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Abstract

We give a brief overview of a text-mining pipeline and the techniques allow
explicit and implicit knowledge to be extracted from large text collections. First, a
given ontology is used to tag terms in text as machine-readable concepts. Second,
concepts are associated with each other using 2x2 contingency tables and test
statistics. Third, from the contingency tables informative pair-wise links between
concepts can be recovered. These links may be explicitly stated or implied through
indirect associations. Fourth, validation techniques such as ROC curves and
retrospective studies can be used to quantify the performance of the information
extraction and knowledge discovery process. Lastly, we discuss methods
combining text information with various non-textual data sources such as
microarray expression data.

We conclude with a brief look at future directions for text-mining and knowledge
discovery on the internet at large.

Keywords:  text-mining, data-mining, information retrieval, disambiguation,
retrospective analysis, ROC curve, prioritizer, ontology, semantic web

1 Introduction

The amount of biomedical literature is growing tremendously. It has become
impossible for researchers to read all publications in their moving field of interest,
which forces them to make a stringent selection of relevant articles to read. For the
actual knowledge discovery process, which is in essence a systematic association
process over an expanding number of interrelated concepts, life scientists
increasingly rely on the computer. This stringent reduction of the percentage of
relevant articles that can actually be ‘read’ has the disadvantage that relevant
information from non-selected articles can be missed. The largest database of
recorded biomedical literature is PubMed, which contains over 14 million articles
published in the last 30 years (from 1980 till 2010). Besides the literature there are
many other resources ranging from curated databases to online blogs, digital books
recorded in libraries, and any text information that can be found via a search engine
like Google.

The field that deals with automated information extraction from text is called text-
mining. Text-mining on its own is a challenging field of research that intensively
has been further developed over the last years. Computer systems have been
developed based on natural language processing; a method of processing any
sentence into its building blocks such as the subject, verbs, and nouns. Other
methods are based on word tagging. PubMed for instance uses the words in a
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search query and matches it with words found in abstracts with no additional
information how the words are related with other words in text. In this chapter we
describe the concept based method for automated information extraction from text.

2 Concept based text-mining

For concept based text-mining three ‘ingredients ‘are needed: (1) text data (2) a
word tagger, and (3) a terminology system, mostly controlled vocabulary, or
ontologies.

For biomedical text data, normally the abstracts recorded in PubMed are chosen.
Reasons for this are that this is the greatest source of recorded literature, the
abstracts are publically available and free to download, and the information density
of abstracts is higher than that of full text documents (7).

Words in text are recognized by a so called word tagger and mapped to a concept
identifier (2). In order to do so we first need to understand what a concept is. A
concept is a unit of thought meaning that people agree that they share information
about one and the same thing. A concept has terms and other ‘tokens’ that ‘refer’ to
it. It can have synonyms, abbreviations, but also for instance Uniform Resource
Identifiers (URI’s) or accession numbers.

For instance, there exists a protein called dystrophin. When the gene encoding for
this protein is mutated it can cause diseases such a Duchenne muscular dystrophy
or Becker muscular dystrophy. Dystrophin normally is abbreviated to DMD. DMD
(either in italic) also refers to the gene or the disease. Dystrophin is stored in
databases like Entrez Gene (http://www.ncbi.nlm.nih.gov/gene) with the accession
number 1756 and Uniprot Knowledge Database (http://www.uniprot.org/) with
accession number P11532. The words dystrophin, DMD, 1756, and P11532 all
refer to one and the same concept (we treat a gene and a protein as the same
concept). The tagger maps the words to the concept identifier for dystrophin.
Lastly the synonyms, abbreviations, accession numbers, and concept identifiers are
stored in an Ontology. The most common vocabulary for the biomedical field is the
unified medical language system (UMLS)(3). An Ontology may be field specific.
If only drug information from text needs to be extracted a drug-vocabulary is used
instead of the whole vocabulary with all medical concepts.

3 Classical direct relationship detection

Once a text-mining system has been developed and concepts in text are recognized
and stored in a database the question becomes what to do with this tagged text
data? The main question is which two concepts are significantly related. The
relationship between two concepts can be of any kind. In biology these are the
most common ones we chose as examples: (1) two proteins that have a molecular
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interaction, (2) a mutated gene that causes a disease, (3) a protein that has a
particular function and (4) a drug that treats a disease or has a (adverse) side effect.
Any relationship between two concepts can be seen as a triplet with a subject,
predicate and object. An example of a triplet is protein dystrophin (subject)
interacts with (predicate) protein ankyrin 2 (object).

