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Abstract. We present a suite of Machine Learning and knowledge-based components
for textual-profile based gene prioritization. Most genetic diseases are characterized
by many potential candidate genes that can cause the disease. Gene expression analy-
sis typically produces a large number of co-expressed genesthat could be potentially
responsible for a given disease. Extracting prior knowledge from text-based genomic
information sources is essential in order to reduce the listof potential candidate genes to
be then further analyzed in laboratory. In this paper we present a suite of Machine Learn-
ing algorithms and knowledge-based components for improving the computational gene
prioritization process. The suite includes basic Natural Language Processing capabil-
ities, advanced text classification and clustering algorithms, robust information extrac-
tion components based on qualitative and quantitative keyword extraction methods and
exploitation of lexical knowledge bases for semantic text processing.

1 Introduction
Many wide-spread diseases are still an important health concern for our society due

to their complexity of functioning or to their unknown causes. Some of them can be
acquired but some can be genetic and a large number of genes has already been associ-
ated to particular diseases. However, many potential candidate genes are still suspected
to cause a certain disease and there is strong motivation fordeveloping computational
methods that can help reduce the number of these susceptibility genes. The number
of suspected regions of the genome that encode probable disease genes for particular
diseases is often estimated to be very large. This gives riseto a really large number
of genes to be analyzed which would be infeasible in practice. In order to focus on
most promising genes, prioritization methods are being developed in order to exploit
prior knowledge on genetic diseases that can help guide the process of identifying novel
genes.

Much of the prior background knowledge on genetic diseases is primarily reported
in the form of free text. Extracting relevant information from unstructured data has al-
ways been a key challenge for Machine Learning methods [2]. These have the power to
provide precious capabilities to rank genes based on their textual profile. Indeed, human
knowledge on genome and genetic diseases is becoming huge and manual exploitation
of the large amount of raw text of scientific papers is infeasible. For this reason, recently
many automatic methods for information extraction from text sources have been devel-
oped. The approach presented in [1] links groups of genes with relevant MEDLINE
abstracts through the PubMed engine, characterizing each group with a set of keywords
from MeSH and the UMLS ontology. In [3] co-expression information is linked with the
co-citation network constructed on purpose. In this way co-expressed genes are char-
acterized by MeSH keywords appearing in the abstract about genes. In [4] the authors
developed an approach called neighborhood divergence thatquantifies the functional
coherence of a group of genes through a database that links genes to documents. In [5]
it was proposed a schema that links abstracts to genes in a probabilistic framework that
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uses the EM algorithm to estimate the parameters of the word distributions. Genes are
defined similar when the corresponding gene-by-documents representations are close.
Finally, in [6] and [7] it is provided a proof of principle on how clustering of genes en-
coded in a keyword-based representation can be useful to discover relevant subpatterns.

In this paper we describe a suite of machine learning and knowledge-based methods
for textual-profile based gene prioritization. We present aclassification system based
on inductive logic programming [8] that is able to semantically classify texts regarding
genes or diseases. The power of the approach lies in the representation language, Horn
logic, that permits to describe a text through its logical structure and thus reason about
it. Classification theories are induced from examples and are then used to classify novel
unseen documents. The input to this machine learning systemis given by a knowledge-
based component for text-processing. This rule-based system performs a series of NLP
steps such as part-of-speech tagging and disambigation in order to produce an accurate
representation of the text which is then transformed into a Prolog clause that serves as
input for the learning system.

Then we present a novel distance between Horn clauses that isused in this context
to define similarities between papers regarding genes. The distance is then used in an
instance-based approach to cluster documents of disease genes and candidate genes.
Through the mapping gene-to-document provided by EntrezGene, then the clustering
of documents can be seen as a clustering of genes and further analysis can be performed
to reduce the number of genes to be further analyzed.

Both, the learning system and the instance-based approach are combined with the
taxonomic knowledge base WordNET [9, 10]. In the case of the inductive approach
WordNET is used to properly generalize theories in presenceof similar words that share
any common parent nodes in the hierarchy of concepts of WordNET. In the case of the
instance-based approach, WordNET is used to semantically define a taxonomic distance
between words in the text and include it in the overall distance between two texts. Clus-
tering of documents is then mapped directly to gene clustering using the gene-to-docs
mapping of EntrezGene.

