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Our knowledge of the biological mechanisms underlying complex human disease is largely
incomplete. While Semantic Web technologies, such as the Web Ontology Language (OWL),
provide powerful techniques for representing existing knowledge, well-established OWL reasoners are unable to account for missing or uncertain knowledge. The application of inductive inference methods, like machine learning and network inference are vital for extending
our current knowledge. Therefore, robust methods which facilitate inductive inference on
rich OWL-encoded knowledge are needed. Here, we propose OWL-NETS (NEtwork Transformation for Statistical learning), a novel computational method that reversibly abstracts
OWL-encoded biomedical knowledge into a network representation tailored for network inference. Using several examples built with the Open Biomedical Ontologies, we show that
OWL-NETS can leverage existing ontology-based knowledge representations and network
inference methods to generate novel, biologically-relevant hypotheses. Further, the lossless
transformation of OWL-NETS allows for seamless integration of inferred edges back into
the original knowledge base, extending its coverage and completeness.
Keywords : Biological Ontologies; Knowledge Bases; Semantic Web; Machine Learning.

1. Introduction
Network representations facilitate the understanding of complex biological mechanisms, and
have been used extensively in biomedical research to represent phenomena ranging from
metabolism, to protein-protein interactions, and drug-drug interaction networks.1–3 Inference
over the structure of a network can provide insight and generate hypotheses regarding the
functional relationships between network elements.4
The Web Ontology Language (OWL) is a Semantic Web standard for a network-based
© 2017 The Authors. Open Access chapter published by World Scientific Publishing Company and distributed under the terms of
the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 License.
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knowledge representation and reasoning framework that is highly expressive and that has been
used to model complex biological knowledge.5 Inference on the Semantic Web has heavily relied
on deductive and probabilistic reasoning. Deductive OWL reasoners work by inferring logical
consequences from a set of explicitly asserted facts.6 Constrained by first-order predicate logic,
description logic reasoners (e.g., ELK,7 FaCT++8 ) are unable to account for uncertainty
or incomplete knowledge.9 To account for this limitation, probabilistic methods (e.g., PROWL,10 P-CLASSIC11 ) have been developed.12 Unfortunately, these methods can only be
applied in situations where the accuracy of propositions is ambiguous rather than unknown
due to incomplete knowledge.13 While inductive methods, like machine learning, are powerful
tools for producing predictions that are not explicitly asserted,12 the scalability of ontology
properties can significantly limited the utility of these techniques.14
Link prediction, an inductive learning method, predicts unobserved connections between
the nodes of a network. Most biological network representations can be assumed to be incomplete, making link prediction a potentially valuable tool for knowledge discovery. The
application of such algorithms to biological networks has correctly predicted important relationships, including protein-protein interactions,15 drug-target pairs,16 and regulatory gene
interactions.17 Although OWL is a highly expressive representation language,18 its use comes
at the cost of a structurally complex network. We hypothesize that the expressivity of OWL
reduces the power of link prediction algorithms to identify novel, biologically important insights. We further hypothesize that an abstraction of OWL networks will negate this power
loss, providing a novel means to infer knowledge from available OWL resources.
In the field of biomedical informatics, abstraction networks have been used to obtain
an alternative view of a terminology/ontology by reducing the complexity of its underlying
structure.19,20 Primarily developed to assess the quality of clinical terminologies and ontologies,
these methods leverage the underlying terminology/ontology structure to combine subsets of
nodes with similar attributes (e.g., data or object properties, and relations).19,21–23 To the
best of our knowledge, there are no existing abstraction methods designed to create network
representations from complex OWL-encoded knowledge for the purpose of network inference.
We propose OWL-NETS (NEtwork Transformation for Statistical learning), a novel computational method that reversibly abstracts OWL-encoded biomedical knowledge into a network representation tailored for network inference. Using several examples built with the
Open Biomedical Ontologies, we demonstrate that OWL-NETS results in networks with significantly different properties than their corresponding OWL representations. We also show
that OWL-NETS can be used to leverage existing ontology-based knowledge representations
and network inference methods to generate novel, biologically-relevant hypotheses. Further,
the lossless transformation of OWL-NETS allows for seamless integration of inferred edges
back into the knowledge base, extending its coverage and completeness.

