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SUMMARY

Osteoporosis is characterized by reduced bone mass and debilitating fractures and is
likely to reach epidemic proportions. Due to vigorous research taking place in the fields
related to osteoporosis, bone biologists are overwhelmed by the amount of literature
being generated on a regular basis. These problems can be alleviated by inferring
and extracting novel relationships among biological entities appearing in the biological
literature. With the development of large online publicly available databases of biological
literature, such an approach becomes even more appealing. The novel relationships
between biological pathways thus discovered constitute new hypotheses which can be
verified using experiments. This paper presents a novel method called multi-level text
mining for the extraction of potentially meaningful biological relationships. Multi level
mining uses transitive maximum flow graph analysis coupled with set combination
operations of union and intersection. Set operators are applied along and across the
paths of a transitive flow graph to combine the data. In the first level of the multi-level
mining process, protein domain names are used. Novel relationships between domains
are extracted by the transitive text mining analysis. In the second level, these newly
discovered relationships are used to extract relevant protein names. Set operators are
used in various combinations to obtain different sets of results.

KEY WORDS: Bone Biology, Text Mining, Transitive Closure, Network Flow, Biological Literature,
Artificial Intelligence

1. INTRODUCTION

TE-mail: {otilak, ahoblitz, smukhopa, qiyou, sfang, yxia}@cs.iupui.edu
{E-mail: jbidwell@iupui.edu

Received
Copyright (© 2010 John Wiley & Sons, Ltd. Revised



2 TILAK ET. AL. @

Bone diseases affect tens of millions of people and include bone cysts, osteoarthritis, fibrous
dysplasia, and osteoporosis among others. With osteoporosis, the density of bone mineral
is reduced, the proteins of the bone are altered, and the micro architecture of the bone is
disrupted. Osteoporosis affects an estimated 75 million people in Europe, USA and Japan,
with 10 million people suffering from osteoporosis in the United States alone. Osteoporosis
may significantly affect life expectancy and quality of life and is a component of the frailty
syndrome [1].

Teriparatide (parathyroid hormone, PTH), approved by the Food and Drug Administration
(FDA), is used in the treatment of some forms of osteoporosis and is the only FDA-approved
drug that replaces bone lost to this disease [2]. However, it is the least cost-effective therapy
therefore considerable research has been devoted to improving the efficacy of this drug [3].

Due to vigorous research taking place in the fields related to osteoporosis, bone biologists are
overwhelmed by the amount of literature being generated on a regular basis. These problems
can be alleviated by inferring and extracting novel relationships among biological entities
appearing in the biological literature. With the development of large online publicly available
databases of biological literature, such an approach becomes even more appealing. The novel
relationships between biological pathways thus discovered constitute new hypotheses which
can be verified using experiments. This paper presents a text mining based method for the
extraction of potentially meaningful biological relationships using transitive maximum flow
graph analysis. The extraction and visualization of relationships between biological entities
appearing in biological databases offers a chance to keep biologists up to date on the research
and also has the potential to uncover new relationships among biological entities.

Text mining is the process of searching, collating, inferring and deriving useful knowledge
from textual data. Text mining has recently been applied in the domain of the biomedical
research for discovering relationships between biological entities including proteins, drugs, and
metabolic pathways. In this paper, we describe a novel multi-level, transitive text mining
strategy for the extraction of relationships between two objects (proteins names, protein
domain names etc.) using graph theoretic algorithms. In particular, we propose a multi-level,
transitive text mining approach to extract and predict relationships among the functional
domains of Nmp4, Rage, and their known associated proteins within the context of PTH-
and load-responsive bone cell signaling pathways that enhance bone formation [3]. Multi-
level text mining combines transitive text mining with the set operations (namely union and
intersection). The first level of transitive text mining generates direct and transitive association
graph between various objects. A comparison of these graphs is done to obtain objects of
interest and these objects are considered in the second level of mining. The set operations are
applied on the paths in the transitive flow graph. Set operations are applied to the segments
along the path and then across various paths in the transitive graph. Various combinations of
these operators yield different and interesting results (see Section 4).

The contributions of the current paper with respect to the state-of-the-art in this field can
be summarized as follows:

1. A maximal network flow based algorithm is used to determine, in a theoretically sound
manner, a confidence score for the derived transitive associations.
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2. Various pathways in bone biology are subjected to the text mining approach. The results
obtained from individual pathways are combined to make novel predictions.

