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High-throughput sequencing technology has been crucial for rapid advances in functional genomics. The most important result is the discovery of thousands of non-coding RNAs (ncRNAs) which are able to fine-tune the expression of many genes involved in cell
development, differentiation, apoptosis and proliferation [1]. Among ncRNAs, the most investigated are the microRNAs (miRNAs), small molecules (20-22 nucleotide long) that play the role of post-transcriptional regulators [2]. Much less is known about the
functional role of long non-coding RNAs (lncRNAs), RNA molecules longer than 200 nt, that have been recently discovered to have a plethora of regulatory functions spanning from epigenetics to post-transcriptional regulation [3]. However, the number of
lncRNAs for which the functional characterisation is available is still quite poor. Most of existing approaches are based on expensive experimental evaluations or on computational methods that exploit known/verified relationships among the lncRNA and the
disease [4]. Some recent works consider the assumption that all the instances follow the same probability distribution and that are independent to each other. In this case such assumption is easily violated, since different lncRNAs can be involved in the
development of the same disease, as well as different diseases can be related to each other on the basis of the involvement of common lncRNAs. To overcome these limitations we propose a computational method which is able to predict possible unknown
relationships between lncRNA and diseases by exploiting different information about an heterogeneous set of (related) biological entities. In particular, we focus on lncRNAs, miRNAs, target genes and diseases, as well as on known relationships among these
entities. The proposed method is based on a clustering algorithm which is able to group objects of multiple types and to predict possible unknown relationships on the basis of the extracted clusters. Moreover, the proposed clustering algorithm is designed to
identify highly cohesive, possibly overlapping and hierarchically organised clusters, since i) the same lncRNA/disease can be involved in multiple networks of relationships and ii) as shown in [5], clusters at different levels of the hierarchy can describe more
specific or more general relationships and cooperation activities.

Conclusions
In this work, we focused on the recognised role of lncRNAs in human diseases. In particular, we proposed a
computational method which is able to predict possibly unknown lncRNA-disease relationships by exploiting a
clustering algorithm which works on multiple types of objects. Preliminary experiments showed that the proposed
method, especially when adopting the proposed combination strategy, is able to outperform the algorithm HOCCLUS2
[5]. Currently we are performing additional experiments with other competitor approaches to deeply evaluate the
effectiveness of the clustering-based method for this purpose as well as the effect of the exploitation of information
about related biological entities, such as miRNAs, genes and their relationships with diseases and lncRNAs.
Aknowlegments: We would like to acknowledge the support of the European Commission through the project
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• Hierarchical Clustering

• Multi-type and overlapping

• Facilitates the understanding of 
results by human experts. 

• Allows the possibility of choosing 
globally-based or locally-based 
predictions. 

• Catches relationships among objects
of multiple types, which can be 
involved in different sub-networks.

Identification of relationships
Data are represented as a hypergraph
 Tuples of objects (different types)
 si is the strength value for the i-th tuple

Pairwise evaluation of nodes in the tuple
 Paths exploration in the network between pairs of 

target nodes by computing a strength score associated
to each path.

 The maximum score computed over all the 
paths is selected. The score with respect to a path is:

• 1, if the two nodes are connected in the network
• computed according to a similarity function which takes 

into account all the attributes associated to each node 
involved in the path

The minimum value over the pairs of objects in the 
tuple i is selected as strength si ∈ ]0,1]

e1
e2

e3

Hierarchical Clustering

Requires a user-defined threshold β
A bottom cluster, in the form of a multi-type clique, 
is built for each tuple

If its strength is greater than β

Obtained clusters are ordered according to their cohesiveness 
(average strength of the relationships in the cluster)

1st hierarchical level

Find the candidates for merging
• According to cohesiveness
• New clusters must still be a 

clique!

• Result:
The first level of the hierarchy L1

Clusters merging

Find the candidates for merging
• According to cohesiveness
• New cluster cohesiveness 

must be greater than an user-
defined threshold α

• Clique constraint is relaxed!

