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Abstract—The advancement of scientific and medical
research over the past years has generated a wealth of
experimental data from multiple technologies, including ge-
nomics, transcriptomics, proteomics, and other forms of
–omics data, which are available for a number of diseases.
The integration of such multisource data is a key component
toward the success of precision medicine. In this paper, we
are investigating a multisource data integration method de-
veloped by our group, regarding its ability to drive to clus-
ters of connected pathways under two different approaches:
first, a disease-centric approach, where we integrate data
around a disease, and second, a gene-centric approach,
where we integrate data around a gene. We have used as a
paradigm for the first approach Huntington’s disease (HD),
a disease with a plethora of available data, whereas for the
second approach the GBA2, a gene that is related to spas-
tic ataxia (SA), a phenotype with sparse availability of data.
Our paper shows that valuable information at the level of
disease-related pathway clusters can be obtained for both
HD and SA. New pathways that classical pathway analy-
sis methods were unable to reveal, emerged as necessary
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“connectors” to build connected pathway stories formed
as pathway clusters. The capability to integrate multisource
molecular data, concluding to something more than the sum
of the existing information, empowers precision and per-
sonalized medicine approaches.

Index Terms—Network integration, systems bioinformat-
ics, precision medicine, Huntington’s disease (HD), spastic
ataxia (SA), GBA-2 related diseases.

I. INTRODUCTION

THE majority of human diseases are relatively complex and
involve a combination of multiple genetic interactions,

epigenetic, environmental and lifestyle factors. However, there
are rare cases of human diseases such as HD and SA that are
caused by a single gene. These are known as monogenic diseases
[1], [2].

HD is a rare progressive neurodegenerative disease with au-
tosomal dominant inheritance. HD is caused by a tri-nucleotide
expansion of CAG repeats in the huntingtin (HTT) gene. Even
though HD is caused by a single gene, the HTT protein inter-
acts with various other proteins which is a challenge in terms of
understanding the pathophysiology and molecular mechanisms
involved in disease development as well as in the phenotypic
variability observed in terms of age of onset and progression
rate [3]. The disease age of onset is usually between 35–50
years old. However, there is substantial variation in the onset
and progression of the disease observed among HD patients [4],
which still remains to be explained.

A comprehensive range of several different molecular mech-
anisms have been suggested to describe how the CAG triplet
expansion and HD mutation leads to cellular dysfunction and
death. There is a likely connection between reactive oxy-
gen species, neuro-inflammation, protein-dysfunction, abnor-
mal protein-protein interactions and other mechanisms [3].
However, the precise molecular mechanisms responsible for HD
pathogenesis that are induced by HTT, still remain unknown.
Nevertheless, a lot of research focuses on the study of HD;
therefore, there is a vast availability of multisource data that can
be used for further elucidation of the pathogenetic mechanisms.
Although a single causative gene is involved in the development
of HD, multiple genetic interactions in combination with the
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factors mentioned above, contribute to the complexity of this
disease.

Another group of monogenic diseases are the autosomal re-
cessive cerebellar ataxias (ARCA). ARCAs cover a clinically
and genetically heterogeneous group of rare neurodegenerative
diseases with an age of onset usually before the age of 20. This
group of diseases usually affects the cerebellum, the spinocere-
bellar tract and/or the sensory tracts of the spinal cord [2], [5],
[6]. The prominent clinical characteristics of ARCAs are pro-
gressive gait and limb ataxia, usually accompanied by other
neurological or additional features [5], [7]. Hereditary spastic
paraplegias (HSP) encompass a distinct group of neurodegener-
ative diseases, characterised by progressive spasticity and weak-
ness of the lower limbs, which can be accompanied by additional
neurological and non-neurological symptoms [7], [8]. The cor-
ticospinal tract and posterior columns are usually involved in
the development of this group of diseases. Often, a partial clin-
ical overlap between ARCA and HSP can be observed, which
results in more complex phenotypes termed as SA [9]. The
most commonly mutated genes in SA include the SACS, FXN,
and SPG7 [7]. Recently, the involvement of GBA2 in SA has
been reported [2], [10], [70]. The classification of ARCAs still
remains controversial due to clinical overlap and high genetic
heterogeneity reported within this group of diseases [11]. The
GBA2 gene codes for the non-lysosomal glucosylceramidase
(GBA2), which is responsible for catalysing the conversion of
the sphingolipid glucosylceramide to glucose and ceramide. Al-
though the involvement of GBA2 in the sphingolipid metabolism
has been characterised, the molecular mechanisms that lead to
the pathogenesis of SA are still unknown [12]. Thus, we can
hypothesize that GBA2 is involved in the pathophysiology of
SA by its role in the sphingolipid metabolism, but also by a
different function that is still unknown, which contributes to
a Sphingolipid metabolism-independent mechanism that drives
the development and/or progression of SA.