2. Methods
OWL-NETS is implemented in Python (v2.7) and can be run from a simple GUI or from the
command line. While primarily developed for use with OWL, the program can be easily extended for use with other Semantic Web technologies by modifying two primary assumptions:

134

Pacific Symposium on Biocomputing 2018

(1) A knowledge source contains identifiers that directly represent biologically meaningful
concepts (e.g., GO:0001525 is the identifier for the biological process of angiogenesis).
Within OWL-NETS, biologically meaningful concepts are referred to as ’NETS nodes’.
(2) A knowledge source uses restrictions to specify the existence of biologically important
relations between pairs of biological concepts (e.g., proteins are restricted to participate
in angiogenesis). In OWL, restrictions provide a way to make the definition of a class
more specific (e.g., proteins, specifically, protein kinases, participate in phosphorylation).
Within OWL-NETS, biologically important relations are referred to as ’NETS edges’.
The OWL-NETS methodology is described using an example query that investigates
disease-associated proteins that participate in angiogenesis (Figure 1; pseudocode for Steps
1-4 in Supplementary Material). The method takes a SPARQL query as input and outputs a
directed OWL-NETS abstraction network, directed OWL representation, or both. To improve
processing efficiency, the majority of the computational workload is performed on the input
SPARQL query (Steps 1-3) rather than the resulting output.

Fig. 1.

Overview of the OWL-NETS Method.

(1) Construction of Query Graph and Identification of NETS Nodes: The input SPARQL
query is used to create a directed query graph, where each triple (one of which is identified in Figure 1 in the query and in the graph with by a pink box) represents a directed
edge in the query graph. The query graph is then searched for NETS nodes (Figure 1
shows identifier nodes pointing to NETS nodes via dashed orange arrows). NETS nodes
in Figure 1 include: Angiogenesis, Proteins, and Diseases.
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(2) Identification of NETS Edges: The query graph is searched for restrictions (shown in Figure 1 as light green nodes). The NETS node that is reachable from the restriction node’s
out-edges is the target of the NETS edge. In Figure 1, one of the green restriction nodes,
that is pointed to by Proteins has an out-edge that points towards Diseases, thus an
arrow is drawn from Proteins to Diseases. NETS edges are shown in the figure with a red
arrow. When both NETS nodes can be reached from a restriction node, arrows pointing
in both directions are drawn between the NETS nodes (i.e., nodeA → nodeB and nodeB
→ nodeA).
(3) Creation of Network Node and Edge Metadata: Identifiers and labels for each NETS node
and edge (shown in Figure 1 as dark blue and gray boxes) are stored as network metadata.
This metadata is needed to transform the OWL-NETS abstraction network back into the
OWL representation which facilitates the seamless integration of inferred edges back into
the knowledge base, extending its coverage and completeness.
(4) Construction of OWL-NETS Abstraction Network: Steps 1-3 gather information from the
query graph that is needed to construct the OWL-NETS abstraction network. The final
step augments the original query with this information. The red lines shown in the example SPARQL query, under Step 4, demonstrate the addition of NETS node and edge
metadata to the query. The augmented SPARQL query is then run against an endpoint.
The endpoint results are then used to construct the OWL-NETS abstraction network.
Supplemental material (including definitions and acronyms used throughout the paper),
source code, and example data for exploring OWL-NETS can be found on GitHub
(https://callahantiff.github.io/owl-nets/).
2.1. Biomedical Use Cases
To test the utility of OWL-NETS, we make use of the Knowledge Base Of Biology (KaBOB),24
an open-source ontology-based semantically integrated knowledge base of biomedical data.
Currently, KaBOB contains 13 sources of biomedical data on humans as well as seven model organisms in a representation grounded in 17 Open Biomedical Ontologies (OBOs). The queries
that led to the development of OWL-NETS provide the use cases for the current work. The
queries, along with their data sources (all data downloaded on March 2016, except Reactome
which was downloaded on November 2015) are described below:
• Query 1: Human proteins localized to cellular and extracellular components and locations

