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Abstract. Pharmacogenomics (PGx) studies the influence of the genome
in drug response, with knowledge units of the form of ternary relationships genomic variation – drug – phenotype. State-of-the-art PGx knowledge is available in the biomedical literature as well as in specialized
knowledge bases. Additionally, Electronic Health Records of hospitals
can be mined to discover such knowledge units that can then be compared with the state of the art, in order to confirm or temper relationships
lacking validation or clinical counterpart. However, both discovering and
comparing PGx relationships face multiple challenges: heterogeneous descriptions of knowledge units (languages, vocabularies and granularities),
missing values and importance of the time dimension. In this research,
we aim at proposing a framework based on Semantic Web technologies
and Formal Concept Analysis to discover, represent and compare PGx
knowledge units. We present the first results, consisting of creating an
integrated knowledge base of PGx knowledge units from various sources
and defining comparison methods, as well as the remaining issues to
tackle.
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1 Problem Statement
Pharmacogenomics (PGx) is the study of the influence of genomic variations in
the variations in drug response phenotypes. Knowledge in PGx is composed of
ternary relationships of the form genomic variation – drug – phenotype, where
the phenotype can be the expected drug outcome or an adverse effect. For example, one well studied PGx relationship is G6PD:202A – chloroquine – anemia,
stating that patients having the 202A version of the G6PD gene and treated with
chloroquine will experience anemia. PGx is of importance in the implementation
of personalized medicine, where drug treatments and drug doses are tailored to
the genotype of patients to reduce risks of adverse effects.
State-of-the-art PGx knowledge can be found in (i) specialized knowledge
bases (e.g., PharmGKB) and (ii) the biomedical literature. However, such relationships may have only been observed on reduced cohorts of patients and still remain to be further studied. On the other hand, nowadays, lots of health care data

are digitally available thanks to the use of Electronic Health Records (EHRs).
They contain information about diseases, laboratory tests, medical procedures
and prescriptions that a patient has experienced. Therefore, mining EHRs to
discover PGx knowledge units and then comparing them with the state of the
art could confirm or temper poorly validated relationships [7].
However, mining PGx relationships from EHRs and comparing knowledge
units from various sources face multiple challenges. First, EHRs data are multivariate, heterogeneous, irregular in time, and sparse [2]. The time dimension
should also be carefully taken into account and relationships from a patient level
should be generalized to an aggregated level. Then, comparing PGx knowledge
units from various sources require to face the heterogeneity of their descriptions
in terms of languages, vocabularies and granularities. For example, as genetic
data are not common in EHRs, mined relationships will most likely use proxies,
such as lab measures or specific side effects to a drug treatment that indicate
the presence of a specific genomic variation. Knowledge comparison mechanisms
should also leverage provenance metadata of knowledge units. Indeed, sources
may define quality metrics associated with PGx relationships and representing
their “level of validation”. Finally, one challenge also resides in dealing with contradictory information coming from different sources. Therefore, in this research,
we aim at proposing representation formalisms and discovery and comparison
methods in the context of relational and heterogeneous knowledge, formed by
PGx relationships.
This paper is organized as follows. Section 2 presents some relevant works
w.r.t. the considered challenges. Sections 3 and 4 present the proposed approach
as well as the adopted methodology. Section 5 introduces the first results that
are discussed in Section 6.

2 State of the Art
To propose a framework for knowledge discovery and comparison in pharmacogenomics, one first needs to define the knowledge representation formalism
to adopt. In this direction, one possible solution resides in using Semantic Web
technologies, such as OWL and RDF, that allow to represent data and knowledge in a machine-readable format. Such data and knowledge being published
and accessible on the Web, it is possible to leverage existing knowledge defined elsewhere when considering a particular data set. Existing works already
use Semantic Web technologies to represent Life Sciences data and knowledge.
For example, the Bio2RDF project [5] represents and interlinks numerous Life
Sciences data sets about drugs, genomic variations, phenotypes, etc. More particularly, ontologies have been created for the PGx domain. However, they are
not adapted to the current need of integrating and comparing knowledge units
of various sources. For example, the Pharmacogenomic Clinical Decision Support (or Genomics CDS) [19] aims at applying pharmacogenomic guidelines to
patient data, to help clinicians in their decisions. Alternatively, the Suggested
Ontology for Pharmacogenomics (SO-Phare) [8] focuses on knowledge discovery.