The most complex and monogenic diseases consist of overlap
at the pathway level, genetic interactions and profiles and at the
molecular mechanisms that are involved in their pathophysiol-
ogy [13]. The advancement of scientific and medical research
over the past years, has generated a wealth of experimental data
from multiple sources such as genomics, transcriptomics, pro-
teomics, and other forms of –omics data, which are available
for a number of diseases [14]. Such data are utilized by sci-
entists, clinicians and bioinformaticians to investigate the dys-
regulation occurring at the different –omics levels and provide
clarification in the underlying molecular mechanisms, genes
and aetiology of the disease [14], [15]. The human genome is
not only complex but also regulated at multiple levels. Events
taking place in the cell are not only interdependent, but also
interactive and therefore, this provides a challenge in the in-
tegration of heterogeneous data to discover relevant biological
signatures and predict phenotypical characteristics [16]. To ad-
dress the challenge of data integration, a new sub-discipline of
bioinformatics known as systems bioinformatics, has emerged.
Systems bioinformatics is a powerful approach, which involves
computational and mathematical modelling of biological sys-
tems. It is a multidisciplinary field approach, which integrates
knowledge and information from several fields, including bi-

ology, chemistry, computer science and mathematics, in order
to provide a complete understanding on the biological mech-
anisms involved in a disease [17]. More specifically, systems
bioinformatics works by integrating data derived from different
levels (genes, differentially expressed genes (DEGs), protein-
protein interactions (PPIs), single nucleotide polymorphisms
(SNPs) and other forms of genetic variation, pathways, drugs)
and sources in the form of a network. This enables the extraction
of information from complex biological networks that were pre-
viously unobtainable with the normal bioinformatics analyses
of –omics data (for a comprehensive review of Systems Bioin-
formatics approaches the reader is referred to [17]). Systems
Bioinformatics approaches can contribute towards the goals of
precision and personalised medicine by facilitating (1) the de-
velopment of a more customized approach based on patient-
specific clinical, genetic, environmental and lifestyle profiles,
(2) disease-risk estimation and prediction (3) delay of disease
onset and progression, (4) effective treatments, (5) identification
of putative drug targets and (6) computational drug discovery
and repurposing.

Networks have become a valuable tool in bioinformatics,
allowing the researcher to visualize in a simple manner the
relationship between genes, metabolites, proteins, drugs and
signalling pathways obtained from experimental data and avail-
able literature, and to identify meaning on the molecular mech-
anisms by which a gene can affect the development and/or
progression of a disease [18]. A network is made up of en-
tities known as “nodes” and the links between them, known
as “edges”. The nodes can represent genes, proteins, miR-
NAs, metabolites and small molecules, while the edges (links)
can represent metabolic, regulatory, protein-protein interactions,
co-expression, co-localization and signalling pathways. The net-
work offers a simple snapshot of cellular states [18]. Further-
more, the application of a network approach in human diseases,
plays a vital role in representing the different levels of data and
knowledge, and provides further characterization of complex
biological patterns, therefore, enabling the generation and visu-
alization of numerous network types, such as, disease-pathway
and disease-drug [16], [19].

In this work we employed a multi-source data integration
method developed by our group [20] in order to explore clus-
ters of connected pathways for two very different cases in terms
of data availability, (a) HD, a disease with a plethora of avail-
able data, and (b) SA, a disease with sparse data availability.
For HD we implemented the integration as it was previously
done for Alzheimer’s’ Disease (AD) using a disease-centric ap-
proach, where data were integrated around a disease [20]. For
SA we adapted our method to a gene-centric approach, where
we integrated data with respect to a specific gene related to SA
(GBA2). Previous studies have demonstrated different multi-
omics integration approaches. For example, Brandi et al. (2017),
Dimitrakopoulos et al. (2018) and Koscielny et al. (2017) have
applied their methods to study HD, cancer and drug targeting
respectively. The novelty of our method [20]. lies in the fact
that, the gene-specific scores are calculated not only based on
the sum of available information for each gene, but also takes
into account the topology of the super-network constructed by
integrating all the types of data (see Methods for more details).
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Our work is structured in the following manner. Firstly we
retrieved data using Malacards as our source for HD and GBA2-
related diseases, including genes, pathways, variants, drugs and
differentially expressed genes (DEGs). Secondly we constructed
a super network aggregating the different information sources.
From that a gene-specific score was obtained through the com-
bination of both the topology of the super network and the
gene-specific information gene-set enrichment analysis was per-
formed using the top scored genes for each disease and top re-
sulting pathways were mapped on the KEGG pathway-pathway
reference network. Finally, additional pathways were added in
order to create a sub- network of minimally connected pathways
for each disease and clustering was performed to group the final
set of pathways.

II. METHODS

A. Data Resources

Data for HD and SA were downloaded in November 2017
from the human disease database MalaCards [21]. In MalaCards
the search term Huntington’s disease was used as the parent term
(MalaCards ID HNT016). In the case of HD, the availability of
multi-source information, allowed for the extraction of specific
genetic, molecular and therapeutic information related to HD.

In the case of SA, due to the fact that the disease name has re-
cently been introduced and detailed characterisation and classifi-
cation is still pending, we could not retrieve enough information
in order to proceed with our methodology. Therefore, we shifted
our approach from disease-centric to gene-centric and selected
diseases that are correlated to the GBA2 gene. GBA2 (GeneCard
ID GC09M035726) was searched in GeneCards [22] and eight
related diseases were identified: i) Spastic Paraplegia 46, Auto-
somal Recessive (MalaCards ID SPS109), ii) Spastic Paraplegia
56, Autosomal Recessive (MalaCards ID SPS101), iii) Auto-
somal Recessive Cerebellar Ataxia (MalaCards ID ATS307)
and iv) Gaucher’s Disease (MalaCards ID GCH001), v) Spastic
Ataxia (MalaCards ID SPS008) vi) Autosomal recessive cere-
bellar ataxia with late onset spasticity (MalaCards ID ATS112),
vii) spastic paraplegia 46 (MalaCards ID SPS174) and viii)
splenic sequestration (MalaCards ID SPL009). Splenic seques-
tration was excluded as it is unrelated to neurodegenerative
diseases. (MalaCards ID ATS112) and spastic paraplegia 46
(MalaCards ID SPS174) were also excluded, as no additional
information was retrieved from these two searches. This is due
to the fact that there is a large clinical and genetic overlap in
ARCAs, and this may lead to the categorisation of the same
disease as two different diseases or vice versa. We named the
selected group of diseases ‘GBA2-related diseases’ in order to
proceed with our approach. Information on the GBA2-related
diseases was retrieved from MalaCards using the parent search
terms i) - v), as detailed above. The list of genes associated
with each GBA2-related disease (according to MalaCards) can
be found in Table I.

