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Summary

Biomedical literature and database annotations, available in electronic forms, contain a vast amount of
knowledge resulting from global research. Users, attempting to utilize the current state-of-the-art research
results are frequently overwhelmedby the volumeof such information,making it difficult and time-consuming
to locate the relevant knowledge. Literature mining, data mining, and domain specific knowledge integration
techniques can be effectively used to provide a user-centric view of the information in a real-world biological
problem setting. Bioinformatics tools that are based on real-world problems can provide varying levels of
information content, bridging the gap between biomedical and bioinformatics research.We have developed a
user-centric bioinformatics research tool, called BioMap, that can provide a customized, adaptive view of the
information and knowledge space. BioMap was validated by using inflammatory diseases as a problem
domain to identify and elucidate the associations among cells and cellular components involved in multiple
sclerosis (MS) and its animal model, experimental allergic encephalomyelitis (EAE). The BioMap systemwas
able to demonstrate the associations between cells directly excavated from biomedical literature for inflam-
mation, EAE and MS. These association graphs followed the scale-free network behavior (average c = 2.1)
that are commonly found in biological networks.

Introduction

Biomedical literature contains a wealth of knowl-
edge whose automated extraction is still a tedious
task. A simple query on inflammation related
diseases returned over 45,000 documents from the
MedLine [1] database alone. This provides an
indication of the large volume of scientific infor-
mation available in the form of text. Associations
among biological entities such as genes, proteins,
molecules, processes, diseases, drugs and chemi-
cals, are one such form of underlying knowledge

available in literature. Deep mining that involves
extracting directional, transitive, and hyper asso-
ciations may unravel novel plausible biological
hypotheses.

Bioinformatics tools based on real-world prob-
lems can provide varying levels of information
content, bridging the gap between biomedical and
bioinformatics research. Using inflammatory dis-
eases as a problem domain, in this paper we show
that the tools proposed can provide researchers
with pertinent information to address specific
biological research questions.

There exist numerous public domain biological
data sources that concentrate on the management
of information pertaining to a particular type of
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biological concept, such as RNA (e.g. RNAbase
[2]), DNA and protein sequences (e.g. GenBank
[3], SwissProt [4]), protein families (e.g. InterPro
[5]), gene functions (Gene Ontology [6]), metabolic
pathways (e.g. KEGG [7], EcoCyc [8]), or diseases
(e.g. OMIM [9]). However, biological analysis
tasks generally require these concepts to be con-
sidered in their biological context, i.e. their rela-
tionships and interactions to/with other objects.
Most of these data sources only provide web links
for navigational access along the network of
biological relationships, making it impossible to
perform automated analysis for large data sets
across multiple dimensions [10, 11].

There are several commercially available soft-
ware products that supports knowledge discovery
from biomedical databases. Ingenuity System [12]
has Ingenuity Pathways Knowledge Base, which is
the world’s largest curated database of biological
networks that enables biologists to discover, visu-
alize and explore therapeutically relevant networks
significant to their experimental results. The Phar-
mGKB [13] is a publicly available Internet
research tool developed by Stanford University
that assists researchers in understanding how
genetic variation among individuals contributes
to differences in reactions to drugs. The TAMBIS
tool [14] attempts to provide transparent informa-
tion retrieval and filtering from biological infor-
mation services by building a homogenizing layer
on top of the different sources. The Incyte’s
Proteome BioKnowledge Library [15] consists of
six database volumes of biological information
about proteins. Each volume focuses on a different
organism important in pharmaceutical research.
PubGene [16] is a proprietary software package
designed to identify relationships between genes
and proteins based on their co-occurrence in the
abstracts of scientific papers, on their sequence
homology, and the statistical probability of their
co-occurrence with each other and Medical Sub-
ject Headings (MeSH) and Gene Ontology (GO)
terms, such as diseases and cell processes. RO-
SETTA [17] is a toolkit designed to support the
data mining and knowledge discovery process. The
Genostar program also [18] provides researchers
with a bioinformatics platform for exploratory
genomics.