Besides representing PGx knowledge itself, Semantic Web technologies are
also used to represent EHRs data. For example, Odgers and Dumontier [18]
showed that transforming EHRs data into RDF allowed to connect them with
additional knowledge, in the objective of improving knowledge discovery methods. Similarly, Beyan and Decker [4] proposed to use RDF to model temporal
relations in EHRs. Indeed, the flexible schema of RDF graphs seems suited to the
sparsity and heterogeneousness of EHRs data. Moreover, RDF allows to connect
data to existing knowledge repositories. Semantic relations as well as hierarchies
of concepts provided by ontologies can also be used to abstract care trajectories
of patients.
Mining such abstract care trajectories may be considered as mining sequences
of events. Several approaches have already been proposed. One possible approach
is to consider Allen’s temporal logics to mine temporal patterns, abstracting from
exact durations between events [3]. Additionally, lots of health care data are described using concepts of ontologies. For example, drug prescriptions can be
encoded using the Anatomical Therapeutic Chemical Classification (ATC). It is
also frequent that diseases are encoded with concepts of the International Classification of Diseases (ICD). These ontologies provide hierarchies of concepts,
that can be used as background knowledge when abstracting care trajectories.
For example, Egho et al. [9] proposed to mine heterogeneous multidimensional sequential patterns, taking into account background knowledge represented within
ontologies.
Finally, knowledge discovery from EHRs represented as RDF graphs or comparing knowledge in RDF graphs can be achieved using Formal Concept Analysis
(FCA) [11]. Indeed, FCA is a mathematical framework grouping objects w.r.t.
their common attributes in formal concepts. These formal concepts are organized in a hierarchical structure called a lattice, where the hierarchy indicates
a specialization of sets of grouped objects (or dually a generalization of sets of
associated attributes). FCA has been extended with Pattern Structures [10] to
take into account more complex data than just objects and attributes. FCA and
Pattern Structures were already applied on ontology engineering tasks such as
mining definitions of ontology concepts [1] and analyzing ontology-based annotations in biomedical documents [6].

3 Proposed Approach
In this research, we propose to develop a framework based on Semantic Web
technologies and Formal Concept Analysis to discover, represent, and compare
(or align) PGx knowledge units from various sources, as presented in Figure 1.
It should be noted that the RDF triples considered in this work can be seen as
data but also as knowledge.
A first major task resides in building an integrated knowledge base of PGx
knowledge units from various sources. To this aim, a common integration schema
should be defined. As previously mentioned, existing PGx ontologies are not
suited to the current need as they focus on knowledge discovery or reasoning
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Fig. 1. Proposed framework for knowledge discovery, representation, and comparison
in PGx.

instead of integration. This integration schema needs to provide an encoding for
provenance metadata. Indeed, the knowledge comparison mechanisms could use
information such as quality metrics defined in original sources or by knowledge
discovery algorithms (e.g., confidence, support). Finally, provenance metadata
could also encode parameters or versions of the developed knowledge discovery
algorithms, allowing to compare and evaluate different executions. The flexibility
of Semantic Web technologies in defining an integration schema is particularly
adapted to our case as PGx knowledge units can be partially discovered from
the various considered sources.
By representing PGx knowledge units with Semantic Web technologies, they
can be interlinked with knowledge defined elsewhere. This background knowledge can be of particular interest when comparing knowledge units. Indeed, ontologies provide equivalences or subsumption relationships, that could improve
identifying equivalent or more specific PGx relationships. For this comparison
mechanism, we choose to use Formal Concept Analysis. Indeed, FCA groups
similar objects together in formal concepts, which can be used to identify similar PGx relationships. Additionally, the hierarchical structure of the generated
lattice can be leveraged to identify relationships more specific or more general
than others. Finally, ontologies describing components of PGx relationships and
their provided concepts hierarchies can be taken into account by using Pattern
Structures.
Finally, we choose to use a two-step approach for knowledge discovery from
EHRs. First, EHRs data should be transformed into RDF. The resulting knowledge base can then be mined. As previously mentioned, this RDFization allows
to use existing knowledge in the mining algorithms. To mine the RDF representation of EHRs data, FCA can also be considered as patients undergoing similar
care trajectories will be grouped into the same formal concepts. Pattern Structures can be used to express sequences representing these care trajectories while
benefiting from knowledge defined in ontologies.

