). There
is no activation in emotion-related cerebral regions such as

hippocampus and temporal lobe in Figure 9(b), while obvious
activation can be observed in these regions in Figure 6(b).
There is no obvious difference in activated fMRI regions
between Figures 4(b) and 9(c) because fMRI masks do not
focus on cerebral regions unrelated to emotion processing.

For EEG, fifteen subjects’ superposed average results of
EEG correlated components under three emotional states but
without clustering mask are shown in Figure 10. Compared
with the results in Figure 7, no obvious decrease can be
observed in ERP amplitude from negative state to reappraisal
state. Meanwhile, EEG evolutions under different emotional
states are hard to separate.

4. Discussion and Conclusion

The aim of cognitive reappraisal is to regulate human
experience under negative emotion such as depression, fear,
and disappointment. Simultaneous EEG-fMRI analysis is
used to study the neural activity under cognitive reappraisal
due to its complementarity in both spatial and temporal
domains. In this work, these neural activities are studied
using a KCCA fusion framework. Meanwhile, EMD is used
to further increase SNR of EEG data that is sampled under
MR scanning. FMRI masks are calculated using SSC and
are used to eliminate the activation unrelated to emotion
processing. With all these processing, both EEG and fMRI
components can be reconstructed based on the selected
correlated components (Figures 4, 5, and 6). Results of
these figures are very important to study the mechanism of
cognitive reappraisal that is useful for human to regulate
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(a) (b) (c)

Figure 8: fMRI clustering results of all subjects (a) under neutral state; (b) under negative state; and (c) under reappraisal state (color-bar
indicates the activated intensity).

(a) (b) (c)

Figure 9: Fifteen subjects’ superposed average results of correlated fMRI activation using the proposed method without fMRI masks (a)
under negative state, (b) under reappraisal state, and (c) under neutral state.
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Figure 10: Fifteen subjects’ superposed average results of EEG
correlated components under three emotional states using the
proposed method but without clustering mask.

his/her emotion. For spatial analysis, activation in emotion-
related cerebral regions (e.g., amygdala, hippocampus, and

temporal lobe) under reappraisal state is obviously weaker
than that under negative state through introducing the cogni-
tive reappraisal strategy. It reveals that negative emotion can
be effectively restricted in emotion-related cerebral regions
after applying cognitive reappraisal strategy. For temporal
analysis, obvious differences can be observed among different
LPP componentswhich are considered to be highly correlated
to emotion processing. Peak value of LPP component under
reappraisal state is smaller than that under negative state,
and obviously larger than that under neutral state. Both
the shrunken fMRI activated regions and decreased peak
value of LPP component verify the assumptions that negative
emotions, e.g., sorrow, fear, and disappointment, can be
restrained by using cognitive reappraisal.

Effectiveness of kernel strategy can be observed through
the comparisons between KCCA and CCA. CCA fusion is
widely used for symmetric EEG-fMRI analysis. However,
nonlinearity of the EEG-fMRI data may decrease the fusion
accuracy. Thus, we improve the CCA fusion with a kernel
strategy. It is not very novel but is effective. KCCA fusion is
specially designed to process nonlinear EEG-fMRI data. As
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shown in Table 1, relational degrees of correlated components
derived using KCCA fusion are mainly larger than that
derived by CCA fusion. Notably, a larger relational degree
indicates a stronger relationship between two components.
Thus, the results in Table 1 may indicate the superiority of
KCCA fusion to traditional CCA fusion.

The superiority of KCCA fusion to CCA fusion can
be also observed from the reconstructed EEG and fMRI
components. For fMRI that concentrates on spatial activa-
tion, no obvious activation can be observed in hippocampus
which is emotion-related under negative or reappraisal states
using CCA fusion. It may be caused by the fact that CCA
cannot process nonlinear EEG-fMRI data. However, obvious
activation can be observed in these regions under the same
emotional states using KCCA fusion. It reveals the ability of
KCCA in mining effective fMRI activation from nonlinear
EEG-fMRI data. For EEG that concentrates on temporal
evolutions, amplitude of LPP component under reappraisal
state is obviously weaker than that under negative state
at the same period using KCCA fusion. The decrease in
amplitude indicates the ability of cognitive reappraisal to
restrain sorrowful emotion, as pointed out by [4]. However,
no obvious decrease can be observed in amplitude of LPP
component fromnegative state to reappraisal state usingCCA
fusion. Thus, the larger relational degrees, the more fMRI
activation, and the obvious decrease in amplitude of LPP
component between negative and reappraisal states reveal the
superiority of KCCA fusion to CCA fusion. Such superiority
is obtained due to the effect of kernel strategy in processing
nonlinear EEG-fMRI data.

