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Summary

Objecives: To select, present, and summarize the best papers
published in 2016 in the field of Knowledge Representation and
Management (KRM).

Methods: A comprehensive and standardized review of the medical
informatics literature was performed based on a PubMed query.
Results: Among the 1,421 retrieved papers, the review process
resulted in the selection of four best papers focused on the
integration of heferogeneous data via the development and

the alignment of terminological resources. In the first article,

the authors provide o curated and standardized version of the
publicly available US FDA Adverse Event Reporting Sysfem. Such
a resource will improve the quality of the underlying data, and
enable standardized analyses using common vocabularies. The
second article describes a project developed in order fo fucilitate
heterogeneous data infegration in the i2b2 framework. The orig-
inality is to allow users infegrate the datu described in different
ferminologies and to build a new repository, with a unique model
able to support the representation of the various data. The third
paper s dedicated to model the association between multiple

Introduction

The year 2016 has produced a large amount of
publications related to the field of Knowledge
Representation and Management (KRM) in
Medicine. KRM focuses on the development
of techniques to be used and leveraged in oth-
er medical informatics domains. During the
last years, we observed a growing interest in
integrating medical data to ensure interopera-
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phenotypic traits described within the Human Phenotype Ontolo-
gy (HPO) and the corresponding genotype in the specific confext
of rare diseases (rare varionis). Finally, the fourth paper presents
solutions to annotation-ontology mapping in genome-scale

data. Of particular interest in this work is the Experimental Factor
Ontology (EFO) and ifs generic association model, the Onfology
of Biomedical AssociatioN (OBAN).

Conclusion: Ontologies have started to show their efficiency to
integrate medical data for various tasks in medical informatics:
electronic health records data management, dinical research, and
knowledge-based systems development.
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bility between heterogeneous sources of data
[1-4]. Not surprisingly, the use of knowledge
representation models, especially ontologies,
has become a significant approach for en-
abling complex integration tasks.

In this paper, we present the papers published
in 2016 in the KRM domain, selected as the best
papers because of their impact or the novelty of
the approach they provide in the medical knowl-
edge representation and management field.

Paper Selection Method

We conducted the selection of KRM papers
in PubMed/MELDINE based on the query
used in the previous edition of the IMIA
Yearbook. We followed a generic method,
commonly used in all sections of the Year-
book, defined in [5]. As for the last four
years, the search was performed on MED-
LINE by querying PubMed. Our query in-
cludes MeSH descriptors related to the KRM
in the context of medical informatics with
a restriction to international peer-reviewed
journals, including conference proceedings
indexed in PubMed. Only original research
articles published in 2016 (from 01/01/2016
to 12/31/2016) were considered; we exclud-
ed the following publications types: reviews,
editorials, comments, letters to the editors.
We limited the search on major MeSH de-
scriptors (for example “biomedical ontolo-
gies [MAJR]”) to avoid a large set of articles
and we completed it by non-MeSH terms
searched on the titles and abstracts of articles
(for example “terminologies [TIAB]”).
The selection of best papers was per-
formed in a three-step process on the papers
returned by the query. In the first step, the
section editors reviewed all the returned
papers on the basis of titles, abstracts, and
types of publication to establish a short list of
15 candidate best papers. In the second step,
five experts (including the section editors)
reviewed the candidate best papers using
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the IMIA Yearbook quality criteria scoring
method. More specifically, the following cri-
teria were evaluated: significance to medical
and health informatics, quality of scientific
content, originality and innovativeness, cover-
age of the related literature, organization and
quality of the presentation. The final step of
the selection was achieved during the editorial
board meeting, taking into account the exter-
nal reviews and the report of section editors.