We present also two keyword-based approaches for textual-profile gene clustering.
The first approach is quantitative in that it combines into the Bayes theorem the fre-
quency of a term (in a document and in a collection) and its position in the document.
Through this formula, the probability that a term is a keyword is computed. On the other
side, the qualitative approach exploits WordNET Domains [11, 12] to semantically ex-
tract keywords from documents using the hierarchy of categories defined in WordNET
Domains for each of the synsets found in the document. Both methods are used to gen-
erate thegene × terms matrix which is then combined with the gene-to-docs mapping
taken from EntrezGene, to give the final matrixgene×terms. Then classical clustering
algorithms are performed on this matrix to discover relationships between disease and
candidate genes. The hypothesis is that couple of genes (candidate-disease) within the
same cluster and that show high similarity as given by their textual-profile, could be
probably involved in the same disease.

The paper is organized as follows: in Section 2 we describe the various components
of the suite for gene prioritization, in Section 3 we describe some preliminary exper-
imental scenarios, in Section 4 we discuss related work and the differences with our
approach and in Section 5 we conclude.

2 Machine Learning and knowledge-based components
In this section we describe the various parts of the suite andhow they interact with

each other. We also describe how each component is used for the final goal of scoring
candidate genes.
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2.1 Rule-induction system for text classification on diseases
The rule-induction system INTHELEX [13], is an incrementallearning system that

induces and revises first-order logic (FOL) theories for multiple classes from examples.
It uses two inductive refinement operators to fix wrong classifications of the current the-
ory. In case a positive example is rejected, the system generalizes the definition of the
corresponding concept by dropping some conditions (ensuring consistency with all the
past negative examples), or adding to the current theory (ifconsistent) a new alternative
definition of the concept. When a negative example is explained, a specialization of one
of the theory definitions that concur in explaining the example is attempted by adding
to it some (positive or negative) conditions which characterize all the past positive ex-
amples and discriminate them from the current negative one.

When dealing with examples describing text, the system findsdifficulties to gener-
alize theories if lexical knowledge is missing. Therefore,to handle theory refinement
for text classification we have introduced in the system an operator for finding common
parents of words in the WordNET knowledge base. The following example clarifies
how generalization is performed using WordNET:

Let’s consider the following phrases:
The enterprise bought shares.
The company acquired stocks.

These represent two examples for the learning system. When the first example
comes, the learning system generates a theory to properly classify it. When the second
example is given to the system, it fails to explain it and tries to generalize the current
theory. It fails to generalize the theory since it does not have any further information on
the proper logical leterals to use in the theory revision process. But if we use WordNET,
we can navigate the concept hierarchy and find that the couples enterprise-company,
buy-acquire and share-stock share common parents, therefore can be generalized using
the most specific or general common parent in the WordNET graph.

Each example is expressed in Horn logic and describes the structural composition of
the text (subject, verb, complement) and the part-of-speech of each component. This is
performed using the rule-based approach described in Section 2.3. The Prolog repre-
sentation of one of the above examples is:

observation(text1) :- phrase(text1,text1e1), subject(text1e1,text1e2),
token(text1e2,text1e3), company(text1e3), noun(text1e3), verb(text1e1,text1e4),
token(text1e4,text1e5), buy(text1e5), pasttense(text1e5),
complementobject(text1e1,text1e6), token(text1e6,text1e7),
shares(text1e7), noun(text1e7).

The induction system is used in the context of gene prioritization on a certain disease
to classify documents regarding this disease. The mapping gene-to-doc coming from
EntrezGene does not specify if a document is on a particular disease, thus the learning
system once trained is used to properly weight the matrixgene × documents (Figure
1). Training examples are taken from PubMed collecting positive examples on the in-
teresting disease and negative examples on any other disease, where each example is
constructed from the document abstract. The learning system induces theories that can
be then used to classify unknown texts.

2.2 Instance-based system for text clustering regarding genes
Clustering aims at organizing a set of unlabeled patterns into groups of homoge-

neous elements based on their similarity. The similarity measure exploited to evaluate
the distance between elements determines the effectiveness of the clustering algorithms.
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Differently from the case of attribute-value representations [17], completely new com-
parison criteria and measures must be defined for FOL descriptions since they do not in-
duce an Euclidean space. Our proposal is based on a similarity assessment technique for
Horn clauses introduced in [14], and exploits the resultingsimilarity value as a distance
measure in a classical k-means clustering algorithm, basedon medoids instead of cen-
troids as cluster prototypes guiding the partitioning process (due to the non-Euclidean
space issue).

In order to properly deal with text, the distance in [14] is enriched with lexical knowl-
edge from WordNET defining a taxonomic similarity element aspart of the overall sim-
ilarity. This taxonomic similarity between couples of words in the text is defined as the
intersection of the graphs of the parents in the is-a hierarchy of concepts in WordNET.
The more nodes these graphs have in common the more similar the respective words
are.