The superiority of symmetric EEG-fMRI analysis to
EEG informed fMRI analysis can be observed through the
comparisons betweenKCCA andGLM (Tables 2 and 3). Only
fMRI activation is compared because GLM cannot be used to
study the EEG evolutions.Then, for KCCA (Table 2), obvious
activation can be observed under negative state in cerebral
regions such as the temporal lobe, the hippocampus, the
amygdala, and the cingulate gyrus.Meanwhile, activation can
be observed under reappraisal state in cerebral regions such
as the amygdala, the temporal lobe, the cingulate gyrus, the
hippocampus, and the frontal lobe. These activation regions
indicate the important role of these cerebral regions in emo-
tional regulation. In the perspective of activated intensity (Z-
score), activation in cerebral regions under reappraisal state,
especially the regions (e.g., the amygdala, the hippocampus,
and the temporal lobe) directly related to emotion processing,
is obviously weaker than activation in those regions under
negative state through using cognitive reappraisal. Activation
in these cerebral regions under neutral state is much weaker
than activation in the same regions under the other two
states. All these results are basically consistent with the
conclusions proposed by [28]. Compared with the fusion
results obtained using GLM (Table 3), two results can be
concluded: (1) by utilizing KCCA approach, more regions
are found to be activated under negative and reappraisal
states, and (2) activated intensities of these regions calculated
using KCCA fusion are larger than those calculated using
GLM fusion. Both results indicate the superiority of KCCA

fusion (symmetric EEG-fMRI analysis) in studying the neural
activity of cognitive reappraisal.

As a special preprocessing, fMRI masks are useful due to
the assumption that strong fMRI activation uncorrelatedwith
emotion processingmay be correlatedwithEEGcomponents,
thus leading to omitting the fMRI activation which we are
truly interested in. As shown in Figures 4(b), 5(b), and 6(b),
obvious fMRI activation can be observed in emotion-related
cerebral regions such as the hippocampus and the temporal
lobe under negative and reappraisal states. However, no acti-
vation can be observed in these regions if fMRImasks are not
used as preprocessing. Meanwhile, obvious decrease can be
observed in EEG amplitude from negative state to reappraisal
state using our fusion approach (Figure 7(a)), while little
decrease can be observed under the same condition without
fMRI masks (Figure 10).

Based on the above discussions, our fusion approach
may provide a fine solution for analyzing simultaneous EEG-
fMRI data in high resolution spatiotemporal domains. It
can synchronously tell when and where the neural activ-
ities related to certain tasks such as cognitive reappraisal
occur. It may also provide a useful technological means
for fusion-based cerebral area positioning, ERP-induction
time determination, and brain imaging feature extraction
in the area of brain-human interface. Our fusion approach
can be also used in paradigms which can cause LPP
with further study on cognitive researches and clinical
trials.

There are still some limitations in the proposed fusion
approach: (1) for the data to be fused, activation in AAL
ROIs is employed instead of original fMRI voxels, aiming at
reducing computational complexity. As a result, one cannot
study the activation of reconstructed fMRI components at
voxel level. (2) Prior knowledge is necessary for our KCCA
fusion approach. It is hard to choose suitable parameters
that are significant for satisfactory fusion results. There is
also no certain criterion in determining the threshold of
relational degrees. (3) The number of enrolled subjects is
far from enough; thus, the evaluations may lack persuasion.
Our future work focuses on implementing EEG-fMRI fusion
at voxel level instead of AAL ROIs. Thus, the spatial res-
olution of reconstructed fMRI components can be greatly
boosted.
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In the last few years, gene networks have become one of most important tools to model biological processes. Among other utilities,
these networks visually show biological relationships between genes. However, due to the large amount of the currently generated
genetic data, their size has grown to the point of being unmanageable. To solve this problem, it is possible to use computational
approaches, such as heuristics-basedmethods, to analyze and optimize gene network’s structure by pruning irrelevant relationships.
In this paper we present a new method, called GeSOp, to optimize large gene network structures. The method is able to perform a
considerably prune of the irrelevant relationships comprising the input network. To do so, themethod is based on a greedy heuristic
to obtain themost relevant subnetwork.The performance of ourmethod was tested bymeans of two experiments on gene networks
obtained from different organisms. The first experiment shows how GeSOp is able not only to carry out a significant reduction in
the size of the network, but also to maintain the biological information ratio. In the second experiment, the ability to improve the
biological indicators of the network is checked. Hence, the results presented show that GeSOp is a reliable method to optimize and
improve the structure of large gene networks.

1. Background

One of the most important challenges in systems biology is
to understand how individual biological components behave
and interact in the context of large and complex systems
[1]. This knowledge provides the opportunity of controlling
and/or optimizing different parts of biological processes to
generate a specific effect in the whole system. Therefore, this
system-wide view may lead to new applications in areas such
as biotechnology and medicine [2]. In particular, the high
amount of data generated in the last years allows the inference
of relationships between DNA, RNA, proteins, and other
cellular components. The sum of these interactions leads
to various types of interaction networks (including protein-
protein interaction, metabolic, signalling, and transcription-
regulatory networks) called gene networks for the sake of
simplicity.

