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Abstract

Background

Enhancers regulate transcription of target genes, causing a change in expression level.
Thus, the aberrant activity of enhancers can lead to diseases. To date, a large number of
enhancers have been identified, yet a small portion of them have been found to be associ-
ated with diseases. This raises a pressing need to develop computational methods to pre-
dict associations between diseases and enhancers.

Results

In this study, we assumed that enhancers sharing target genes could be associated with
similar diseases to predict the association. Thus, we built an enhancer functional interaction
network by connecting enhancers significantly sharing target genes, then developed a net-
work diffusion method RWDisEnh, based on a random walk with restart algorithm, on net-
works of diseases and enhancers to globally measure the degree of the association
between diseases and enhancers. RWDisEnh performed best when the disease similarities
are integrated with the enhancer functional interaction network by known disease-enhancer
associations in the form of a heterogeneous network of diseases and enhancers. It was also
superior to another network diffusion method, i.e., PageRank with Priors, and a neighbor-
hood-based one, i.e., MaxLink, which simply chooses the closest neighbors of known dis-
ease-associated enhancers. Finally, we showed that RWDisEnh could predict novel
enhancers, which are either directly or indirectly associated with diseases.

Conclusions

Taken together, RWDisEnh could be a potential method for predicting disease-enhancer
associations.

1. Introduction

Enhancers are genomic cis-regulatory elements that activate transcription of their target genes,
thus playing an important role in the pathogenesis of complex diseases. Indeed, genetic
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alterations of enhancers have been proven to contribute to disease progression [1]. Until now,
more than three million enhancers have been identified by international consortiums such as
ENCODE [2], FANTOM (3, 4], and NIH Epigenome Roadmap [5] using computational meth-
ods [6]. To accumulate functions of enhancers, annotation databases for enhancers have also
been built. For example, EnhancerAtlas [7] is a resource for enhancer annotation and analysis
in 105 human cell/tissue types. The target genes and their expression of enhancers are also
integrated into GeneHancer [8] and McEnhancer [9], respectively.

Besides functions accumulated in the annotation databases, enhancers’ functions in terms
of pathology are getting more focused. Indeed, genetic variants of enhancers play important
roles in disease progression [1] because enhancers are regulatory elements that alter the
expression level of their target genes. Mutations of enhancers can be associated with disease
[10]. However, most studies about disease-enhancer associations are carried out for individual
enhancers [11-13]. Recently, information on these associations from literature has been col-
lected into a DiseaseEnhancer database and is publicly available [14]. However, only a small
set of enhancers has been related to diseases. Therefore, there is a pressing need to predict
novel disease-enhancer associations using computational methods.

In this study, we present a method RWDisEnh to predict novel disease-enhancer associa-
tions. The problem can be formulated as a ranking of candidate enhancers/diseases based on
their relative importance to a disease/enhancer of interest, respectively. It was said that if an
enhancer targets a disease-associated gene, then this enhancer is functionally connected to the
disease [15]. Thus, we assumed that enhancers sharing target genes are associated with diseases
that have similar phenotypes. Firstly, we built networks of enhancers and diseases based on
functional interactions among enhancers and similarities among diseases as well as known dis-
ease-enhancer associations. The functional interaction between every pair of enhancers was
assessed based on the significant sharing of their target genes to form a homogeneous network
of enhancers (i.e., an enhancer functional interaction network where all nodes are enhancers).
The similarity between every pair of diseases was calculated based on semantic similarity
between two corresponding Disease Ontology (DO) terms [16] to form a homogeneous net-
work of diseases (i.e., a disease similarity network where all nodes are diseases). The two
homogeneous networks were then connected by known disease-enhancer associations col-
lected from DiseaseEnhancer [14] to form a heterogeneous network of diseases and enhancers.
Secondly, a random walk with restart (RWR) scheme on these networks was proposed to esti-
mate the degree of association between a disease and an enhancer. RWR is the state-of-the-art
guilt-by-association approach [17] and has been successfully used for various problems in bio-
medical research [18], especially ones in predicting disease-associated biomarkers such as
genes [19-22] and non-coding RNAs [23-28]. Besides, RWR is also shown its dominance in
other applications such as the prediction of drug-target interactions [29] and disease-related
microRNA-environmental factor interactions [30]. In addition, RWR was proven to be the
best one among network-based methods, including other commonly used network diffusion
methods, proposed for the prediction of disease-gene associations [31]. To demonstrate the
added value of the homogeneous networks, we compared the prediction performance of
RWDisEnh on the heterogeneous network of diseases and enhancers with that on the
enhancer functional interaction network and the disease similarity network. Experimental
results show that RWDisEnh achieved the best performance in terms of AUC (area under the
ROC curve) when it was performed on the heterogeneous network of diseases and enhancers.

To our knowledge, RWDisEnh is among the first network-based ones proposed for the pre-
diction of disease-enhancer associations. As a kind of network diffusion method, RWR glob-
ally searches on the networks for novel enhancers/diseases associated with a disease/an
enhancer of interest, respectively. To show the advance of RWDisEnh, we compared
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RWDisEnh with another network diffusion method, i.e., PageRank with Priors [32], on the
enhancer functional interaction network. As assumed that enhancers sharing target genes are
associated with similar diseases and defined a functional interaction between two enhancers
using their shared target genes; thus, we additionally assessed whether enhancers neighboring
with known disease-associated enhancers in the enhancer functional interaction network can
be good candidates using MaxLink method [33,34]. In contrast to the network diffusion meth-
ods, MaxLink locally searches neighbors of known disease-associated enhancers for the novel
ones. Experimental results showed that the prediction performance of the three methods is
comparable on the enhancer functional interaction network; however, they were all worse
than that of RWDisEnh on the disease similarity network and the heterogeneous network.
Finally, we showed that RWDisEnh could predict novel enhancers associated with diseases
with supporting direct and indirect evidence from genome-wide association studies and litera-
ture, respectively.

2. Materials and methods
2.1 RWDisEnh

In this section, we describe the RWDisEnh method. Briefly, first, we built an enhancer functional
interaction network, a disease similarity network, and a heterogeneous network of diseases and
enhancers. The disease similarity network was formed based on DO-based similarity between
every pair of mapped DO terms (Fig 1(A)). The enhancer functional interaction network was
constructed by connecting every pair of enhancers where their target genes are significantly
overlapped (Fig 1(B)). Then, these two networks were connected using known disease-enhancer
associations collected from DiseaseEnhancer [14] to construct the heterogeneous network of dis-
eases and enhancers (Fig 1(C)). Finally, a random walk model was proposed to predict novel dis-
ease-enhancer associations based on the constructed networks (Fig 1(D)).

2.1.1 Construction of a disease similarity network. To construct the DO-based disease
similarity network, we calculated the similarity between any pair of mapped DO terms in the
set of 2,161 DO terms having annotations in the DGA database [35]. Disease Ontology (DO) is
a standardized structured vocabulary database for human disease to provide the biomedical
community with consistent, reusable, and sustainable descriptions of human disease terms
and related medical vocabulary disease concepts [16]. As with other biomedical ontologies
[36], DO terms are organized as a directed acyclic graph where the term "disease" is defined as
a root; meanwhile, other terms can be a leaf, a child, or a parent of others. DGA database pro-
vides a comprehensive and integrative annotation of the human genes by DO terms [35].

The similarity between two ontology terms was calculated based on the information con-
tent (IC) of each term, which is defined as the following:

IC(t) = —log (p(t)) (1)

where p(t) is the probability of term t occurring in a corpus (i.e., an annotation database, e.g.,

DGA for DO). More specifically, i.e., p(t) = ff; (021) such that f(t) = Annot(t)+2 .cchitdrennf(c). In

this formula, Annot(t) means the number of genes annotated with ¢ in the corpus, and Chil-
dren(t) represents the set of children terms of ¢ in the DO graph. root is the root term of the
DO graph. Then, the semantic similarity between the two DO terms, t; and ¢, based on the
most informative common ancestor approach Resnik [37], is calculated as follows:

simTerm(t,,t;) = max (IC(c)) (2)

ceP(t;.t;)

where P(t;, t;) is the set of shared ancestors of t; and ¢;.
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Fig 1. Illustration of RWDisEnh method. RWDisEnh includes two main steps. Step 1—Construction of homogeneous and heterogeneous networks: (a) A disease
similarity network was formed based on DO-based similarities between every pair of mapped DO terms. (b) An enhancer functional interaction network was
constructed by connecting every pair of enhancers significantly sharing target genes. (c) A heterogeneous network of diseases and enhancers was built by connecting
the enhancer functional interaction network, the disease similarity network, and known disease-enhancer associations. Step 2—Prediction of promising disease-
enhancer associations: (d) A random walk model was proposed on the networks to rank candidate enhancers/diseases. For disease-centric view: Given a disease d;,
the goal is to rank all candidate enhancers (e, ey, es, and eg) by their relevance to d;. For enhancer-centric view: Given an enhancer e;, the goal is to rank all candidate
diseases (dy, d3, and ds) by their relevance to e;. Finally, highly ranked candidates (e.g., e;, e, for the disease-centric, and d,, ds for the enhancer-centric) were selected
as promising ones to be associated with the disease of interest (d;)/the enhancer of interest (e3), respectively.

https://doi.org/10.1371/journal.pone.0260432.g001

For a pair of diseases d; and d;, which are directly mapped to t; and ¢;, respectively, the simi-
larity between them is defined as follows (Fig 1(A)):

w,; = simDis(d,, d,) = simTerm(t,, t,) (3)

We calculated the similarity for every pair of DO terms in a total of 2,152 DO terms to con-

struct a DO-based disease similarity network, Gp(Vp, Ep). By selecting pairs having simDis(d;,
d;)>0, we also constructed a DO-based disease similarity network containing 806,505 interac-
tions. Fig 1(A) illustrates the construction of the disease similarity network. This network was
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then represented as an adjacency matrix W, where its element (Wp); ; was set to w;; represent-
ing the similarity between disease d; and d;.