Clustering is applied to abstracts from EntrezGene in the following way. Disease
genes are identified from the domain expert (there are already a large number of repos-
itories which detail known genes about different diseases)and related documents for
each gene are taken from EntrezGene. The same is performed from a series of candi-
date genes suspected to be responsible for the disease. The abstracts are pre-processed
with the system presented in Section 2.3 and transformed in Horn clauses. These clauses
are given in input to the clustering algorithm which produces a set of clusters containing
documents on disease and candidate genes. These clusters provide precious information
to be analyzed in order to discover in the same cluster elements regarding disease and
candidate genes. This is useful to produce a final prioritization based on the similarity
values computed during clustering.

2.3 Rule-based system for syntactic and logical analysis of text
Natural language processing (NLP) is one of the classical challenges for Artificial

Intelligence and Machine Learning. Many NLP approaches rely on knowledge about
natural language instead of statistical training on corpora. Our rule-based system falls
among the knowledge-based approaches to NLP. The rule-based component is part of
a larger system DOMINUS [15] which performs a number of pre-processing steps to
the raw text before it is given in input to the rule-based component. Specifically, after
a tokenization step that aims at splitting the text into homogeneous components such as
words, values, dates, nouns and a language identification step, the system also carries
out additional steps that are language- dependent: PoS-tagging (each word is assigned to
the grammatical role it plays in the text), Stopword removal(less frequent or uniformly
frequent items in the text, such as articles, prepositions,conjunctions, etc, are ignored
to improve effectiveness and efficiency), Stemming (all forms of a term are reported to
a standardized form, this way reducing the amount of elements).

After these basic NLP steps, the text is given in input to the rule-based system which
performs Syntactic Analysis (yielding the grammatical structure of the sentences in the
text) and Logical Analysis (providing the role of the various grammatical component in
the sentences). After each grammatical component has been tagged with its semantic
role, the structure is saved in an XML format for future use and then transformed in
a Prolog representation as described in Section 2.1. The Prolog clause represents an
example for the rule-induction system or a training instance for the clustering algorithm.

2.4 Quantitative keyword extraction Method
The quantitative keyword extraction method implemented inour system is a naı̈ve

Bayes technique based on the concepts of frequency and position of a term and on the
independence of such concepts [16]. Indeed, a term is a possible keyword candidate if
the frequency of the term is high both in the document and in the collection. Further-
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more, the position of a term (both in the whole document and ina specific sentence or
section) is an interesting feature to consider, since a keyword is usually positioned at the
beginning/end of the text. Such features are combined according to the Bayes Theorem
in a formula to calculate the probability of a term to be a keyword in the following way,
P (key|T, D, PT, PS) is given by:

P (T |key) ∗
∑|insD|

i=1
P (Di|key) ∗

∑|insT |
j=1

P (PTj|key) ∗
∑|insS|

k=1
P (PSk|key)

P (
∑|insD|

i=1
Di +

∑|insT |
j=1

PTj +
∑|insS|

k=1
PSk)

(1)

whereP (key) represents the probability a priori that a term is a keyword (the same
for each term),P (T |key) is the standard tf-idf value of the term,P (D|key), respec-
tively P (PT |key) andP (PS|key), are computed by dividing the distance of the first
occurrence of the term from the beginning of the section(D), document(PT ), sentence
(PS) with the number of the terms in the section, respectively document and sentence.
Finally, P (D, PT, PS) is computed by adding the distances of the first occurrence of
the term from the beginning of the section, document and sentence. Since a term could
occur in more than one document, section or sentence, the sumof the values are consid-
ered. In this way, the probability for the candidate keywordare calculated and the first
k with the highest probability are considered as the final keywords for the document.

In the specific context, keywords are extracted from documents of EntrezGene re-
garding disease and candidate genes. For each document a setof weighted keywords
is extracted and saved into adocument × term matrix. This matrix is then combined
with the gene-to-doc mapping given by EntrexGene in order tohave the final matrix
gene × terms. Different clustering algorithms are then applied to thesematrix such as
simple k-means, Expectation-Maximization clustering or Cobweb.

2.5 Qualitative keyword extraction method that exploits lexical knowledge
In [18] it was shown that quantitative keyword extraction methods are complemen-

tary to qualitative ones. The quantitative method basically exploits terms frequency and
is more related to a collection of documents, while the qualitative methods, exploiting
lexical knowledge are in general more related to the single document. The qualitative
method implemented in our suite exploits a WordNET-based density function defined
in [19]. The method works as follows: terms not included in WordNet (frequent words
such as articles, pronouns, conjunctions and prepositions) are not evaluated for classifi-
cation, this way implicitly performing a stop-word removal. Given the setW = t1, ..., tn
of terms in a sentence, each having a set of associated synsetsS(ti), a generic synset s
will have weights:

• p(S(ti), s) = 1/|S(ti)| if sk ∈ S(ti), 0 otherwise, inS(ti), and

• p(W, s) =
∑

i=1,..,n p(S(ti), s)/|W | in sentence W.