Gene networks are usually inferred from gene expression
data and have been widely used to model gene relationships

in a biological process [3]. In the last decade, many com-
putational approaches have been proposed for the reverse
engineering of gene networks [4]. However, the continuous
advances in high-throughput technologies enable carrying
out large-scale analyses on the DNA and RNA levels the
same as on the protein and metabolite level. As a result, the
sources of data from which the gene networks are inferred
have increased in size, complexity, and diversity [2]. Due to
this, new computational challenges have arisen. For exam-
ple, some methods have been redesigned to improve their
performance during large-scale dataset processing [5]. Other
research works have focused their efforts on integrating
different sources of data for a more accurate gene network
reconstruction, such as the work of [6], in which time data
sets from different perturbation experiments are simultane-
ously considered, or that in [7], where the proposed model
integrates big data of diverse types to increase both the power
and accuracy of networks inference. Different inference
algorithms are combined for reconstructing genome-scale
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and high-quality gene network from massive-scale RNA-seq
samples in [8]. Even other works, like [9], adapt known gene
network construction methods to highly parallel execution
using distributed high-throughput computing resources.

As a result of these new researches, inferred gene net-
works aremore complex and larger.This factmakes it difficult
to visually detect interesting connections between nodes,
even though analysis tools have been created recently to
apply both advanced statistics and innovative visualization
strategies to support efficient knowledge extraction from
gene networks [10]. Regarding the gene network structure,
some pieces of evidence, like those from the analysis of
metabolism and genetic regulatory networks, have proven
most biological networks to be sparse, following a scale-
free topology. That is, the nodal degree distribution of the
network is a power law distribution [11]. Scale-free networks
are highly nonuniform; that is, most of the nodes have only
a few links while a few nodes have a very large number of
links, which are called Hubs. Hubs in a network play a crucial
role in how the information is processed in the network since
they connect different highly interconnected group of nodes
(modules) that could represent different biological functions
[12]. Nowadays, the generation of gene networks with a scale-
free topology is harder due to the great size and complexity
of the networks obtained from the high quantity of data
available, so the optimization of gene network structures is
currently an important challenge.

In this paper, a new method for automatic optimiza-
tion of the topology of a large gene network is presented.
The method, called Gene Network Structure Optimization
(GeSOp), is a backward elimination procedure based on a
greedy heuristic method to perform a prune of the irrele-
vant relationships of the input network. Through this novel
method, large genetic networks can improve their topological
characteristics without losing their biological information.

1.1. Related Works. Explicit structure optimization methods
examine networks models and apply a scoring function to
assess the degree to which the resulting structure explains
the data, while penalizing the complexity of the model. For
this aim, interactions are added and/or removed until the
best score is reached. Therefore, heuristic search algorithms
are one of the most used techniques since exploring all
possible combinations of interactions is anNP-hard problem,
specially with very big and complex networks [2, 13]. Several
optimization techniques have been developed. However, they
are usually limited by the high dimensionality of the problem,
as well as computational power required for large networks
[14].

Some research works use evolutionary techniques. To
reduce the large search spaces, elitist selectionmethod is often
used in genetic algorithms, ensuring that the algorithm does
not waste time in the rediscovery of previously discarded
partial solutions. For example, in [15], a randomBoolean net-
work is evolved to look for an accurate model based only on
experimental data, without taking into account prior biolog-
ical knowledge. Other research works use other methods to
improve the algorithm’s performance, like [16] that proposes
a multiagent genetic algorithm to reconstruct large-scale

gene regulatory networks. This algorithm is based on fuzzy
cognitive maps and includes efficient search operators to
reduce the search space.

The optimization algorithms that are based on one
objective function, for example, error minimization, can
lead to over-fitting and many false positive connections in
large networks inference. For example, in [17], the inference
problem of𝑁 genes is decomposed into𝑁×(𝑁−1) different
regression problems, in which the expression level of a target
gene is predicted from the expression level of a potential
regulation gene by using the sum of squared residuals and
the Pearson correlation coefficient. To reduce the over-fitting
phenomena, some works use multiple objective functions
and/or add prior biological knowledge to infer an accurate
network model. For example, authors in [18] import some a
priori regulatory information about extracted gene networks
from existing publications or biological web sites with the
aim of enhancing veracity of the network. The proposal
presented in [19] was the first one to incorporate functional
association databases. They create undirected, confidence-
weighted likelihood matrix by means of pairwise confidence
scores from those databases and use it to infer gene networks,
improving their accuracy.

Other works focus their efforts on looking for scale-free
properties. For example, in [20], a new proposal is presented
which takes the scale-free topology into account as prior
information to prune the search space during the inference
process. This way, the search space traversed by the method
integrates the exploration of all predictors sets combinations,
like when having a small number of combinations, when
performing a floating search, or when the number of com-
binations becomes excessive.

This process is guided by scale-free prior information. In
[21], informative prior based on scale-free property is also
used to improve inference accuracy. In particular, during
a Bayesian-based inference process, prior knowledge about
scale-free properties is used to evaluate the relative impor-
tance of nodes from the linkage characteristics of the entire
network.

As can be observed, most research works in literature
integrate different network structure optimization strategies
within the inference process. Therefore, these optimization
efforts depend on concrete input data and the network
generation tasks. In this sense, to the best of our knowledge,
the new method proposed in this paper is the first one that
is independent of the network inference process. As a result,
this method is able to optimize any input gene network.