• Result:
The subsequent levels of the hierarchy
{L2, L3, …, Lk}

Prediction of relationships
1. Extraction of experimentally evaluated interactions 

from the network
2. Extraction of a hierarchy of multi-type clusters by 

applying our multi-type clustering algorithm
3. Generation of all the possible new interactions
4. For each hierarchical level:

• Determine a score for each previously unknown interaction as
the combination of the cohesiveness values associated with
the clusters it belongs to

• Return new interactions with their associated score

Experimental setting

Results

Computation of the prediction score
Let 𝑠𝑠 𝑡𝑡𝑖𝑖 be the score associated to the tuple 𝑡𝑡𝑖𝑖
Let 𝐺𝐺𝑡𝑡𝑖𝑖 be the set of clusters 𝑡𝑡𝑖𝑖 belongs to

If |𝐺𝐺𝑡𝑡𝑖𝑖| = 1 and 𝐺𝐺′ ∈ 𝐺𝐺𝑡𝑡𝑖𝑖 ,     𝑠𝑠 𝑡𝑡𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐺𝐺′

Otherwise, we consider some combination strategies:

• Max: 𝑠𝑠(𝑡𝑡𝑖𝑖) = max
𝐺𝐺𝑗𝑗′∈𝐺𝐺𝑡𝑡𝑖𝑖

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺𝑗𝑗′)

• Min: 𝑠𝑠 𝑡𝑡𝑖𝑖 = min
𝐺𝐺𝑗𝑗′∈𝐺𝐺𝑡𝑡𝑖𝑖

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐺𝐺𝑗𝑗′

• Avg: 𝑠𝑠(𝑡𝑡𝑖𝑖) = 1
|𝐺𝐺𝑡𝑡𝑖𝑖|

∑𝐺𝐺𝑗𝑗′∈𝐺𝐺𝑡𝑡𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺𝑗𝑗′)

• Custom: 𝑠𝑠 𝑡𝑡𝑖𝑖 = 𝒇𝒇(𝐺𝐺𝑡𝑡𝑖𝑖)

Custom combination strategy
Clusters in 𝐺𝐺𝑡𝑡𝑖𝑖are sorted according to their cohesiveness in 
descending ordering 𝐺𝐺𝑡𝑡𝑖𝑖 = 𝐺𝐺′1, 𝐺𝐺′2, … , 𝐺𝐺′𝑛𝑛

𝒔𝒔 𝒕𝒕𝒊𝒊 = 𝒇𝒇(𝐺𝐺𝑡𝑡𝑖𝑖) = 𝒈𝒈(𝐺𝐺𝐺𝑛𝑛) 

where:

𝑔𝑔 𝐺𝐺𝐺1 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐺𝐺1′

𝑔𝑔 𝐺𝐺𝐺𝑛𝑛+1 = 𝑔𝑔 𝐺𝐺𝐺𝑛𝑛 + 1 − 𝑔𝑔 𝐺𝐺𝐺𝑛𝑛 ∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝐺𝐺𝑛𝑛+1′

Multi-type Clustering
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The obtained database consists of 7050 diseases,
507 lncRNAs, 508 miRNAs, 94527 genes and
the following interactions:
• 953 interactions lncRNAs:diseases taken from [6]

• 252 interactions lncRNAs:target_genes taken from [6]

• 70 interactions miRNAs:lncRNAs taken from [7]

• 26522 interactions diseases:genes taken from DisGeNET [8]

• 803 interactions miRNAs:genes taken from miR2Disease [9]

• 2877 interactions miRNAs:diseases taken from miR2Disease [9]

Datasets

Systems
LP-MTRCLUS (Our System)
HOCCLUS2 [5]

Evaluation measure

True Positive Rate 𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

Evaluation performed
• By moving a threshold on the prediction scores
• On the first three hierarchical levels


	Multi-Type Clustering for the Identification of lncRNA-disease Relationships