If a termt is not present in WordNet,S(t) is empty andt will not contribute to com-
putation of|W |. The weight of a synset associated to a single termti is 1/(|W |∗|S(ti)|).
The normalized weight for a sentence is equal to 1. Given a documentD made up of
m sentencesWi , each with associated weightwi > 0, is p(D, Wi) = wi/(

∑wk

k=1,..,h).
The total weight for a document, given by the sum of weights ofall its sentences, is
equal to 1. Thus, the weight of a synsets in a document can be defined as:p(D, s) =∑

j=1,...,m p(Wj , s) ∗ p(D, Wj). In order to assign a document to a category, the weights
of the synsets in the document that refer to the same WordNet Domains category are
summed, and the category with highest score is chosen. This Text Categorization tech-
nique, differently from traditional ones, represents a static classifier that does not need
a training phase, and takes the categories from WordNet Domains.
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Figure 1: The Machine Learning and knowledge-based framework

The keyword extraction algorithm, after computing the density function, proceeds as
follows:

1. sort the list of synsets in the document by decreasing weight;
2. assign to the document the first k terms in the document referred to the synsets

with highest weight in the list;
3. for each pair synset-weight create the pair label-weightwhere label is the one that

WordNet Domains assignes to that synset
4. sort by decreasing weight the pairs label-weight;
5. select the first n domain labels that are above a given quality threshold.

After assigning weights to all synsets expressed by the document under processing,
the synsets with highest ranking can be selected, and the corresponding terms can be
extracted from the document as best representatives of its content.

Keyword extracted with the qualitative methods can be used in the same way as for
the quantitative methods as described in the previous section. An interesting point to
investigate is the intersection regarding common keywordsfound by both methods. In
[18] it was found that in a large collection of documents, there is an important intersec-
tion of the two methods and this can be exploited by taking into consideration only the
keywords found by both methods.

3 Experimental evaluation
The suite of components is currently being experimented on anumber of candidate

genes. There are different scenarios in which the frameworkcould be used and currently
it is being evalualed how to use it in practice for an important disease. Here we describe
each preliminary experiment that we are performing. Figures 1 and 2 present the various
components of the pipeline.

Scenario 1.Disease and candidate genes are taken from known lists of genes. Ab-
stracts of documents regarding candidate and disease genesare taken from EntrezGene
and given in input to the two keyword extraction methods. Adocument× term matrix
is produced from each of them (a single matrix can be obtainedby taking the keywords
at the intersection of both methods). Then this matrix is combined with the gen-to-doc
mapping of EntrezGene to produce the final matrixgene × terms. This matrix is then
transformed into a suitable representation for clusteringalgorithms such as k-means,
EM or Cobweb.
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Figure 2: Instance-based learning for gene clustering on first-order descriptions

Scenario 2. Scientific papers regarding a certain disease (and not) are taken from
MEDLINE, serving as positive and negative examples for the learning system. These
are first given in input to the pre-processing engine which performs the basic NLP steps
and syntactic and logical analysis of the text. The output ofthis phase is a structural
representation of text with the semantic role of each text element. This representation is
transformed into Prolog examples for the rule-induction system which learns a semantic
text classifier exploiting also the WordNET lexical knowledge base. The classifier is
then used to properly weight papers from EntrezGene (regarding the genes involved)
but that do not have any tagging or labeling about the disease. The papers classified as
not regarding the given disease are weighted differently from the papers classified as
treating that disease. This produces a weighted matrixgen×documents that combined
with the matrix in Scenario 1 gives the final matrixgene × terms for the clustering of
genes.

Scenario 3. Disease and candidate genes are taken from domain experts ofknown
lists from online repositories and given in input to the pre-processing component which
produces a Prolog clause for each abstract. These are given to the clustering algorithm
that uses the similarity function defined on Horn clauses. Clustered documents are then
mapped to a gene clustering through the mapping of EntrexGene gene-to-doc.

Scenario 4.Scientific papers regarding specific genes are taken from MEDLINE and
labeled with the aid of a domain expert. These are given to thepre-processing engine
and then to the learning system which produces an accurate text classifier for each gene.
Then other unknown papers from MEDLINE are given in input to the classifier which
assigns each document to a gene. This process produces a novel gene-to-doc mapping
which combined with the matrixdocuments × term from Scenario 1, gives the final
matrixgene × terms on which clustering is then performed.