2. Materials and Methods

In this section, the methods and the different materials
used in this paper are presented. Firstly, the GeSOp method
to optimize large gene network structures is exhaustively
described. Secondly, the gene network generation method
applied in the experimentation will be presented, along with
the input datasets and biological databases used.

2.1. Gene Network Structure Optimization. GeSOp is a novel
method for large gene networks topology optimization.
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Figure 1: GeSOpmethod is composed of two different steps: 1. application of a greedy algorithm to prune the original network and 2. detection
of Hubs in the resulting network and their enrichment by adding new interactions.
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Figure 2: Representation of step 1, in which an input network is pruned using the maximum path algorithm.

The method uses undirected influence networks since they
represent the highest level of abstraction in the gene networks
as was discussed in [3]. Due to this, our method can be
applied for a larger number of networks since almost any gene
network can be transformed into a nondirected influence
network.

Themain goal of theGeSOp is to transform the input gene
network into a simpler and more efficient network in terms
of information transfer, keeping the biological meaningful-
ness [2]. For this aim, a new backward removal procedure
composed of two different steps has been developed. Initially,
GeSOp uses a greedy-based heuristic strategy to prune the
original network and select the most biologically relevant
interactions. Then, the method looks for the most connected
nodes (Hubs) in the resultant network and proceeds by
adding relevant interactions which were pruned on the
previous step. A description of the general schema of the
method, along with a toy example, is shown in Figure 1.

A complete description of the two steps and a pseudocode
of the method are detailed below.

Step1: Greedy Maximum Relevance Path. The first step of
GeSOp uses a greedy-based heuristic algorithm to perform a
prune of the input network, taking into accountmost relevant
interactions from a biological point of view (see Figure 2). To
do so, a modification of Kruskal’s algorithm for the shortest
path problem in graphs has been developed [22].

In particular, ourmethod does not select the shortest path
between nodes. On the contrary, it selects the longest path
according to the weight of edges. Therefore, the relationships
with the highest level of significance are selected with respect
to the weight of the edges for later network reconstruction.

As a result, the pruned network generated contains the
same number of genes (nodes) as the original network but
it keeps only most relevant relationships. Hence, it implies
a large reduction in terms of the number of edges, while
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Adding relevant edges to the hubs 
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Figure 3: An example of the second step of our method, in which the Hubs of the pruned network are identified and relevant edges are added
to them. Note that the relationships are added if their weight exceeds the 𝑇ℎ𝛽; in this example, 𝑇ℎ𝛽 ≥ 0.7.

still depending on the degree of connectivity of the original
network, as is shown in Figure 2.

Step2: Addition of Missing Relationships. As is mentioned in
Section 1, Hubs have been reported to have special properties
regarding their neighbouring nodes in a gene network. Due
to this, in this second step, a topological analysis of the
pruned network is performed in order to identify network’s
Hubs. For this aim, Hubs are selected as those nodes whose
connection degree exceeds average network connectivity [12].
A toy example is depicted in Figure 3, where the node “3” is
identified as a Hub on the left network.

After the Hubs identification, a threshold (𝑇ℎ𝛽) is set to
determine which relationships of those removed in step 1
should be added to the Hubs. The threshold 𝑇ℎ𝛽 is an input
parameter of GeSOp algorithm (see Algorithm 1) and it is
determined by the user. In this sense, the user may select the
threshold which better fits the problem studied. Thus, a new
relationship is added to the final network if exceeding 𝑇ℎ𝛽.
The process is represented in Figure 3, where two pruned
relationships are added to the Hub node in the network on
the right.

The final network is generated after each Hub of the
pruned networks is processed.

A general pseudocode of the complete method described
in this paper is presented in Algorithm 1.

Finally, the complexity of GeSOp combines the com-
plexity of the Step1 (Θ(𝐸 log(𝑉))) and the Step2 (Θ(𝑉(𝐸2)))
resulting in and average case complexity of

Θ(𝐸 log (𝑉)) + Θ (𝑉 (𝐸2)) , (1)

where V and E represent the number of genes and relation-
ships of the input network, respectively.

2.2. Input Datasets. In this section, experimental datasets
used for the generation of input gene network used to test
GeSOp implementation are shown. In particular, we have
selected two different datasets from two different organisms
with different features.

Saccharomyces cerevisiae Cell Cycle Dataset. The first dataset
used was the one presented by Spellman et al. [23], in relation
to the well-knownYeast Cell Cycle.Thismicroarray describes

input: Input Network, 𝐺 fl ⟨𝑉, 𝐸⟩
V: genes, E: relationships

input: Relevant Threshold, 𝑇ℎ𝛽
output: Final network, 𝐺𝛽 fl ⟨𝑉, 𝐸𝜖⟩
, where 𝐸𝜖 ∈ 𝐸
/∗Step1: maximum path graph∗/
𝐺𝛽 ←maximumPathAlgorithm(𝐺);
/∗Step2: adding missing edges to Hubs nodes∗/
𝑖 ← 0;
for V𝑖 ∈ 𝑉 do

if 𝑖𝑠𝐻𝑢𝑏(V𝑖) then
𝑗 ← 0;
for 𝑒𝑗 ∈ 𝐸 do

if 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠(𝑒𝑗, V𝑖) ∧ 𝑒𝑗.𝑤𝑒𝑖𝑔ℎ𝑡 ≥ 𝑇ℎ𝛽 then
𝐺𝛽 ← 𝑎𝑑𝑑𝐸𝑑𝑔𝑒(𝑒𝑖);

end
𝑗 ← 𝑗 + 1

end
end
𝑖 ← 𝑖 + 1

end
Return 𝐺𝛽;