3. In terms of the experimental results, a significant agreement with an expert’s knowledge
was obtained with transitive mining than that with only direct associations. This
demonstrates the usefulness of such text mining methodologies in general, and the
transitive mining methods in particular.

This paper is organized as follows. Section 2 gives a brief review of the text mining approaches
used in the biological domain. Section 3 describes the proposed multiple-level transitive text
mining technique using maximum flow analysis coupled with set combination operations along
multiple pathways. Section 4 describes the experimental results obtained from the application
of these algorithms. Section 5 concludes the paper.

2. RELATED WORK

Text mining algorithm has been used to discover novel uses for Curcuma longa (turmeric), a
dietary substance [4]. Several disease such as retinal diseases, Crohn’s disease and disorders
related to the spinal cord were identified. The text mining process is initiated with a single
topic T of any type, such as a disease, a pharmacological substance or a gene. Starting with
a topic and navigating through intermediate topics, the goal is to reach terminal topics that
shed new light on T'. A topic’s profile is a representation of the topic, which is built from a set
of documents that are relevant to the topic. A topic profile is a set of terms (single words and
phrases) extracted from these documents. A numerical weight is associated with each term
using the TF x IDF algorithm. This weight indicates the relative importance of the term in
representing the topic. Then top terms are selected to form next set of topics and so on.

The utility of physical protein interactions for determining gene-disease associations is
studied in [5] by examining the performance of seven recently developed computational
methods. It was found that random-walk approaches individually outperform clustering and
neighborhood approaches. The paper shows that combining these methods into a consensus
method yields Pareto optimal performance. A quantification of the effect of a diffuse topological
distribution of disease-related proteins on the prediction quality is presented. This allows the
identification of diseases especially amenable to network-based predictions and others for which
additional information sources are absolutely required.

The study in [6] aims to identify and rank genes involved in osseous augmentation to obtain
groups with more numerous predicted associations called the leader gene clusters. An iterative
search was performed for which only genes involved in a specific process were identified. The
iterative search comprises of a consecutive expansion-filtering loop. For each gene, predicted
associations with all other involved genes were obtained from the Web-available database
(STRING database) and the weighted number of links (WNL), given by the sum of only high-
confidence predicted associations (results with a score > 0.9), allowing gene ranking. Genes
belonging to higher clustering classes were then identified.

An inference network approach is used in [7] to predict implicit gene-disease associations.
Genes and diseases are represented as nodes and are connected via two types of intermediate
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nodes: gene functions and phenotypes. To estimate the probabilities involved in the model,
two learning schemes are compared; one baseline using co-annotations of keywords and the
other taking advantage of free text. Additionally, domain ontologies are used to complement
data sparseness and examine the impact of full text documents. The validity of the proposed
framework is demonstrated on the benchmark data set created from real-world data.

In [8], an approach for automated pathway synthesis is proposed that acquires facts from
hand-curated knowledge bases. To comprehend the incompleteness of the knowledge bases, the
facts are automatically extracted from Medline abstracts. Logical reasoning is applied to the
acquired facts based on the biological knowledge about pathways. The reasoning is represented
by encoding the logic representation in the form of pre- and post-conditions of pharmacokinetic
properties that describe the course of drug disposition in the body, which includes drug
absorption, distribution, metabolism and excretion. By representing such biological knowledge,
the reasoning component is capable of assigning ordering to the acquired facts and interactions
that is necessary for pathway synthesis. An existing pharmacokinetic pathway available in
PharmGKB is reconstructed using this approach. The results show that the approach is capable
of synthesizing these pathways and uncovering information that is not available in the manually
annotated pathways.

A curated source (PharmGKB and DrugBank) and an automatic text-mining source
(Pharmspresso) is used in [9] for extraction of drug-gene relationships . A corpus of full-
text articles is first tokenized into sentences. Pharmspresso then marks up the sentences by
identifying terms associated with genes and drugs. A drug-gene network is then created by
drawing edges between genes and drugs that co-occur at the sentence level. One classifier is
trained using each of the two types of knowledge sources and then validated against a gold
standard set of drug-gene relationships to allow comparison of the two sources.