For both HD and GBA2-related diseases, multiple sources of
information were obtained from MalaCards, based on the: (i)
Genes involved, (ii) Pathways related, (iii) Variants-SNPs and

TABLE I
LIST OF GENES ASSOCIATED WITH GBA2-RELATED DISEASES,

ACCORDING TO MALACARDS

Copy Number Variations (CNVs), (iv) Drugs related and (v)
Differentially expressed genes.

MalaCards provided a list of drugs for HD which was parsed
with a local copy of DrugBank [23] in order to extract the infor-
mation of known gene targets for each drug. The same approach
was applied to GBA2-related diseases, and known gene-drug tar-
gets were only obtained for spastic ataxia, autosomal recessive
cerebellar ataxia and Gaucher’s disease.

For HD, non-coding RNA and more specifically microRNA
(miRNA) regulatory information was retrieved from three
miRNA-gene targets databases: 1) MirTarBase [24], 2) Micro-
Cosm [25] and 3) TargetScan [26]. miRNAs that had been pre-
viously associated with HD were retained from the mir2Disease
database [27] and parsed with the miRNA-gene target lists
downloaded from the three databases mentioned above.

In the case of GBA2-related diseases, the list of genes that
were associated with this group of diseases was analysed in Cy-
toscape [28] along with the Cytoscape plugin CyTargetLinker
[29] in order to identify the target genes. The miRNA-gene tar-
get list for GBA2-related diseases was further validated using the
three miRNA-gene target databases mentioned above (mirtar-
base 6.1, microcosm-2012-12-05, and targetscan-2012-12-05).
Only the miRNA-gene targets which were found in at least two
out of three databases were retained for further analysis. This
was also applied in the case of HD miRNA-gene target list.

For both HD and GBA2-related diseases, SNPs-gene targets
lists as well as pathway information were also obtained from
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MalaCards. It is important to note that, only the super-pathways
involved along with the pathway score and genes involved were
obtained. In the case of GBA2-related diseases, each disease was
searched in MalaCards separately and the results were combined
to get a single list for each type of data.

GeneMANIA [30] web interface was used to extract protein-
protein interactions and genetic interactions of the genes
(MalaCards) associated with HD and GBA2-related diseases
with other known genes. GeneMANIA [30] uses the BioGRID
[31] and PathwayCommons [32] databases to retrieve the above
mentioned data.

B. Network Construction

Following the methodology proposed by [20], we constructed
a different network per data source available for HD and GBA2-
related diseases using Cytoscape. Six different data sources
were obtained for both diseases and used for the construction of
six corresponding networks. The biological networks produced
were of the following types: 1) gene-drug network, 2) gene-
pathway network, 3) gene-variant (SNPs and CNVs) network,
4) gene-microRNA network, 5) gene-gene network (based on
PPIs) and 6) gene-gene network (based on genetic interactions).

In order to retrieve gene-specific information, we transformed
all networks to a gene-gene network. Thus, three new networks
(in addition to the two existing gene-gene networks i.e., PPI
and genetic interaction network) were constructed in which the
genes were associated based on the common drugs, pathways
and miRNAs they share. These networks were then added into
the two remaining networks from the PPI and genetic interaction
network. Two tables were constructed including all pairwise
combinations of genes involved in both HD and GBA2-related
diseases, as well as the weighted edge from the 5 types of
biological networks mentioned above (for pairs of genes with
no available information the value 0 was entered in the table). In
addition to the gene-gene networks, gene-specific information
for example for drugs (how many target each gene), miRNAs
(how many target each gene), pathways (how many involve each
gene), variations (how many found on each gene) and differen-
tial expression was extracted where available for both cases.

C. The Multi-Source Information Super-Network

We constructed a Multi-source Information (MI) super net-
work having weighted edges (EM I ) obtained by the weighted
sum of the edge vectors for each pair of genes:

EM I = we
Drug ∗ EDrug + we

M ir ∗ EM ir + we
P ath ∗ EP ath

+ we
P P I ∗ EP P I + we

GI ∗ EGI (1)

Here, for a given pair of genes, EDrug is the total number of
disease-related drugs which target both genes, EM ir is the total
number of disease-related miRNAs which target both genes,
EP ath is the total number of disease-related pathways associated
with both genes, EP P I is the total number of PPIs that both
disease related genes are involved and EGI is in binary form with
value one if the two disease related genes interact genetically.