The pipeline is designed also to use domain vocabolaries. Currently the vocabolary
to be used is MeSH but we intend to extend to others such as eVOC, GO, OMIM and
LDDB.

Current experiments regard genes which are suspected to be involved in a certain
disease. Respective documents are planned to be taken from MEDLINE according to
the mapping of EntrezGene.Scenario 1will be experimented on a collection of a very
large number of documents that regard disease and candidategenes. Keywords will be
extracted and weighted with the quantitative method described in the previous Sections.
For each gene a vector of weights will be produced and then it will be computed the
euclidean distance of the vectors. Finally, for each candidate gene the score is given
from the sum of the distances of the respective vectors. Complete results on these
experiments will be reported in an extended version of this work.
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4 Related work and discussion
Text-based gene prioritization is receiving much attention and different approaches

have been proposed for this purpose. In [20] was proposed a tool that scores concepts
in GO according to their relevance to each disease via text mining. Potential candidate
genes are then scored through a BLASTX search on reference sequence. Another ap-
proach proposed in [21] uses shared GO annotations to identify similarities for genes
to be involved in the same disease. A similar text-mining approach was proposed in
[22] where candidate gene selection is performed using the eVOC ontology as a con-
trolled vocabulary. eVOC terms are first associated with disease names according to
co-occurrence in MEDLINE abstracts. Then the identified terms are ranked and the
genes annotated with the top-ranking terms are selected.

One of the few approaches that exploits machine learning andone of the most promis-
ing ones is that proposed in [23]. The authors use machine learning to build a model
and then rank the test set of candidate genes according to thesimilarity to the model.
The similarity is computed as the correlation for vector space data and BLAST score
for sequence data. The advantage of the method is that it incorporates different multiple
genomic data sources (microarray, InterPro, BIND, sequence, GO annotation, Motif,
Kegg, EST, and text mining). Recently, in [24] was proposed agene prioritization tool
for complex traits which ranks genes by comparing the standard correlation of term-
frequency vectors (TF profiles) of annotated terms in different ontological descriptions
and integrates multiple ranking results by arithmetical (min, max, and average) and
parametric integrations. The most closely related to our approach is that of [25] which
exploits the textual profile of genes for their clustering.

The suite of algorithms and components that we propose here differs in many points
from these previous approaches. First, to the best of our knowledge, machine learning
in the form of rule-induction has not been used before for text-based gene prioritization
or clustering. Rule-induction, due to the power of the approach, has been mainly used
in biological domains for structural classification of molecules. Relation extration is
from text is another important task often faced with rule-induction approaches. But this
relations have not yet been used to produce gene characterization profiles. The use of
relations could lead to novel and more reliable gene profilesbecause relations could
involve different biological entities of interest and thusimportant information that was
ignored before can be now used to strengthen informative power of the gene profile.

Second, similarity measures used previously for gene prioritization has always been
on attribute-value representations, whereas here we use a novel similarity function de-
fined on first-order descriptions. This has the advantage that first-order languages allow
for more thorough description of text and this can help capture hidden features of the en-
tities. Moreover, we adopt a novel representation of texts not simply as bag-of-words but
as a Horn clause incorporating the syntactic and logical role of elements in the sentence.
This helps perform through rule-induction more robust textclassification compared to
attribute-value based methods. In addition, taxonomic similarity is another novel fea-
ture that we exploit in our similarity function in order to better capture the meaning
of each text and properly define the similarity between texts. Finally, qualitative and
quantitative keyword extraction methods are plugged in together to boost extraction of
most significant terms. The qualitative methods, being related to the single document,
can find more specialized words that can properly represent the single document. On
the other side, the quantitative method, being related to a collection of documents, tries
to capture more general words found in the entire collectionand that can distinguish
between the documents.
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5 Conclusion
Most genetic diseases are characterized by many potential candidate genes that can

cause the disease. Gene expression analysis typically produces a large number of co-
expressed genes that could be potentially responsible for agiven disease. Extracting
prior knowledge from text-based genomic information sources is essential in order to
reduce the list of potential candidate genes to be then further analyzed in laboratory.
In this paper we present a suite of Machine Learning algorithms and knowledge-based
components for improving the computational gene prioritization process. The pipeline
includes basic Natural Language Processing capabilities,advanced text classification
and clustering algorithms, robust information extractioncomponents based on qualita-
tive and quantitative keyword extraction methods and exploitation of lexical knowledge
bases for semantic text processing.
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