2.1.2 Construction of an enhancer functional interaction network. It was assumed that
if an enhancer targets a disease-associated gene, then this enhancer is functionally connected
to the disease [15]. Thus, we here define a functional interaction between two enhancers using
shared target genes. To this end, we collected known enhancer-target gene interactions
between 792 enhancers and 667 target genes from the DiseaseEnhancer database [14]. Then, a
functional interaction between two enhancers e; and e; was defined if there is significant over-
lap between their target sets using the hypergeometric distribution

n]. n— T’Ij
min(n;,n;) k n—k
po 3o AEIANCE) “
i=k
n.

1

where

n is a number of target genes in the DiseaseEnhancer database

o n;is a number of target genes of enhancer e;

« n;is a number of target genes of enhancer e;

o kis a number of shared target genes between two enhancers e; and e;.

By selecting only enhancer pair having p-value < 0.05, we finally obtained 2,636 significant
associations among 539 enhancers. Fig 1(B) illustrates the construction of the enhancer func-
tional interaction network, Gg(V, Eg). This network was then represented by an adjacency
matrix Wy, where an element (Wg);; was set to 1 or 0 with respect to whether an interaction
between two enhancers e; and ¢; exists or not.

2.1.3 Construction of a heterogeneous network of diseases and enhancers. We collected
1,059 known disease-enhancer associations from the DiseaseEnhancer database [14], which is
a comprehensive map of manually curated disease-enhancer associations between 802 enhanc-
ers and 167 human diseases. Enhancers in the database are represented by their positions in
chromosomes (i.e., start and end positions). Disease names were mapped to DO terms before
estimating the similarity between the two diseases. Finally, we constructed 963 DO term-
enhancer associations between 122 DO terms and 738 enhancers.

The heterogeneous network of diseases and enhancers was constructed by connecting the
enhancer functional interaction network with the disease similarity network by known dis-
ease-enhancer associations (Fig 1(C)). Finally, 554 DO term-enhancer associations between
102 diseases and 512 enhancers remained (i.e., diseases and enhancers which do not belong to
the disease similarity network and the enhancer functional interaction network respectively
were removed). Associations between diseases and enhancers can be considered as a bipartite
network. This network was represented by an adjacency matrix Wyp, where an element
(Wgp); of the matrix represents whether or not an enhancer e; is known to be associated with
a disease dj.

2.1.4 A random walk scheme on networks of diseases and enhancers. In this section, we
describe how the random walk with restart algorithm (RWR) used in RWDisEnh can rank
candidate enhancers/diseases relatively to a set of enhancers/diseases known to be associated
with a disease of interest (d)/an enhancer of interest (e), respectively.
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A random walk scheme. Given a connected weighted network G(V, E) with a set of nodes V
=1{vs V2 ..., ¥}, N is the number of nodes in the network, and a set of links E = {(v;, v;)| vi»
v;€V}, a set of source nodes SCV and a NxN adjacency matrix W of link weights. Here, we
introduce algorithms for measuring the relative importance of node v; to S. RWR is a variant
of the random walk and it mimics a walker that moves from a current node to a randomly
selected adjacent node or goes back to source nodes with a restart-probability y€(0, 1). RWR
equation can be described as follows:

P =(1—-9y)WP +yP (5)

where P'is a Nx1 probability vector of | V| nodes at a time step ¢ of which the ith element repre-
sents the probability of the walker being at node v,€V, and P° is the Nx1 initial probability vec-
tor. W' is the transition matrix of the graph, the (7, j) element in W’, denotes a probability with
which a walker at v; moves to v;among V\{v;}. All nodes in the network are eventually ranked
according to the steady-state probability vector P*°. The steady-state of each node represents
its relative importance to the set of source nodes S.

The prediction of disease-enhancer associations can be formulated as the ranking of candi-
date enhancers/diseases by their relative importance measured by the RWR algorithm to a set
of source nodes (S), where S includes enhancers/diseases known to be associated with a disease
of interest (d)/an enhancer of interest (e), respectively. In other words, the relative importance
value measures how much a candidate enhancer/disease is associated with d/e (Fig 1(D)). This
algorithm was used for predicting disease-gene associations [19-22,38,39]. In the following
sections, we are going to describe more detail on how the RWR algorithm is applied to net-
works of diseases and enhancers to predict disease-enhancer associations.

A random walk scheme on the enhancer functional interaction network and the disease simi-
larity network. The enhancer functional interaction network and the disease similarity network
are homogeneous networks, which contain only one type of node (i.e., either enhancer or dis-
ease). In the first case, the prediction of disease-enhancer associations is considered in a dis-
ease-centric view: Given a disease d, the goal is to rank all candidate enhancers by their
relevance to d; (Fig 1(D)). Then, the enhancer functional interaction network was used as a
homogeneous network of enhancers. Thus, the transition matrix W’ is defined as follows:

/ (W),
R S(TAY )
where Wy is the adjacency matrix of the enhancer functional interaction network.

In the second case, the prediction of disease-enhancer associations is considered in an
enhancer-centric view: Given an enhancer es, the goal is to rank all candidate diseases by their
relevance to e; (Fig 1(D)). Then, the disease similarity network was used as a homogeneous
network of diseases. Thus, the transition matrix W’ is defined as follows:

(W), = el o)
S TAY

where W), is the adjacency matrix of the disease similarity network.

In addition, the set of source nodes (S) was specified by enhancers that were known to be
associated with d; in the disease-centric view, and it was specified by diseases known to be
associated with e; in the enhancer-centric view (Fig 1(D)). Then, the initial probability vector
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was defined as follows:

1
— ifv.eS
p = 57 (8)

0 otherwise

All remaining enhancers/diseases in the homogeneous network of enhancers/diseases were
specified as candidate enhancers/diseases, respectively.

A random walk scheme on the heterogeneous network of diseases and enhancers. The RWR
algorithm can be extended to work on a heterogeneous network of diseases and enhancers.
Thus, the transition matrix W’ was defined as follows:

w, W,
W/ _ [ /E EID‘| ( 9)
WDE WD

where W}, and W}, are intra-subnetwork transition matrices of the enhancer functional inter-
action network and the disease similarity network, respectively. W}, W}, are inter-subnet-
work transition matrices. Let A be the jumping probability the random walker jumps from the
enhancer functional interaction network to the disease similarity network or vice versa. Then,
these matrices were defined as follows:

)“(WED),‘]' ;
(Wep), =p(dj|e,.) (W), if > (W), #0

0 otherwise

}"(WED)ji .
(W), :p(e].|d!.> =5 (W), lfzj(ww),-i #0 a1

]
0 otherwise

We)y )
m lf Zj(WED),'j =0

(WIIE)iJ = (1— D)(W,), (12)

¥ otherwise
>(We),

(Wo)y )
sy, ¥ 2 (e =0

]
’ % otherwise
> (W),

where Wyp, is the adjacency matrix of the bipartite network.

In this case, we only consider the prediction of disease-enhancer associations in a disease-
centric view: Given a disease of interest d;, the set of source nodes (S) was specified by the set
of enhancers known to be associated with d; (S) and d,. By letting 1 be the parameter to weigh
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the importance of each network, the initial probability vector was defined as follows:

1
(1—’7)m

0 — . 14
P nifv, =4, (14)

0 otherwise

ifv,e§

All remaining enhancers in the enhancer functional interaction network were specified as can-
didate enhancers.