The edge vectors EX (x ∈ {Drug,Mir, Path, PPI,GI})
are normalised per vector to be canonical (from 0 to 1). As in

our previous work, all respective sources were considered to be
equivalent and their weights we

x were set to 1 divided by the
number of sources so that their sum satisfies the condition

∑

x

we
x = 1, x ∈ {Drug,Mir, Path, PPI,GI} . (2)

The Multi-source Information Gain (MIG) is a characteristic
score per gene and is comprised by two parts,

MIG = w ∗ MIGn + (1 − w) ∗ MIGe, (3)

where the first term MIGn represents the normalised inte-
grated gene-specific information (i.e., node characteristics) and
MIGe represents the normalised integrated gene-gene infor-
mation (based on the topology of the MI super network) and
corresponds to the weighted degree of the MI super network. In
this study, we have considered equal contribution to the score
of the gene-specific information and of the topology of the in-
tegrated gene-gene super network.

The gene-specific information is given by

MI Gn = wn
Drug ∗ NDrug + wn

M ir ∗ NM ir + wn
P ath∗

NP ath + wn
V ar ∗ NV ar + wn

Deg ∗ FC (4)

where NDrug is the total number of disease-related drugs which
target the gene, NM ir in the total number of disease-related miR-
NAs which target the gene, NP ath is the total number of disease-
related pathways associated with a gene, NV ar the total number
of genetic variations associated with disease-related (both CNVs
and SNPs) and FC is the absolute fold change of the DEGs as-
sociated with disease-related (both in brain and in blood). Again,
all respective sources were considered to be equivalent and their
weights wn

x were set to 1/(Number of sources) so that their sum
satisfies the condition:

∑

x

wn
x = 1, x ∈ {Drug,Mir, Path, V ar,Deg} . (5)

The igraph package in R [33] was used to generate and analyze
the MI super network and to compile the MIG score.

D. Pathway Analysis

Gene-set enrichment analysis was performed using the En-
richR [34] package in R. The enrichment was obtained using
“KEGG2016” as the database option. The enrichment analysis
was performed on the genes of the sorted gene list with a score
equal or larger to the median of the MIG score. We calculated
a pathway-specific (PS) score [20] for each of the pathways ob-
tained through enrichment analysis based on the sum of the MIG
scores of each gene participating in the respective pathway,

P Sj =
∑

i

MIGi, i = 1 : Nj , (6)

where Nj is the number of genes within in our data set which
are part of the j pathway.

E. KEGG Pathway-Pathway Reference Network

We have used an overall human pathway-pathway network
(as developed in [20] using R language) in order to use it as
a reference network map for retrieving information about the
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Fig. 1. Network of HD enriched pathways mapped on KEGG network. The top 20 pathways obtained from the enrichment analysis are
indicated by the blue squares. The complementary pathways obtained by the shortest path algorithm are indicated by the yellow nodes.

functional interconnections between pathways of interest. The
reference pathway-network is based on the functional connec-
tion among pathways found in KEGG [35], a well-established
reference database for pathways and contains 314 human path-
ways as well as 91 maps. Links to non-human pathways have
been excluded.

F. Identifying and Adding Missing Pathways

Following the pathway enrichment analysis, the top resulting
pathways with a certain cutoff (20 top pathways based on the
EnrichR combined score for HD and 10 top pathways for GBA2-
related diseases) were mapped on the KEGG pathway-pathway
reference network. This mapping resulted in a subnetwork of
important for the disease pathways which were linked to each
other based on the functional connections from the KEGG ref-
erence network of pathways. As the resulting subnetworks were
not fully connected we implemented an approach to ensure min-
imum connectivity, i.e., that each node/pathway is connected to
at least one other node. By identifying all the possible connec-
tions that may exist between the pathways of interest we ensured
the conservation of connections that may be important for the
specific disease under study. This process led to the inclusion
of additional pathways, leading to an overall network where
all the pathways are fully connected to each other. In order to
achieve this goal for a given set of pathways (nodes), a specific
algorithm finds and calculates all the shortest paths within the

reference network in order to interconnect all the nodes with at
least one link to another node. After this stage, the algorithm
chooses the extra pathway nodes that belong to the calculated
shortest paths to be included in the final subnetwork. In the
case that there is more than one shortest path with the same
length then all possible shortest paths are included into the final
subnetwork. In order to divide the fully connected subnetwork
to sub-groups of pathways we employed a clustering method
based on the edge-betweenness property of networks. For more
details on the shortest-path method and the clustering method
that we used, see [20].

III. RESULTS & DISCUSSION

A. HD and GBA2-Related Diseases Enriched Pathways
Mapped on KEGG Networks

Enrichment analysis using EnrichR as mapped on the KEGG
database reference network revealed pathways suggested to
be related to HD and GBA2-related diseases, such as Spastic
Ataxia.

1) HD: Following the integration of the HD-related multi-
source data, the top-scored genes with a score equal or larger
to the median of the MIG score were used as a gene- set for
enrichment analysis. The top 20 HD-related enriched pathways
(sorted by EnrichR combined score) obtained from enrichment
were then mapped on the KEGG reference pathway-pathway
network. The result of this mapping is illustrated in Fig. 1 where
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TABLE II
PATHWAYS FOR HD

the above-mentioned 20 pathways are shown in blue squares.
Complementary missing pathways were identified and added to
the network based on the shortest path algorithm (represented
by yellow circles in Fig. 1). Out of the 13 complementary path-
ways, only 10 were included in the enrichment analysis results,
yet below the 20 pathway cut-off. The shortest path algorithm
introduced 10 additional complementary pathways which are
the following: MAPK signalling pathway, TGF-beta signalling
pathway, Wnt signalling pathway, cell cycle, Jak-STAT sig-
nalling pathway, Parkinson’s disease, Calcium signalling path-
way, PI3K-Akt signalling pathway, Glioma and non-small cell
lung cancer, the complementary pathways all seem to have a
vast connection with HD. The three remaining pathways (PPAR
signalling pathway, VEGF, signalling pathway and prolactin
signalling pathway) were not included in the enrichment anal-