(Uniprot, Gene Ontology).
• Query 2: Protein targets of drugs that interact with trametinib (Uniprot, Protein Ontology,
RefSeq, IRefWeb, DrugBank).
• Query 3: Protein targets of 100,000 drug-drug interactions and the pathways in which the
proteins participate (Uniprot, DrugBank, Reactome).
Differences in the network properties of the OWL representation and OWL-NETS abstraction networks were explored using 100 protein localization networks (Query 1), each with
50 proteins, generated uniformly at random. Mann-Whitney U tests were then used to determine if the mean of each network property, measured across the 100 networks, significantly
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differed by network representation. In addition to generating basic network properties, the
power-law fit of the complementary cumulative distribution function (CCDF) was calculated
for the network representations generated from Queries 2 and 3. All network properties were
calculated on undirected network representations.
2.2. Link Prediction Procedures
Given an undirected, unweighted network G(N, L), where N is the set of nodes and L is the set
|−1)
of observed edges between these nodes, the universal set of all possible edges U is |N |∗(|N
.
2
The set of nonexistent edges (i.e., the set of edges that don’t currently exist in the network)
is U - L. From the observed network G, a uniformly random set of edges Ltesting was removed
and the remaining edges Ltraining were used as the training network.25,26 Each link prediction
algorithm was then run over the training network. The ability of each algorithm to recover the
edges that were purposefully removed, Ltesting using only the information present in Ltraining ,
was then evaluated. The fraction of edges removed from the original network included 0.05,
0.10, 0.30, 0.50, 0.70, 0.90, and 0.95. For each removed fraction of edges, 100 iterations were
run.
Ten similarity-based link prediction algorithms were run on networks resulting from
Queries 2 and 3. In general, link prediction algorithms assign a similarity score to all nonobserved edges in a network. The predicted edges with the highest scores are the most likely
to exist.26 Both local (i.e., node-level) and global (i.e., path-level) similarity link prediction
algorithms were evaluated. The details regarding these algorithms are provided in Section 2
of Supplementary Material.
2.2.1. Evaluation of Link Prediction Algorithm Performance
The area under the receiver operating characteristic curve (AUC)27 and top-L precision were
used to evaluate link prediction algorithm performance.26
• AUC: The probability that a randomly chosen predicted edge that was purposely removed

(true positive) has a higher score than a randomly chosen nonexistent predicted edge (true
negative), where n0 is the number of comparisons for which the randomly chosen true positive
was higher than the randomly chosen true negative, n00 is the number of comparisons for
which the randomly chosen true positive and true negative had the same score, and n is the
total number of comparisons:
AU C =

n0 + 0.5n00
n

(1)

• Top-L Precision: Given a list of predicted edges sorted by score, the ratio of edges that were
purposely removed LT P (true positives) among all predicted edges L:
P recision =

LT P
L

(2)

The best performing algorithm was chosen using the highest average AUC (over 100 iterations)
when removing a fraction of 0.5 edges from the original network. The time to run 100 iterations
of each link prediction algorithm on each of the network representations from Query 2 was
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also evaluated. Algorithms were run in parallel on a machine running macOS Sierra with 16
GB of RAM and a 2.7 GHz processor with 8 cores.
2.2.2. Evaluation of Inferred Edges
The best-performing link prediction algorithm was re-run (this time exposing the algorithm
to all existing edges in the network) and the highest-scoring edges for each network were
evaluated via expert consultation and extensive literature review by a PhD-level biologist
(author ALS). Additionally, an OWL reasoner (HermiT,28 via Protégé v5.1.1) was run on
the OWL representation from Query 2 to demonstrate that deductive inference resulted in
different predicted assertions than the link prediction algorithms.
3. Results
3.1. Comparison of Network Properties
Properties of the network representations from Query 1 are shown in Table S1 of Supplementary Material. On average, the OWL representation networks had significantly more nodes
and edges, larger diameters, higher heterogeneity, a larger number of shortest paths, shorter
average path lengths, more disassortative structures, and more cliques than the OWL-NETS
abstraction networks. In contrast, the OWL-NETS abstraction networks had a larger average
degree and a greater average clustering coefficient. Network properties are defined in Supplementary Material.
The OWL representation and OWL-NETS abstraction networks built from running Query
2 are visualized in Figure 2. The OWL representation network (left) contained 840 nodes and
1,426 directed edges. In comparison, the OWL-NETS abstraction network (middle) contained
59 nodes and 65 directed edges. The OWL-NETS abstraction network had a smaller average
degree (2.00 vs. 3.42) than the OWL representation networks. As shown in the third plot