The statistical way to define the strength of relationship between two concepts is
by making a 2x2 contingency table (or frequency table). The table below gives an
example for concepts X and Y.

X [ NotX
Y A |B
NotY |C |D

A are the number of documents where both concept X and Y are co-mentioned. B
are the number of documents where concept Y occurs but not concept X. C is the
reverse version of B and D are the number of documents where X and Y are not
mentioned. Any statistical test can be applied to this table such as the likelihood
ratio test, chi-squared test or the uncertainty coefficient. If X and Y are frequently
co-mentioned together (e.g. A4 is a relatively large number) and the concepts are not
exceptionally generic so that they occur frequently in text (e.g B and C are small)
then the two concepts may be significantly related. There are many text-mining
systems available based on direct relationship detection such as IHOP(4),
PubGene(3), and systems where text-mining is an integral part such as STRING(6),
FunCoup(7), and Endeavour(§).

4 Implicit information extraction via concept profiling

The classical direct relationship detection method has the disadvantage that
concepts that are not co-mentioned together are missed, while they still might be
related to each other. This could be due to the reason that related concepts are
stored in full text (frequently not freely available for mining) and not in the abstract
or that concepts are related but no-one made the link yet. Via indirect links
between terms in text, terms can still be related to each other even when they have
never been co-mentioned - (9). This we call implicit information extraction.
Swanson et.al. (10) were the first to demonstrate that this approach works by
linking the treatment of Raynaud's disease with fish oil. Van Haagen et. al. (11)
demonstrated this idea further by predicting protein-protein interactions. They
predicted the physical interaction between calpain 3, which causes a form of
muscular dystrophy, and parvalbumin B, which is found mainly in skeletal muscle.
Those two proteins were strongly linked via the intermediate concept dysferlin,
which is a protein.
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Concept profiling contains the following steps (see Fig. 1). First for a concept X
(e.g a gene, a chemical or drug) the documents are selected wherein X appears.
Next all other concepts that are co-mentioned with X are processed using the direct
relationship detection method described previously (Fig. 1b). The 2x2 table
information for each concept pair is stored in a profile. This concept profile for X is
basically a vector of N dimensions. N are the number of concepts that are co-
mentioned with X. Each entry in the vector is a number associating concept X with
another concept (taken from a 2x2 table, Fig. 1a). Computation of the ‘conceptual
association’ between two concepts can now be performed by matching their
respective concept profiles by vector matching (Fig. 1c). Any distance measure can
be used for this matching(9) such as the inner product, cosine, angle, Euclidean
distance or Pearson’s correlation. If two concept profiles have many concepts in
their individual concept profiles in common, e.g. many implicit links, then the two
concepts may be related to each other. A webtool is available, dubbed ‘Anni’, for
implicit information extraction by concept profiling(Z2). In the next section we will
describe how to validate text-mining approaches and the amount of relatedness.

L(X,A)=0.04
X1 [ 05 ]
Al 0004
Bl | 001
|C| [ 0.03 ]
N
A |4,
5 . D =4.4,+C.C,
_Cx_ _C}’_

Figure 1. Basic scheme for concept based profiling. (a) Example of a likelihood
function calculated between concept X and A. Information is taken from a 2x2
contingency table. The score reflects the strength of association between X and A. (b)
Documents selected where concept X appears and is co-mentioned with other
concepts. For a concept the documents are selected and transformed into a test
statistic using a 2x2 contingency table. (c) The inner product score between two
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concept profiles. The score is only calculated over the concepts the two profiles have in
common.

5 Cross validation within text-mining and other performance measures
5.1 Defining a positive and a negative set.

In the previous sections we described how to extract relationships (content)
between concepts from text either with direct relationship detection or concept
profiling. Once a system is designed it needs to be tested to evaluate its
performance in extracting or predicting relationships. To enable this step we need
data to train the system and after training testing it. For instance data on protein
function can be collected from the Gene Ontology (13) and data on gene-disease
relationships from OMIM (http://www.ncbi.nlm.nih.gov/omim). Here we describe
an example of the relationship type protein-protein interactions (PPIs). PPIs can be
collected from online databases such as UniProt(Z4), DIP(15), BioGrid(16) and
Reactome(Z7). These samples of curated protein-protein interactions are labeled as
positives instances. These positives instances are compared with negative instances
to see if the text-mining system can discriminate between the two groups. In
biology research no databases exists that stores samples of negatives instances, e.g.
two proteins that have been confirmed not to interact. Normally generating
negative instances is done by selecting random pairs from a group of proteins(1§).