ysis results. The PPAR signalling pathway consists of three
sub-types (PPARα, PPARγ, and PPARβ/δ). The PPARα sub-
type plays a role in energy metabolism. PPARγ subtype plays
a role in cellular absorption of lipids through anabolic path-
ways. PPARγ co-activator 1α (PGC1α) it is a transcriptional
regulator of genes that are involved in energy metabolism, the
mHTT interacts with PGC1α, this leads to impairment of its
function in HD. The dysfunctional energy metabolism, in HD
patients may likely be contributed to the dysregulation of the
PPAR signalling pathway [36]. For VEGF, signalling pathway,
genetic studies have shown that reduced VEGF levels can cause
neurodegeneration due the impairing of neural tissue perfusion,
which then causes hypoxia which in turn leads to neuronal cell
death. The perfusion deficits often leads to the onset of clini-
cal symptoms [37]. For prolactin signalling pathway, published
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Fig. 2. Network of SA enriched pathways mapped on KEGG net-
work. The top 10 pathways obtained from the enrichment analysis are
indicated by the blue squares. The complementary pathways obtained
by the shortest path algorithm are indicated by the yellow nodes.

literature suggests that pre-manifesting HD patients had de-
creased levels of prolactin, which is expected since HD affects
both metabolic function and hormone secretion as well as energy
regulation. Overall, these results could possibly shed light on the
pathogenesis of the disease and offer prospects for biomarker
development [38]. As anticipated the Huntington’s disease path-
way (KEGG entry hsa05016) was identified to be on the top of
the list of enriched pathways with a p-value of 2.573846e-21
and combined score of 90.1225008. Other well characterized
Huntington’s related pathways that were also included in the
top scoring EnrichR pathways are shown in Table II along with
the p-value, combined score, path sum score.

An interesting finding was that other neurodegenerative dis-
ease pathways were also identified in the top scoring path-
ways, such as Amyotrophic lateral sclerosis (ALS) (hsa05014,
p-value, 9.213013e-11 and combined score 42.0546949) and
Alzheimer’s disease (hsa05010, p-value 1.300089e-07 and com-
bined score 28.0135632).

The above mentioned HD associated pathways additionally
received high PS scores according to the methodology proposed
by [20].

2) GBA2-Related Diseases: We selected the top 10 path-
ways for GBA2-related diseases according to EnrichR combined
score (indicated as blue nodes in Fig. 2). Interestingly, the Sph-
ingolipid Metabolism (KEGG entry hsa00600) was not on top
of the list of enriched pathways, but it was the fourth, with
combined score and mean path score 21.731 and 2.402 respec-
tively (Table III). We would have expected the Sphingolipid
metabolism to be on the top of the list, as the function of GBA2
enzyme is primarily correlated with sphingolipids. As men-
tioned previously, the GBA2 gene codes for the non-lysosomal
β-glucosylceramidase, an enzyme that catalyses the hydroly-
sis of glucosylceramide (GlcCer) into glucose and ceramide.
Although the function of this enzyme has been characterised,
the involvement of Sphingolipid Metabolism in the develop-

ment of Spastic ataxia and related neurodegenerative diseases
of the cerebellum is still unclear. The Dopaminergic synapse
(KEGG entry hsa04728) was listed as the top scoring pathway
(Combined score: 31.498 and sum path score: 1.250), while sec-
ond on the list of EnrichR pathways was the Lysosome pathway
(KEGG entry hsa04142) (Combined score: 30.509 and sum path
score: 4.149). Furthermore, the pathway of Parkinson’s disease
appeared in the top scored pathways (Combined score: 22.565
and sum path score: 1.338).

There were 19 additional pathways generated by the shortest
path algorithm (represented as yellow nodes in Fig. 2), five out
of which were identified through the enrichment analysis.

From the five complementary pathways identified through the
enrichment analysis, three show high correlation with the func-
tion of neurons: 1) Gap junction pathway – Gap junctions are in-
tercellular membrane channels that allow direct communication
between adjacent cells in the developing and mature central ner-
vous system (CNS). Hemi-channels and connexons are formed
by connexin proteins that join together into hexamers. There is
a variety of connexins expressed in CNS and peripheral nervous
system (PNS), such as Cx32 in oligodentrocytes and microglia
and Cx43 in microglia and endothelial cells. These are char-
acterised as the main neuronal connexins and play a critical
role in neurodevelopment. The function of Cx43 in gap junction
communication between astrocytes is crucial, as it affects the
proliferation and differentiation of neural stem cells [39], while
Cx32 has been described to be have a role in the homeostasis of
myelinated axons. Deficiencies in Cx32 have been implicated
in cases of peripheral neuropathy. More specifically, mutations
in Cx32 cause X-linked Charcot-Marie-Tooth, a group of in-
herited disorders that affect the peripheral nervous system [40].
Therefore mutations in genes coding for connexins or defects in
the expression, synthesis, trafficking and turnover of connexins,
can have an effect in cell death of neurons and subsequently
in neurodevelopment and disease [39]. 2) Calcium signalling
pathway - Calcium (Ca2+ ) is a ubiquitous second messenger,
especially important in excitable cells, since it stimulates the re-
lease of neurotransmitter into the synaptic cleft [41]. Moreover,
neuronal differentiation depends on calcium transients, which
control neurotransmitter phenotype, dendritic morphology, and
axonal growth and guidance [42]. Deregulation of Ca2+ sig-
nalling is a crucial aspect in the pathogenesis of neurodegenera-
tive diseases, such as Alzheimer’s disease (AD) and Parkinson’s
disease (PD) [43]. 3) Synaptic vesicle cycle pathway – The re-
lease of neurotransmitter in the synaptic cleft is facilitated by
exocytosis of synaptic vesicles, in order to mediate electrical
impulses in the postsynaptic neuron. Synaptic vesicles undergo
a trafficking cycle, in order to promote repeated rounds of neu-
rotransmitter release [44]. The synaptic vesicle cycle pathway
is affected in a number of neurodegenerative diseases, such as
AD and PD, suggesting that deficiencies in this process might
be a key process in disease pathogenesis.