Fig. 2. Query 2 OWL representation network (Left); OWL-NETS abstraction network (middle);
and CCDF power-law fit (right). NETS nodes shown in magenta, purple, and teal. Orange ’OWLSpecific Semantic Structure’ nodes are needed to create valid OWL expressions and are only part of
the OWL representation networks. NETS edge relations shown in solid and dashed lines.
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(right), both network representations had good to moderate power-law fit. This is consistent
with the fit reported in the literature for other heavy-tailed biological networks.29,30 Additional
network properties can be found in Table S2 of Supplementary Material.
The OWL representation and OWL-NETS abstraction networks built from Query 3 are
visualized in Figure 3. The OWL representation network (left) contained 22,679 nodes and
33,848 directed edges. In comparison, the OWL-NETS abstraction network (middle) contained 1,783 nodes and 7,253 directed edges. The OWL-NETS abstraction network had nine
connected components (as shown in the figure as one large network surrounded by eight
smaller networks), with the largest connected component containing 1,702 nodes and 7,111
directed edges. The largest connected component of the OWL-NETS abstraction network had
a larger average degree (4.42 vs. 2.98) and a longer average path length (6.54 vs. 4.13) than
the OWL representation. As shown in the third plot (right), both networks had moderate to
poor power-law fits. Similar to Query 2, the OWL representation network had a worse fit than
the OWL-NETS abstraction network. See Table S2 (Supplemental Material) for additional
network properties.

Fig. 3. Query 3 OWL representation network (Left); OWL-NETS Abstraction Network (middle);
and CCDF power-law fit (right). Node size is only for visualization. NETS nodes shown in magenta,
purple, and teal. Orange ’OWL-Specific Semantic Structure’ nodes are needed to create valid OWL
expressions and are only part of the OWL representation networks. NETS edge relations shown in
solid and dashed lines.