2.2 Baselines

2.2.1 PageRank with Priors. Similar to the RWR algorithm, PageRank with Priors (PRP)
[32], an extension of the original Google’s PageRank algorithm [40], is also a network diffusion
method. PRP mimics a random Internet surfer starting from one of a set of source nodes (S),
and follows one of the links randomly in each step. In this process, the surfer jumps back to
the source nodes at back-probability 8 €(0, 1), thus restarting the whole process. Therefore,
this algorithm generates a score that is proportional to the probability of reaching any node on
the graph. This score indicates the relative importance of those nodes to the source nodes.
Given the enhancer functional interaction network, Gg(VE, Eg), and a set of known enhancers
(8) associated with a disease of interest d, each candidate enhancer was assigned a score repre-
senting its relative importance to S. Then, the candidate enhancers were ranked by their score.
Formally, the PRP algorithm can be described as follows:

== > pp))+ Bl (15)

JEVEin)i

where (V,,); is a set of incoming enhancers of e;, pj; is the probability of the random surfer
arriving e; from e;. p;; is defined as follow:

(W)

! ZkE(VEauz)j(WE)jk

where (V,,,); is a set of outgoing enhancers of e;.

Similar to the random walk scheme on the enhancer functional interaction network, p,” is
the initial probability of ¢; and is assigned to zero or 1/|§| if e; is a non-source node or a source
node, respectively (Eq 8). In addition, all remaining enhancers in the enhancer functional
interaction network were specified as candidate enhancers.

For running on the heterogeneous network of diseases and enhancers, Wg in Eq 16 was
replaced by W’in Eq 9. Given a disease of interest d;, the set of source nodes (S) was specified
by the set of enhancers known to be associated with d; (S’) and d;, and then p,° is set as in Eq
14.

2.2.2 MaxLink. In addition to the network diffusion methods, i.e., RWR and PRP, we
investigated a neighborhood-based method, MaxLink [33,34]. Given a disease of interest (d;),
the neighborhood-based algorithm was based on direct neighbors of source nodes (S) (i.e.,
known d;-associated enhancers in the enhancer functional interaction network, Gg(Vg, Eg)).
MaxLink considers neighbors of S as candidate enhancers and assigns to each candidate (v;) a
score corresponding to the number of links to S (ML). This score is used for ranking the candi-
date enhancers. To avoid highly connected nodes from receiving high ranking, which are
solely based on their high degree (deg(v;)), MaxLink discards candidates with connection
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probability > 0.5, where the connection probability was defined as follows:
< N ) ( Vil = 18] )
ML deg (v,) — ML
g () (17)
Vil
deg (v;)

For running on the heterogeneous network of diseases and enhancers, Gg(Vg, Eg) was
replaced by G(V, E). Similarly, given a disease of interest d;, the set of source nodes (S) was
specified by the set of enhancers known to be associated with d; (S) and d;, then neighbors of

connection probability (v,) =

S’ were set as candidate enhancers.

2.3 Performance evaluation

To assess the prediction performance of ranking methods (i.e., RWDisEnh and baselines) on
different networks of diseases and enhancers, we used the leave-one-out cross-validation
(LOOCV) method for each disease/enhancer depending on disease/enhancer-centric view.
More specifically, for the disease-centric view with each disease (d) with known associated
enhancers (S), in each round of LOOCYV, we held out one known d-associated enhancer. The
held-out enhancer (s) and remaining enhancers (C) in the enhancer functional interaction net-
work, which were not known to be associated with d, were then ranked by the method. After
that, we plotted the receiver operating characteristic (ROC) curve and calculated the area
under the curve (AUC) to compare the performance of the methods. This curve represents the
relationship between sensitivity and (1-specificity), where sensitivity refers to the percentage of
known d-associated enhancers that were ranked above a particular threshold, and specificity
refers to the percentage of enhancers that were not known to be associated top-ranked below
this threshold. More specifically, given a threshold 7, we counted TP (true positives), FN (false
negatives), FP (false positives), and TN (true negatives), which were formally defined as fol-
lows:

P = Zl(mnk(s) <1)EN = Zl(rank(s) > 1) (18)

FP = Zl(rank(c) <1)IN = Zl(mnk(c) > 1) (19)

where rank(s), rank(c), and I(-) denote the rank of s, the rank of an enhancer ¢ out of the set C,
and the indicator function, respectively. Then, we defined sensitivity and (1-specificity) as fol-

lows:
itivit i (20)
sensitivity = —————
Y = TP EN
FpP
1-— ificity = ——— 21
specificity P L TN (21)

By varying 7 from one to the number of enhancers in the set CU{s}, the relationship between
sensitivity and (1-specificity) was plotted. The ROC curve is the curve constructed based on
those pairs of values, and the AUC is the area under the ROC curve. For the enhancer-centric
view, we repeat the same procedure for each enhancer.
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3. Results

3.1 Parameter settings

To estimate the prediction performance of RWDisEnh on the heterogeneous network of dis-
eases and enhancers, we varied parameters A, 77, and y in a range of (0, 1). First, we kept A =7 =
0.5, and varied ¥ in {0.1, 0.3, 0.5, 0.7, 0.9}. Second, we kept A = y = 0.5, and varied 7 in {0.1, 0.3,
0.5, 0.7, 0.9}. Third, we kept = y = 0.5, and varied 1 in {0.1, 0.3, 0.5, 0.7, 0.9}. Then, we used
the LOOCYV scheme for each disease in the set of 102 diseases, which have at least one known
disease-associated enhancer in the enhancer functional interaction network. Finally, the per-
formance of RWDisEnh was summarized as the average of AUC values over the entire set of
diseases. Fig 2 shows that the prediction performance of RWDisEnh was mostly stable against
the change of parameters. The minimal performance was 0.856 and achieved at 4 =17 = 0.5 and
y = 0.3, meanwhile the maximal one was 0.883 when A = 7= 0.5 and y = 0.9. Fig 2 also shows
that when y increased, the prediction performance was increased. This indicates that disease-
associated enhancers tend to closely interact with each other. When 1 was varied, the predic-
tion performance was changed slightly in a range of (0.857, 0.859), indicating that RWDisEnh
was stable with the change of 7. For the change of A when y = 17 = 0.5, RWDisEnh performed
slightly better when A increased. More specifically, RWDisEnh achieved worst (AUC = 0.857)
and best (AUC = 0.869) performance at A = 0.1 and 4 = 0.7, respectively. This meant that if we
force the random walker tends to jump from the enhancer functional interaction network to
the disease similarity network, then RWDisEnh archived better performance.

3.2 RWDisEnh on networks of diseases and enhancers

In this section, we demonstrate the effects of the enhancer functional interaction network and
the disease similarity network (i.e., the homogeneous networks) on the prediction
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Fig 2. Prediction performance of RWDisEnh on the heterogeneous network of diseases and enhancers with different
parameter settings. Restart Probability: A = 7 = 0.5, and ¥ in {0.1, 0.3, 0.5, 0.7, 0.9}. Network importance: 1 = y = 0.5, and 5
in {0.1, 0.3, 0.5, 0.7, 0.9}; and Jumping Probability: 7 = y = 0.5, and 4 in {0.1, 0.3, 0.5, 0.7, 0.9}. Average AUC values and
standard errors were calculated based on the set of diseases for each data point.

https://doi.org/10.1371/journal.pone.0260432.9002
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performance of RWDisEnh. To this end, we compared the prediction performance of RWDi-
sEnh on the heterogeneous network of diseases and enhancers (shortly called the heteroge-
neous network) with that on the homogeneous networks. The prediction performance of
RWDisEnh was also assessed using the LOOCYV scheme.

First, we assessed the prediction performance of RWDisEnh on the heterogeneous network
and the enhancer functional interaction network. Due to the stability of RWDisEnh on the
heterogeneous network, we set A = = 0.5, and varied y in {0.1, 0.3, 0.5, 0.7, 0.9} for the com-
parison. By using the LOOCYV scheme, only diseases having at least two known associated
enhancers were satisfied for experiments with RWDisEnh on the enhancer functional interac-
tion network. Thus, 54 of 102 diseases were used for the analysis of the two networks for a fair
comparison. Fig 3 shows that the prediction performance of RWDisEnh on the two networks
is stable when y is changed. More importantly, the prediction performance of RWDisEnh on
the heterogeneous network was better than that on the enhancer functional interaction net-
work (i.e., average AUC values were 0.945 and 0.795 for the heterogeneous and the enhancer
functional interaction networks, respectively; p-value = 1.00 x 10~ using t-Test: Two-sample
assuming unequal variances). This indicated that without the disease similarity network,
RWDisEnh performed relatively poorer compared to the case the disease similarity network
was integrated with the enhancer functional interaction network in the heterogeneous net-
work. This also demonstrated the important role of the disease similarity network in predict-
ing novel disease-enhancer associations.