The shortest path algorithm provided 14 pathways, which
were not included in the EnrichR results (Table III). One of
those pathways is the Apelin pathway. Apelin is an endogenous
ligand for the G protein-coupled receptor APJ, both highly ex-
pressed in various parts of the CNS, including the cerebellum
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TABLE III
PATHWAYS FOR GBA2-RELATED DISEASES

and spinal cord [45], [46]. The formation of the Apelin/APJ
complex was reported to have a possible role in the protection
against neuronal loss in the spinal cord. This was reported in
relation to the pathogenesis of ALS [45]. In SA the cerebellum,
spinocerebellar tract and/or the sensory tracts of the spinal cord
are affected, suggesting the examination of any possible involve-
ment of the Apelin pathway in the pathogenesis or progression
of the disease. Furthermore, abnormalities in the Apelin/APJ
system affect motor neurons and therefore the movement of pa-
tients. Similarly, SA is characterised by defects in movement as
mentioned previously.

Another interesting pathway obtained, is the Prion disease
pathway. Prion diseases comprise a group of fatal neurode-
generative diseases, characterized by abnormal folding of prior
proteins into large amyloid plaques and fibrous structures,
which accumulate in the nervous system [47]. Creutzfeldt-Jacob

disease (CJD) is a human prion disease. The clinical features
of CJD include progressive dementia, myoclonus, which is de-
scribed as the involuntary bouncing of a muscle or a group of
muscles and ataxia [48]. The molecular mechanisms involved in
the development and progression of prion disease might benefit
the understanding of SA pathophysiology, as the two diseases
present an overlap in their clinical features.

B. Clusters of Pathways on HD and GBA2-Related
Diseases

Following the enrichment analysis, the mapping on the KEGG
database reference network and the addition of complementary
pathways in order to create a sub-network of minimally con-
nected pathways for both HD and SA diseases, clustering was
performed to group the final set of pathways in clusters.
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Fig. 3. Cluster pathways on HD. There is a total of seven clusters, each
one shaded by a different colour.

Seven clusters were identified for HD and four clusters
for GBA2-related diseases based on the network property of
edge-betweenness. The clusters are shown in different coloured
circles and backgrounds as seen in Fig. 3 for HD and Fig. 4 for
GBA2-related diseases. 1) HD

Cluster 1, was one of the largest clusters with nine pathways
in total. Cluster 1 represents signalling pathways such as cAMP,
TGF-beta, Ca2+ , PPAR and VEGF which all play a possible
role in contributing to the disease pathogenesis and clinical
characteristics of HD. Additional pathways in the cluster that
are involved include long term potentiation, pathways involved
in cancer, non-small cell lung cancer and glioma.

In cluster 1 cAMP signalling pathway and long term po-
tentiation were identified from the initial pathway analysis. The
Adenosine 3′,5′-cyclic monophosphate (cAMP) signalling path-
way has a key role in cell survival and neuro-secretion. When
there is a decrease in the intracellular concentration of cAMP
this leads to a decrease in synaptic neurotransmission, thus,
affecting neuronal transmission. Previous studies have demon-
strated that there is a functional interaction between intracellular
signalling pathways mediated by Ca2+ and cAMP (Ca2+ /cAMP
signalling interaction) as both participate in various cellular re-
sponses, including neurotransmitter/hormone exocytosis, neu-
ronal survival and protection [41], [49].

The dysregulation of calcium mediated signalling which is
in cluster 1 has been associated with other neurodegenerative
diseases such as AD (in cluster 4), PD (in cluster 6) and ALS (in
cluster 2). Previous studies have demonstrated that repetitive ap-
plication of glutamate causes elevations in cytosolic Ca2+ levels
in medium spiny neurons (MSN), the enhanced cytosolic Ca2+

Fig. 4. Cluster pathways on GBA2-related diseases. There is a total of
four clusters, each one shaded by a different colour.

signalling in striatal MSN has been linked to HD neuropathol-
ogy. The mechanism of Ca2+ toxicity in HD most likely involves
the activation of calpains and excessive Ca2+ accumulation in
mitochondria [49].

Long-term potentiation (LTP) (in cluster 1) is the persistent
strengthening of synapses; there is a pattern of synaptic activity
that produces a long lasting increase in the neuronal transmis-
sion between two neurons. In HD there is impairment of the LTP
which is likely correlated to the size of the trinucleotide CAG
repeat. The disruption of the LTP causes cognitive impairment,
which is one of the earliest symptoms that is experienced in HD
patients [50]. Furthermore, it is likely that the dopaminergic
neurons are also affected which also adds to the cognitive im-
pairment [50], and addictive behaviour such as Alcoholism,
Amphetamine and cocaine addiction that is observed in cluster
6 along with dopaminergic synapses.