In [10], authors report the results of text mining for a bone biology pathway including
SMAD genes. A text mining tool is used to analyze the PubMed literature database and
integrates the available genomic information to provide a detailed mapping of the genes and
their interrelationships within a particular network such as osteoporosis. To filter the most
significant findings, a ranking system is devised to rate our predicted novel genes. The results
obtained from the text mining program show that existing genomic data within the PubMed
database can effectively be used to predict novel genes for osteoporosis research that have not
previously been reported in the literature.

Transminer [11] is a system developed for finding transitive associations among various
biological objects using text-mining from PubMed research articles. Transminer is based on
the principles of co-occurrence and transitivity for extracting novel associations. The extracted
transitive associations are given a significance score which is calculated based on the TF x IDF
method. This method of assigning significance score is used in this research.

There are several PPI databases and text mining tools that have been developed in the
bioinformatics community [12]. The STRING project is a representative of such tools that
attempts to predict PPI based on multiple sources and heuristic techniques. However, the
difference and novelty of our approach to these database/tools in general are delineated below.

1. To our knowledge, none of these tools use transitivity as the basis for predicting
relationships, nor do they use graph algorithms (such as Maximum flow) to estimate the
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strength of indirect evidences. In our view, transitivity is one of the primary mechanisms
human researchers use in postulating new hypothesis.

2. Our techniques are not limited to proteins. The nodes in the association graph can be
any biological entity of interest (such as drugs, diseases etc.).

3. Most of these tools pre-compute the binary associations. Our approach computes ”on-
the-fly” associations for a set of relevant objects. So the results can be easily adapted to
changing literature and/or granularity of the specific objects of interest.

4. To our knowledge, none of these tools work with protein domains.

3. MULTI-LEVEL TRANSITIVE TEXT MINING

3.1. Level 1 - Extract Direct and Transitive Relationships Between A Pair of
Terms

To extract entity relationships from the biological literature, we use a Thesaurus-based text
mining approach. In our case, a thesaurus representing domain knowledge was constructed
by consulting experts in the bone biology, who are users of our system as well. Each text
document is converted in a format that is amenable to mathematical processing while still
keeping the original meaning intact. The thesaurus is an array 7' of atomic terms identified
by a unique numeric identifier. In our case, the thesaurus has protein domain names that are
relevant to the bone biology. We use TF x IDF (Term Frequency multiplied with Inverse
Document Frequency) algorithm [13] to convert the document in a mathematically accessible
format. TF x IDF algorithm calculates the weight of each thesaurus term in every document
as follows: Wy, = Ty % log(N/ny) where T;i, represents the number of occurrences of term Ty,
in document 4, I, = log(NN/ny) provides the inverse document frequency of term Tj; in the
base of N number of documents and ny is the number of documents in the base that contains
the given term T},.

The association strength between two terms in the Thesaurus is then calculated as
association[k][l] = Zil Wie x Wy, k = 1,2,...,m;1 = 1,2,...,m, where m is the total
number of terms in the Thesaurus. Thus the values of association[k][l] will indicate the product
of the importance of the k-th and I-th term in each document, summed over all documents. This
computed association value is used as a measure of the degree of relationship between the k-th
and [-th terms. A suitable threshold is then used to convert these arbitrary association values
into a binary association format. Thus if association[k][l] > threshold association[k][l]] =
1; else association[k][l] =0

The association[k][l] values thus obtained provide a direct association between two terms in
the Thesaurus. We extrapolate and exploit the direct association values to calculate transitive
association between different terms. If there is a direct association between terms A and B as
well as a direct association between terms B and C, then a transitive association between A
and C may be hypothesized even if the latter has not been explicitly seen in the literature. Such
transitive associations can be calculated by using the transitive closure of the direct association
matrix. To calculate the association strength for such transitive relationships, we propose the
application of the maximal flow algorithm [14]. The direct association strengths are viewed
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as capacities of the corresponding edges, and the association strength of all pairs of transitive
associations are computed as the maximal flow between the direct pairs. This process uses the
separation of evidence” principle, where evidence (i.e., a part of the direct association strength)
once used along a transitive path are not used again along another transitive path in defining
the confidence measure of a transitive association. We used Edmonds-Karp [15] algorithm
to implement the maximum flow analysis. The Edmonds-Karp algorithm works such that as
long as there is a path from the source to the sink with unused capacity on all edges in the
path, flow is sent along any one of the paths. A path with such available capacity is called
an augmenting path. The augmenting path found is such that it is the shortest path which
has available capacity. This path is found by a breadth-first search. The algorithm runs until
maximum flow is found. To our knowledge, this is the first application of the maximal flow
algorithm in biomedical text mining.

