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Abstract:

Until recently, non-coding RNAs were considered junk RNA and were always ignored,
but studies have revealed that many non-coding RNAs such as miRNA, IncRNA, and
circRNAs play important roles in biological processes. A subclass of hon-coding RNAs
with transcripts longer than 200 nucleotides, called INcCRNAs, play important roles in
many cellular processes such as gene regulation. For this reason, since wet experimental
studies to identify disease-related INcCRNA are time-consuming, computational methods
are used. Many researchers have applied similarity-based and machine learning-based
computational methods and achieved very successful results. Due to its high success rate,
the deep learning technique is applied to many fields today. In this study, we used the
Deep Autoencoder and Deep Neural Network method to predict disease related InNCRNAs.
As input data of Deep Autoencoder, the concatenated feature vector obtained from
integrated disease similarity and integrated InNcRNA similarity was used. To train the deep
neural network for predicting relationships between IncRNAs and diseases, the features
extracted from the autoencoder’s output were utilized. The prediction performance of our
method was evaluated with the commonly used 5-fold cross validation and an AUC value
of 0.9575 was obtained. It can be seen that the method we proposed is more successful
than other compared methods. Additionally, case studies on colorectal cancer and lung
cancer were conducted and confirmed with the literature. As a result, the Deep
Autoencoder and Deep Neural Network method can be used reliably to identify candidate
disease-related INCRNAS.

1. Introduction

disease, Parkinson’s disease, and amyotrophic
lateral sclerosis [5].

Long non-coding RNAs (IncRNASs) are a subtype of
non-coding RNA (ncRNA) characterized by a length
exceeding 200 nucleotides [1]. Thought to be noise
when first discovered, IncRNAs constitute the
largest portion of the mammalian non-coding
transcriptome [2]. Thanks to the development of
bioinformatics technology, researchers have found
that IncRNAs are involved in important biological
processes such as cell growth, cell development, and
gene expression regulation [3]. Studies have
revealed that dysregulation of IncRNAs is related
with many diseases, such as various cancers,
cardiovascular diseases, and neurodegenerative
disorders. For example, IncRNA has been
discovered to be a tumor suppressor in prostate
cancer cells [4]. Moreover, numerous IncRNAs have
been identified in Alzheimer’s disease, Huntington’s

Accurate identification of potential disease-
associated IncRNAs helps diagnose, treatment, and
prevent diseases. It even contributes to the
development of personalized medicines. However,
revealing these relationships with traditional
biological methods is a very expensive and long
process. Therefore, many computational methods
have been developed to identify IncRNAs associated
with diseases. These developed methods are
generally divided into five categories: network
propagation-based methods, matrix factorization-
based methods, machine learning-based methods,
deep learning-based methods, and graph neural
network-based methods.

o Network propagation methods: The network-
based approach aimed to reveal possible new
associations at the network level by creating
networks to  represent  IncRNA-disease
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correlations. Network-based methods often do
not require negative samples.

Matrix completion and factorization methods:
The IncRNA-disease relationship can also be
considered as a recommendation system. With
the matrix factorization method, two low-
dimensional matrices that can approximate the
original input matrix and fill in the missing
relationships are obtained. Computational
methods based on matrix completion and
factorization do not require negative samples to
train the model.

Machine learning methods: Today, machine
learning methods are widely used to predict
disease-related IncRNAs, as in every field. In
this method, experimentally confirmed IncRNA-
disease associations are labeled as positive,
while unknown ones are labeled as negative.
Afterwards, classification methods are applied
to predict disease-associated INCRNASs.

Deep learning methods: In recent decades, deep
learning methods have been widely used for data
mining and pattern recognition research.
Additionally, deep learning is widely used in

areas such as IncRNA-miRNA interaction
prediction, IncRNA-protein interaction
prediction, miRNA-disease relationship

prediction, and drug repositioning.

In this study, to estimate the relationship between
IncRNA and disease, Gaussian interaction profile
Kernel similarities of INncCRNAs and diseases,
similarities of IncRNA functional and disease
semantic were used to create IncRNA-disease
association features. To evaluate the success
performance of the method we applied, the
commonly used 5-fold cross-validation technique
was applied, and the ROC curve was plotted. An
AUC value of 0.9575 was obtained in the 5-fold
cross-validation technique. Then, we compared our
method with eight previous computational methods
such as SIMCLDA [6], BRWLDA [7], DMFCDA
[8], LLCLPLDA [9], NIMCGCN [10], VGAELDA
[11], MDA-SKF [12], and GDCL-NcDA [13]. We
also evaluated the success performance of our
method by conducting a case study on colorectal
cancer and lung cancer. When the results were
examined, it was seen that the method we used could
successfully predict potential IncRNA-disease
relationships.