5.2 Receiver operating characteristics curves

Receiver operating characteristics (ROC) curves are often used to evaluate the
performance of a prediction algorithm (79). A ROC curve is a graphical plot of the
true positive rate (sensitivity) on the y-axis versus the false positive rate (1 —
specificity) on the x-axis (see Fig. 2b). The ROC curve is defined for a binary
classifier system (the positive and negative set described in section 5.1) as its
discrimination threshold is varied. This measure is often used in information
retrieval and it can be explained as a system design that collects as much
information as possible (in terms of true positives) while at the same time reducing
the noise (the false positives). A ROC curve is constructed as follows; in Fig. 2a
the distributions of positive and negative instances are given and in Fig. 2b its
corresponding ROC curve. The threshold that discriminates between the two
groups is varied from the highest match score (x-axis Fig. 2a) value to the lowest.
Each threshold corresponds to a true positive and false positive rate in ROC space.
In Fig. 2a all the way up to the right on the x-axis is the threshold (around 7) where
no true or negative instances pass this threshold. Therefore the true positive and
false positive rates are both zero, resulting in the point (0,0) in ROC space (Fig. 2b
bottom left corner). Then the threshold as a slider is moved to the right. At each
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point a number of positive and negative instances will pass the threshold resulting
in a point in ROC space anywhere between 0 and 1 on both axes. Finally the
threshold reaches the extreme left point on the x-axis (around -2, Fig. 2a). Here all
positive and negative instances pass this threshold. This corresponds with the point
(1,1) in ROC space (top right corner Fig. 2b).

To translate the ROC space to a single measurement for performance we calculate
the Area under the ROC curve (AuC). The AuC value normally varies between 0.5
and 1.

If a system shows a random behavior (e.g. two completely overlapping
distributions, no discrimination between positive and negative set) the ROC space
results in a straight line from the point (0,0) to (1,1). This corresponds with an AuC
of 0.5. If a system behaves like a perfect classifier the ROC curve starts at point
(0,0) and moves up to point (0,1) (e.g. first all positive instances are predicted) then
it moves from point (0,1) to point (1,1) (e.g. all negative instances are predicted).
This corresponds with an AuC of 1. The AuC for the example in Fig. 2 is 0.92.

) positive
_negatlve instances
instances

Frequency
300 400 500
L | ]
true positive rate
0.8 1.0
Il

200
I

100
1

f T T T 1 T T T T T T
-2 0 2 4 6 0.0 02 04 0.6 08 1.0

similarity score false positive rate

a b

Figure 2. Histogram and its corresponding ROC plot. (a) the distribution of
the positive and negative set. (b) a ROC curve with an AuC of 0.92.

5.3 Cross validation and bias

The performance of an associative in silico discovery system is tested using cross-
validation(20). A system is first trained using training data. Then it is tested using
test data. There is no explicit data for testing only, nor is their data used only for
training. There is just data. Therefore a part of the data is selected for training and
the remaining part for testing. The way to select the training and test data is
arbitrary. Here we describe the most common approach of cross validation the 10-
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fold CV. The first step (1) is to randomly shuffle the samples in your dataset (both
positive and negative instances). (2) Then the dataset is divided into 10 equally
sized subsets. Each piece contains samples of the positive and negative set. (3) In
one iteration, 9 of the 10 subsets is used for training and the remaining subset is
used for testing. (4) Step three is repeated until each subset is used once for testing.
An extremely important step during cross validation is to make sure that none of
the test data is used during training. Else this would introduce a bias and gives an
overestimation of the true performance. Within the field of text-mining and biology
this seems virtually impossible. Most of the data stored in curated databases, such
as protein-protein interactions or gene-disease relationships recorded in OMIM are
based on published articles. This means that positives instances in the test set are
based on articles that are also used to train a text-mining system. Other data
sources also have this problem. For instance the Gene Ontology contains functional
descriptions for a protein that are normally also based on literature evidence. In
order to evaluate prediction performance it is therefore more appropriate to make
use of a retrospective analysis

5.4 Retrospective validation

Before we explain the basics of retrospective validation, we need to distinguish
between two types of prediction. The first one is prediction of current knowledge
stored in databases. This knowledge is already known and the system recovers
what is stored in these databases. For this, the cross-validation approach described
above is useful.

