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Abstract: Various long non-coding RNAs have been shown
to play crucial roles in different biological processes including
cell cycle control, transcription, translation, epigenetic regu-
lation, splicing, differentiation, immune response and so forth
in the human body. Discovering lncRNA-disease associations
promotes the awareness of human complex disease at molec-
ular level and support the diagnosis, treatment and preven-
tion of complex diseases. It is costly, laboratory and time-
consuming to discover and verify lncRNA-disease associations
by biological experiments. Therefore, it is crucial to develop a
computational method to predict lncRNA-disease associations
to save time and resources. In this paper, we proposed a new
method to predict lncRNA-disease associations using multiple
features and deep learning. Our method uses a weighted
𝐾-nearest known neighbors algorithm as a pre-processing
step to eliminate the impact of sparsity data problem. And
it combines the linear and non-linear features extracted by
singular value decomposition and deep learning techniques,
respectively, to obtain better prediction performance. Our
proposed method achieves a decisive performance with the
best AUC and AUPR values of 0.9702 and 0.8814, respectively,
under LOOCV experiments. It is superior to other state-
of-the-art SDLDA and NCPLDA methods in both AUC and
AUPR evaluation metrics. It could be considered as a powerful
tool to predict lncRNA-disease associations.

Keywords: lncRNA-disease associations prediction, weighted
K nearest known neighbors, singular value decomposition, feature
extraction, deep learning.

I. INTRODUCTION

Long non-coding RNAs (lncRNAs) are a class of dif-
ferent non-coding RNAs (ncRNAs) which have more than
200 nucleotides in length [1]. For a long time, they were
considered to be noise and have no biological function.
However, a diversity of researches has shown that lncRNAs
have crucial roles in different biological processes includ-
ing cell cycle control, transcription, translation, epigenetic

regulation, splicing, differentiation, immune response and
so forth in the human body [2–6] It is not surprise that
the abnormal expressions, mutations and dysregulations of
lncRNAs can cause numerous complex human diseases
[5, 7]. Certainly, inferring lncRNA-disease associations can
contribute to the awareness of human complex diseases’
mechanisms at lncRNA levels as well as to discover the
prognosis markers for diagnosis, treatment and prevention
of complex diseases [5–7]. In fact, the number of validated
lncRNA-disease associations is very limited in comparison
with the number of possible associations between lncRNAs
and diseases. Furthermore, discovering lncRNA-disease as-
sociations by performing the biological wet-experiments is
costly, laboratory and time-consuming [5, 7]. Therefore, it
is urgent and important to develop effective and meaningful
computational methods to predict relationships between
lncRNAs and diseases.

Over the past few years, various computational meth-
ods have been developed to predict potential lncRNA-
disease associations. They can roughly be divided into
the following categories: similarity network-based, multi-
ple data sources-based, machine learning-based and multi-
model integration methods [8–11]. Firstly, the similarity
network-based methods mainly rely on known lncRNA-
disease associations information to infer potential associ-
ations between lncRNAs and diseases. They are built on
the basic assumption that similar diseases are likely to
be associated with functionally similar lncRNAs [9]. For
examples, Xiao et al. [12] presented a BPLLDA method to
predict relationships between lncRNAs and diseases relied
on simple paths with limited lengths in a heterogeneous
network. Xiao et al. [13] proposed a weight matrix of
lncRNA-disease associations prediction (WLDAP) method
which based on known lncRNA-disease associations to
calculate Gaussian interaction profile kernel for lncRNAs
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and diseases. Then, they inferred potential lncRNA-disease
associations by using a weighting model to obtain similarity
scores between lncRNAs and diseases. Chen et al. [14]
inferred latent lncRNA-disease associations by a label-
propagation algorithm and random projection on a hetero-
geneous network constructed from known lncRNA-disease
associations network, disease semantic similarity network,
lncRNA functional similariry network and Gaussian inter-
action profile kernel for lncRNAs and diseases. Generally,
this kind’s models achieve high prediction performance but
they require the calculation of multiple similarities.

Secondly, the multiple data sources-based methods nor-
mally integrate multiple types of biological information to
reveal latent associations between lncRNAs and diseases
[8, 9]. For instances, Ding et al. [15] presented a model
called TPGLDA based on a tripartite graph constructed
from lncRNA-disease associations network, disease-gene
associations networks to detect lncRNA-disease associa-
tions. Liu et al. [16] built a lncRNA prioritization model
which integrates gene-disease interactions, gene expres-
sion profiles, and lncRNA expression profiles to prioritize
novel disease-associated lncRNAs. Nguyen and Tran [17]
proposed an improved computational method for predic-
tion of lncRNA-disease associations based on collabora-
tive filtering and resource allocation which used known
lncRNA-disease associations, verified lncRNA-miRNA in-
teractions and validated miRNA-disease associations to pre-
dict lncRNA-disease associations. These methods require
multiple types of biological information which are not easy
to identify in the heterogeneous data sources.