2. Materials and Methods
2.1. Datasets

The datasets we used in this study are known human
InNcRNA-disease associations, IncRNA functional
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similarity and disease semantic  similarity,
respectively. Obtaining and calculating this data is
explained in detail below.

Human IncRNA—disease associations
Experimentally validated IncRNA-disease
associations data were downloaded from the
LncRNADisease [14] (v3.0) database
(http://www.rnanut.net/Incrnadisease/). In  this
database, there are 13191 relationships between
6066 INncRNAs and 566 diseases. The dataset
interaction density is about 0.3842%. Matrix A is
created according to the relationship between
InNcRNAs and diseases. Here, A(i, j) setto 1, if there
is a relationship between IncRNA(l;) and
disease(d; ), otherwise set to 0.

if IncRNA l; has relation with disease d;
if IncRNAl; has no relation with disease d;

{A(li,d]-) =1 O

A(l;,d;) =0

IncRNA functional similarity (LFS)

Functionally similar IncRNAs are generally
considered to be associated with similar diseases,
according to assumption this manner, we calculated
the LFS. For example, if IncRNA [; and IncRNA ;
are associated with m diseases and n diseases,
respectively. Firstly, the similarity value between a
disease d and a disease set D is calculated as follows
and represented by SV.

SV(d,D) = max;<i<(SV(d, d))  (2)

where the disease set associated with INCRNA [; is

represented by D. The calculation of LFS scores
between the two IncRNAs is carried out as follows:

1ism SV (D)) +31j2n SV (d.D (1))
m+n

LFS(l;, 1) = = ®)
Construction of disease-semantic similarity (SS)
In addition to containing disease-specific
information, the MeSH database [15] also contains
directed acyclic graphs (DAGs) created from
relationships between diseases. DAG structure is
used when calculating the semantic similarities of
diseases. As an example, the DAG structure of two
diseases is shown in Figure 1. Semantic similarity
scores of diseases were computed using the
methodology proposed by Toprak [16].

The following equation is utilized to compute the
semantic value (V) of disease d.
v(d) = ZtENd Dq4(t) 4)

In the DAG, structure, the contribution of disease t
to d can be explained by the following equation.
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Figure 1. Colorectal and Lung cancers’ DAG structures. a)_ IncRNA matl’i(_les _ b) Disease rnatnces
Figure 3. Visualization of IncRNA matrices and

disease matrices

{Dd(t) =1, ift=d ®)
Da(t) = max{A » Da(t")|t" € children of t}, if t # d methods for InNcRNAs and diseases are computed in

The calculation of the semantic similarity between the following manner.

diseases d; and d, is as follows.
rem T G1P_nc(l,, ;) = exp (~4IM@) - M@)[) @
_ Ztezvdlmvdz (d1(®)+dz (D))
5§5(dy, dp) = V(d)+v(dy) (6) GIP_disease(d;, d;) = exp (—ld”M(di) - M(dj)”Z) 8)

The semantic value of colorectal cancer in the DAG Here, parameters A, and A4, which are the
A structure was calculated as 3.406250 and semantic ~ normalized kernel bandwidths, they can be
value of lung neoplasms in the DAG B structure was calculated as follows.

calculated as 2.687500. Afterwards, the semantic

similarity between colorectal neoplasms and lung —1lym 312

neoplasms was calculated as 0.046153846. Figure 2 A nlz 1Ml ©)

shows an example disease semantic network.

A

./ Fusion of multi-source similarity
We combined two similarities, such as IncRNA
functional and GIP Kernel, according to previous

J studies [16, 18-20]. The similarity between two
Figure 2. Disease semantic network IncRNAs is calculated as follows, and integrated

new IncRNA similarity matrix is represented by
A heat map of the IncRNA functional matrix and the LS(l;, 1).

fusion of INcRNA matrix are seen in Figure 3(a) and Ls(l, 1) =

H . - 1201
heat map of the disease semantic matrix and the LES(LL)+GIP Inc(lyL)
fusion of disease matrix are seen in Figure 3(b). As 2
seen in the figure, both matrices are denser after

fusion. As the same way, the similarity between two

) diseases is calculated as follows and integrated new
Gaussian (GIP) Kernel methods for INcRNAsand  disease similarity matrix is represented by

Z UM pII? (10)

~

where n; and n; are number of all IncRNAs all
diseases, respectively.