Algorithm 1: A general pseudocode of the proposed method. The
algorithm is divided into two different steps.

the expression level of 5521 genes in samples from yeast
cultures, which were synchronized by three independent
methods: 𝛼 factor arrest, elutriation, and arrest of a cdc15
temperature-sensitive mutant. Particularly, we focus on data
generated by cdc15 experiments.

Homo sapiens Single Nucleotide Polymorphism (SNP) Dataset.
In order to prove the usefulness of our proposed method,
the Homo sapiens SNP, presented in the work of Hodo et al.
[24], has been also selected.This datasetwas obtained to study
associations of interleukin 28B with carcinoma recurrence in
patients with chronic hepatitis C, and it contains information
about 54616 genes of Homo sapiens.

2.3. GeneNetworks GenerationMethods. In the following, the
methods used to extract gene networks from the two datasets
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Figure 4: An example of the generation of the input networks. Note that the relationships are added if their weight exceeds the 𝑇ℎ𝛼.

presented above are described. In total, three networks
were generated for each dataset. Gene networks based on
information theory are one of the most widely used types
in literature [2] since they are able to identify coexpression
relationships among genes. In this sense, we have selected
this kind of networks since they are computationally simple
and allow the fitting of large datasets. In particular, three
standard measures from information theory to generate
coexpression gene networks have been used: Spearman’s
correlation algorithm, Kendall’s Rank correlation algorithm
[1, 25], and Symmetric Uncertainty measure (SU) [26, 27].

Gene networks were constructed by calculation of the
presented measures (Kendall, Spearman, and SU) from the
expression levels in each pair of genes from the input datasets.
If the result of the measure exceeds a determinate threshold
(here after 𝑇ℎ𝛼) selected by the user, a new edge is added to
the network between the nodes as is represented by Figure 4.

For our study, we have selected a low threshold, 𝑇ℎ𝛼 =
0.5, in order to obtain over-connected networks as was
discussed in [3].

2.4. Biological Databases. The aim of this section is to present
the biological databases used as reference in the experiment
section.

In particular, we have selected three different databases:
(a) theGeneMANIAdatabase for evaluating yeast andhuman
networks, (b) YeastNet database for yeast, and (c) HumanNet
for human.

GeneMANIA [28] contains information presented in the
formofweb application for generating hypotheses about gene
functions. A prediction server uses a large set of functional
association data, including protein and genetic interactions,
pathways, coexpression, colocalization, and protein domain
similarities. The information stored in GeneMANIA is freely
available online. This information is stored in a structure
categorized by organisms, where genes (nodes) are related
(gene-gene relationship) if at least one piece of evidence of
this relation exists in the literature.

YeastNet, which was presented in [29], is a probabilistic
functional gene network obtained from 5794 protein-coding
genes of the yeast extracted from Saccharomyces cerevisiae
Genome Database [30]. This network combines protein-
protein interactions, protein-DNA interactions, coexpres-
sion, phylogenetic conservation, and also literature infor-
mation, in total covering 102803 linkages among 5483 yeast
proteins.

Finally HumanNet, which was presented in [31], is a
probabilistic functional gene network of 18714 validated
protein-coding genes of Homo sapiens. It is constructed by
modified Bayesian integration of 21 types of “omics” data
from multiple organisms. Each data type is weighted accord-
ing to how well it associates known genes to a biological
function inHomo sapiens. Each interaction inHumanNet has
an associated log-likelihood score that rates the probability of
a relationship representing a true functional linkage between
two genes.

3. Results and Discussion

The performance of the proposed method was tested by
means of two different experiments. The aim of the first
experiment is proving that the networks processed by our
methoddonot lose rate of biological information. To this end,
we have used different networks, generated using standard
methods of literature, and different databases (see Sections
2.3 and 2.4). In the second experiment, a topological analysis
of different networks is carried out to check how biological
structure indicators are improved.

3.1. Biological Information Analysis. The aim of this experi-
ment is to show how the networks processed by our method
reduce the size of the network, keeping their biological
information ratio. To do so, for each dataset used, we present
a comparison, in terms of size and performance, between the
original inferred network and those optimized by GeSOp.

3.1.1. Performance Evaluation. The quality of the optimized
networks was assessed by a direct comparison with a gold
standard, that is, the biological databases presented in Sec-
tion 2.2. To compute the quality measures, the following
indices were defined as they were presented in [32]:

(i) True positives (TP): both networks contain the gene-
gene relationship evaluated.

(ii) False positives (FP): the input network contains a
relationship which is not present in the biological
database.

(iii) True negatives (TN): the relationships are not present
neither in the input network nor in the biological
database.