Second, we assessed the prediction performance of RWDisEnh on the disease similarity
network. Similarly, only 47 enhancers having at least two known associated diseases were valid
for LOOCYV analysis on the disease similarity network. More specifically, for each enhancer e,
in each round of LOOCYV, we held out one disease known to be associated with e. The rest of
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Fig 3. Performance comparison of RWDisEnh on the heterogeneous network of diseases and enhancers and that on the
enhancer functional interaction network and the disease similarity network. A and 7 are set to 0.5 for RWDisEnh running
on the heterogeneous network of diseases and enhancers, y is varied in {0.1, 0.3, 0.5, 0.7, 0.9} for the three networks. Average
AUC values and standard errors were calculated based on the set of diseases/enhancers for each data point.

https://doi.org/10.1371/journal.pone.0260432.9003
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the known diseases associated with enhancer e were used as seed nodes (S). The held-out dis-
ease and remaining diseases in the disease similarity network, which were not known to be
associated with e, were ranked by RWDisEnh. Then, the ROC curve was constructed, and the
AUC was used to assess the performance of RWDisEnh on the disease similarity network. Sim-
ilarly, the performance of RWDisEnh was summarized as the average of AUC values over the
entire set of 47 enhancers. Fig 3 also shows that the prediction performance of RWDisEnh is
higher when ¥ is increased. More importantly, RWDisEnh performs better on the heteroge-
neous network than on the disease similarity network (i.e., average AUC values were 0.945 and
0.826 for the heterogeneous and the disease similarity networks, respectively; p-

value = 1.24 x 107> using ¢-Test: Two-sample assuming unequal variances). This means that
when the enhancer functional interaction network was absent, then the prediction perfor-
mance of RWDisEnh was decreased significantly. This also indicates that enhancer interac-
tions also significantly contributed to the prediction performance. Taken together, disease
similarity and enhancer functional interaction information helped improve the prediction per-
formance of disease-enhancer associations.

Moreover, RWDisEnh performed better on the disease similarity network than on the
enhancer functional interaction network (i.e., average AUC values were 0.826 and 0.795 for
the disease similarity network and the enhancer functional interaction network, respectively;
p-value = 2.38 x 10 using t-Test: Two-sample assuming unequal variances). Together with
the previous observation that the prediction performance of RWDisEnh was increased when
the random walker tends towards the disease similarity network, this result indicates that the
disease similarity network contributed more to the prediction performance than the enhancer
functional interaction network.

3.3 Performance comparison between RWDisEnh and other methods

To our knowledge, HEDD [15] is the first computational method proposed for predicting dis-
ease-enhancer associations. The method in HEDD was based on an assumption that if an
enhancer targets a known disease-associated gene, then this enhancer is functionally con-
nected to the disease. Therefore, HEDD relied on known enhancer-target gene and known dis-
ease-gene associations. Formally, let Pz be the probability of association between an enhancer
and a gene, and Pgp be the probability of association between a gene and a disease. Then, the
probability of association between the enhancer and the disease is Prp = Py % Pgp, Since
HEDD did not rely on known disease-enhancer associations when scoring a pair of enhancer
and disease; thus, it was not suitable to be selected for the comparison with our method based
on the LOOCYV scheme.

Therefore, we compared RWDisEnh with another network diffusion method, i.e., PageR-
ank with Priors (PRP) [32], and a neighborhood-based method, i.e., MaxLink [33,34] based on
their best settings. Due to stability of the performance, ¥ is set to 0.5 for RWDisEnh on both
the heterogeneous network and the functional enhancer interaction; meanwhile, y is set to 0.9
for RWDisEnh on the disease similarity network. Meanwhile, PRP archived the best perfor-
mance with the back-probability § = 0.7. Fig 4 shows the prediction performance of the three
methods in terms of ROC and AUC values on the heterogeneous network and the enhancer
functional interaction network. The results on the heterogeneous network indicate that
RWDisEnh (AUC = 0.945) is better than the PRP (AUC = 0.921) and the MaxLink method
(AUC = 0.819). Interestingly, the prediction performance of RWDisEnh (AUC = 0.795) and
PRP (AUC = 0.792) on the enhancer functional interaction network are comparable with that
of the MaxLink method (AUC = 0.794). This supports our assumption that neighbors of
known disease-associated enhancers (i.e., they share target genes) can be promising disease
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Fig 4. Performance comparison between RWDisEnh and other methods. The best settings of RWDisEnh and PRP were used.
https://doi.org/10.1371/journal.pone.0260432.9004

enhancers. Thus, although the neighborhood-based method locally searches neighbors of
known disease-associated enhancers for novel disease enhancers, it achieves comparable per-
formance with the global methods (i.e., RWDisEnh and PRP) on the same network.

3.4 Prediction of novel disease-associated enhancers

Besides showing the overall performance of RWDisEnh on predicting disease-enhancer associ-
ations based on known disease-enhancer associations using the LOOCV scheme, we here
demonstrate its ability in predicting novel disease-associated enhancers. In particular, for each
in the set of 102 diseases, we used RWDisEnh on the heterogeneous network to rank all
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candidate enhancers (i.e., enhancers which were not known to be associated with a disease of
interest). Then, we selected the top 10 ranked candidate enhancers of each disease for the evi-
dence search.

3.4.1 Search for direct evidence. We collected evidence of the association between single
nucleotide polymorphisms (SNPs) located in the top-ranked candidate enhancers and diseases
from genome-wide association studies. To this end, we used PhenoScanner [41,42], a curated
database of publicly available results from large-scale genetic association studies in humans.
PhenoScanner helps scan more than 65 billion genotype-phenotype associations for over 150
million genetic variants. By using a genomic region search, we found 12 direct associations
between four diseases and 12 enhancers (Table 1). For example, a genome-wide association
study in the Japanese population [43] (PubMed ID: 26818947) identified rs1421085, located in
enhancer chr16:53799602-53801200, significantly (p-value = 4.0 x 10™"°) associated with type
2 diabetes. A SNP rs10877013 (p-value =7.2x 107°) in enhancer chr12:58163402-58165600
was found to be associated with rheumatoid arthritis [44] (PubMed ID: 24390342). A compre-
hensive genome-wide association meta-analysis found several SNPs located in eight enhancers
(i.e., chr9:22071264-22073264, chr9:22072402-22073600, chr9:22075795-22077795, chr9:220
93330-22095330, chr9:22096002-22099600, chr9:22101602-22110600, chr9:22110602—
22120000 and chr9:22123402-22125200) associated with myocardial infarction [45] (PubMed
ID: 26343387). Finally, SNPs in two enhancers (i.e., chr17:59234602-59239400 and
chr9:21974127-21976127) were found to be associated with coronary heart disease [46]
(PubMed ID: 28714975) [47] (PubMed ID: 29212778).

3.4.2 Search for indirect evidence. In addition to direct evidence from genome-wide
association studies, we here search for indirect evidence from the literature for the top-ranked
candidate enhancers. Genetic variants of enhancers contribute important roles in disease pro-
gression because enhancers are regulatory elements that alter the expression level of their tar-
get genes. Aberrant activity of enhancers may result in diseases, i.e., cancers [1,10]. Therefore,
to support potential associations between top-ranked enhancers with a disease, we collected
evidence from the literature that indicates changes in gene expression of target genes of the
enhancers associated with the disease of interest. Finally, we found evidence of the association
with 22 diseases for 37 enhancers (S1 Table). For instance, it was shown that a higher expres-
sion level of ID2 (i.e., the target gene of enhancer chr2:8440002-8455200) was associated with
advanced breast cancer [48]. CCL2 (targeted by enhancer chr17:32559802-32586800) is
important for regulating cell growth and survival by inhibiting necrosis and autophagy and is
overexpressed in luminal B breast cancer cells and [49]. For endometrial cancer, it was indi-
cated that high expression of PTEN targeted by enhancer chr17:5519002-5520600 is positively
correlated with myometrial invasion in endometrial cancer [50]. Expression of BCL2 (targeted
by two enhancers chr15:54202002-54203000 and chr15:54203002-54203600) is significantly
more frequent in early clinical stages in both types of endometrial cancer [51]. A high expres-
sion level of SOXO9 is associated with gastric cancers [52]. Guo et al., 2012 showed that the over-
expression of SOX9 protein in hepatocellular carcinoma tissues is of predictive value on tumor
progression and poor prognosis [53]. For lung cancer, BCL11A (targeted by chr2:60719002-
60776000) overexpression predicts survival and relapse in non-small cell lung cancer [54].
Finally, up-regulated p16 expression may represent a unique feature of aggressive neuroblas-
toma [55].

4. Conclusions and discussion

Enhancers regulate their target genes; thus aberration on enhancers could change the expres-
sion level of the target genes, and consequently may cause diseases. To date, millions of
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Table 1. Enhancers directly associated with four diseases from genome-wide association studies.