Results

For 2016, the KRM query retrieved 1,421
citations from PubMed. The section editors
achieved a first selection of 100 papers based
on titles and abstracts. After a second review
of this set of papers, a selection of 15 candi-
date best papers was established [6-20]. Five
reviewers reviewed these pre-selected papers
to select the best four final papers [6-9].
The four best papers of 2016 demonstrat-
ed the added-value of ontology-based inte-
gration approaches for phenotype-genotype
association mining [6], for clinical data from
electronic health records (EHRs) integration
and analysis [8], for efficient reference
dataset production [7, 21] and introduced
a new statistical method for phenotyping
rare genetic disorders [9]. Table 1 lists the
four papers selected as best papers for the
section Knowledge Representation and
Management. A brief summary of each one
can be found in the appendix of this synopsis.
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Among the other selected papers, we ob-
served several research directions within the
KRM field, mostly focusing on data integra-
tion leveraging ontology-based annotation.
Interestingly, many other articles published
in 2016 leveraged semantic representations
in particular in bioinformatics or natural
language processing.

KRM Solutions for EHR Data
Integration

In addition to the solutions for i2b2 presented
by Bauer et al. [8], three other papers among
the candidate best papers had a specific
focus on clinical data management. These
papers show different ways to implement
Knowledge Organization Systems (KOS)
and sometimes ontologies to organize EHR
and clinical data.

Klann et al. [17] proposed using the i2b2
data warehouse as a hub, to rapidly reconfig-
ure data to meet new analytical requirements
without new ETL programming. The orig-
inality of this approach is in the generation
of a PCORnet Common Data Model (CDM),
which acts as a pivot representation.

Hochheiser et al. [13] translated a sub-
set of the Fast Healthcare Interoperability
Resources (FHIR) in OWL2 and extended
it with terms from the National Cancer In-
stitute (NCI) thesaurus. The resulting model
supports cancer phenotype integration in
clinical documents.

Table T Best paper selection of articles for the IMIA Yearbook of Medical Informatics 2017 in the section ‘Knowledge Representation and
Management'. The arficles are listed in alphabetical order of the first author's surname.

Section
Knowledge Representation and Management

accelerate drug safety research. Sci Data 2016;3:160026.

Methods Inf Med 2016;55(2):125-35.

Rare Diseases. Am J Hum Genet 2016;98(3):490-9.

J Biomed Semantics 2016;7-8.

= Banda JM, Evans L, Vanguri RS, Tatonetti NP, Ryan PB, Shah NH. A curated and standardized adverse drug event resource to

= Baver (R, Ganslandt T, Baum B, Christoph J, Engel I, Lobe M, Mate S, Staubert S, Drepper J, Prokosch HU, Winter A, Sax U.
Integrated Data Repository Toolkit (IDRT). A Suite of Programs to Facilitate Health Analytics on Heterogeneous Medical Data.

= Greene D, NIHR BioResource, Richardson S, Turro E. Phenotype Similarity Regression for Identifying the Genetic Determinants of

= Sarnfivijai S, Vasant D, Jupp S, Saunders G, Bento AP, Gonzalez D, Betts J, Hasan S, Koscielny G, Dunham |, Parkinson H,
Malone J. Linking rare and common disease: mapping dlinical disease-phenotypes to ontologies in therapeutic target validation.

Johnson et al. [15] demonstrated the use
of a data quality ontology to assess the qual-
ity of EHR data. Improvement in research
based on EHR data might result from shared
quality metrics and from an automated qual-
ity assessment using a data quality ontology.

Finally, in his survey paper for the KRM
section of the 2017 IMIA Yearbook [22],
Rosenbloom et al. identified the representa-
tion of clinical knowledge as a major trend
in the past year, with a perspective of wide-
scale EHR data integration.

Knowledge Bases and Integrated
Portals

Besides the direct use of clinical data, the
KRM community develops integrated se-
mantic resources to support research and
clinical practice. In the field of adverse drug
event research, Banda ef al. [6] developed an
integrated and open resource supporting the
future updates of the FDA (US Food Drug Ad-
ministration) dataset. Other knowledge bases
and information portals of interest in Medicine
are described in the four articles below.

Hayman et al. [12] developed a curated
portal for multispecies gene-disease rela-
tionships descriptions centered on the rat
genome. This research-oriented resource
introduces a dedicated ontology with an-
notations from the Rat Genome Database
and also from ClinVar and OMIM (Online
Mendelian Inheritance in Man).