3.2. Link Prediction Algorithm Performance
The results from performing link prediction on the network representations for Query 2 are
shown in Figure S1 (Supplementary Material).
There were 350,944 nonexistent edges in the OWL representation network and 1,652
nonexistent edges in the OWL-NETS abstraction network. The average AUC scores for the
OWL representation network, for all fractions of removed edges, ranged between 0.50 and 0.62.
The highest average AUC was found for the Rooted PageRank algorithm when removing a
fraction of 0.05 edges from the network (0.66). The average precision for algorithms across all
fractions of removed edges was between 0.0001 and 0.001. For the OWL-NETS abstraction
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network, the average AUC scores for the best performing algorithms, across all fractions of
removed edges, ranked between 0.50 and 0.92. The highest average AUC was found for the
Katz algorithm when removing a fraction of 0.05 edges from the network (0.92). The average
precision for algorithms across all fractions of removed edges was between 0.001 and 0.04.
The OWL-NETS abstraction network from Query 3 was also explored using the link prediction algorithms (Figure S2, Supplementary Material). There were 257,123,333 nonexistent
edges in the OWL representation network and 1,584,713 nonexistent edges in the OWL-NETS
abstraction network. The Katz (0.51-0.78), Shortest Path (0.51-0.75), Degree Product (0.580.73), and Rooted PageRank (0.64-0.67) algorithms consistently had a higher average AUC
across all fractions of removed edges, compared to the other algorithms. Average precision
values were similar to Query 2.
The total run time of each algorithm over the 100 iterations varied widely between the
network representations from Query 2 (Table S3, Supplementary Material). On average, across
all algorithms the OWL-NETS abstraction networks completed 7.5-1185.7 times faster than
the OWL representation networks. This is expected given the drastic difference in the number
of non-existent edges.
3.2.1. Inferred Edges
For Query 2, the Rooted PageRank algorithm performed best on the OWL representation;
however, evidence could be found for only one of the predicted edges (HRH1-ADA1A occur in the same calcium signaling KEGG pathway) when run on all edges in the network.
Additionally, running HermiT over the OWL representation network resulted in no inferred
axioms.
Running the top-performing Katz algorithm on the full OWL-NETS abstraction network produced dramatically better results. From extensive literature review, direct or indirect
evidence of a meaningful biological association was found in support of 50% of the top 20
predicted edges (Table 2). Examples of direct evidence found to validate predicted edges include amodiaquine and nimodipine, which have been shown to experimentally to regulate the
expression of voltage-dependent calcium channel L-type alpha 1 C subunits31 and HNMT,32
respectively. Indirect biological evidence was found to support the edge between amodiaquine
and AHR, which was substantiated by their shared relationship to the CYP1a1 enzyme33,34
and the amodiaquine-OPRM1 edge, which is supported by the reported relationship between
pruritus (itching) induced by quinolones (a family of anti-malarial drugs including amodiaquine) and its pharmacologic treatment with naltrexone, an OPRM1 antagonist.35 Interestingly, many of the top 20 edges were related to each other by common biological themes such
as histamines and the opioid receptor system. Additionally, as demonstrated by the results
in Table 2, DPP4 appears to link seemingly unrelated groups of drugs including narcotics
(e.g., hydrocodone), those used in the treatment of malaria (e.g., amodiaquine), and diabetes
(e.e., saxagliptin). Therefore, it is possible that the examination of predicted edges can reveal
biological mechanisms underlying the interactions of drugs with other drugs and targets.
Evidence from the literature could be found to support 75% of the top 20 scoring edges
predicted by the Katz algorithm on the OWL-NETS abstraction network generated from
Query 3 (selected examples of which are presented in Table S4, Supplementary Material). The
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Table 1.

Top scoring edges from Query 2 OWL-NETS abstraction network (n=10 edges)

Node 1

Node 2

Description

amodiaquinea

DPP4a

Middle East Respiratory Syndrome-Coronavirus (MERS-CoV)
gains entry into cells via DPP4 and amodiaquine has activity
against MERS-CoV.36

CACNA1Cb

Amodiaquine-treated mice have decreased expression of voltagedependent calcium channel L-type alpha 1 C subunits in their livers.31

amodiaquinea

CACNA1Db

Amodiaquine-treated mice have decreased expression of voltagedependent calcium channel L-type alpha 1 C subunits in their livers.31

nimodipinea

HNMTb

A small molecule screen demonstrated that nimodipine caused increased HNMT expression in cultured human cells.32

amodiaquinea

OPRM1b

Quinolone-based antimalarials can induce generalized pruritus
(itch), which can be treated with the mu-opioid receptor (OPRM1)
antagonist naltrexone.35

amodiaquinea

AHRb

Amodiaquine is metabolized by CYP1a1. CYP1a1 is induced by
signaling through AhR.33,34

hydrocodonea

HNMTb

HNMT regulates histamine release and opiates, like hydrocodone,
induce histamine release.37

DPP4b

DPP4 cleaves dietary gliadin into opioid peptides that can activate mu-opioid receptors. Hydrocodone activates mu-opioid receptors.38,39

MRP1b

MRP1 is involved in maintaining the blood-brain barrier. Downregulation of MRP1 increases the analgesic effect of systemic morphine in mice and rats by decreasing the blood-brain barrier. Hydrocodone is a synthetic opioid.40