The transforming growth factor beta (TGF-Beta) signalling
pathway (in cluster 1), is involved in a vast majority of cellular
processes such as cell growth, differentiation, apoptosis, cellular
homeostasis, neurotrophins and neuro-protection in developing
embryos and adults. Alternations in this signalling pathway are
not only linked to a number of human diseases, but also likely
connect to HD [51].

A study found that asymptomatic HD patients showed a de-
crease in TGF-beta1 levels in the peripheral blood, this reduc-
tion is likely to be linked to the length of the CAG trinucleotide
expansions [51]. TGF-beta 1 signalling is observed in other neu-
rodegenerative diseases such as Alzheimer’s disease (AD), were
a reduction in TGF-beta 1 signalling increases the deposition of
amyloid plaques [51].

The neurodegenerative disease, ALS (in cluster 2) appears
in the same cluster as HD (in cluster 2). ALS and HD might
appear different in terms of neuronal degeneration at first. For
instance, in ALS there is degeneration in the upper and lower
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motor-neurons and in HD there is degeneration in the medium
spiny neurons of the basal ganglia which is located in the central
nervous system (CNS). However, despite the differences of neu-
ronal vulnerability, ALS and HD share some commonality in
terms of their pathophysiological mechanisms such as inflam-
mation, oxidative stress, protein aggregation (HTT for HD and
TDP-43 in ALS) and mitochondrial dysfunction [52] and risk
factors. Non-neuronal factors such as weight loss that is caused
by a dysregulation in energy metabolism, in spite of increased
food intake is a characteristic that is observed in HD and ALS
patients, (this can be seen in cluster 2 of Fig. 2). Furthermore,
apoptosis (in cluster 2) along with ALS and HD, is a common
pathway involved in the already mentioned neurodegenerative
diseases. The up-regulation of pro-apoptotic proteins (Bid and
Bax) may possibly lead to the cleavage of HTT The resulting
toxic fragment may promote toxic effects in the cell by disrupt-
ing transcription, therefore eliciting development of cell dys-
function and eventually cell death. In addition, increased levels
of pro-apoptotic proteins may gradually contribute to neuronal
cell death in HD as seen in Fig. 2 [53].

In cluster 4, AD is a neurodegenerative disease that leads
to neuronal cell death, initially observed in the hippocampus.
The hippocampus is located in the CNS, and plays a vital role in
memory formation and storage. The main symptom of AD is de-
mentia; HD patients also suffer from dementia in the late stages
of the disease [54]. Although in HD the neurons of the basal
ganglia are the first to undergo neuronal degeneration, as the dis-
ease progresses and worsens over time other areas of the brain
also become affected. Notably, both AD and HD share some
common key underlying molecular mechanisms, such as in-
flammation, oxidative stress, protein aggregation (HTT for HD
and Aβ oligomers in AD) and mitochondrial dysfunction. Wnt
signalling identified also in cluster 4, plays a role in neuroprotec-
tion, synaptic maintenance and neuronal functions under normal
psychological conditions. Wnt signalling dysfunction has been
linked to AD [55]. In HD, the mHTT is described as altering
both the stability and levels of β-Catenin, an important molecule
in the Wnt signalling with a role in cell adhesion and signal
transduction. However, it still remains largely unknown whether
dysfuction of Wnt signalling can cause HD pathology [56].

Cluster 3 contains the mitogen activated protein kinase
(MAPK) signalling pathway. Kinase signalling pathways are
assumed to contribute to HD pathophysiology as they are well-
known to counter toxic metabolic changes induced by mHTT
and assist in maintaining neuronal survival [57]. Alternations
in the kinase signalling pathways possibly have implication in
the maintenance of chronic neuro-inflammation observed in HD
patients. Mutant HTT (mHTT) affects the signalling at the up-
stream portions of the ERK and JNK pathways which become
activated. The modulation of the ERK pathway indicates that
the pathway is linked to cell survival while the inhibition of JNK
was demonstrated to effectively suppress pathogenesis. Previ-
ous studies have suggested that pharmacological intervention of
the MAPK pathways and more specifically ERK activation may
be used as a therapeutic intervention for HD [57].

2) GBA2-Related Diseases: The top three out of 10 path-
ways obtained by EnrichR analysis (Dopaminergic synapse

pathway, Lysosome pathway and Parkinson’s disease pathway)
are present in the second largest cluster (cluster 1) of 10 path-
ways in total, including the previously mentioned synaptic vesi-
cle cycle pathway.