Hoffman et al. [14] from the Clinical
Pharmacogenetics Implementation Consor-
tium Informatics Working Group established
a set of principles for developing efficient
knowledge bases in pharmacogenomics to
support precision medicine.

Workman et al. [20] described Spark, a
graphical knowledge discovery application
based on Serendipitous Knowledge Discovery
studies and data structures known as semantic
predications. The source of knowledge for this
application is the Semantic MEDLINE data-
base, containing over 70 million predications
(stored as triples), extracted from all PubMed
citations and abstracts.

Saunders et al. [18] proposed a model of
BioOntological Relationship Graph database
(BORG), which integrates multiple sources
of genomic and biomedical knowledge into
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an on-disk semantic network where human
genes and their orthologs in mouse and rat
are central concepts mapped to ontology
terms. This graph was used and analyzed to
screen all human genes for potential links
to tendinopathy and finally to propose four
candidate genes.

New Ontologies and Solutions for
Ontology Development

The KRM community also produced a wide
range of methods, models, and tools. The
selected article by Greene et al. [9] presents
a novel approach, involving knowledge
representations and statistical methods to
investigate the relationship between genetic
variants and an ontological representation of
phenotypes. Sarntivijai et al. [6] introduced
a generic OWL (Web Ontology Language)
representation of the disease-phenotype as-
sociation. Among the other papers reviewed
in the KRM section, we identified four pa-
pers presenting valuable methods and tools
for ontology development. Interestingly, in
the development of ontologies, the reusing
of other available terminological resources
has become a common and shared approach.

Blank et al. [10] used up to date methods
to develop an ontology for prokaryotic tax-
onomic descriptions (MicrO). This resource
is promising for text mining support and for
modeling genotype-phenotype associations
in prokaryotes. Their methods correspond
to the state-of-the-art of ontology design.

Detwiler et al. [11] presented the offi-
cial conversion of the Foundational Model
of Anatomy from Frames to OWL2. The
methods for the conversion and for the
post conversion clean-up are presented in
detail, providing a clear documentation for
researchers.

Jupp et al. [16] presented a solution
(Webulous) to OWL ontology development
based on ontology design patterns. It is a
Google add-on which is used for the devel-
opment of few ontologies at the European
Bioinformatics Institute.

Thanintorn et al. [19] proposed the
method of “sketch map” in order to reduce
knowledge complexity for precision medi-
cine analytics. The authors tend to demon-
strate that the description of pathways with a
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new KEGG (Kyoto Encyclopedia Genes and
Genomes) ontology and their method would
be invaluable for hypothesis generation in
different domains as precision diagnostics.

Conclusions

In 2016, the integration of heterogeneous
data emerges as a major trend in Knowl-
edge Representation and Management
in Medicine. Accordingly, ontology- and
terminology-based annotations appear as a
fruitful solution to support this integration.
Consequently, the construction of ontologies
is refined and precise, taking into account
existing domain ontologies and terminol-
ogies by reuse or alignment. Additionally,
these ontologies are integrated into knowl-
edge-based systems (KBS) mainly based
on semantic web languages (e.g. Resource
Description Framework — RDF) which are
successfully developed for different tasks:
for the generation of hypotheses of links
between diseases and phenotypes, genes or
biological pathways, for clinical research,
and for the assessment of the quality of
EHR data.
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Appendix: Content Summa-
ries of Selected Best Papers
for the 2017 IMIA Yearbook,
Section Knowledge Repre-
sentation and Management

Banda JM, Evans L, Vanguri RS, Tatonetti
NP, Ryan PB, Shah NH

A curated and standardized adverse drug
event resource to accelerate drug safety
research

Sci Data 2016;3:160026

This open science paper introduces a large,
curated, and publicly available resource
for adverse drug event (ADE) research: it
includes an ADE dataset with the source
code and documentation to be used by the
research community. This resource (AEO-
LUS) derives from the publicly available
US Food and Drug Administration (FDA)
Adverse Event Reporting System (FAERS)
dataset, covering spontaneous reports of
adverse drug events since 2012. The resource
also integrates a legacy dataset covering
2004-2012. The final dataset results from
a pipeline consolidating all relevant data
for ADE research, normalizing different
term usage, de-duplicating cases, mapping
drugs to RxNorm, mapping drug indications
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and reactions to MedDRA, and generating
drug-outcome pairs with associated statis-
tics. The provided documentation and code
is expected to support the evolution of this
resource when updates of the FAERS dataset
are released.