Thirdly, the machine learning-based methods employed
machine learning algorithms to predict lncRNA-disease
associations relied on training and unlabeled samples,
verified and unknown associations, respectively. Formerly,
numerous meachine learning algorithms have been imple-
mented to forecast lncRNA-disease associations such as
Naı̈ve Bayesian classifier [18, 19], Random forest [20, 21],
Bagging support vector machine (SVM) [22] and matrix
factorization based methods [10, 23]. Each type of machine
learning algorithms has its own strengths and weaknesses.
For example, the Naı̈ve Bayesian classifier is a simple prob-
abilistic classifier, however, it requires a naı̈ve independence
assumption that any feature of a class is independent of the
other features [18]. The Random forest algorithm requires
obtaining the reliable negative samples that are difficult
to be collected. Therefore, randomly selecting negative
samples may influence the prediction performance [20].
The SVM in [22] bases on the assumption that positive
unlabeled learning problems have a particular structure that
leads to instability of classifiers. Among machine learning-
based methods to predict lncRNA-disease associations, the
matrix factorization methods can be considered as the most

popular. Normally, traditional matrix factorization based
methods only extract the linear features of lncRNA-disease
associations by projecting the constructed matrix into sub-
matrices in lower dimension spaces. However, in fact, the
lncRNA-disease associations are very complex and non-
linear. Thus, traditional matrix factorization-based methods
can not model such complex and non-linear associations.
Recently, deep learning methods which consitute a basic
part of machine learning, are applied to gather the complex
and non-linear features of lncRNA-disease associations
by assuming that the linear and non-linear features can
reinforce each other to obtain high quality features to
improve prediction performance [8]. Up to now, various
deep learning methods have been developed to predict
lncRNA-disease associations such as SDLDA [8], LDAPM
[24], DBNLDA [25] and so on.

Finally, the multi model integration-based methods
which integrated multi models into an unified one to reduce
the issues of single model and increase the prediction
performance [26]. For examples, the combination of ma-
trix factorization technique and recommendation system
ideas to predict lncRNA-disease associations was used in
LDASR method developed Guo et al. [27]. Shi et al. [28]
inferred lncRNA-disease associationsa by a VGAELDA
hybrid method which integrates variational inference and
graph autoencoders.

Although computational methods for lncRNA-disease as-
sociation prediction have attained significant performance.
However, the number of known lncRNA-disease asso-
ciations between lncRNAs and diseases is very limited
in comparison with the number of possible associations
among them. Therefore, most of computational methods for
lncRNA-disease association prediction have to deal with the
problem of sparsity data.

As mentioned before, deep learning techniques can re-
inforce linear and non-linear features each other to im-
prove prediction performance. Additionally, the similarity
network based methods normally reach high accuracy and
the problem of sparsity data needs to be solved. Hence, in
this paper, we proposed a new method based on multiple
features and deep learning to predict associations between
lncRNAs and diseases. The proposed method based on
lncRNA functional similarity, disease semantic similarity
and known lncRNA-disease associations as input. Then, a
weighted 𝐾-nearest known neighbors algorithm is employed
as a pre-processing step to solve the problem of sparsity
data. Next, singular value decomposition and deep learning
techniques are used to extract linear and non-linear features
of lncRNAs and diseases. The extracted linear and non-
linear features are combined into a new vector before
a final fully connected layer is used to forecast final
prediction. The results showed that our proposed method
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achieves a decisive performance with the best AUC and
AUPR values of 0.9702 and 0.8814, respectively, under
LOOCV experiments. It is superior to other state-of-the-art
SDLDA [8] and NCPLDA [9] methods in both AUC and
AUPR evaluation metrics. In case studies of Breast cancer
and Hepatocellular Carcinoma, it recalled 8 and 7 known
associations and it inferred 2 and 3 new associations out
of top 10 predicted associations, respectively. Fortunately,
all of the new predicted associations have been verified in
biomedical literature. Therefore, our new proposed method
could be considered as a forceful tool to predict lncRNA-
disease associations.

II. MATERIALS AND METHOD

1. Materials

a) Human lncRNA-disease associations

In this paper, the data sets used in experiments were
collected from the LncRNADisease database including
three versions (June-2012, January-2014 and June-2015
versions). After removing the associations with abnormal
lncRNA or disease names as well as merging all duplicated
records, we obtained three data sets as follows. Firstly,
the June-2012 version data set (marked as DS1) contained
276 lncRNA-disease associations between 112 lncRNAs
and 150 diseases. Secondly, the January-2014 version data
set (marked as DS2) included 319 associations between
131 lncRNAs and 169 diseases. And finally, the June-
2015 version data set (marked as DS3) consisted of 621
associations between 285 lncRNAs and 226 diseases. The
association density of three data sets are 1.643%, 1.441%
and 0.964% for DS1, DS2 and DS3, respectively. All of
these data sets were already used in the work of Li et al.
[9].