(iv) False negatives (FN): the relationship exists in the
biological database but it does not in the input
network.
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Table 1: Results of yeast cell cycle networks processed with GeSOp. As it is shown, networks are significantly reduced in size.

Yeast
Kendall Spearman SU

Input GeSOp diff. % Input GeSOp diff. % Input GeSOp diff. %
Nodes 5466 5466 - 5521 5521 - 4802 4802 -
Edges 619552 10801 -98.25 % 2555009 446704 -82.51% 145329 26421 -81.81%

Once these indices are obtained, other measures used in
the literature have been selected to rate the quality of gene
networks [2, 3], Precision andRecall [2, 33], which are defined
below.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

3.1.2. Yeast Experiment. As was stated before, in this subsec-
tion, the results obtained by the networks generated by the
Yeast Cell Cycle dataset are presented. The input networks
were generated using a 𝑇ℎ𝛼 = 0.5 as cut-off to generate
over-connected networks as was introduced in [3]. On the
other hand, GeSOp uses a threshold 𝑇ℎ𝛽 = 0.7 for adding
relationships. We have selected this threshold as relevant
correlation value as was also discussed in [3].

The first analysis is presented in Table 1, in which the
number of nodes and edges of the original networks and the
optimized ones are exposed.

The table presents the different results obtained by the
networks generated by the following methods: Kendall,
Spearman, and SU. The first column of each method rep-
resents the original input network (network obtained by
method on the dataset with 𝑇ℎ = 0.5) and the second
one (“GeSOp”) the final network obtained by our method.
On the other hand, the rows of the table represent the
number of nodes presented in the network (“Nodes”) and the
number of relationships comprising the network (“edges”),
respectively. Finally, the column “diff. %” represents the
difference between the number of edges of the input and final
network.

Firstly, it is worth mentioning that the network genera-
tion methods present different results for the same dataset.
Spearman’s method is the one that obtains larger networks
since the method is able to find less strictness coexpression
levels. On the other hand, SU’s method is themost restrictive,
as this technique is based on detecting not only the lineal
dependencies, but also the nonlinear ones. Finally, Kendall’s
method is more restrictive than the Spearman method but
more relaxed than the SU’s.

Regarding the size of the networks, results show that
the networks optimized by GeSOp have reduced their size
from 81, 81% to 98.25%, in terms of number of edges. Note
that GeSOp preserves the nodes, as was described previously.
These results represent a significant size reduction, which
implies that the final networks are simpler and more user-
friendly for researchers in terms of size and visualization.

Once it has been shown that GeSOp is capable of carrying
out a reduction in the size of gene networks, it is also
important to check if these optimized networks keep the ratio
of biological information that they originally contained. For
this aim, Tables 2 and 3 are presented. In them, for each
method of generation (i.e., Kendall, Spearman, and SU), three
columns are displayed. The columns “Input” represent the
results for the input network, columns “GeSOp” represent
the optimized networks generated by GeSOp. In addition,
the results obtained by the networks computed only in step
1 of our method are presented in the “Pruned” columns. The
rows “Precision” and “Recall” indicates the ratio of biological
information of the networks according to the biological
databases used.

Results show that the networks do not suffer any loss
of information. On the contrary, the value of the Precision
measure for these networks is increased. For example, in the
case of theKendall’s network compared toYeastNet, Precision
value goes from 0.01 to 0.09, which is a significant improve-
ment. This behaviour is also presented in the Spearman’s and
SU’s networks, where Precision’s values increase from 0.01 to
0.02.

Regarding the Recall, it has been reduced in all the
networks optimized by our method. This fact makes sense,
since Recall value is inversely proportional to the number
of FN, which are the relationships that are present in the
biological databases. Therefore, our method for reducing the
size of the network is inherently increasing the number of FN.
Thus, the greater the database used to rate the network, the
lower the value of its Recall because there will be more FN.

3.1.3. Homo sapiens Experiment. In this subsection, the
experiments carried out by means of the human SNP dataset
are described. The obtained networks were generated using
the same parameters as in the previous section (𝑇ℎ𝛼 = 0.5
and 𝑇ℎ𝛽 = 0.7).

The analysis carried out on the size of the different human
networks is shown in Table 4. The results follow the same
pattern as of the yeast networks. Spearman is the method
which presents the larger network while SU presents the
smaller.

GeSOp is able to reduce considerably the size of the
networks (e.g., −85.68% for Kendall’s network and −89.46%
for Spearman’s), but the case of SU’s network is remarkable.
In this case, the reduction is about −40.08%, which is
significantly lower than the rest of the cases. This result is
consistent with the fact that the SU’s network is significantly
smaller than the rest of the studied networks, so it is difficult
to reduce the size of this network without losing biologically
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Table 2: Yeast’s network results against YeastNet.

Kendall Spearman SU
Input Pruned GeSOp Input Pruned GeSOp Input Pruned GeSOp

TP 8331 94 909 19706 64 6589 1744 94 436
FP 444362 4035 9449 1864316 4374 328473 102890 3496 20850
Precision 0.01 0.02 0.094 0.01 0.01 0.02 0.01 0.026 0.02
Recall 0.08 9.18 ⋅ 10−4 0.009 0.2 6.25 ⋅ 10−4 0.006 0.01 9.18 ⋅ 10−4 0.004

Table 3: Yeast’s network results against GeneMANIA.