OPRM1b

Saxagliptin inhibits DPP4, which contributes to the cleavage
of dietary gliadin into opioid peptides. The gliadin opioid peptide, gliadinomorphin-7, can activate the mu-opioid receptor
(OPRM1).38,39

amodiaquinea

hydrocodonea

hydrocodonea

saxagliptina
a DrugBank

entity (DrugBank ID used for experimental compounds); b Uniprot entity (gene symbol
is shown to preserve space).

predicted edge between AG-1067, a derivative of probucol (an anti-hyperlipidemic drug), and
MMP2 is supported by experimental evidence that probucol decreases the expression and activity of MMP2 in a mouse model.41 Similarly, the predicted edge between DB04513 and RAF1
is substantiated by evidence that calmodulin 1, which is the target of experimental drug N-(6aminohexyl)-5-chloro-1-naphthalenesulfonamide (DB04513), modulates signaling through the
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Ras/Raf/MEK/ERK signaling pathway.42 Two additional edges between celiprolol and CYCS
and between Reactome pathway 1454838 and transferrin were found to be biologically related
through disease processes including hypertension,43,44 and multiple myeloma.45,46 The predicted edge between experimental drug 2-[formyl(hydroxy)amino]methyl-4-methylpentanoic
acid (DB03683) and APAF1 was supported by their shared association with MMP9.47

4. Discussion
Networks representing biomedical mechanisms constantly evolve; the addition of new edges
within a network may symbolize important interactions and provide valuable insight into its
underlying biology.48 Investigating new edges within these networks provides a methodology
for generating novel hypotheses. While OWL provides powerful techniques for representing
existing knowledge, well-established OWL reasoners are unable to account for missing or
uncertain knowledge. Further, the structural complexity of OWL reduces the effectiveness of
certain types of network inference. To address these limitations we developed OWL-NETS,
a novel computational method that reversibly abstracts OWL-encoded biomedical knowledge
into a network representation tailored for network inference. To the best of our knowledge,
there are no existing network abstraction methods designed to create network representations
from OWL-encoded knowledge sources to facilitate network inference.
Existing network abstraction methods reduce the structural complexity of a terminology/ontology by aggregating nodes with similar attributes or properties.21–23,49 An abstraction
network is considered useful if it is significantly smaller than the original terminology/ontology
without losing structure and content.20 The goal of OWL-NETS is to collapse the nodes and
edges that are necessary to logically represent relationships between biological entities in OWL,
but are not themselves biologically meaningful and interfere with network inference. In contrast to existing methods, the reduced size of the OWL-NETS abstraction network, relative
to its original OWL representation, is not predictive of its usefulness for inference. In fact,
too much aggregation may result in a network whose properties are no better for inference
than the original OWL representation. More importantly, existing network abstraction methods were not designed for network inference; combining nodes having the same attributes or
properties could inadvertently mask important biological relations of the resulting abstraction
networks.
This work is not without limitations. Relying on literature review, even if by a domain
expert, does not provide the most robust evaluation of inferred edges. Future work will include a collaboration where results can be evaluated experimentally. Additionally, the current
work evaluated relatively simple, unipartite networks. Future work will explore more complex
types of biological network representations, such as bipartite and multiplex networks. We are
also developing methods for adding edge weight to the OWL-NETS abstraction networks to
indicate the amount and/or quality of the confidence/evidence of the connection between the
biological entities. Finally, exploration of more complex link prediction algorithms that can
accommodate directed networks as well as alternative methods for predicting missing edges
(e.g., community detection methods50 ) is also a focus of future work.
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5. Conclusions
OWL-NETS is a novel abstraction network methodology that generates semantically rich network representations that are easily consumed by network inference algorithms. OWL-NETS
is easy to configure and can be modified for use with other knowledge sources leveraging
Semantic Web technologies. When running link prediction algorithms over OWL-NETS we
provided expert-verified evidence from the literature for 50-75% of inferred edges. By leveraging many knowledge sources in a representation tailored for network inference, OWL-NETS
has a unique ability to recognize existing, natural patterns in the biological world that have
not yet been identified, which would be readily testable in the laboratory environment.
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