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1 Background
In the life sciences, many data are produced in a high-throughput manner. In the case of
phenotypes, this is particularly achieved through RNA interference (RNAi), where the result of
silencing one gene at a time is observed for a phenomic outcome (RNAi) [Tuschl and Borkhardt,
2002]. In large RNAi screens, the number of potential results is nearly unlimited [Wheeler et al.,
2005]. A phenotype is the ”manifestation of a set of traits in an individual that result from the
combined action and interaction of genotype and environment”1 . The phenotype data resulting
from RNAi and other phenotype screening methods are often captured in journal articles, conference publications or specific databases. Many times, these descriptions are natural language
using a very domain-specific vocabulary. As a consequence comparisons across datasets are performed either manually or use some sort of fuzzy text-mining. To overcome this shortcoming,
the community is in need of a universal phenotype ontology. Such a structure should define
phenotype-specific concepts in a more species-independent manner [Groth and Weiss, 2006].

1.1 Ontologies
For the purpose of this thesis, we define an ontology as a set of concepts that are, where
applicable, connected by relations. There are two main types of relations: IS-A and PART-OF.
The IS-A relation combines two concepts A and B where A is more general than B, i.e. B is a
(subconcept of) A. In case of the PART-OF relation, a concept B consists of multiple concepts
A1 ..An , i.e. Ai is part of B (i = 1..n). For further reading we refer the reader to [Staab and
Studer, 2004].
Currently, there are a few ontologies assisting biologists in annotating their data. Two wellknown examples are the Gene Ontology (GO)2 [GO-Consortium, 2006] and the Mammalian
Phenotype Ontology (MPO)3 [Smith et al., 2005]. ”The GO project is a collaborative effort
to address the need for consistent descriptions of gene products in different databases. [...] It
has developed three structured controlled vocabularies that describe gene products in terms of
their associated biological processes, cellular components and molecular functions in a speciesindependent manner.”4 The MPO enables biologists to annotate documents at ”different levels
and richness of phenotypic knowledge. [...] It continues to develop dynamically via collaborative
input from research groups, mutagenesis consortia, and biological domain experts.”5

1.2 Phenotype Data
Whereas an ontology is a tool to provide information in a structured and standardized way,
PhenomicDB6 [Groth et al., 2007] is a database of phenotypes described through plain and heterogeneous text fragments. It is an integrated multi-species phenotype/genotype resource that
contains phenotypes from several primary databases such as OMIM7 or MGD8 associated with
their genotypes. PhenomicDB also includes GO annotations and orthology relationships from
NCBIs HomoloGene database9 . This project envisions ”that integration of classical phenotypes
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quotation is taken from [Smith et al., 2005]
GO is available at www.geneontology.org
3
MPO is available at www.informatics.jax.org/searches/MP form.shtml
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quotation is taken from www.geneontology.org/GO.doc.shtml
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quotation is taken from [Smith et al., 2005]
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PhenomicDB is available at www.phenomicdb.de
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OMIM is available at www.ncbi.nlm.nih.gov/omim, see [Hamosh et al., 2002]
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MGD is available at www.informatics.jax.org, see [Bult et al., 2007]
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HomoloGene is available at www.ncbi.nlm.nih.gov/sites/entrez?db=homologene, see [Wheeler et al., 2007]
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with high-throughput data will bring new momentum and insights to our understanding. [...]
It enables easy cross-species mining of phenotypes.”10 This integrated data will form the basis
for this thesis.

1.3 Problem and Vision
The GO as well as the MPO were created by hand. This approach ensures high quality but
requirers many expert groups that invest an enormous amount of time. For instance, currently
15 research groups are full members of the GO consortium committed to ontology utilization
and development.
The GO covers concepts for multiple species. In contrast the MPO contains phenotypespecific information only for mammals. To the best of our knowledge, there is no ontology
dealing with phenotype-specific concepts from a broad range of species.
If there was a multi-species ontology containing the phenotype concepts wich are described as
text in PhenomicDB, one had a tool to support the exact formulation and machine readability
of phenotypes. In case the life sciences adopted this ontology, i.e. started improvements and
utilization, it could be the foundation of a high-quality knowledge base.
Since PhenomicDB contains thousands of phenotype-related concept, a manual process is not
practicable. Therefore, we are targeting an automatic process to construct this ontology.

2 Preparatory Work
In a student research project [Böhm, 2007] we reviewed state-of-the-art methods for the automatic creation of term hierarchies. We described early works such as [Salton, 1971] and [Forsyth
and Rada, 1986] through modern approaches, i.e. [Cimiano et al., 2005]. In experiments, we
found that a simple method based on statistics of term cooccurrence [Sanderson and Croft,
1999] reaches a decent precision. The observed poor recall was most likely caused by the specific term matching that was used for concept search in documents. We expect a better recall
by applying fuzzy concept search.
Other methods mentioned in the survey leverage linguistic properties of documents. A wellknown approach uses so called Hearst patterns [Hearst, 1992] to extract hyponyms from text
corpora. One such pattern is N P (, N P )∗ (or|and)otherN P 0 . It implies that the N P s are subconcepts of N P 0 .