.

1(i) and I(j) have functional similarity

(11
GIP (1,1 other

diseases DS(d;, d)).
According to van Laarhoven et al., “IncRNAs with Dps(d, d;) =
similar functions are likely to be associated with 5D (ducd )+ 61p disease(dd)
. . .. . v - ~ d(i) and d(j) have semantic similarity
diseases with similar phenotypes (and vice versa) 2 12)

G]Pdisease(di,dl-) other

[17]. Based on this assumption, the GIP kernel
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2.2. Method

This method we apply comprises two components:
an Autoencoder and a Deep Neural Network. The
data in the feature vector, which is the input of the
Autoencoder, is the combination of IncRNA and
disease vectors. That is, the integrated INCRNAs
similarity matrix has dimensions n; x n;, and the
integrated disease similarity matrix has dimensions
ng X ng. By combining integrated IncRNAS
similarity matrix and integrated disease similarity
matrix, we derived a feature vector of size n; + ny4
for each IncRNA-disease pair. The labels for these
feature vectors were acquired from the INCRNA-
disease relationship matrix.

However, the IncRNA-disease association matrix
consists of only 1 (positive) and zeros. Here, we
randomly selected the same number of samples from
unconfirmed IncRNA-disease associations as the
number of positive samples and assigned them as -1
(negative).

The labels for each feature vector were obtained
from the known IncRNA-disease relationships. The
feature vectors of positive and negative labelled
samples were determined as input data of a deep
autoencoder.

The resulting features from the autoencoder’s output
were utilized for training a deep neural network.
Afterwards, the association probability of
unconfirmed IncRNA-disease pairs was predicted
with the trained deep neural network.

Feature selection based on Autoencoder

An autoencoder is an unsupervised neural network
comprising two components called the encoder and
the decoder, that reproduces its input in its output.
Given a vector x at the input of an autoencoder,
using a mapping function f, the encoder maps input
sample to vector y with the following equation.

y = f(Wx +b) (13)

Here, f, W, and b represent the encoder’s transfer
function, weight matrix, and bias vector,
respectively. Then, using a similar mapping
function, the encoded representation y is decoded
into the vector x' by the decoder with following
equation.

x'=fW'y+b)  (14)

Here, W' and b’ represent the reconstructed weight
matrix and reconstructed bias vector, respectively.
Mean squared error were used as the loss function
and Adam algorithm were used as the optimizer.

Prediction of IncRNA—disease associations based
on Deep Neural Network

In this study, we used a feed-forward deep neural
network model consisting of fully connected layers
to predict novel relationships between IncRNAs and
diseases. The deep neural network model we
implemented consists of an input layer, three hidden
layers and an output layer. We used the high-level
feature vectors obtained from the autoencoder output
as the input data of our feed-forward deep neural
network model. We used the Adaptive Moment
Estimation (Adam) optimizer for optimization, the
Rectified Linear Unit (ReLU) activation function in
the hidden layers, and the sigmoid function in the
output layer.

The flowchart of our proposed method to estimate
IncRNA-disease relationships is shown in Figure 4.
The integrated IncRNA and disease features were
determined as the input of the deep autoencoder. The
resulting features obtained at the autoencoder’s
output were employed to train a deep neural network
to predict disease-related INCRNAs.

\ || ||||‘ j

Figure 4. The flowchart of our proposed method

R

3. Results and Discussion

3.1. Performance Evaluation

In the cross-validation method, the data is divided
into k subsets, 80% of the data is used to train the
model, while 20% is used to test the model. For
example, in 5-fold cross validation, the data is
divided into five equal subsets. While the model is
trained with four subsets, the model is tested with the
remaining one subset and the average is calculated
by repeating for each subset. We used the receiver
operation characteristic (ROC) [21] curve to
evaluate the prediction performance of our applied
method. ROC curves are obtained by plotting true-
positive rate (TPR, Sensitivity) versus false positive
rate (FPR, 1-Specificity).

TP
TP+FN

TPR, Sensitivity = (15)
TN

FPR,1 — Sensitivity = TNTFP

(16)
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where TP, TN, FP, and FN represent correctly
classified positive samples, correctly classified
negative samples, incorrectly classified positive
samples, and incorrectly classified negative samples,
respectively.