Some commercial systems find directional
relations between objects and build biological
pathways. Two major vendors of such systems

are Ariadnegenomics [19] and Ingenuity Systems.
The Ariadnegenomics tool, called Pathway Assist,
is a pathway analysis software that helps to
interpret experiment results in the context of
pathways, gene regulation networks and protein
interaction maps. It identifies relationships among
different biological entities using curated and
automatically created databases. The major part
of the knowledgebases used by the tool is manually
curated by experts in the domain. The part of the
system that identifies relations is called Medscan
[20, 21]. Ingenuity System provides a number of
tools that help biologists in their research. Inge-
nuity Pathways Knowledgebase has high quality
networks created from millions of expert-curated
relationships between proteins, genes, complexes,
cells, tissues, drugs and diseases.

There is still a need to provide a user-centered
and problem specific view of the underlying
biological information space. For example, with
Pathway Assist, the user is limited to specific
knowledgebases provided by the vendor and does
not have the ability to create his/her own knowl-
edgebase. Moreover, an important question in
biological knowledge management is whether it is
possible to generate a novel hypothesis concerning
associations between biological objects, based on
existing associations as presented in the literature.
We showed that such hypothesis generation can be
achieved by computing transitive associations
using the transitivity property on an underlying
association graph [22].

Our efforts in literature mining primarily dealt
with data fi information and informa-
tion fi knowledge transformation problems. We
developed tools such as the rFinder to extract
biological entity identification and discover rela-
tionships [22–26]. We also investigated the prob-
lem of formulating new hypotheses concerning
associations using the transitivity property [21, 27].
These tools were integrated into a knowledgebase
called BioMap that can perform basic literature
mining tasks and create a domain specific knowl-
edge core based on the user’s needs. BioMap is
currently populated with literature knowledge
extracted from MedLine abstracts for the follow-
ing domains: Inflammation, Tissue regeneration,
Arabidopsis, Lung Cancer, and Alzheimer disease.

In this paper we illustrate the utilization of such
an integrated tool in the research related to multiple
sclerosis (MS), an inflammatory demyelinating



disease of the central nervous system (CNS) that
afflicts millions of people worldwide [28]. These
findings suggest that early in the disease, ongoing
inflammatory activity is present in most patients
and is responsible for the relapsing-remitting course
of MS, whereas a distinct process might be oper-
ative in the progressive phase of the disease, when
inflammatory activity diminishes despite the greater
presentation of disability [29] by the subject. Acti-
vation of immune cells, secretion of inflammatory
cytokines and differentiation of encephalitogenic
Th1 cells are key processes associated with the
pathogenesis of MS [30–32]. Although immuno-
suppressive agents have been used to treat MS,
there is no medical treatment available so far that
can cure MS.

The experimental allergic encephalomyelitis
(EAE) on the other hand is a prototypic animal
model for multiple sclerosis [33]. EAE can be
induced in susceptible rodents and primates by
immunization with whole brain homogenate or
purified neural antigens such as myelin basic
protein (MBP), myelin oligodendrocyte glycopro-
tein (MOG) and proteolipid protein (PLP). The
antigenic epitopes of neural antigens have been
mapped and adoptive transfer of T cells reactive to
these epitopes is sufficient to induce the disease.
Using a combination of neural antigens and
animal species, it is possible to induce EAE with
clinical symptoms similar to those seen in relaps-
ing-remitting or chronic progressive MS. The
clinical and pathological features of EAE show
close similarity to human MS and therefore EAE
has been commonly used as a model system to
study the mechanism of MS pathogenesis and to
test the efficacy of potential therapeutic agents for
the treatment of MS [34–39].

Since the immune and inflammatory responses
present in various disease conditions will be
mechanistically similar, the therapeutic ap-
proaches used in one clinical setting may be useful
for others as well. In this study, we have analyzed
and compared different types of cells associated
with the pathogenesis of inflammation, multiple
sclerosis and its animal model, EAE. Our results
validate the use of BioMap to excavate molecular
components through datamining technology and
to identify novel therapeutic targets by analyzing
their functional association in complex disease
settings such as MS.