For accessibility, we used an adjacency matrix 𝐴𝐿𝐷 ∈
𝑅𝑚×𝑛 to represent lncRNA-disease associations where m
is the number of rows in the matrix 𝐴𝐿𝐷 or the number
of lncRNAs, n means the number of columns in the matrix
𝐴𝐿𝐷 or the number of diseases, and 𝐴𝐿𝐷 (𝑖, 𝑗) = 1 if the
association between lncRNA 𝑙𝑖 and disease 𝑑 𝑗 has been
validated and 𝐴𝐿𝐷 (𝑖, 𝑗) = 0 for other cases.

b) Disease semantic similarity

In this paper, disease semantic similarity was estimated
according to Wang et al.’s method [29]. Concretely, we
collected the relationships of different diseases based on the
hierarchical directed acrylic graphs (DAGs) by downloading
MeSH descriptors from the National Library of Medicine
(http://www.ncbi.nlm.nih.gov/) to measure the similarity
among diseases. Specifically, for a disease d, its directed
acrylic graph is given by 𝐷𝐴𝐺 (𝑑) = (𝑑, 𝐴𝑑 , 𝐸𝑑), where
𝐴𝑑 reflects the set of the disease d’s ancestors and d itself,

and 𝐸𝑑 means the set of edges which point to child nodes
from parent nodes in the MeSH tree. Hence, the semantic
contribution of disease k to disease d is as:

𝐷𝑑 (𝑘) =
{
𝑘 𝑖 𝑓 𝑘 = 𝑑

𝑚𝑎𝑥{Δ × 𝐷𝑑 (𝑘 ′) |𝑘 ′ ∈ children of k} 𝑖 𝑓 𝑘 ≠ 𝑑

(1)
Where Δ indicates a predefined semantic contribution factor
with values in range (0, 1). Similar to Wang et al. [29], in
this paper, we set Δ equal to 0.5. We computed the semantic
similarity among diseases relied on the assumption that two
diseases having larger parts in their DAGs tend to have
higher semantic similarity as:

𝐷𝑆𝑆(𝑑𝑖 , 𝑑 𝑗 ) =
∑
𝑘∈𝐴𝑑𝑖

∩𝐴𝑑𝑗
(𝐷𝑑𝑖 (𝑘) + 𝐷𝑑 𝑗

(𝑘))∑
𝑘∈𝐴𝑑𝑖

𝐷𝑑𝑖 (𝑘) +
∑
𝑘∈𝐴𝑑𝑗

𝐷𝑑 𝑗
(𝑘) (2)

c) LncRNA functional similarity

Based on the assumption that functionally similar lncR-
NAs are often associated with similar diseases, in this work,
we calculated functional similarity between two lncRNAs
by measuring the semantic similarity of two disease sets
which are linked to these two lncRNAs [9, 30]. Explicitly,
we assumed that lncRNA 𝑙𝑖 and lncRNA 𝑙 𝑗 were associated
with 𝑛1 and 𝑛2 diseases, respectively, then the similarity
between lncRNA 𝑙𝑖 and lncRNA 𝑙 𝑗 can be computed as in
the following equations:

𝐿𝐹𝑆(𝑙𝑖 , 𝑗 𝑗 ) =
∑
𝑑∈𝐷𝑙 𝑗

𝑆𝑆(𝑑, 𝐷 (𝑙𝑖 )) +
∑
𝑑∈𝐷𝑙𝑖

𝑆𝑆(𝑑, 𝐷 (𝑙 𝑗 ))
𝑛1 + 𝑛2

(3)
𝑆𝑆(𝑑𝑘 , 𝐷 (𝑙𝑖)) = 𝑚𝑎𝑥𝑑∈𝐷 (𝑙𝑖 ) (𝐷𝑆𝑆(𝑑𝑘 , 𝑑)) (4)

where 𝐿𝐹𝑆 is the lncRNA functional similarity matrix and
𝐷 (𝑙𝑖) means the disease set associated with lncRNA 𝑙𝑖 .

It is important to remember that all of the known
lncRNA-disease associations matrix 𝐴𝐿𝐷 , disease semantic
similarity matrix 𝐷𝑆𝑆 and lncRNA functional similarity
𝐿𝐹𝑆 matrix are sparse. Therefore, in our proposed method,
we have to solve this problem.