Disease Enhancer Target Genes Location SNP ID (P-value) PubMed
ID
type-2 diabetes chr16:53799602- IRX5, IRX3 Intron rs1421085 (4.0E-15) 26818947
53801200
rheumatoid chr12:58163402- TSPAN31, CYP27BI, Intron rs10877013 (7.2E-6) 24390342
arthritis 58165600 TSFM, AVIL, FAM119B
myocardial chr9:22071264- CDKN2A Intron 110757269 (1.483E-55), rs10757270 (8.832E-53), rs4451405 (1.476E- 26343387
infarction 22073264 8), rs4645630 (2.271E-9), rs9632884 (4.005E-56), rs9632885 (9.062E-
25)
chr9:22072402- CDKN2A Intron rs10757270 (8.832E-53), rs9632885 (9.062E-25) 26343387
22073600
chr9:22075795- CDKN2A Intron rs10757271 (2.531E-57), rs10811652 (1.646E-58), rs1412832 (3.349E- 26343387
22077795 8), rs1831733 (1.702E-65)
chr9:22093330- CDKN2A Intron rs10738608 (1.424E-70), rs4977757 (1.69E-67) 26343387
22095330
chr9:22096002- CDKN2A Intron rs4977574 (1.1E-18) 17478679
22099600 rs4977574 (3.0E-44) 19198609
rs2891168 (1.32E-7), rs4977574 (1.32E-7) 21088011
rs4977574 (1.02E-19) 21378990
rs4977574 (8.0E-6) 24916648
rs10757274 (1.331E-73), rs1537371 (9.721E-71), rs2891168 (5.0E-75), | 26343387
rs2891168 (5.636E-75), rs4977574 (4.584E-75)
chr9:22101602- CDKN2A Intron rs6475608 (6.3E-8) 17478679
22110600 1s1333042 (1.32E-7) 21088011
rs10757275 (3.753E-74), rs1333042 (6.798E-71), rs1333043 (3.64E- 26343387
70), rs1412834 (8.419E-15), rs1537372 (1.089E-64), rs1537373
(2.883E-71), rs62555370 (2.64E-15), rs62555371 (2.846E-15),
rs6475609 (9.021E-15), rs7859362 (2.365E-70), rs7859727 (1.119E-70)
chr9:22110602- CDKN2A, ANRIL Intron rs1333045 (6.3E-15), rs2383207 (1.0E-16) 17478679
22120000 1rs944797 (1.2E-14) 21971053
rs1004638 (5.919E-15), rs10511701 (5.069E-68), rs10733376 (1.097E- 26343387
14), rs10738609 (1.52E-72), rs1333045 (3.282E-14), rs1537374
(5.113E-15), rs1537375 (5.988E-68), rs1537376 (8.325E-16),
rs2383206 (8.557E-16), rs2383207 (5.512E-15), rs7341786 (1.214E-
14), rs7341791 (1.226E-14), rs944797 (1.334E-15)
chr9:22123402- CDKN2A, MTAP, downstream | rs10757278 (1.0E-20), rs1333046 (2.5E-17) 17478679
22125200 CDKN2B-AS1, CDKN2B 1510738610 (3.611E-73), rs10757277 (9.542E-71), rs10757278 (1.041E- | 26343387
70), rs10757279 (1.209E-70), rs10811656 (3.856E-65), rs1333046
(1.734E-73), rs1333047 (1.078E-66), rs4977575 (9.325E-67),
rs7857118 (3.09E-69)
coronary heart chr17:59234602- TBX4, BCAS3, TBX2, Intron rs1476098 (6.27E-6), rs1476099 (7.31E-6), rs2041302 (7.43E-6), 28714975
disease 59239400 NACA2 rs2159373 (5.88E-6), rs2378816 (9.24E-6), rs9905761 (6.72E-6)
rs11868441 (3.593E-9), rs11868441 (3.8E-6), rs1476098 (1.2E-6), 29212778
rs1476098 (8.514E-10), rs1476098 (9.0E-10), rs1476099 (1.3E-6),
rs1476099 (9.489E-10), rs2041302 (1.152E-9), rs2041302 (2.0E-6),
52159373 (1.103E-9), rs2159373 (1.9E-6), rs2378816 (3.383E-9),
rs2378816 (3.8E-6), rs8075455 (2.063E-9), rs8075455 (2.4E-6),
rs$9905761 (1.405E-9), rs9905761 (2.2E-6)
chr9:21974127- CDKN2A Intron rs3731239 (4.224E-7) 21378988
21976127 1536228834 (1.67E-8), rs3731239 (7.55E-14) 26343387
rs36228834 (4.65E-9), rs3731239 (1.25E-17) 28714975
rs36228503 (2.624E-6), rs36228834 (1.833E-15), rs36228834 (6.8E-9), | 29212778
rs3731238 (2.997E-6), rs3731239 (1.8E-36), rs3731239 (1.916E-47)
https://doi.org/10.1371/journal.pone.0260432.t001
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enhancers have been discovered, yet our understanding of their associations to diseases is very
limited. DiseaseEnhancer [14] is a pioneer in collecting disease-enhancer associations by liter-
ature curation. Considering the huge amount of enhancers and diversity of diseases, computa-
tional methods are needed to narrow down a list of potential disease-associated enhancers.
The computational methods score the degree of association between diseases and enhancers.
Based on these scores, enhancers/diseases are ranked, then top-ranked enhancers/diseases can
be selected as promising candidates for further analyses. In this study, we assumed that func-
tional interacting enhancers are associated with similar diseases. Therefore, we developed a
computational method to exploit the similarities among diseases and functional interactions
among enhancers. More specifically, the degree of association between a disease and an
enhancer was globally measured by a random walk scheme on networks of diseases and
enhancers. The experimental results showed that our method achieved the best performance
in terms of AUC value when the disease similarity network and the enhancer functional inter-
action network were used simultaneously. Also, our method performed better than the other
network diffusion and the neighborhood-based method, which locally searches neighbors of
known disease-associated enhancers for novel ones. Finally, we applied our method to find
potential enhancers associated with 102 diseases. A total of 12 enhancers was found directly to
be associated with four diseases from genome-wide association studies. Besides, we found indi-
rect evidence from the literature for 37 enhancers that changes in the expression of their target
genes are associated with 22 diseases.

Finally, network-based methods have been shown to be dominant ones for various biomed-
ical problems. For example, HotNet was proposed for predicting significantly mutated path-
ways and subnetworks associated with clinical data in cancer [56,57]; and graph kernel
diffusion methods [58], e.g., Gaussian Kernel [59,60] and Laplacian Exponential Diffusion
Kernel [61], were successfully used for the prediction of disease-gene associations. In addition,
other approaches for predicting associations have been also applied for predicting non-coding
RNA-disease association [62-65] and synergistic drug combinations [66]. Therefore, the adop-
tion of those methods for the prediction of disease-enhancer associations could be a potential
direction in future studies. In addition, by constructing more comprehensive networks of dis-
eases, enhancers, and their target genes such as a tripartite network of them, multiplex net-
works of enhancers and diseases, or a combination between a multiplex and a heterogeneous
network, the RWR algorithm could help predict disease-enhancer associations more effectively
[17].

Supporting information

S1 Table. Enhancers indirectly associated with 22 diseases with evidence from the litera-
ture search.
(PDF)

Author Contributions
Conceptualization: Duc-Hau Le.
Data curation: Duc-Hau Le.
Formal analysis: Duc-Hau Le.
Funding acquisition: Duc-Hau Le.
Investigation: Duc-Hau Le.

Methodology: Duc-Hau Le.

PLOS ONE | https://doi.org/10.1371/journal.pone.0260432 December 8, 2021 16/20


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260432.s001
https://doi.org/10.1371/journal.pone.0260432

PLOS ONE

A network-based method for predicting disease-associated enhancers

Project administration: Duc-Hau Le.

Resources: Duc-Hau Le.

Software: Duc-Hau Le.

Supervision: Duc-Hau Le.

Validation: Duc-Hau Le.

Visualization: Duc-Hau Le.

Writing - original draft: Duc-Hau Le.

Writing - review & editing: Duc-Hau Le.

References

1.

10.

1.

12

13.

14.

15.