Methodology

The overall process of discovering associations
among cells in this study involves composing a set
of biological terms corresponding to the problem
domain of inflammation, resolving synonyms,
retrieving abstracts from MedLine, tagging the
documents based on parts of speech tags, identi-
fying biological objects, extracting binary associ-
ations and, finally, discovering the directional
relationships that will result in the creation of the
BioMap knowledgebase for the inflammation
domain. These steps are explained in detail below.

BioMap system

The BioMap system consists of three levels of data
analysis and mining: Level 1, Level 2, and Level 3
(see Figure 1). Level 1 is primarily concerned with
extracting knowledge from the biomedical litera-
ture database, e.g., MedLine. The user will provide
a set of biological terms associated with the
problem of interest, for example, inflammation.
This is the process through which the system
supports user-centered knowledge creation. At this
level, the LitMining Engine resolves synonyms,
retrieving all possible abstracts from the MedLine
database; identifying relevant biological objects
and binary relations; and creating a knowledge-
base called LitKB [22, 23, 25, 26, 40, 41]. In Level
2, the rFinder discovers directional relationships
among objects using the LitKB and stores these in
a Relationship Knowledgebase, RelKB. Cross-
linking knowledge in LitKB with other biomedical
databases is carried out by the Gcell engine using
eight different databases, and the context knowl-
edge is stored in ContextKB. Level 3 carries out
deep mining of ContextKB and RelKB using the
Gcell and TransMiner Engines. The comparative
study of cells associated with inflammation, EAE,
and MS reported in this paper utilizes the rFinder
and TransMiner tools within the BioMap system.

Domains

The domain is a specific biological research area
that can be a disease, a compound, an organism,
etc. In BioMap, the user can create a unique
knowledgebase of a specific domain of interest by
providing one or more terms associated with the



domain. The domains used in this study include
Inflammation, EAE, and MS.

Data source and data acquisition

The text data source for BioMap is the MedLine
database. BioMap uses a HTML wrapper (a
parser) to retrieve title and abstract of each article
from Medline for a given query. Documents
related to the inflammation, EAE and MS
domains were obtained from MedLine using terms
such as, ‘‘acute phase response’’, ‘‘anti-inflamma-
tory agents’’, ‘‘chemokines’’, ‘‘autacoids’’, ‘‘inter-
leukins’’, ‘‘monocytes’’, ‘‘macrophages’’, and
several genes and proteins involved with inflam-
mation. The total number of documents retrieved
was 32,693 for MS, 5,334 for EAE, and 210,235
for inflammation. Each abstract is identified by a
unique identification number. A query for each
keyword is sent to MedLine in order to acquire all
of the identification numbers of the abstracts.
Repetition of an identification number can occur
if, for instance, two or more keywords appear in
the same abstract, but any repetition is ignored.
This provides a unique set of abstract identifica-
tion numbers. Those identification numbers are

used to download the MedLine abstracts one by
one in XML format. These abstracts are stored in
a local database for further mining and analysis.

BioMap user interface and data analysis

A snapshot of the main BioMap interface is shown
in Figure 2. Through this interface the user can
create new knowledge domains or run different
mining tools on an existing knowledge base.
Figure 3 shows the second interface page the user
can submit broad or specific queries that would
lead to specific pertinent information. In the
proposed implementation, the user can select
different combinations of input features. For
example, one can present a query to the effect of
‘‘find all the cells that are present in inflammation
but not in MS and EAE’’. Different combinations
of such queries can be made on the BioMap
system. Once the results for such queries are
returned from BioMap, the rFinder and the
TransMiner tools within the BioMap system can
carry out different types of association discovery
(direct, transitive, and directional associations)
among the biological entities.

Figure 1. The BioMap System Architecture showing various interacting system components.