Bauer (R, Ganslandt T, Baum B, Christoph
J, Engel |, Lobe M, Mate S, Staubert S,
Drepper J, Prokosch HU, Winter A, Sax U

Integrated Data Repository Toolkit (IDRT).
A Suite of Programs to Facilitate Health
Analytics on Heterogeneous Medical Data

Methods Inf Med 2016;55(2):125-35

This paper presents a set of tools developed
within the Integrated Data Repository
Toolkit (IDRT) German project in order
to facilitate heterogeneous data integration
in the i2b2 framework. Among various
applications, this toolset efficiently allows
researchers to design their own analyses. For
example, the Mapping Editor of the IRDT
Import and Mapping Tool helps to import
different formats of data into the current i2b2
terminology. The originality at this step is
to allow users to integrate data described in
different terminologies (e.g., ICD-10-GM,
MedDRA, LOINC, ICP-O, and others) and
to build a new repository, with a unique
model able to support the representation of
these data. The new target ontology is a ded-
icated model of the data of the project which
can be saved for new analyses — with a prior
translation of the data from the original ter-
minological model to a new target hierarchy.
As aresult, IDRT appears as a step forward
to the semantization of i2b2.

Greene D, NIHR BioResource, Richardson
S, Turro E

Phenotype Similarity Regression for
Identifying the Genetic Determinants of
Rare Diseases

Am J Hum Genet 2016;98(3):490-9

This paper is dedicated to model the as-
sociation between multiple phenotypic
traits described with the Human Phenotype
Ontology (HPO) and the corresponding
genotype, in the specific context of rare dis-
ease (rare variants). HPO allows composite
phenotypes to be represented systematically

but association methods accounting for the
ontological relationship between HPO terms
do not exist. The authors propose a Bayesian
method to model the association between
HPO-coded phenotypes and genotypes. The
method uncovers associations between rare
genotypes and the similarities between pa-
tients’ phenotypes and a latent characteristic
phenotype. The effectiveness of the approach
is demonstrated on a simulation study and
on a real dataset from the BRIDGE project.

Sarntivijai S, Vasant D, Jupp S, Saunders
G, Bento AP Gonzalez D, Betts J, Hasan
S, Koscielny G, Dunham I, Parkinson H,
Malone J

Linking rare and common disease:
mapping dinical disease-phenotypes to
ontologies in therapeutic target validation

J Biomed Semantics 2016;7-8

This paper proposes solutions to annota-
tion-ontology mapping in genome-scale
data. Of particular interest in this work is the
Experimental Factor Ontology (EFO) and
its generic association model, the Ontology
of Biomedical AssociatioN (OBAN). EFO
is a well-founded ontology, reusing ontolo-
gies from the Open Biomedical Ontologies
(OBO) community (and other necessary
models) for a comprehensive description of
the domain, with the Minimum Information
to Reference an External Ontology Term
(MIREOT) strategy: Chemical Entities of
Biological Interest Ontology (ChEBI), the
Phenotypic And Trait Ontology (PATO), the
Orphanet Rare Disease Ontology (ORDO),
the BRENDA Tissue Ontology (BTO), the
Uber Anatomy Ontology (Uberon), and the
Gene Ontology (GO). OBAN is a means to
represent diseases and phenotypes associa-
tions and the source of evidence for these
associations. This was applied to the use
case of linking rare to common diseases at
the Centre for Therapeutic Target Validation.
Based on these models, this work demon-
strates the feasibility of rare and common
diseases integration, using shared pheno-
types. This paper offers a convincing exam-
ple of the industrialization of integration.
The EFO ontology is updated monthly and
allows to propose regularly new associations.
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