4 Methodology
This research work is organized around two main tasks: knowledge discovery
from EHRs and knowledge comparison. These two tasks present different methodologies and validation mechanisms.
The methodology for the task of comparing knowledge units can be sketched
out as follows:
(1) Define a common integration schema for representing PGx knowledge units
from various sources and an encoding for their provenance metadata;
(2) Instantiate this schema with knowledge units from various sources, validating
the suitability of the schema to represent these knowledge units and their
provenance metadata;
(3) Define and execute comparison methods on the knowledge base resulting
from the instantiation process.
It is noteworthy that validating comparison methods will require an expert, to
be able to identify whether suggestions of identical, more specific or related
relationships are correct. However, we can also develop a first naive comparison
method based on domain knowledge rules, constituting a first baseline to be
compared with results of advanced methods.
Regarding the task of knowledge discovery from EHRs, as we chose to use a
representation using Semantic Web technologies, the methodology should be as
follows:
(1) Transform EHRs data into a knowledge base, connect it with existing knowledge defined elsewhere;
(2) Mine the resulting knowledge base for PGx knowledge units;
(3) Validate the discovered knowledge units.
Similarly to the task of comparing knowledge units, the discovery of PGx knowledge units should be validated by a domain expert. However, a first validation
step of the discovery algorithms could consist in re-discovering PGx relationships
already stated in the biomedical literature from a specific cohort of patients.

5 Results
Learning from the existing ontologies for PGx, we built PGxO, a simple ontology only representing the aspects of PGx needed for integrating and comparing
knowledge units from various sources [13]. Based on the W3C Recommendation
PROV-O, our work also provides a flexible encoding for provenance metadata,
e.g., the source of the knowledge units, quality metrics, etc. The ontology and
the encoding for provenance metadata were validated by answering competency
questions. In a first evaluation, we manually instantiated PGxO with knowledge
units from (i) PharmGKB, (ii) the literature and (iii) what we though may be
discovered in EHRs. In a later evaluation, we instantiated the ontology automatically with knowledge units extracted programmatically from PharmGKB

and the biomedical literature and manually by representing results reported in
studies of EHRs [14]. The resulting integrated data set is called PGxLOD.
As a first comparison work, we defined a set of simple reconciliation rules [14],
identifying when two PGx relationships are referring to the same knowledge
unit, if one is a more precise version of the other or if they are related (to some
extents). These conclusions are then added to the integrated knowledge base.
For example, one rule states that if two PGx relationships involve the same
sets of drugs, genomic variations and phenotypes, then they represent the same
knowledge unit. Results of executing these reconciliation rules constitute a first
baseline to be compared with advanced reconciliation methods.
Finally, regarding comparison methods, we started investigating how FCA
could be used to compare knowledge units. In order to compare the class hierarchy of an ontology with the hierarchy formed by a lattice grouping individuals
w.r.t. the predicates they are subject of, we defined the notion of concept annotation [15, 16]. Each formal concept is annotated with the ontology classes
instantiated by all the individuals of the concept. Subsumption axioms are then
read from the annotated structure and compared with those already defined in
the considered ontology. Using multiple annotations with multiple ontologies, it
is also possible to suggest equivalence relationships between classes of different
ontologies [17]. Finally, by grouping individuals w.r.t. other individuals they are
associated with, it is possible to generalize relationships between individuals to
relationships between classes of individuals. This can be seen as a way to describe frequent profiles of predicates, for example families of genes frequently
associated with families of drugs.

6 Discussion
Our first results in integrating knowledge units from various sources validate our
ontology and the encoding of provenance metadata. The reconciliation rules constitute an interesting baseline that will be useful when executing more complex
comparison methods. Indeed, these advanced methods should yield the same (or
more) comparison results than the reconciliation rules. Additionally, executing
the reconciliation rules on PGxLOD led to identify a major shortcoming. As
PGx relationships are compared based on the involved drugs, genomic variations and phenotypes, mapping relations identifying equivalent or more precise
components are of importance. Therefore, it is important to improve and complete existing mappings, possibly leveraging automatic mappings generated by
ontology repositories such as the NCBO Bioportal.
When such mappings are missing, we could leverage unqualified relations between individuals, such as x-ref relations. Indeed, they could be used to define
or learn similarities between individuals, instead of equivalences. Therefore, one
future challenge would be to define and use comparison methods taking into
account such similarities, leading to identify similar but not strictly equivalent
PGx relationships. Additionally, as PGx knowledge units are ternary relationships, one next challenge resides in using Triadic Analysis [12], an extension

of FCA for ternary relations, with Pattern Structures to integrate background
knowledge from ontologies and similarities.
Finally, results of knowledge comparison approaches can be seen as identifying identical knowledge units, more precise ones, and related ones (to some
extents). However, we could also envision the occurrence of contradictory knowledge units. In this case, some questions of interest reside in the definition of a
contradiction as well as its discovery and its representation.
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