Kendall Spearman SU
Input Pruned GeSOp Input Pruned GeSOp Input Pruned GeSOp

TP 194918 1942 7863 692753 1909 147360 43991 1722 10281
FP 400383 3273 8423 1770378 3326 293279 95244 2824 18206
Precision 0.32 0.37 0.48 0.28 0.36 0.33 0.31 0.37 0.36
Recall 0.04 4.01 ⋅ 10−4 0.016 0.08 3.94 ⋅ 10−4 0.003 0.009 3.56 ⋅ 10−4 0.002

Table 4: Results of human SNP networks processed with GeSOp. The size of the networks is also significantly reduced.

Human
Kendall Spearman SU

Input GeSOp diff. % Input GeSOp diff. % Input GeSOp diff. %
Nodes 8068 8068 - 31061 31061 - 1431 1431 -
Edges 68329 9783 -85.68% 5387473 567590 -89.46% 1871 1121 -40.08%

Table 5: Human’s network results against GeneMANIA.

Kendall Spearman SU
Input Pruned GeSOp Input Pruned GeSOp Input Pruned GeSOp

TP 17144 1282 2085 351686 1305 52563 525 299 303
FP 26416 2759 3116 2512234 11646 248969 745 545 553
Precision 0.39 0.31 0.4 0.12 0.10 0.18 0.40 0.35 0.36
Recall 0.0024 1.83 ⋅ 10−4 2.98 ⋅ 10−4 0.04 1.86 ⋅ 10−4 0.0075 0.7 ⋅ 10−4 0.4 ⋅ 10−4 0.43 ⋅ 10−4

Table 6: Human’s network results against HumanNet.

Kendall Spearman SU
Input Pruned GeSOp Input Pruned GeSOp Input Pruned GeSOp

TP 4216 276 586 46850 141 8202 125 77 77
FP 35931 3291 4084 2465035 10540 258413 1045 699 711
Precision 0.10 0.07 0.12 0.01 0.01 0.03 0.10 0.09 0.09
Recall 0.008 5.79 ⋅ 10−4 0.001 0.09 2.95 ⋅ 10−4 0.017 2.4 ⋅ 10−4 1.61 ⋅ 10−4 1.66 ⋅ 10−4

relevant relationships. Due to this result, it is possible to argue
that GeSOp performs better with larger gene networks which
contain spurious relationships.

The biological validation of the different networks using
GeneMANIA and HumanNet databases (see Section 2.2 for
more details) is presented in Tables 5 and 6, respectively.

The validation results follow the same pattern as for
the yeast networks. The accuracy value increases for all
cases except for SU’s networks. As was discussed above, it
is difficult to prune small networks without losing relevant

relationships. Even so, the loss of Precision value is very small
(0.04 with GeneMANIA and 0.01 on HumanNet).

In conclusion, the results obtained by both experiments
show how GeSOp is able to perform a pruning process on
large networks, by reducing their size while keeping their
ratio of biological information. The relevance of our method
becamemore evident since, as was discussed in literature [14],
the optimization usually implies loss of information in the
majority of the cases. However, for almost all analyzed cases,
Precision of the network is improved by GeSOp.
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(a) 𝐼𝑛𝑝𝑢𝑡𝑦 (b) 𝐺𝑒𝑆𝑂𝑝𝑦

Figure 5: Visual comparison of yeast network.The original Kendall’s network is shown on (a). On (b), the final network obtained with GeSOp
is depicted. As can be observed, the optimized network presents a scale-free topology.

3.2. Topological Analysis. In this section, the ability of GeSOp
to improve the topology of gene networks is analyzed.

As was stated in Section 1, biological networks usually
follow topological patterns, in particular the scale-free topol-
ogy. The topology of a network is crucial to understand
the biological network’s architecture and performance [34].
Therefore, gene networks inferred by computationalmethods
should present this type of topology [3]. Based on this
assumption, we present a topological analysis of some of the
networks optimized by GeSOp in the previous section. The
objective is to identify if their topology indicators have been
improved in terms of scale-free topology.

Scale-free networks have a structure containing only a few
Hubs, among some other features. The most important and
commonly used topological features of scale-free networks
are presented [35, 36] as follows:

(i) Characteristic path length (CPL): The CPL of a net-
work indicates the shortest path length between two
nodes, averaged over all pairs of nodes comprising
the network. A high path length indicates that the
network is in a linear chain. A lower value means that
is more compact. Scale-free networks usually have a
great CPL.

(ii) Diameter: The diameter of a network indicates the
maximal distance between two nodes. As in the case
of CPL, a greater diameter of the network indicates
that it follows a biological pattern.

(iii) Clustering coefficient: For one node, this coefficient
can be calculated as the number of links among
the nodes within its neighbourhood divided by the
number of links that are possible among them. A
high clustering coefficient for a network is another
indicator of the existence of biological relationships.