PD is characterized by a loss of dopaminergic (DA) neurons
in the substantia nigra (SN). A number of mechanisms may
participate in the DA neurons damage and cell death, including
cellular disturbances produced by misfolding and aggregation
of the synaptic protein α-synuclein, as well as the disruption of
macro-autophagy, which is responsible for the destruction and
degradation of abnormal proteins [58]. In SN DA neurons from
PD patients, autophagosomes and lysosomal marker proteins
are increased and decreased, respectively, suggesting failure in
the function of this system in these patients [59], [60], as well
as in patients of other neurodegenerative disorders, such as AD,
HD and ALS [61]. The system of autophagy-lysosome pathway
provides explanation for the association of Parkinson’s disease
pathway with the Endocytosis and Lysosome pathways, which
are found in the same cluster, as well as with the Prion disease
which results after accumulation of abnormal proteins in the
nervous system, as mentioned above. Moreover, studies have
described the role of α-synuclein proteins in the regulation of
the synaptic vesicle cycling [62], [63], thus explaining the asso-
ciation of the Parkinson’s disease pathway and Synaptic vesicle
pathway in the same cluster. PD has also been clinically linked
with Gaucher disease, a neurodegenerative disease caused by
mutations in the GBA gene. GBA codes for the lysosomal gluco-
sylceramidase (GBA), which plays an important role in lysoso-
mal protein degradation. Abnormalities in GBA can cause accu-
mulation of α-synuclein proteins, leading to neurotoxicity and
neuronal cell death [64]. Moreover, GlcCer has been reported to
play a key role in the misfolding and aggregation of the synaptic
protein α-synuclein, by stabilizing soluble oligomeric interme-
diates [64]. Thus, if impairment of the function of the GBA2
enzyme results in accumulation of GlcCer in neurons, then the
above pathways can be studied to strengthen our understanding
on the molecular mechanisms that lead to SA. The dopaminer-
gic Synapse pathway is also present in cluster 1 and is associ-
ated with neurodegenerative disorders, including PD, HD and
multiple sclerosis (MS). The neurotransmitter dopamine plays
an important role in motor coordination, emotions, cognition,
memory and other functions. Deficiencies in the dopaminer-
gic system and its receptors in the basal ganglia structures is
an important aspect in the pathogenesis of PD, as the loss of
dopamine can result to imbalance in the motor networks and
subsequently to abnormal stimulation or inhibition of move-
ment [65]. This again may provide information on the causes of
movement defects present in SA patients. Furthermore, the clin-
ical features of PD include spasticity [66]. This overlap in the
clinical phenotype between PD and SA provides further knowl-
edge on the pathogenetic mechanisms of SA. The Sphingolipid
pathway and Tyrosine metabolism are found in cluster 3. Studies
have pointed the relevance of the enzyme tyrosine hydroxylase
(TyrOH) in various affective disorders as well as neurological
disorders, such as PD. TyrOH is responsible for the cataly-
sis of the conversion of tyrosine to L-DOPA, which is part of
the biosynthesis of the neurotransmitters dopamine, adrenaline,
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and norandrenaline. Abnormalities in the biosynthesis of these
molecules have been implicated as potential mediating factors
in PD [67], [68]. Alterations in sphingolipid homeostasis have
been implicated in several neurodegenerative diseases. Its role
in the development of SA phenotype is still unknown. How-
ever, previous studies have reported that defects in ceramide de
novo biosynthesis due to CERS1 deficiency are associated with:
a) progressive neuronal death, particularly Purkinje cell loss in
mice, and b) abnormal accumulation of lipofuscin with ubiqui-
tylated proteins in many brain regions, thus suggesting that apart
from neurodegeneration, alteration of can also accelerate some
aspects of aging [69]. Ceramide is the main structural com-
ponent of complex sphingolipids such as sphingomyelin and
glycosphingolipids. Its homeostasis is primarily regulated by a
de novo biosynthetic pathway catalysed mainly by the enzyme
ceramide synthase 1 (CERS1) in the brain. However, the role of
GBA2 is directly correlated with ceramide, as ceramide can re-
sult after degradation of glucosylceramide by GBA2. Moreover,
according to the STRING online database, GBA2 and CERS1
are likely to have an interaction, which has not been experimen-
tally confirmed yet. Therefore, we can hypothesize that GBA2
mutations might exert their pathogenic effects by affecting this
interaction, thus causing ceramide biosynthesis deficiency. Ac-
cumulation of GlcCer in the brain tissue can possibly affect
the GSL homeostasis and survival or function of neuronal cells
[10], [12]. Accumulation of glucosylceramides in the ER of neu-
ronal cells would also change calcium homeostasis and lead to
neurological symptoms [10]. Whether the presence of Tyrosine
metabolism and Sphingolipid metabolism in the same cluster
results because of the fact that they are both found under the um-
brella of the super pathway Metabolism, or due to a possible role
in the development and/or progression of SA remains unclear.

IV. CONCLUSION

In this work we have extended a recently developed integra-
tion approach [20] for two neurodegenerative disorders, namely
HD and SA. Our approach was successfully applied to both
diseases illustrating the potential and flexibility of this method.
Our first contribution lies in the extension of the disease-centric
approach method beyond diseases with a plethora of available
data, such as AD and HD, to a gene-centric approach for dis-
eases with limited data such as SA. Specifically for HD we used
a disease-centric approach, where we integrated data around a
disease whereas for SA we used a gene-centric approach focus-
ing on GBA2-related diseases.

In the latter case, by modifying our method to be gene-centric
and integrating information around the SA associated gene
GBA2, we were able to amount sufficient data despite the sparse
availability shed light to possible mechanisms underlying SA.

Our second contribution lies in enriching our knowledge
through multisource data integration on the possible molecular
mechanisms involved with regards to two rare diseases. Nev-
ertheless, we acknowledge the limitation of lack of statistical
evidence of our findings since there is lack of solid ground truth
regarding the genes and the mechanisms that are implicated in
these diseases. Correlation does not infer causality and thus wet

lab experiments are required to validate the findings. Overall,
our work can be used as a stepping stone for further developing
methodologies which have the potential to facilitate research in
the field of precision and personalised medicine.
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