Discovering binary associations using BioMap

BioMap uses the co-occurrence principle (tf-idf
method) [42] to discover direct binary associations
among biological objects using the database created
during the literature mining process. The algorithm
for finding the direct associations and their strength
using the knowledgebase LitKB, is as follows:

1. Using SELECT query, select all document
identification numbers for documents where
the biological objects that are being associ-
ated, are present.

SELECT document_id
FROM table_name
WHERE objects IN (biological_objects_list);

2. Calculate the number of times (frequency)
each biological object appears in each docu-
ment given by the result of step 1.

tf = Ti [k], where: k = biological object k;

i = document i

3. Calculate the inverse document frequency of
each biological object in the document set.

g p g

Figure 3. The query selection interface for BioMap.

Figure 2. The initial user interface of BioMap showing some of the functionalities.



idf ¼ N=n½k�;

where: N = total number of documents;
k = biological object k; n[k] = total number
of documents where biological object k
appears.

4. Weight of each biological object is calculated
by multiplying tf with idf.

Weight ¼ tf � idf
Wi½k� ¼Ti½k� � logðN=n½k�Þ

where: k = biological object k; i = docu-
ment i; wi[k] = weight of biological object k
in document i.

5. Direct binary association strength between
two biological objects k and l is the total of
multiplication of the weight of biological
object k and the weight of biological object l
in every document:

Assoc½k�½l� ¼
XN

i¼1
Wi½k� �Wi½l�

The association strength will return a positive
number if there is an association between object k
and l, no matter how small or weak it is. If there is
no association between k and l, the strength will be
0. This will form a symmetric matrix of the
number of biological objects. The undirected
association graph for direct associations is based
on positive, non-diagonal values from the matrix.

Discovering transitive associations using BioMap

Transitive associations that exist in biomedical
literature provide plausible new hypotheses that
need to be verified and validated experimentally.
Studies by others, our own earlier work, and the
feedback from our biomedical collaborators indi-
cate that even if the recall of a potential valid
association is small, discovering such associations
can be extremely valuable [43]. We have developed
an efficient way to discover transitive associations
among biological objects using the BioMap
knowledgebase.

Given a directed graph of associations, Trans-
Miner will form the transitive closure identifying
the potential path of associated objects. The
transitive associations can be directly discovered
by further mining the literature knowledgebase

(LitKB) computed earlier. This process first begins
by computing all the direct relations as graph G,
using the algorithm described in the previous
section.

Relation R(x, z) is transitive if there exists direct
relation R(x, y) and direct relation R(y, z) in graph
G. For example: if gene A is involved in process B
and process B has a role in developing disease C,
then gene A and disease C are transitively associ-
ated. Warshall’s Transitive Closure [44] algorithm
is used to explore every possible transitive associ-
ations using graph G computed using the previous
step.

Algorithm: Transitive Association Discovery

1. Potential transitive associations are the dif-
ference between the transitive closure (G*)
and the initial association graph (G).

2. Find the object pair for each potential transi-
tive association in G and calculate the associ-
ation strength.

3. If the association strength is not zero, the
association is direct.

4. If the association strength is zero, the associ-
ation is transitive.

5. Repeat steps 2, 3, 4, and 5 for all the po-
tential transitive associations discovered to
get G¢ which contain the initial direct asso-
ciations G and the newly discovered direct
associations. (G*–G¢) are the indirect tran-
sitive associations.

The algorithm utilizes the BioMap knowl-
edgebase to compute the transitive association
resulting in an efficient implementation as com-
pared to an earlier implementation where the
search for transitive relations were carried out by
iteratively fetching the documents from Med-
Line. This approach would also allow the
extraction of all possible associations for the
given problem domain as opposed to limiting the
document space used in the previous implemen-
tation reported in [22].

Discovering directional associations

Finding the directionality of a relationship
requires the analysis of different ways in which
a single fact can be expressed in natural lan-
guage. Our study indicated that there are at least
14 different ways to express a single relationship.
There exist many attempts to address the prob-



lem of finding relations and their directionality
[20, 45–48]. Our solution attempts to develop a
fully-automated learning system which can deal
with a wide variety of biological objects and is
customizable to different biological problems.