(iv) Graph density: The density of a network defines
the ratio of the number of edges to the number of
possible edges. Gene networks are generally sparsely

connected. Therefore, a low density should indicate
biological meaning in the network.

(v) �e node degree distribution: It indicates the ratio
of nodes in the network with degree 𝑘. Scale-free
networks usually follow a power law: 𝑃(𝑘) ∼ 𝑘𝛾,
where 𝛾 is a constant (≥ 0). A high 𝛾 is an indicator of
a scale-free topology.

For this experiment, the networks obtained by Kendall’s
method on Yeast and Human datasets have been used
as reference, for the sake of simplicity. Thus, we present
a topological study for four networks, the originals
(named “𝐼𝑛𝑝𝑢𝑡𝑜𝑟𝑔𝑎𝑛𝑖𝑠𝑚”) and the processed ones (hereafter
“𝐺𝑒𝑆𝑂𝑝𝑜𝑟𝑔𝑎𝑛𝑖𝑠𝑚”). Visual representation of the networks is
depicted in Figures 5 and 6, where it is possible to check the
topological differences of the networks.

As can be seen in the figures, the optimized networks
(“𝐺𝑒𝑆𝑂𝑝𝑥”) present a more linear and less compact topology
than the input ones, so they fit better with the scale-free topol-
ogy. In addition, an exhaustive topological analysis of the
four networks has been carried out based on the indicators
presented above. The topological analysis of the network has
been performed using the toolNetworkAnalyzer [37] and the
results obtained are depicted in Table 7.

The results presented in Table 7 show that the networks
improve their topological indicators once they are processed
by GeSOp. Moreover, it is possible to argue that these
networks follow a biological pattern according to [36]. That
is, after the optimization process, networks show, on the one
hand, a lower mean clustering coefficient and density. On the
other hand, they present higher characteristic path length,
diameter, and 𝛾 constant. These results mean that networks
have improved in terms of the biological relevance of their
relationships.

Moreover, the optimized networks present characteristics
closer to a scale-free topology as their node degree distri-
bution follows a power law with 𝛾 ≥ 0[34] (see Figure 7 ).
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(a) 𝐼𝑛𝑝𝑢𝑡ℎ (b) 𝐺𝑒𝑆𝑂𝑝ℎ

Figure 6: Visual comparison of human networks used in this experiment. The original Kendall’s network is shown on (a). On (b), the
optimized network obtained with GeSOp is depicted.
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Figure 7: Node degree for the optimized networks obtained with GeSOp.The fitted power law indicates that the networks follow a scale-free
topology.

Table 7: Topological indicator of four selected networks.The results presented showhow the optimized networks obtained byGeSOp improve
their indicators.

Network Clust. coef. CPL Diameter Density Gamma (𝛾)

Yeast 𝐼𝑛𝑝𝑢𝑡𝑦 0.411 2.697 9 0.041 0.845
𝐺𝑒𝑆𝑂𝑝𝑦 0.085 6.156 20 0.001 1.375

Human 𝐼𝑛𝑝𝑢𝑡ℎ 0.21 4.954 19 0.003 1.394
𝐺𝑒𝑆𝑂𝑝ℎ 0.024 10.84 33 ∼ 0.000 2.079
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This fact can be verified by the results presented in column
“Gamma” of Table 7, in which the values of 𝛾 (from power
law) are improved in the optimized networks.

The results generated by this second experiment probes
that GeSOp is a reliable method to improve the topological
features of the gene networks, in terms of biological structure.

4. Conclusions

In this work, a new backward elimination method for opti-
mization of large gene networks structure, namely, GeSOp,
has been presented. The method, which is based on a greedy
strategy, is able to perform a drastic reduction of size of
the input network in terms of the number of gene-gene
relationships. The prune of the less biologically significant
relationships produces simpler and more user-friendly net-
works for researchers in terms of size and visualization.

On one hand, the results presented show that the method
is able not only to perform a prune of the input network, but
also to keep the ratio of the biological information presented
in the original network. Furthermore, for almost all studied
cases, this ratio is improved. On the other hand, topological
analyses carried out in the experiments show how networks
optimized by GeSOp improve their biological indicators
by acquiring a scale-free topology. Finally, regarding the
generated results, it is possible to argue that the relevance
of our method becomes evident for the processing and
optimization of large gene networks.

As futureworks, wewill work on the inclusion of previous
biological knowledge, in form of gene networks as gold
standard, in the second step of the methodology. Thus, the
method will take into account not only the existing Hubs
in the input network, but also the genes that have a great
relevance in the networks used as gold standard. Another
future work is based on the implementation; we are working
in paralleling implementation of the algorithm to improve its
performance.

Data Availability

In this section, we provide the links to the datasets and
databases presented above. In particular, the links for the
datasets are as follows:

(1) Yeast dataset: https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE23

(2) Human dataset: https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GPL570

and those for the databases are as follows:

(1) GeneMANIA: http://genemania.org/data/
(2) YeastNet: https://www.inetbio.org/yeastnet/
(3) HumanNet: http://www.functionalnet.org/human-

net/
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