Moreover, we also calculated the area under ROC
curve (AUC) value. While an AUC value of 0.5
indicates a random result, an AUC value close to 1
indicates that the model’s predictive performance is
successful. In five-fold cross validation, an AUC
value of 0.9575 was obtained.

In order to assess the accuracy of our proposed
method’s predictions, we conducted a comparison
with eight other calculation methods such as
SIMCLDA, BRWLDA, DMFCDA, LLCLPLDA,
NIMCGCN, VGAELDA, MDA-SKF, and GDCL-
NcDA. Table 1 shows the sorted AUC values of the
other compared methods. When the table is
examined, it is seen that the method we used obtains
a better AUC value than the other eight compared
methods. Figure 5 shows the ROC curve of our
proposed method and the other eight compared
methods in five-fold cross-validation technique.

Table 1. AUC values

SIMCLDA 0.7455
BRWLDA 0.7661
DMFCDA 0.8044
LLCLPLDA 0.8237
NIMCGCN 0.8612
VGAELDA 0.9126
MDA-SKF 0.9222
GDCL-NcDA 0.9382

(. ,/""-. Our Method
| SIMCLDA
BRWLDA
s J — DMFCDA
| LLCLPLDA
| NIMCGON
VGAELDA
MDA-SKF
' GDCL-NcDA

T'rue Positive Rate

False Positive Rate
Figure 5. ROC curve
3.1. Case Studies

Colorectal cancer and lung cancer are the most
common cancer types worldwide and have a high
mortality rate. For this reason, we conducted a case

study on these two cancer diseases to demonstrate
the prediction accuracy of our proposed method. The
IncRNA-disease association data we obtained from
the LncRNADisease database was used as the
training set. In our training set, we assigned a value
of zero to the known associations between INcRNAs
and each disease. This means that we did not
consider any prior knowledge of IncRNA-disease
associations in our training process. This approach
allows us to assess the accuracy of our proposed
method in predicting novel associations between
IncRNAs and diseases. After training our model and
obtaining the top 20 predicted IncRNAs for both
diseases, we verified these predictions using
information from databases.

Colorectal cancer, which is a major threat to human
health, is the second most common type of cancer in
females and the third in males [22]. Approximately
more than 1 million new cases of colorectal cancer
are diagnosed each year. As seen in Table 2, 19 of
the top 20 predicted INcRNAs were validated in the
literature. For example, it has been observed that
PVT1 is overexpressed in colorectal cancer samples,
and the expression level of PVTL1 is higher in
colorectal cancer cells than in normal cells [23]. Yan
et al. demonstrated that XIST is highly expressed in
colorectal cancer tissues and cells [24]. BANCR,
also known as LINC00586, has been noted to exhibit
overexpression in colorectal cancer tissues and has
been linked to patient survival outcomes [25]. Low
expression of CAS5 in colorectal cancer patients
increased tumor metastasis and reduced survival rate
[26]. Upregulation of HULC has been observed in
colorectal cancer tissues [27]. NPTN-IT, on the other
hand, could not be validated in the literature.
Therefore, we think that IncRNA NPTN-IT could be
a potential biomarker for colorectal cancer.

Lung cancer stands as one of the most prevalent
cancer types and is a primary contributor to cancer-
related fatalities globally [28]. There are two
primary forms of lung cancer: small cell lung cancer
(SCLC) and non-small cell lung cancer (NSCLC).
SCLC is less common but tends to grow and spread
quickly than NSCLC. On the other hand, NSCLC is
the more prevalent type, comprising approximately
80% of all cases [29]. As seen in Table 3, 17 of the
top 20 predicted IncRNAs were validated in the
literature. For example, overexpression of PVT1 has
been observed to regulate proliferation in lung
cancer patients [30]. Li et al. stated that XIST was
upregulated in lung cancer tissues [31]. In most lung
cancer patients, HULC expression level was
observed to be increased in cancer tissues compared
to normal tissues [32]. LncRNA HAR1A has been
observed to be downregulated in lung
adenocarcinoma and negatively correlates with
prognosis [33]. BCAR4 expression level is higher
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than normal level in NSCLC tissues and cells [34].
In both lung cancer tissues and cancer cell lines,
there was observed an increased expression of
NEAT1 [35]. Therefore, CCDC26, LINC00032, and
PCAZ3 are likely to be associated with lung cancer.
As a result, we think that these IncRNAs may be a
potential biomarker for lung cancer. Besides cancer
research deep learning has been applied in different
applications [36-46].