2. Method

a) Method overview

In overview, the proposed method contains following
stages. At the first stage, we take disease semantic similarity
(𝐷𝑆𝑆) information, lncRNA functional similarity (𝐿𝐹𝑆)
information and known lncRNA-disease associations 𝐴𝐿𝐷

as inputs. And we applied a weighted 𝐾-nearest known
neighbors (𝑊𝐾𝑁𝐾𝑁) algorithm as a pre-processing step to
solve the sparsity data problem to obtain a new lncRNA-
disease association matrix 𝐴𝐿𝐷−𝑛𝑒𝑤 . At second stage, a
singular value decomposition (𝑆𝑉𝐷) technique is used to
decompose matrix 𝐴𝐿𝐷−𝑛𝑒𝑤 into three matrices 𝑈,

∑
, and
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𝑉𝑇 to extract the linear features of lncRNAs and diseases.
The rows of 𝑈 indicate the linear features of lncRNAs
where the columns of 𝑉𝑇 reflect the linear features of dis-
eases. During the third stage, we extract non-linear features
of lncRNAs and diseases with deep learning technique. In
deep learning part, each row of 𝐴𝐿𝐷−𝑛𝑒𝑤 is considered
as a lncRNA raw feature vector while each column of
𝐴𝐿𝐷−𝑛𝑒𝑤 is considered as a disease raw feature vector.
For each interaction in 𝐴𝐿𝐷−𝑛𝑒𝑤 matrix, its corresponding
raw feature vectors are fed into two fully connected layers
with non-linear activation function to extract non-linear
features. At fourth stage, the linear and non-linear features
are concatenated to 𝐿𝑛𝑐𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 and 𝐷𝑖𝑠𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐
for lncRNA and disease, respectively. Next, a Hadamard
product operation is employed to fuse two new feature
vectors. And finally, the final prediction is obtained by
applying a sigmoid activation function. The workflow of
the proposed method is illustrated in Figure 1.

b) Weighted K-nearest known neighbors algorithm

As mentioned before, all of three matrices 𝐴𝐿𝐷 , 𝐷𝑆𝑆 and
𝐿𝐹𝑆 are sparse. To solve this problem, in this paper, we
employed a weighted 𝐾-nearest known neighbors algorithm
as a pre-processing step to reduce the impact of sparsity
data problem and to eliminate the unknown associations
in lncRNA-disease association set. It relied on the known
neighbors’ information of nodes by seeing the fact that
many of the non-interacting lncRNA-disease pairs in 𝐴𝐿𝐷

which are unknown cases but they could potentially be true
associations. Specifically, the 𝑊𝐾𝑁𝐾𝑁 algorithm contains
following steps. Firstly, for each lncRNA 𝑙𝑖 , we took its
functional similarities with 𝐾 known lncRNAs which are
nearest to 𝑙𝑖 and their corresponding interaction profiles
to estimate the interaction likelihood profile for lncRNA
𝑙𝑖 . Secondly, for each disease 𝑑 𝑗 , we chose the semantic
similarities with 𝐾 known diseases which are nearest to
𝑑 𝑗 and their corresponding interaction profiles to evaluate
the interaction likelihood profile for disease 𝑑 𝑗 . Thirdly, if
𝐴𝐿𝐷
𝑖 𝑗

= 0, we changed it by averaging the two interaction
likelihood profiles. And finally, we used a threshold to
classify the interaction likelihood profiles into two classes
labeled as 0 and 1. The Algorithm 1 contains the pseu-
docode that describes the above steps in detail in which 𝑡
is a decay term where 𝑡 ≤ 1, 𝜃 means a threshold, normally
𝜃 is set to 0.5, and 𝐾𝑁𝑁 () returns the 𝐾-nearest known
neighbors in descending order based on their similarities to
lncRNA 𝑙𝑖 or disease 𝑑 𝑗 .

c) Obtaining linear features by decomposing 𝐴𝐿𝐷−𝑛𝑒𝑤

with singular value decomposition technique

Singular value decomposition (𝑆𝑉𝐷) is one of the most
polular matrix factorization methods in recommendation
systems [8]. It is used in our work to gather linear features

Algorithm 1: WKNKN algorithm.
1 Inputs: Matrices 𝐴𝐿𝐷 ∈ 𝑅𝑚×𝑛, 𝐿𝐹𝑆 ∈ 𝑅𝑚×𝑚 and

𝐷𝑆𝑆 ∈ 𝑅𝑛×𝑛, neighborhood size 𝐾 , decay term 𝑡,
threshold 𝜃.