3 Goal
The goal of this thesis is the automatic generation of a multi-species phenotype ontology. The
result is not aimed to be a fully mature knowledge base as it would be defined by human experts,
but a high-quality stating point for manual improvements. Concepts as well as relations will be
extracted from PhenomicDB. Relations will be derived by a hybrid approach based on statistical
properties, lexical patterns and domain-specific links between objects.

4 Approach
Our fundamental idea is to capture different sources of evidence for concept relations in a
graph. The nodes are the concepts. The edges, or more precisely their weights, represent
10
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evidences for relations between two concepts. We focus on IS-A relations, but will not tackle
the disambiguation of IS-A, PART-OF and other relationships.
Given such a model the problem of identifying a concise yet broad set of superconcepts from
a set of concepts can be understood as the dominating set problem (DSP): Given a graph
G = (V, E) and node weights wv , find a subset D ⊂ V (the superconcepts),
such that for each
P
node v ∈ V − D a node d ∈ D exists, where {v, d} ∈ E and d∈D wd is maximal. In [Lawrie
et al., 2001] this approach was applied to term cooccurrence as the only source of evidence.
Our process towards the phenotype ontology thus can be divided into four sub-problems: (1)
the concept definition, (2) the localization of these concepts in the document corpus, (3) the
evidence graph construction, and (4) the relation discovery.

4.1 Concept Definition
This initial step will extract terms and phrases representing phenotype concepts from PhenomicDB. This will use statistical analysis of single terms and n-grams of terms. A term that
has a certain tf.idf value x in a background model (e.g. a sample of Medline) but a tf.idf value
y  x in the foreground model (i.e. PhenomicDB) is most likely a term specific to PhenomicDB,
and therefore probably a phenotype concept. For n-grams of tokens, we will take fuzzyness into
account. When determining the frequencies of phrases an n-gram p may be found in a window
of size w > n. We shall also analyze the statistical significance of our results.
In addition, we consider to use existing sets of concepts, e.g. GO-, MPO-, UMLS11 -, or
MeSH12 concepts. This decision considers the size and plausibility of the concept set extracted
by the statistics above mentioned.

4.2 Concept Discovery
While in the first step the concepts are defined, this phase will locate them in the corpus. This is
necessary for an evaluation of term/phrase cooccurrence and lexical patterns. We will implement
a fuzzy search. When locating a phrase p = t1 ..ti the algorithm will allow mismatches such that
the phrase p0 = t1 ..t0 ..ti where t0 6= t1 ..ti is also a match for p. This will be accomplished by the
use of windows: find p = {t1 ..ti } in a window of size w > i.

4.3 Evidence Discovery
This phase deals with the collection of evidences for relations between concepts. As multiple
evidences are to be extracted, we will incorporate different approaches for inducing concept
relations, e.g. syntactic properties or existing ontologies. This step’s result is the graph capturing the evidences for relations between concepts. We plan to include the following sources
of evidence for relations:
1. Concept cooccurrence in PhenomicDB
2. Hearst patterns
3. Links from phenotypes to genotypes and their annotation with GO concepts
4. Concept cooccurrence in a Medline sample for low frequency concepts in PhenomicDB
(depending on the amount of low frequency terms)
11
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Unified Medical Language System: www.nlm.nih.gov/research/umls
Medical Subject Headings: www.nlm.nih.gov/mesh
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4.4 Relation Discovery
The exploration of concept relations is the main focus of this thesis. The relations are going
to be discovered by the approach above mentioned: we will capture evidences for relations as
edge weights in a graph and use the DSP to determine subsets of superconcepts. At first we
might have to simplify the graph generated in the previous step, e.g. aggregate multiple edges
between two concepts. Since the DSP is NP-hard, we will apply a heuristic. This algorithm has
to take a weighting scheme for the different sources of evidence into account. The definition of
this weighting scheme is part of the challenge to extract the relations.

5 Implementation
The data to be processed is mainly in PhenomicDB. Phenotypes are available in a flat file13 .
This file also includes the genotype link information. The genotype annotations can be downloaded from the NCBI14 .
The main programming language is Java 515 . To find Hearst patterns, we will need to do
some linguistic preprocessing. Since it is not the focus of this thesis to (re)implement Natural Language Processing techniques, we will use public domain libraries for that purpose, e.g.
openNLP16 or LingPipe17 . In these cases we will have to use a scripting language like Perl18 .
The output of the ontology generation process will be an XML file containing the concepts
and their relations. Using XSLT it will be easy to transform this result to another XML Schema
or a flat file format. Target formats could be OWL [McGuinness and van Harmelen, 2004] or
OBO [Smith et al., 2007]. This decision depends on further use and is not part of the thesis.
One way to evaluate the relation discovery is to run the approach on GO- or MPO-concepts.
For these two sets of concepts the precision and recall should be superior to the values from
the student research project. Generally one will have to review the constructed relations with a
biological background. We will use experts’ evaluation of a subset of the relations, to estimate
the overall accuracy.

13

phenomicdb.de/downloads.html
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java.sun.com/j2se/1.5.0
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