3.2. Use Set Operations to Extract Further Relevant Information

In addition to Thesaurus, level 2 of multi-level mining incorporates another list of terms called
as a Search List. Thesaurus is used to find the relevant set of documents and these documents
are then further explored to find the terms appearing in the Search List. Level 2 of the multi-
level text mining begins with a pair of terms (from Thesaurus) who have transitive association
but no direct association. These pairs are interesting because they represent a hypothesis
obtained from our analysis during level 1. No direct association between a pair of terms means
that there is no information in the literature which mentions these two domains together in
the same document. In other words, nobody has explored any relationship between them. But
a presence of transitive association between this same pair indicates that our analysis has
spotted this pair as a potential pair which has not been considered yet and which might be
useful for further analysis.

To further analyze each domain pair, we create a domain pair association subgraph. This
graph contains all the paths that connect the two domains under consideration. Figure (1)
shows a hypothetical association subgraph between two protein domains X and Y. Each node
in the graph represents a domain name. All the domain names that appear in the subgraph
belong to the original Thesaurus containing the term list. As the graph demonstrates, there
are multiple "paths” that ”connect” domains X and Y. Each path can have different length
and nodes across different paths can be distinct. Each segment of the complete path represents
a direct association between two domains (say I; and I3). For each such domain pair, all the
abstracts that show direct association between the domain pair I; and I, were collected. This
set was then analyzed to obtain a list of protein names mentioned in this set of abstracts.
Similar analysis was carried out for every segment of all the paths present in the subgraph.
Lets indicate the protein list corresponding to the direct association between domains pair Iy
and I5 as PII;. Also, we use P{**" to indicate the protein list generated by processing the direct
associations between domains on Pathl and P3¢7%Ph to indicate the protein list generated
for the entire subgraph. We use |J to indicate union of sets with duplicates eliminated and
() indicates the intersection of sets. We also calculate the frequency of occurrence of every
protein based on all the sets of abstracts corresponding to every path segment of the entire
subgraph. We assume that the frequency count indicates the ”goodness” of a protein in making
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Figure 1. Transitive Flow Graph

the hypothesis. This frequency count is used to rank the proteins in decreasing order of their
frequency thus putting ”better” proteins at the top. By combining the protein lists generated
along each individual segment of the path, we generate a list for the entire path. Then by
combining the protein names list generated for each path, we generate the list corresponding
to the entire subgraph. The list combinations are done using the union and intersection set
operators described earlier.

We explored following combinations of set operations for various domain pairs.

UNION along a path and UNION across all paths (UAUA): For each path in
the subgraph, we first calculate the union of protein lists along the segments of the path to
produce the path protein list. Then we calculate the union of all the path protein lists to get
the protein list for the entire subgraph. The subgraph list was ordered in the decreasing order
based on the frequency count of the individual proteins.

Path _ pX Ii1 Iiz Ligna
Pi *PIMUPI; UPIZS UUPYL !
N
pSGraph _ U pFPath
(2
=1

UNION along a path and INTERSECTION across all paths (UAIA): For each
path in the subgraph, we first calculate the union of protein lists along the segments of the path
to produce the path protein list. Then we calculate the intersection of all the path protein lists
to get the protein list for the entire subgraph. The subgraph list was ordered in the decreasing
order based on the frequency count of the individual proteins.

Path _ pX Ii1 Iio liEnd
P = s Urte U Ut
N
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INTERSECTION along a path and UNION across all paths (IAUA): For each
path in the subgraph, we first calculate the intersection of protein lists along the segments
of the path to produce the path protein list. Then we calculate the union of all the path
protein lists to get the protein list for the entire subgraph. The subgraph list was ordered in
the decreasing order based on the frequency count of the individual proteins.