2 Outputs: new adjacency association matrix 𝐴𝐿𝐷−𝑛𝑒𝑤 .
3 begin
4 𝐴𝑙 = 𝐴𝑑 = 0 # initialize two temporary mactrices ;
5 # for lncRNAs
6 for 𝑙 = 1 to 𝑚 do
7 lnn=KNN(l, LFS, K);
8 for 𝑖 = 1 to 𝐾 do
9 𝑤𝑖 = 𝑡

𝑖−1𝐿𝐹𝑆(𝑙, 𝑙𝑛𝑛𝑖);
10 end
11 𝑍𝑙 =

∑𝐾
𝑖=1 𝐿𝐹𝑆(𝑙, 𝑙𝑛𝑛𝑖);

12 𝐴𝑙 (𝑙) = 1
𝑍𝑙

∑𝐾
𝑖=1 𝑤𝑖𝐴

𝐿𝐷 (𝑙𝑛𝑛𝑖);
13 end
14 # for diseases
15 for 𝑑 = 1 to 𝑛 do
16 dnn=KNN(d, DSS, K);
17 for 𝑖 = 1 to 𝐾 do
18 𝑤𝑖 = 𝑡

𝑖−1𝐷𝑆𝑆(𝑑, 𝑑𝑛𝑛𝑖);
19 end
20 𝑍𝑑 =

∑𝐾
𝑖=1 𝐷𝑆𝑆(𝑑, 𝑑𝑛𝑛𝑖);

21 𝐴𝑑 (𝑑) = 1
𝑍𝑑

∑𝐾
𝑖=1 𝑤𝑖𝐴

𝐿𝐷 (𝑑𝑛𝑛𝑖);
22 end
23 𝐴𝑙𝑑 = 𝐴𝑙+𝐴𝑑

2 ;
24 𝐴𝐿𝐷−𝑛𝑒𝑤 = 𝑚𝑎𝑥(𝐴𝐿𝐷 , 𝐴𝑙𝑑);
25 # classify 𝐴𝐿𝐷−𝑛𝑒𝑤 by threshold 𝜃.
26 for 𝑖 = 1 to 𝑚 do
27 for 𝑗 = 1 to 𝑛 do
28 if 𝐴𝐿𝐷−𝑛𝑒𝑤 ≥ 𝜃 then
29 𝐴𝐿𝐷−𝑛𝑒𝑤 [𝑖, 𝑗] = 1;
30 else
31 𝐴𝐿𝐷−𝑛𝑒𝑤 [𝑖, 𝑗] = 0;
32 end
33 end
34 end
35 return 𝐴𝐿𝐷−𝑛𝑒𝑤 ;
36 end

of lncRNAs and diseases. The details of the process to ob-
tain linear features of lncRNAs and diseases are described
as follows. Let 𝐴𝐿𝐷−𝑛𝑒𝑤 be the new association matrix of
lncRNAs and diseases, the 𝑆𝑉𝐷 of 𝐴𝐿𝐷−𝑛𝑒𝑤 matrix is a
factorization of three matrices 𝑈,

∑
and 𝑉𝑇 as:

𝐴𝐿𝐷−𝑛𝑒𝑤 ≈ 𝑈
∑︁

𝑉𝑇 (5)

where 𝑈 ∈ 𝑅𝑚×𝑘 is a real matrix,
∑ ∈ 𝑅𝑘×𝑘 is a diagonal

matrix with non-negative square roots of the eigenvalues of
the product 𝑅𝑇𝑅 on the diagonal and 𝑉𝑇 ∈ 𝑅𝑘×𝑛 is a real
matrix. The 𝑈𝑖 represents a linear feature vector of lncRNA
𝑙𝑖 and the 𝑉𝑇

𝑗
is a linear feature vector of disease 𝑑 𝑗 . Figure

2 illustrates the process of 𝑆𝑉𝐷 to obtain linear features of
lncRNAs and diseases in our method.

d) Obtaining non-linear features with deep learning

As can be known, deep learning techniques are the basic
and powerful techniques of machine learning. With multiple
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Figure 1. The workflow of the proposed method.

Figure 2. The process of SVD to obtain linear features of lncRNAs and
diseases.

levels of representation, deep learning techniques can learn
non-linear, complex and useful features. Therefore, in this
work, we used a deep learning technique to obtain non-

linear features of lncRNAs and diseases. Specifically, we
considered the new association matrix 𝐴𝐿𝐷−𝑛𝑒𝑤 as input
of deep learning process. Similar to the work of Zeng et
al. [8], we considered each row of the 𝐴𝐿𝐷−𝑛𝑒𝑤 matrix
as raw feature vector of lncRNA 𝑙𝑖 while each column of
𝐴𝐿𝐷−𝑛𝑒𝑤 matrix as raw feature vector of disease 𝑑 𝑗 . For
each intersection of the 𝐴𝐿𝐷−𝑛𝑒𝑤 matrix, its corresponding
raw feature vectors are fed into two fully connected layers
with a non-linear activation function to gather non-linear
features of lncRNA and disease. Formally, the lncRNA
and disease raw feature vectors are denoted as 𝑥𝑙 and 𝑦𝑑,
respectively. They are fed into the first fully connected layer
to output 𝑂𝑥𝑙1and 𝑂𝑦𝑑1 as:

𝑂𝑥𝑙1 = 𝛿(𝑊𝑥𝑙1𝑥𝑙 + 𝑏𝑥𝑙1 ) (6)

𝑂𝑦𝑑1 = 𝛿(𝑊𝑦𝑑1 𝑦𝑑 + 𝑏𝑦𝑑1 ) (7)
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where 𝛿 is the non-linear activation function,𝑊𝑥𝑙1 and𝑊𝑦𝑑1

are the first fully connected layer’s weight matrices, 𝑏𝑥𝑙1
and 𝑏𝑦𝑑1 are bias terms of the first fully connected layer.
Next, 𝑂𝑥𝑙1 and 𝑂𝑦𝑑1 are fed into the second fully connected
layer to output the final non-linear features 𝑂𝑥𝑙2and 𝑂𝑦𝑑2as
in the following equations:

𝑂𝑥𝑙2 = 𝛿(𝑊𝑥𝑙2𝑂𝑥𝑙1 + 𝑏𝑥𝑙2 ) (8)

𝑂𝑦𝑑2 = 𝛿(𝑊𝑦𝑑2𝑂𝑦𝑑1 + 𝑏𝑦𝑑2 ) (9)

where 𝑊𝑥𝑙2 and 𝑊𝑦𝑑2 are the second fully connected layer’s
weight matrices, 𝑏𝑥𝑙2 and 𝑏𝑦𝑑2 are bias terms of the second
fully connected layer.

In each fully connected layer, we applied the Rectified
Linear Unit (𝑅𝑒𝐿𝑈) activation function to obtain non-linear
features as in the follow equation:

𝑅𝑒𝐿𝑈 (𝑥) = max(0, x) (10)

e) Combining linear features and non-linear features

After obtaining linear and non-linear feature vec-
tors by 𝑆𝑉𝐷 and deep learning technique, respectively,
we firstly concatenated them into 𝐿𝑛𝑐𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 and
𝐷𝑖𝑠𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 for lncRNAs and diseases, respectively.

𝐿𝑛𝑐𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 =

[
𝑈𝑖

𝑂𝑥𝑙2

]
(11)

𝐷𝑖𝑠𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 =

[
𝑉𝑇
𝑗

𝑂𝑦𝑑2

]
(12)

where [] indicates concatenation operation.
Then, we applied a Hadamard product operation to integrate
two vectors 𝐿𝑛𝑐𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 and 𝐷𝑖𝑠𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐 into a
new integrated vector:

𝑉𝑒𝑐𝑛𝑒𝑤−𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑 = 𝐻𝑎𝑑𝑎𝑚𝑎𝑟𝑑𝑃𝑟𝑜𝑑𝑢𝑐𝑡 (
𝐿𝑛𝑐𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐, 𝐷𝑖𝑠𝑛𝑒𝑤− 𝑓 𝑒𝑎−𝑣𝑒𝑐)

(13)

f) Obtaining final prediction

Finally, the new integrated vector 𝑉𝑒𝑐𝑛𝑒𝑤−𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑 is
fed into a fully connected layer with a sigmoid activation
function to obtain final prediction.

𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑥) = 1
1 + exp(−𝑥) (14)

𝐴𝐿𝐷− 𝑓 𝑖𝑛𝑎𝑙 [𝑖, 𝑗] = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑉𝑒𝑐𝑛𝑒𝑤−𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒𝑑) (15)

We used a binary cross-entropy function in our model as
the loss function as follows:

𝐿𝑜𝑠𝑠 =
∑︁

[𝐴𝐿𝐷−𝑛𝑒𝑤 log(𝐴𝐿𝐷− 𝑓 𝑖𝑛𝑎𝑙 [𝑖, 𝑗])+
(1 − 𝐴𝐿𝐷−𝑛𝑒𝑤) log(1 − 𝐴𝐿𝐷− 𝑓 𝑖𝑛𝑎𝑙 [𝑖, 𝑗])] + 𝛾( |𝜕2 |)

(16)

where 𝜕 is the weight vector, 𝛾 is a weight to balance
between the experimental risk and regularized term.

III. RESULTS

1. Performance evaluation

To evaluate the proposed method’s prediction perfor-
mance, in this paper, we already performed Leave-one-
out-cross-validation (𝐿𝑂𝑂𝐶𝑉) experiments on all three
data sets as described in Materials section. In 𝐿𝑂𝑂𝐶𝑉

experiments, each entry value equal to 1 in 𝐴𝐿𝐷 matrix
is taken as test sample and the remaining associations are
considered as training samples. After implementing the pro-
posed model, we gathered 𝐴𝐿𝐷− 𝑓 𝑖𝑛𝑎𝑙 matrix. We repeatedly
performed the process and then used the obtained results
to calculate true positive rate (𝑇𝑃𝑅), false positive rate
(𝐹𝑃𝑅), Precision and Recall as in the followings:

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (17)

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁 (18)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (19)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (20)

where 𝑇𝑃 indicates the number of true positive samples,
𝐹𝑁 means the number of false negative samples, 𝐹𝑃 is
the number of false positive samples and 𝑇𝑁 reflects the
number of true negative samples.