Corradin O. and Scacheri P.C., Enhancer variants: evaluating functions in common disease. Genome
Medicine, 2014. 6(10): p. 85. https://doi.org/10.1186/s13073-014-0085-3 PMID: 25473424

The E.P.C., Dunham |., Kundaje A., et al., An integrated encyclopedia of DNA elements in the human
genome. Nature, 2012. 489: p. 57. https://doi.org/10.1038/nature11247 PMID: 22955616

Andersson R., Gebhard C., Miguel-Escalada I., et al., An atlas of active enhancers across human cell
types and tissues. Nature, 2014. 507: p. 455. https://doi.org/10.1038/nature 12787 PMID: 24670763

The F.C., the R.P., Clst, et al., A promoter-level mammalian expression atlas. Nature, 2014. 507: p.
462. https://doi.org/10.1038/nature13182 PMID: 24670764

Bernstein B.E., Stamatoyannopoulos J.A., Costello J.F., et al., The NIH Roadmap Epigenomics Map-
ping Consortium. Nature Biotechnology, 2010. 28: p. 1045. https://doi.org/10.1038/nbt1010-1045
PMID: 20944595

BuH., GanY.,Wang Y., etal., A new method for enhancer prediction based on deep belief network.
BMC Bioinformatics, 2017. 18(12): p. 418. https://doi.org/10.1186/512859-017-1828-0 PMID:
29072144

GaoT.,HeB,, LiuS., et al., EnhancerAtlas: a resource for enhancer annotation and analysis in 105
human cell/tissue types. Bioinformatics, 2016. 32(23): p. 3543-3551. https://doi.org/10.1093/
bioinformatics/btw495 PMID: 27515742

Fishilevich S., Nudel R., Rappaport N., et al., GeneHancer: genome-wide integration of enhancers and
target genes in GeneCards. Database, 2017. 2017: p. bax028—bax028. https://doi.org/10.1093/
database/bax028 PMID: 28605766

Hafez D., Karabacak A., Krueger S., et al., McEnhancer: predicting gene expression via semi-super-
vised assignment of enhancers to target genes. Genome Biology, 2017. 18(1): p. 199. https://doi.org/
10.1186/s13059-017-1316-x PMID: 29070071

Karnuta J.M. and Scacheri P.C., Enhancers: bridging the gap between gene control and human dis-
ease. Human Molecular Genetics, 2018. 27(R2): p. R219-R227. https://doi.org/10.1093/hmg/ddy167
PMID: 29726898

Bass Fuxman, Juan I., Sahni N., Shrestha S, et al., Human Gene-Centered Transcription Factor Net-
works for Enhancers and Disease Variants. Cell, 2015. 161(3): p. 661-673. https://doi.org/10.1016/].
cell.2015.03.003 PMID: 25910213

Zhang X., Choi P.S., Francis J.M., et al., Identification of focally amplified lineage-specific super-
enhancers in human epithelial cancers. Nature Genetics, 2015. 48: p. 176. https://doi.org/10.1038/ng.
3470 PMID: 26656844

Antonio M., Weghorn D, D’ Antonio-Chronowska A, et al., Identifying DNase | hypersensitive sites as
driver distal regulatory elements in breast cancer. Nature Communications, 2017. 8(1): p. 436. https://
doi.org/10.1038/s41467-017-00100-x PMID: 28874753

Zhang G., ShiJ., Zhu S, et al., DiseaseEnhancer: a resource of human disease-associated enhancer
catalog. Nucleic Acids Research, 2018. 46(D1): p. D78-D84. https://doi.org/10.1093/nar/gkx920
PMID: 29059320

Wang Z., Zhang Q., Zhang W., et al., HEDD: Human Enhancer Disease Database. Nucleic Acids
Research, 2018. 46(D1): p. D113-D120. https://doi.org/10.1093/nar/gkx988 PMID: 29077884

PLOS ONE | https://doi.org/10.1371/journal.pone.0260432 December 8, 2021 17/20


https://doi.org/10.1186/s13073-014-0085-3
http://www.ncbi.nlm.nih.gov/pubmed/25473424
https://doi.org/10.1038/nature11247
http://www.ncbi.nlm.nih.gov/pubmed/22955616
https://doi.org/10.1038/nature12787
http://www.ncbi.nlm.nih.gov/pubmed/24670763
https://doi.org/10.1038/nature13182
http://www.ncbi.nlm.nih.gov/pubmed/24670764
https://doi.org/10.1038/nbt1010-1045
http://www.ncbi.nlm.nih.gov/pubmed/20944595
https://doi.org/10.1186/s12859-017-1828-0
http://www.ncbi.nlm.nih.gov/pubmed/29072144
https://doi.org/10.1093/bioinformatics/btw495
https://doi.org/10.1093/bioinformatics/btw495
http://www.ncbi.nlm.nih.gov/pubmed/27515742
https://doi.org/10.1093/database/bax028
https://doi.org/10.1093/database/bax028
http://www.ncbi.nlm.nih.gov/pubmed/28605766
https://doi.org/10.1186/s13059-017-1316-x
https://doi.org/10.1186/s13059-017-1316-x
http://www.ncbi.nlm.nih.gov/pubmed/29070071
https://doi.org/10.1093/hmg/ddy167
http://www.ncbi.nlm.nih.gov/pubmed/29726898
https://doi.org/10.1016/j.cell.2015.03.003
https://doi.org/10.1016/j.cell.2015.03.003
http://www.ncbi.nlm.nih.gov/pubmed/25910213
https://doi.org/10.1038/ng.3470
https://doi.org/10.1038/ng.3470
http://www.ncbi.nlm.nih.gov/pubmed/26656844
https://doi.org/10.1038/s41467-017-00100-x
https://doi.org/10.1038/s41467-017-00100-x
http://www.ncbi.nlm.nih.gov/pubmed/28874753
https://doi.org/10.1093/nar/gkx920
http://www.ncbi.nlm.nih.gov/pubmed/29059320
https://doi.org/10.1093/nar/gkx988
http://www.ncbi.nlm.nih.gov/pubmed/29077884
https://doi.org/10.1371/journal.pone.0260432

PLOS ONE

A network-based method for predicting disease-associated enhancers

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Kibbe W.A., Arze C., Felix V., et al., Disease Ontology 2015 update: an expanded and updated data-
base of human diseases for linking biomedical knowledge through disease data. Nucleic Acids
Research, 2015. 43(D1): p. D1071-D1078.

Valdeolivas A., Tichit L., Navarro C., et al., Random walk with restart on multiplex and heterogeneous
biological networks. Bioinformatics, 2018. 35(3): p. 497-505.

Le, D. Random walk with restart: A powerful network propagation algorithm in Bioinformatics field. in
2017 4th NAFOSTED Conference on Information and Computer Science. 2017.

Li Y. and Patra J.C., Genome-wide inferring gene-phenotype relationship by walking on the heteroge-
neous network. Bioinformatics, 2010. 26(9): p. 1219—1224. hitps://doi.org/10.1093/bioinformatics/
btg108 PMID: 20215462

Le D.-H. and Kwon Y.-K., Neighbor-favoring weight reinforcement to improve random walk-based dis-
ease gene prioritization. Computational Biology and Chemistry, 2013. 44(0): p. 1-8. https://doi.org/10.
1016/j.compbiolchem.2013.01.001 PMID: 23434623

Le D.-H. and Pham V.-H., HGPEC: a Cytoscape app for prediction of novel disease-gene and disease-
disease associations and evidence collection based on a random walk on heterogeneous network.
BMC Systems Biology, 2017. 11(1): p. 61. https://doi.org/10.1186/s12918-017-0437-x PMID:
28619054

Kohler S., Bauer S., Horn D, et al., Walking the Interactome for Prioritization of Candidate Disease
Genes. The American Journal of Human Genetics, 2008. 82(4): p. 949-958. https://doi.org/10.1016/j.
ajhg.2008.02.013 PMID: 18371930

Sun J., ShiH., Wang Z., et al., Inferring novel IncRNA-disease associations based on a random walk
model of a IncRNA functional similarity network. Molecular BioSystems, 2014. 10(8): p. 2074—2081.
https://doi.org/10.1039/c3mb70608g PMID: 24850297

Le D.-H., Verbeke L., Son L.H., et al., Random walks on mutual microRNA-target gene interaction net-
work improve the prediction of disease-associated microRNAs. BMC Bioinformatics, 2017. 18(1): p.
479. https://doi.org/10.1186/s12859-017-1924-1 PMID: 29137601

ShiH., XudJ., Zhang G., et al., Walking the interactome to identify human miRNA-disease associations
through the functional link between miRNA targets and disease genes. BMC Systems Biology, 2013. 7
(1): p. 1-12. https://doi.org/10.1186/1752-0509-7-101 PMID: 24103777

Zhou M., Wang X., Li J., et al., Prioritizing candidate disease-related long non-coding RNAs by walking
on the heterogeneous IncRNA and disease network. Molecular BioSystems, 2015. 11(3): p. 760-769.
https://doi.org/10.1039/c4mb00511b PMID: 25502053

Le D.-H. and Dao L.T.M., Annotating Diseases Using Human Phenotype Ontology Improves Prediction
of Disease-Associated Long Non-coding RNAs. Journal of Molecular Biology, 2018. 430(15): p. 2219-
2230. https://doi.org/10.1016/j.jmb.2018.05.006 PMID: 29758261

NiuY.-W., Wang G.-H., Yan G.-Y., et al., Integrating random walk and binary regression to identify
novel miRNA-disease association. BMC Bioinformatics, 2019. 20(1): p. 59. https://doi.org/10.1186/
$12859-019-2640-9 PMID: 30691413

Chen X., Liu M.-X., and Yan G.-Y., Drug-target interaction prediction by random walk on the heteroge-
neous network. Molecular BioSystems, 2012. 8(7): p. 1970-1978. https://doi.org/10.1039/
c2mb00002d PMID: 22538619

Chen X., miREFRWR: a novel disease-related microRNA-environmental factor interactions prediction
method. Molecular BioSystems, 2016. 12(2): p. 624—633. https://doi.org/10.1039/c5mb00697j PMID:
26689259

Navlakha S. and Kingsford C., The power of protein interaction networks for associating genes with dis-
eases. Bioinformatics, 2010. 26(8): p. 1057—1063. https://doi.org/10.1093/bioinformatics/btq076 PMID:
20185403

White, S. and P. Smyth. Algorithms for estimating relative importance in networks. in Proceedings of
the ninth ACM SIGKDD international conference on Knowledge discovery and data mining. 2003. ACM.