Path _ pX Ii1 Iio liEnd
Pi _Plil mPIiz ﬂPIi3 ﬂmPY

N
SGraph __ Path
P _ ()
i=1

4. EXPERIMENTAL RESULTS
4.1. Using Only Level-1

To test our search strategy we chose to explore potential novel relationships between
NMP4/CIZ (nuclear matrix protein 4/cas interacting zinc finger protein; hereafter referred
to as Nmp/) and proteins that may interact with this signaling pathway. Briefly, Nmp4
is a nuclear matrix architectural transcription factor that represses genes that support the
osteoblast phenotype [3]. Clinically, Nmp4 has been linked to osteoporosis susceptibility,
indicating that changes in the function of this gene have real consequences in the human
population [16]. We chose the following proteins or terms to probe the existence of unrecognized
biological relationships with Nmp4: beta catenin, zyzin, p130Cas, PTH (parathyroid hormone),
PTHR1 (parathyroid hormone related peptide reactor 1), ECM (extracellular matrix), receptor
for advanced glycation end products, HMGB1 (high mobility group box I protein), HMG-motif
(high-mobility group-motif), architectural transcription factor, R-smad (receptor regulated
Sma- and Mad-related protein), Smad4, CF (cystic fibrosis), actin and alpha actinin. The
rationale for these choices is explained elsewhere in detail [3].

Using the protein names (terms) given above and the methodology described in 3.1, following
direct and transitive association heat maps were generated:

The direct association heat map was normalized against the maximum score divided by 1000
to give scores ranging from 0 to 1000. A threshold value of 152.1 was then used for examining
and analyzing the data.

The transitive association heat map was normalized by dividing the maximum score by
1000 to give scores ranging from 0 to 1000. A threshold value of 7000.2 was obtained from
inspection of the scores.

The transitive association heat map was then compared with the expert provided Heat Map.

Z |Expert(l, k) — Predicted(i, k)|
Ny

where FEzpert(l,k) is the expert provided score of a relationship between entities { and k,
Predicted(l,k) is the predicted score of a given relationship between entities ! and k, and
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Ny is the total number of relations. The resulting average error of the maximum network
flow method was found to be 0.24, a significant improvement over the corresponding direct
association error rate of (.35 and a random average error rate of 0.58. This indicates that the
application of the maximum flow algorithm to this problem offers a significant improvement
over direct associations or random rankings in matching the expert provided rankings.

4.2. Level-1 Followed by Level-2

The Thesaurus consists of Protein Domain Names and the Search List consists of all the
proteins found in Humans. In particular, Thesaurus consists of following protein domains:
SHS3 domain, Proline-rich, SH2-binding, PTB-binding, Serine-rich, Src-binding, HLH motif,
LD domain, LIM domain, FERM domain, FAT domain, PR1 domain, PR2 domain, SHS3-
binding, Cys2His2 zinc finger, polyglutamine/alanine repeat, serine/threonine-rich, Armadillo
repeat, MH1, MH2, SH2 domain, Bilobed kinase domain.

Level-1 analysis was carried out on the terms in the Thesaurus to obtain direct and transitive
association heat maps to discover novel relationships between protein domains. There are many
such ”"novel hypothesis” domain pairs. To begin Level-2 analysis, we used the domain pairs
which have most ”sticky” domains, i.e. those domains found in adaptor proteins like p130Cas, a
central molecule in our mechanosome network [3]. Adaptor proteins typically contain numerous
domains and interact with a wide variety of proteins. Therefore we chose domain pairs SHS3-
Domain - SH2-binding (which are on p130Cas) and SH3-Domain - MH2 for further analysis.

UNION along a path and UNION across all paths (UAUA) : For SH3-Domain - SH2-binding,
top 15 members of the PS¢7P" set arranged in the decreasing order of frequency count are as
follows: SHP-1, FAK, proline-rich tyrosine kinase 2, SHP-2, Akt, Nck, PISK, c-Abl, CD3, Cas,
SLP-76, Nef, IRS-1, PYK2, SHIP.

For SH3-Binding - MH2, top 15 members of the PS¢T" set arranged in the decreasing
order of frequency count are as follows: PRP, FAK, proline-rich tyrosine kinase 2, p38, tRNA,
ovalbumin, Nck, c-Abl, Nef, PYK2, Cas, activin, Akt, p62, IL-2.