After that, we figured out Receiver Operating Charac-
teristic (ROC) curve [31] and Precision-Recall (PR) curve
[32] of proposed method on each data set. Parallely, we
computed 𝐴𝑈𝐶 (Area under ROC curve) and 𝐴𝑈𝑃𝑅 (Area
under Precision-Recall curve) values of proposed method
on each data set. Figure 3 illustrates ROC curves and 𝐴𝑈𝐶
values and Figure 4 shows PR curves and 𝐴𝑈𝑃𝑅 values of
proposed method on three data sets when the value of 𝐾
in 𝑊𝐾𝑁𝐾𝑁 algorithm is set to 8. As can be seen, 𝐴𝑈𝐶
values of proposed method on three data sets are similar
and the best 𝐴𝑈𝑃𝑅 value is achieved on the DS3 data
set. Therefore, we chose the 𝐴𝑈𝐶 and 𝐴𝑈𝑃𝑅 values of
proposed method on DS3 to compare with the performance
of other methods in the next section.

2. Performance in comparison with other related
methods

To emphasize the performance of our proposed method
in comparison with other previous related methods, we
compared our proposed method prediction performances,
on the same data set DS3, with SDLDA and NCPLDA
methods [8, 9]. Figure 5 shows the ROC curves and 𝐴𝑈𝐶

values of the related methods and our proposed method
on the same data set DS3. Figure 6 represents the PR
curves and 𝐴𝑈𝑃𝑅 values of the related methods and our
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Figure 3. The ROC curves and AUC values of proposed method on three
data sets when K in WKNKN is set to 8.

Figure 4. The PR curves and AUPR values of proposed method on three
data sets when K in WKNKN is set to 8.

proposed method on the same data set DS3.
As can be seen in Figure 5 and Figure 6, our new

proposed method is superior to previous related methods
in both AUC and AUPR terms. The highest AUPR value
indicates that our proposed method can recall more known
associations by reducing the impact of sparsity data
problem.

Figure 5. ROC curves and AUC values of the proposed method and related
methods under LOOCV experiments.

Figure 6. PR curves and AUPR values of the proposed method and related
methods under LOOCV experiments.

3. Effects of parameters

a) Parameters of WKNKN algorithm

Considering the fact that there are some unknown
lncRNA-disease associations in the matrix 𝐴𝐿𝐷 . We used
the 𝑊𝐾𝑁𝐾𝑁 algorithm as a pre-processing step to elim-
inate unknown values in lncRNA-disease association set
relied on their known neighbors. In this algorithm, the 𝐾
parameter means the number of nearest known neighbors,
𝑡 reflects a decay term where 𝑡 ≤ 1, 𝜃 is a threshold. In
this study, we mainly targeted on the impact of number
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of nearest known neighbors to scale down the effects of
sparsity data problem. It is true that when the more near-
est known neighbors were selected, the more associations
between lncRNAs and diseases would be added into the
heterogeneous network and then the impact of sparity data
problem would be reduced. However, the imbalanced data
problem would again appears when the number of added as-
sociations becomes too big. Therefore, in our experiments,
we repeatedly changed the value of 𝐾 and 𝑡 to choose the
optimal result. And it showed that 𝐴𝑈𝐶 and 𝐴𝑈𝑃𝑅 of our
proposed method reached the best values when 𝐾 = 8 and
𝑡 = 0.7 while 𝜃 is fixed to 0.5 as be mentioned before.

b) Implementation details and hyper-parameters

In this paper, the 𝑆𝑉𝐷 is executed with Scipy library,
the lncRNA and disease linear features are represented by
two 64-dimensional vectors. The deep learning framework
use Tensor flow [33]. Non-linear features of lncRNAs and
diseases are extracted by ReLU activation function.

For hyper-parameters, after repeatedly performing the ex-
periments, the optimal values of parameters are as follows.
The first and second fully connected layers used 48 and 32
neurons, respectively. The dropout rate and regularization
parameter 𝛾 are set to 0.05 and 0.003, respectively. The
optimizer used the adaptive moment estimation (Adam).
The initinal learning rate is set to 0.001. Finally, the number
of neurons in the last fully connected layer is set to 48.