Table 2. Colorectal Cancer

Rank RN A Exadence (FAED und Article)
I PVTI PMEDY MEEE2AT PO 101 H] tes 15113
NIST PMED: SST259% T 101000 g FOEA2A11 240087 14
) BANCR PMEDY 35556081 [OO0) 1OAIEN har 2022 537822
4 GASS PMID SSAZI6Y  FDXN. 10 1155022112489
HIULL PMID 270496541 FDOO0 101006 gene 2016068 007
o MALAT PMED N2000 0 JIXN: MO39 pmal 20 1614
SPRYSITI PMEY 020200 LM 10 16RO T9TARI S 2000 | TR4274
HCPS PMED 32606565 FON: 102 ATOUMAR S255880
HNFIA-AS) PMED Sa250070 FOO0: 10 8390 cellel 119304
0 CDENIB AS) PMID MIASSTS BN 1O Ve 2021 8104
| CLUATZ PMED. MESRES DO 10 M IR Yose JUZL TS 00
2 TG PMED 35506523 FDO0: 10 1038564 14 19.022-D4K1)5.w
" Hormr PMED A2STN OO0 1O Z208RTMNACM SIS X 4 &
4 NEATI PMID 38262350 OO0 105552281 30802
14 UCAl PMED SZE20N DOV 10 1062 SR2021 111
14 NFTNATL Ladovin Cafawrin
11 MIRI G PMED ASTIAN12 N0 1021 ETUMAR SN 102N
I\ ANHUS PMED AS022404 OO0 10105804 142040122-00 ) | e
19 TFAS| PMED 35036050 DO, HOU10 & cmin 202112014
Hie PMED 35220020 PICH: 102 ERY Maticansns | 5507
Table 3. Lung Cancer
Raok  |lcRNA Evidence (FMID wml Article)
| " PMED a6 FOON: 10| ENG DTS 012402 T
XIs1 PMOD 3S06TESE OO0 10 108K 10799891 12| 2019274
HULL PMIDY, J0STSUET  FDON: 102635 Seumen 20IEIZ 16437
‘4 HARIA PMED:. SSTA0SHL D0 10 MY s | 41 22848
BCARL PMIDE 332040245 FOO0: 10103504 141602001 1463
0 NEATI MDY A20A57 FOON 10 03RS fene 120 X251
CCIC26 Cakrnrn [k
SPRY&ITI PMED: 29988753 FOOO: 101 E ] Dpe § 2940
v DANUR PMED 29651860 DX Lo 1) 10TIT IR T4
10 LINCOOSSY b (O
| ol PMED 073961 JOO0: 10 TS0 Lab, 2000 2002
12 SNHG 16 PMIY 120 JDO0 M1 ESS2022 747 1442
|1 Tuse M STAR QDO O RO 201 K 68
14 CRNDE PMED: 35611303 FDO0; 10 100202 12558
[ HIFIA-ASE PMUEY 20359888 U atwonn
16 TDRGI PMED 36434960 JDC00 10100200 23714
17 KENQLOT PMED 33705625 JOXN: 10,85 &3/en 20201 208
I POAL
19 GHET!
% FTENFI

4. Conclusion

Experimental studies have revealed that INcRNAS
have an impact on numerous biological processes.
Nevertheless, the identification of these interactions
can be both expensive and time-consuming.
Therefore, it is imperative to employ computational
methods in order to identify IncRNAs associated
with diseases. In this study, we utilized Deep
Autoencoder and Deep Neural Network techniques
to predict potential associations between IncRNAs
and diseases. The effectiveness of our method was
evaluated using five-fold cross-validation and case
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studies. Through the implementation of five
different cross-validation techniques, we obtained an
AUC value of 0.9575. Furthermore, we compared
this AUC value with those obtained from previous
studies such as SIMCLDA, BRWLDA, DMFCDA,
LLCLPLDA, NIMCGCN, VGAELDA, MDA-SKF,
and GDCL-NcDA to assess the performance of our
proposed method. Additionally, we conducted case
studies specifically focused on colorectal cancer and
lung cancer in order to further validate the predictive
capabilities of our method. The top 20 predicted
InNcRNAs for each cancer type were carefully
compared with existing literature findings and are
presented in table 2 and table 3 accordingly. Upon
close examination of these results, it becomes
increasingly apparent that our method can be relied
upon as a dependable and efficient technique for
identifying potential disease-associated INCRNAS.
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