Guala D., Sjélund E., and Sonnhammer E.L.L., MaxLink: network-based prioritization of genes tightly
linked to a disease seed set. Bioinformatics, 2014. 30(18): p. 2689-2690. https://doi.org/10.1093/
bioinformatics/btu344 PMID: 24849579

Ostlund G., Lindskog M., and Sonnhammer E.L.L., Network-based Identification of Novel Cancer
Genes. Molecular & Cellular Proteomics, 2010. 9(4): p. 648—655. https://doi.org/10.1074/mcp.
M900227-MCP200 PMID: 19959820

Peng K., XuW., Zheng J., et al., The disease and gene annotations (DGA): an annotation resource for
human disease. Nucleic acids research, 2013. 41(D1): p. D553-D560. https://doi.org/10.1093/nar/
gks1244 PMID: 23197658

PLOS ONE | https://doi.org/10.1371/journal.pone.0260432 December 8, 2021 18/20


https://doi.org/10.1093/bioinformatics/btq108
https://doi.org/10.1093/bioinformatics/btq108
http://www.ncbi.nlm.nih.gov/pubmed/20215462
https://doi.org/10.1016/j.compbiolchem.2013.01.001
https://doi.org/10.1016/j.compbiolchem.2013.01.001
http://www.ncbi.nlm.nih.gov/pubmed/23434623
https://doi.org/10.1186/s12918-017-0437-x
http://www.ncbi.nlm.nih.gov/pubmed/28619054
https://doi.org/10.1016/j.ajhg.2008.02.013
https://doi.org/10.1016/j.ajhg.2008.02.013
http://www.ncbi.nlm.nih.gov/pubmed/18371930
https://doi.org/10.1039/c3mb70608g
http://www.ncbi.nlm.nih.gov/pubmed/24850297
https://doi.org/10.1186/s12859-017-1924-1
http://www.ncbi.nlm.nih.gov/pubmed/29137601
https://doi.org/10.1186/1752-0509-7-101
http://www.ncbi.nlm.nih.gov/pubmed/24103777
https://doi.org/10.1039/c4mb00511b
http://www.ncbi.nlm.nih.gov/pubmed/25502053
https://doi.org/10.1016/j.jmb.2018.05.006
http://www.ncbi.nlm.nih.gov/pubmed/29758261
https://doi.org/10.1186/s12859-019-2640-9
https://doi.org/10.1186/s12859-019-2640-9
http://www.ncbi.nlm.nih.gov/pubmed/30691413
https://doi.org/10.1039/c2mb00002d
https://doi.org/10.1039/c2mb00002d
http://www.ncbi.nlm.nih.gov/pubmed/22538619
https://doi.org/10.1039/c5mb00697j
http://www.ncbi.nlm.nih.gov/pubmed/26689259
https://doi.org/10.1093/bioinformatics/btq076
http://www.ncbi.nlm.nih.gov/pubmed/20185403
https://doi.org/10.1093/bioinformatics/btu344
https://doi.org/10.1093/bioinformatics/btu344
http://www.ncbi.nlm.nih.gov/pubmed/24849579
https://doi.org/10.1074/mcp.M900227-MCP200
https://doi.org/10.1074/mcp.M900227-MCP200
http://www.ncbi.nlm.nih.gov/pubmed/19959820
https://doi.org/10.1093/nar/gks1244
https://doi.org/10.1093/nar/gks1244
http://www.ncbi.nlm.nih.gov/pubmed/23197658
https://doi.org/10.1371/journal.pone.0260432

PLOS ONE

A network-based method for predicting disease-associated enhancers

36.

37.

38.

39.

40.
41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Le D.-H., UFO: A tool for unifying biomedical ontology-based semantic similarity calculation, enrichment
analysis and visualization. PLOS ONE, 2020. 15(7): p. €0235670. https://doi.org/10.1371/journal.pone.
0235670 PMID: 32645039

Resnik, P., Using information content to evaluate semantic similarity in a taxonomy, in Proceedings of
the 14th international joint conference on Artificial intelligence—Volume 1. 1995, Morgan Kaufmann
Publishers Inc.: Montreal, Quebec, Canada.

Le D.-H. and Kwon Y.-K., GPEC: A Cytoscape plug-in for random walk-based gene prioritization and
biomedical evidence collection. Computational Biology and Chemistry, 2012. 37(0): p. 17-23. https:/
doi.org/10.1016/j.compbiolchem.2012.02.004 PMID: 22430954

Le D.-H. and Dang V.-T., Ontology-based disease similarity network for disease gene prediction. Viet-
nam Journal of Computer Science, 2016: p. 1-9.

Page L., Brin S., Motwani R., et al., The PageRank citation ranking: Bringing order to the web. 1999.

Kamat M.A., Blackshaw J.A., Young R., et al., PhenoScanner V2: an expanded tool for searching
human genotype—phenotype associations. Bioinformatics, 2019. 35(22): p. 4851—-4853. https://doi.org/
10.1093/bioinformatics/btz469 PMID: 31233103

Staley J.R., Blackshaw J., Kamat M.A., et al., PhenoScanner: a database of human genotype—pheno-
type associations. Bioinformatics, 2016. 32(20): p. 3207-3209. https://doi.org/10.1093/bioinformatics/
btw373 PMID: 27318201

Imamura M., Takahashi A., Yamauchi T., et al., Genome-wide association studies in the Japanese pop-
ulation identify seven novel loci for type 2 diabetes. Nature Communications, 2016. 7(1): p. 10531.
https://doi.org/10.1038/ncomms10531 PMID: 26818947

Okada Y., Wu D., Trynka G., et al., Genetics of rheumatoid arthritis contributes to biology and drug dis-
covery. Nature, 2014. 506(7488): p. 376—-381. https://doi.org/10.1038/nature 12873 PMID: 24390342

Nikpay M., Goel A., Won H.-H., et al., A comprehensive 1000 Genomes—based genome-wide associa-
tion meta-analysis of coronary artery disease. Nature Genetics, 2015. 47(10): p. 1121-1130. https:/
doi.org/10.1038/ng.3396 PMID: 26343387

Nelson C.P., Goel A., Butterworth A.S., et al., Association analyses based on false discovery rate impli-
cate new loci for coronary artery disease. Nature Genetics, 2017. 49(9): p. 1385—1391. https://doi.org/
10.1038/ng.3913 PMID: 28714975

Harst P.v.d. and N. Verweij, Identification of 64 Novel Genetic Loci Provides an Expanded View on the
Genetic Architecture of Coronary Artery Disease. Circulation Research, 2018. 122(3): p. 433-443.
https://doi.org/10.1161/CIRCRESAHA.117.312086 PMID: 29212778

WAZIR U., JIANG W.G., SHARMA A K., et al., The mRNA Expression of Inhibitors of DNA Binding-1
and -2 Is Associated with Advanced Tumour Stage and Adverse Clinical Outcome in Human Breast
Cancer. Anticancer Research, 2013. 33(5): p. 2179-2183. PMID: 23645773

Fang W.B., Yao M., Jokar I., et al., The CCL2 chemokine is a negative regulator of autophagy and
necrosis in luminal B breast cancer cells. Breast Cancer Research and Treatment, 2015. 150(2): p.
309-320. https://doi.org/10.1007/s10549-015-3324-4 PMID: 25744294

Sal V., Demirkiran F., Erenel H., et al., Expression of PTEN and B-Catenin and Their Relationship With
Clinicopathological and Prognostic Factors in Endometrioid Type Endometrial Cancer. International
Journal of Gynecological Cancer, 2016. 26(3): p. 512-520. https://doi.org/10.1097/IGC.
0000000000000626 PMID: 26894937