4. Case studies

To encourage our method’s prediction reliability by eval-
uating 𝐴𝑈𝐶 and 𝐴𝑈𝑃𝑅 values under 𝐿𝑂𝑂𝐶𝑉 experiments,
we also tested some case studies to observe the most
predicted lncRNAs for any given disease. In the following
sections, we showed top 10 predicted lncRNAs for case
studies’ results of Breast Cancer and Hepatocellular Carci-
noma, respectively.

a) Breast Cancer’s case study

Breast Cancer is also known as Breast Neoplasms. It is a
malignant tumor that has a high mortality rate and mostly
occurs in women [34]. Over the past few years, different
lncRNAs have been reported to be associated with Breast
Cancer. For examples, lncRNA H19 has been indicated to
be associated with poor prognosis in breast cancer patients
and promotes cancer stemness [35]. High expression of
lncRNA MALAT1 is related to breast cancer relapse and
may play a role in tumor progression [36]. The case study
of Breast Cancer on data set DS3 showed that our proposed
method recalled 8 known associations and it inferred 2 new
associations out of top 10 predicted Breast Cancer-related
lncRNAs. The Table I showed top 10 predicted Breast

TABLE I
TOP 10 PREDICTED BREAST CANCER-RELATED LNCRNAS

LncRNA Rank Known before Evidences (PMID)
CDKN2B-AS1 1 1 Known association

GAS5 2 1 Known association
H19 3 1 Known association

HOTAIR 4 1 Known association
PVT1 5 1 Known association

MALAT1 6 1 Known association
MEG3 7 1 Known association
MIAT 8 0 29100300

NEAT1 9 0 32273717
XIST 10 1 Known association

TABLE II
TOP 10 PREDICTED HEPATOCELLULAR CARCINOMA-RELATED

LNCRNAS

LncRNA Rank Known before Evidences (PMID)
HOTAIR 1 1 Known association
MALAT1 2 1 Known association

H19 3 1 Known association
CDKN2B-AS1 4 0 32801906

PMEG3 5 1 Known association
UCA1 6 1 Known association

CCND1 7 0 32443384
PCAT29 8 1 Known association

GAS5 9 0 25120813; 26163879
AIR 10 1 Known association

cancer-related lncRNAs and all predicted associations have
been known or verified by biomedical literature.

b) Hepatocellular Carcinoma’s case study

Hepatocellular carcinoma (𝐻𝐶𝐶) is the most common
primary liver malignancy and it is a leading cause of
cancer-related death over worldwide [37]. Recently, many
lncRNAs have been indicated to be related to hepatocel-
lular carcinoma. For instances, lncRNA MALAT1 pro-
motes hepatocellular carcinoma development by SRSF1
up-regulation and mTOR activation [38]. Upregulated
lncRNA-UCA1 promotes to progression of hepatocellular
carcinoma through inhibition of miR-216b and activation
of FGFR1/ERK signaling pathway [39]. The case study
of Hepatocellular carcinoma indicated that our proposed
method recalled 7 known associations and derived 3
new associations out of top 10 predicted Hepatocellular
carcinoma-related lncRNAs. Table II demonstrated top 10
predicted Hepatocellular carcinoma-related lncRNAs and
all predicted associations have been known or verified by
biomedical literature.

IV. CONCLUSION AND DISCUSSIONS

Various lncRNAs have been shown to play crucial roles
in different biological processes including cell cycle con-
trol, transcription, translation, epigenetic regulation, splic-
ing, differentiation, immune response and so forth in the
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human body. Discovering associations between lncRNAs
and diseases promotes the awareness of human complex
diseases’ mechanisms at molecular levels and support
the diagnosis, treatment and prevention of complex dis-
eases [5–7] However, the process of finding and verifying
lncRNA-disease associations is costly, laboratory and time-
consuming. Therefore, developing a forceful and meaning-
ful computational method to forecast potential lncRNA-
disease associations is become urgent in some recent years.
In this paper, we proposed a new method to predict
lncRNA-disease associations using multiple features and
deep learning. It achieves a decisive performance with
the best 𝐴𝑈𝐶 and 𝐴𝑈𝑃𝑅 values of 0.9702 and 0.8814,
respectively, under LOOCV experiments on the data set
DS3 as mentioned before. It outperforms other state-of-the-
art methods in both 𝐴𝑈𝐶 and 𝐴𝑈𝑃𝑅 evaluation metrics.

The desirable prediction performance of our proposed
method is contributed by the following factors. Firstly,
by using multiple features, we already take into account
the high accuracy advantage of the similarity network-
based methods. Secondly, by using a 𝑊𝐾𝑁𝐾𝑁 algorithm
as a pre-processing step, we already reduced the impact
of sparsity data problem. And finally, the combination of
linear features and non-linear features extracted by singular
value decomposition technique and deep learning, respec-
tively, can reinforce each other to better predict potential
lncRNA-disease associations [8]. However, there are too
many parameters in deep learning model. Therefore, it is
difficult to tune all hyper-parameters and try to do all
possible cases of experiments.
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