The second one is the prediction of new and as yet unforeseen knowledge. This
means ‘implicit’ knowledge that is not recorded in any database that cannot be
explicitly found in text. To simulate the prediction of these ‘hidden associations’ a
retrospective validation is done. First a time interval is defined when data is stored
in a database. For PubMed this could for instance be all the abstracts of articles
published between 1980 and January 2010. The second step would be to select test
data published after a certain date, for instance all protein-protein interactions
recorded in databases from January 2007 until January 2010. The third step is to
train the text-mining system before that date using all data before January 2007.
The last step is to evaluate what test samples were predicted before January 2007
that became only explicit (also in the literature) knowledge after January 2007. In
other words, protein-protein interactions that could be found by simple co-
occurrence before the ‘closure date’, but were not added to the databases yet,
should not be counted as true predictions. In this evaluation there is no procedure
to repeat these steps multiple times like with cross-validation. This means that no
standard error on the performance can be calculated.
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5.5 Prioritizers

Another way to view a ROC curve is as a prioritized list. The ROC curve is
constructed by varying the threshold. The samples (e.g. protein pairs either a PPI or
random) are ranked from the highest match score to the lowest. Going down in this
ranked list from the top prediction to the lowest is done by walking over the ROC
curve from point (0,0) to point (1,1). Experimental biologists are mainly interested
in what is predicted in the top, e.g. the most likely predictions. Prioritizers are
useful to evaluate where your test samples rank in the top. A ROC curve can also
be plotted on the absolute scales of true positives and false positives by translating
a prioritized list in a graphical way. Figure 3 shows an example of 20 ranked
samples and its corresponding ROC curve. This curve is also called a ROC10
curve. It reflects the amount of true positive predictions (baits) at a fixed number of
false positives (the costs), in this case 10. You can vary this threshold and define
for instance a ROC50 or ROC100 curve.

sample match score label

s1 4.960111897 ]

s2 4.662243252 0 o |

s3 4.661449007 1 T

s4 4.589346313 ]

s5 4.581602664 ] w

6 4.438759168 0

s7 4.379399852 0

8 4.377182023 0 v ©d

s9 4.320084484 1 g

s10 4.303145807 0 g

s11 4.299505092 1 2 <

s12 4.259483679 0

s13 4.249962717 1

s14 4.230262428 1 o

s15 4.188873972 1

s16 4.179967181 1 J

s17 4177931731 1 o 4

s18 4.176843766 ] T T T T T T
s19 4.163993686 1 0 2 4 6 8 10
s20 4.118021526 1 false positives

Figure 3. Prioritized list of 20 samples and its corresponding ROC10 curve.

6 Extending text-mining systems with other databases: data-mining
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Text-mining actually is a subdivision of the broader field of data-mining. Data-
mining is the field of research to extract any kind of information from a variety of
resources. For instance, there are many data sources available for proteins. Besides
the literature, there exists information in curated databases, microarray expression
data(21, 22), domain interaction databases(23), functional annotations from the
Gene Ontology, phylogenetic trees and sequence data. There are many tools and
techniques available for data-mining on databases but they all share a common
idea. To combine all information from several distinct data sources into one should
reveal more information than can be recovered by the mining of each data source
alone. Data-mining basically is a two step approach. The first step is to define a
match or evidence score for every data source that is included in the system. For
instances a microarray dataset may be transformed into a data matrix by calculating
Pearson correlations between any two expression profiles for proteins or genes.
The second step is to combine each evidence score for a data source into a single
score. This can be done, for instance, using a Bayesian classifier. For protein-
protein interactions there are several resources available based on data-mining
techniques such as STRING(6), FunCoup(7), IntNetDB(24), and Prioritizer(25).

7 Beyond data-mining and scalable technology for the internet: the semantic
web
Data-mining and text-mining are fields of technology that are used for the future
web 3.0 technology: the semantic web (SW). The first trend in web technology (or
web 1.0) included the static webpages that made the first version of the internet. No
information exchange was possible, just readable plain text pages. The second
trend (web 2.0) made it possible for users to interact with the internet. Think of
uploading movies to YouTube, or writing your blog online and online shopping
with a credit card. Web 2.0 is really the most unstructured and scattered form of
information. Therefore, the new trend became web 3.0. It will structure the internet
into a network of concepts and relationships between these concepts. Other terms
for web 3.0 are the concept web or the semantic web. One of the goals of the web
is to present information in a computer readable compact format instead of the
current webpages that are retrieved after a search query. The predictions that are
made using concept profiles or other technologies will be part of this SW.

The best known data model for the SW is RDF (resource description framework).
RDF is used to translate any kind of date into a triple format. The ontologies used
in webtechnology are mainly built using OWL (Web Ontology Language). The
semantic web project is extremely large and it is very difficult to keep it scalable.
There is now an ongoing project called the Large Knowledge Collider (LarKC). It
builds the semantic web with all the current state of the art technology that is out
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there (machine learning, information theory, pattern recognition, first order logic).
All information on LarKC can be found on http://www.larkc.eu.
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