Dobrzycka B., Terlikowski S.J., Garbowicz M., et al., The prognostic significance of the immunohisto-
chemical expression of P53 and BCL-2 in endometrial cancer. Folia histochemica et cytobiologica,
2011. 49(4): p. 631-635. https://doi.org/10.5603/fhc.2011.0086 PMID: 22252757

Choi Y.J., Song J.H., Yoon J.H., et al., Aberrant expression of SOX9 is associated with gastrokine 1
inactivation in gastric cancers. Gastric Cancer, 2014. 17(2): p. 247-254. https://doi.org/10.1007/
510120-013-0277-3 PMID: 23812904

Guo X., Xiong L., Sun T., et al., Expression features of SOX9 associate with tumor progression and
poor prognosis of hepatocellular carcinoma. Diagnostic Pathology, 2012. 7(1): p. 44. https://doi.org/10.
1186/1746-1596-7-44 PMID: 22515642

Jiang B.-y., Zhang X.-c, Su J, et al., BCL11A overexpression predicts survival and relapse in non-small
cell lung cancer and is modulated by microRNA-30a and gene amplification. Molecular Cancer, 2013.
12(1): p. 61. https://doi.org/10.1186/1476-4598-12-61 PMID: 23758992

Omura-Minamisawa M., Diccianni M.B., Chang R.C., et al., p16/p14”"F Cell Cycle Regulatory Path-
ways in Primary Neuroblastoma. p16 Expression Is Associated with Advanced Stage Disease, 2001. 7
(11): p. 3481-3490.

PLOS ONE | https://doi.org/10.1371/journal.pone.0260432 December 8, 2021 19/20


https://doi.org/10.1371/journal.pone.0235670
https://doi.org/10.1371/journal.pone.0235670
http://www.ncbi.nlm.nih.gov/pubmed/32645039
https://doi.org/10.1016/j.compbiolchem.2012.02.004
https://doi.org/10.1016/j.compbiolchem.2012.02.004
http://www.ncbi.nlm.nih.gov/pubmed/22430954
https://doi.org/10.1093/bioinformatics/btz469
https://doi.org/10.1093/bioinformatics/btz469
http://www.ncbi.nlm.nih.gov/pubmed/31233103
https://doi.org/10.1093/bioinformatics/btw373
https://doi.org/10.1093/bioinformatics/btw373
http://www.ncbi.nlm.nih.gov/pubmed/27318201
https://doi.org/10.1038/ncomms10531
http://www.ncbi.nlm.nih.gov/pubmed/26818947
https://doi.org/10.1038/nature12873
http://www.ncbi.nlm.nih.gov/pubmed/24390342
https://doi.org/10.1038/ng.3396
https://doi.org/10.1038/ng.3396
http://www.ncbi.nlm.nih.gov/pubmed/26343387
https://doi.org/10.1038/ng.3913
https://doi.org/10.1038/ng.3913
http://www.ncbi.nlm.nih.gov/pubmed/28714975
https://doi.org/10.1161/CIRCRESAHA.117.312086
http://www.ncbi.nlm.nih.gov/pubmed/29212778
http://www.ncbi.nlm.nih.gov/pubmed/23645773
https://doi.org/10.1007/s10549-015-3324-4
http://www.ncbi.nlm.nih.gov/pubmed/25744294
https://doi.org/10.1097/IGC.0000000000000626
https://doi.org/10.1097/IGC.0000000000000626
http://www.ncbi.nlm.nih.gov/pubmed/26894937
https://doi.org/10.5603/fhc.2011.0086
http://www.ncbi.nlm.nih.gov/pubmed/22252757
https://doi.org/10.1007/s10120-013-0277-3
https://doi.org/10.1007/s10120-013-0277-3
http://www.ncbi.nlm.nih.gov/pubmed/23812904
https://doi.org/10.1186/1746-1596-7-44
https://doi.org/10.1186/1746-1596-7-44
http://www.ncbi.nlm.nih.gov/pubmed/22515642
https://doi.org/10.1186/1476-4598-12-61
http://www.ncbi.nlm.nih.gov/pubmed/23758992
https://doi.org/10.1371/journal.pone.0260432

PLOS ONE

A network-based method for predicting disease-associated enhancers

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Vandin F., Upfal E., and Raphael B.J., Algorithms for Detecting Significantly Mutated Pathways in Can-
cer. Journal of Computational Biology, 2011. 18(3): p. 507-522. https://doi.org/10.1089/cmb.2010.
0265 PMID: 21385051

Vandin F., Clay P., Upfal E.L.I., etal., DISCOVERY OF MUTATED SUBNETWORKS ASSOCIATED
WITH CLINICAL DATA IN CANCER, in Biocomputing 2012. 2011, WORLD SCIENTIFIC. p. 55-66.

Ma X., Chen T., and Sun F., Integrative approaches for predicting protein function and prioritizing genes
for complex phenotypes using protein interaction networks. Briefings in Bioinformatics, 2013. 15(5): p.
685-698. https://doi.org/10.1093/bib/bbt041 PMID: 23788799

Franke L., Bakel H.v, Fokkens L., et al., Reconstruction of a Functional Human Gene Network, with an
Application for Prioritizing Positional Candidate Genes. The American Journal of Human Genetics,
2006. 78(6): p. 1011-1025. https://doi.org/10.1086/504300 PMID: 16685651

Wu X., Jiang R., Zhang M.Q., et al., Network-based global inference of human disease genes. Molecu-
lar Systems Biology, 2008. 4. https://doi.org/10.1038/msb.2008.27 PMID: 18463613

Nitsch D., Tranchevent L.o.-C, Thienpont B, et al., Network Analysis of Differential Expression for the
Identification of Disease-Causing Genes. PLoS ONE, 2009. 4(5): p. €5526. https://doi.org/10.1371/
journal.pone.0005526 PMID: 19436755

Chen X., Wang L., Qu J., et al., Predicting miRNA—disease association based on inductive matrix com-
pletion. Bioinformatics, 2018. 34(24): p. 4256—-4265. https://doi.org/10.1093/bioinformatics/bty503
PMID: 29939227

Chen X., Yan C.C., Zhang X., et al., Long non-coding RNAs and complex diseases: from experimental
results to computational models. Briefings in Bioinformatics, 2017. 18(4): p. 558-576. https://doi.org/
10.1093/bib/bbw060 PMID: 27345524

Wang H., Tang J., Ding Y., et al., Exploring associations of non-coding RNAs in human diseases via
three-matrix factorization with hypergraph-regular terms on center kernel alignment. Briefings in Bioin-
formatics, 2021. 22(5). https://doi.org/10.1093/bib/bbaa409 PMID: 33443536

Jiang L., Xiao Y., Ding Y., et al., FKL-Spa-LapRLS: an accurate method for identifying human micro-
RNA-disease association. BMC Genomics, 2018. 19(10): p. 911. https://doi.org/10.1186/s12864-018-
5273-x PMID: 30598109

Chen X., Ren B., Chen M., et al., NLLSS: Predicting Synergistic Drug Combinations Based on Semi-
supervised Learning. PLOS Computational Biology, 2016. 12(7): p. €1004975. https://doi.org/10.1371/
journal.pcbi.1004975 PMID: 27415801

PLOS ONE | https://doi.org/10.1371/journal.pone.0260432 December 8, 2021 20/20


https://doi.org/10.1089/cmb.2010.0265
https://doi.org/10.1089/cmb.2010.0265
http://www.ncbi.nlm.nih.gov/pubmed/21385051
https://doi.org/10.1093/bib/bbt041
http://www.ncbi.nlm.nih.gov/pubmed/23788799
https://doi.org/10.1086/504300
http://www.ncbi.nlm.nih.gov/pubmed/16685651
https://doi.org/10.1038/msb.2008.27
http://www.ncbi.nlm.nih.gov/pubmed/18463613
https://doi.org/10.1371/journal.pone.0005526
https://doi.org/10.1371/journal.pone.0005526
http://www.ncbi.nlm.nih.gov/pubmed/19436755
https://doi.org/10.1093/bioinformatics/bty503
http://www.ncbi.nlm.nih.gov/pubmed/29939227
https://doi.org/10.1093/bib/bbw060
https://doi.org/10.1093/bib/bbw060
http://www.ncbi.nlm.nih.gov/pubmed/27345524
https://doi.org/10.1093/bib/bbaa409
http://www.ncbi.nlm.nih.gov/pubmed/33443536
https://doi.org/10.1186/s12864-018-5273-x
https://doi.org/10.1186/s12864-018-5273-x
http://www.ncbi.nlm.nih.gov/pubmed/30598109
https://doi.org/10.1371/journal.pcbi.1004975
https://doi.org/10.1371/journal.pcbi.1004975
http://www.ncbi.nlm.nih.gov/pubmed/27415801
https://doi.org/10.1371/journal.pone.0260432