UNION along a path and INTERSECTION across all paths (UAIA) : For SH3-Domain -
SH2-binding, top 15 members of the P67 set arranged in the decreasing order of frequency
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Figure 3. Protein Domains Association Heat Maps: (a) Direct (b) Transitive

count are as follows: SHP-1, FAK, SHP-2, Akt, Nck, PISK, c-Abl, CD3, Cas, SLP-76, Nef, IRS-
1, PYK2, SHIP, E1.

For SHS-Binding - MH2, top 15 members of the PSGTeP" set arranged in the decreasing
order of frequency count are as follows: FAK, p38, Nck, c-Abl, Nef, Cas, activin, Akt, p62,
1L-2, CD3, PI3K, p4Tphox, c-Cbl, NF-kappaB.

INTERSECTION along a path and UNION across all paths (IAUA) : For SH3-Domain -
SH2-binding, top 15 members of the PSGT2" set arranged in the decreasing order of frequency
count are as follows: SHP-1, FAK, SHP-2, Akt, Nck, PISK, c-Abl, CD3, Cas, SLP-76, Nef, IRS-
1, PYK2, SHIP, E1.

For SHS-Binding - MH2, top 15 members of the PSGTe" set arranged in the decreasing
order of frequency count are as follows: FAK, p38, Nck, c-Abl, Nef, Cas, activin, Akt, p62,
I1L-2, CD3, PI3K, p4Tphox, c-Cbl, NF-kappaB.

The identification of SHP-1 as a potential member of the mechanosome network was
unexpected and prompted a re-evaluation of our original hypothesis [3, 17]. SHP-1 is a
Src-homology 2 domain (SH2)-containing protein tyrosine phosphatase (PTP) expressed in
numerous cells (see [18] for review). This protein suppresses osteoclastogenesis [19, 20], perhaps
in part by attenuating cell adhesion [21]. Additionally, we have preliminary data suggesting
a role for Nmp4 in osteoblast adhesion. Therefore, on the basis of our in silico results and
laboratory data we have proposed that the interactions between Nmp/, p130Cas, and SHP-1
form a motif within the mechanosome network that regulates adhesion-mediated differentiation
in osteoblasts and osteoclasts (and perhaps numerous other cell types).

The significant frequency of both FAK (focal adhesion kinase) and PYK2 (protein tyrosine
kinase 2) in both the ”SH3 domain + SH2-binding domain” and the ”SH3-binding domain +
MH2 domain” search results are consistent with the fact that these two proteins are very similar
in their domain arrangement with conservation of proline-rich regions, a 60% sequence identity
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in the central kinase domain, and identical positions of four tyrosine phosphorylation sites
[22]. FAK and PYKZ2 appear to play roles in osteoblast mechanotransduction [23, 24]; PYK2
mediates the organization of the osteoclast cytoskeleton and osteoclast adhesion [25, 26, 27].
The role of FAK in osteoclasts is less clear but most data point to an adhesion-related function
in these cells [27].

5. CONCLUSIONS

Helping bone biologists visualize possible biological pathways and generate likely new
hypotheses concerning novel interactions through multi-level text mining using transitive
closure and maximal network flow offers a new method to help find a cost-effective treatment
to bone diseases such as osteoporosis. Of particular interest in our text mining analysis are
those pairs for which the literature fails to indicate a direct association but our transitive text
mining indicates an association. Such interesting pairs are located in the first-level text mining
analysis. We used such interesting pairs to carry out the second-level text mining analysis which
glean further interesting outcomes in the form of proteins in the mechanosome network. The
direct association matrix generated in our work suggests that there is a strong relationship in
the literature between NMP4 and PTH, p130Cas, zyxin, actin, and beta-catenin in decreasing
order. Our work with maximum network flow suggests that there may be a more buried and
weak relationship between NMP4 and almost all of the terms. The thesaurus based method
presented in this paper obtains a significant improvement over random guessing. Future work
on this problem would be very likely to include an extended set of vocabulary terms and
extended work on the development of visualizations which are more meaningful to a bone
biologist information expert. Work on extending the examination in to associations between
multiple proteins or terms could also be conducted in an effort to further improve the accuracy
and obtain more meaningful results.
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