As a first step in solving the directionality
detection problem, we analyzed several sentence
structures. These sentence structures fall into two
different classes of direction. The direction of a
relation can be either in the forward direction,
where the first object has a relation with the second
object, or the backward direction, where the second
object has a relation with the first object. Analysis
of the different sentence structures can reveal the
patterns for different rules for the two classes
involved in directionality. These rules were cap-
tured and represented as a finite state automaton.
For example, consider the sentence: ‘‘Isoprotere-
nol/NN inhibits/VBZ 17beta-estradiol-induced/
NNP gene/NN transcription/NNP in/IN A7r5/
NNP cells/NNS ./.’’ This sentence is in simple
active voice and the direction is forward in this case.
The subject noun ‘‘Isoproterenol’’ (actor) has a
forward inhibit relation with ‘‘17beta-estradiol-
induced gene transcription,’’ the object noun phrase
(patient). After analyzing various sentence struc-
tures, rules were developed and learned using a
neural network.

We used a connectionist model to learn direc-
tionality for several reasons: It is one of the faster
learning systems; it can capture the knowledge of
direction easily; and most importantly, the neural
network is more noise tolerant and has the ability
to generalize to a new type of sentence which the
neural network has never seen before. A feed
forward back propagation neural network was
used with 11 inputs, where each input corresponds
to a parts-of-speech of a preceding or a succeeding
phrase and two outputs representing the two
classes. Our initial study on six different types of
sentence structures with 600 input sentences gave
88% accuracy on directionality detection [49].

Results

BioMap excavates different immune effector
and target cells and their direct relations associated
with inflammation, EAE and MS

The BioMap interface shown in Figure 3 was used
to generate various results given in this section.

The objective of this work is to carry out a
comparative study on cell–cell associations that
are common or unique for inflammation, EAE and
MS that is reported in the literature data. Specif-
ically, during the induction of MS, Microglial cells
play a major role, however the mechanism of the
etiology is not known. One of the key objectives of
this paper is to identify cellular interaction of
microglial cells with other cell components and to
analyze the unique associations found in MS with
microglial cells and other major significant cellular
components like macrophage and monocytes. The
association discovery process involves selecting
‘‘Cell’’ followed by ‘‘Inflammation and EAE’’, or
‘‘Inflammation and MS’’, or ‘‘Inflammation only’’
for the three different studies reported in the paper
using the BioMap system. For example, if the
query is, ‘‘Cell \ Inflammation \ EAE’’ (\ is the
‘‘AND’’ operator), the system would first generate
a list of all the cells that are associated with
inflammation and EAE from the knowledgebase.
This list is now fed to the rFinder and TransMiner
tools for finding direct, directional and transitive
associations. The results shown in Tables 1–7 were
summarized based on the outcomes from the
rFinder and TransMiner tools. In addition to the
textual results of the three different types of
associations, these tools also generate association
graphs as shown in Figures 4–7. For the sake of
brevity, since these association graphs are very
large, Figures 4–7 show only partial graphs to
highlight the important nodes. In Figures 4–7, the
arrow indicates the direction of the reaction and
the number associated with the reaction is the
frequency of occurrence. The gray shaded arrows
indicate ‘‘does not’’ reactions or negations.

Based on the knowledge discovery process
described above, we identified 33 cell types as
shown in Table 1 after the first query session.
Among them are 33 cells that are associated with
inflammation, 26 cells associated with EAE and 30
cells involved in MS. The unique cells found in
EAE and inflammation were helper T cells and
phagocytes, whereas, the unique ones in inflam-
mation and MS were basophils, CD4+ T cell,
CD8+ T cell, macroglia, nerve cells and red blood
cells. These cells can be broadly classified as
immune effector cells and organ-specific target
cells. Thus the major immune cells that we have
identified include antigen presenting cells such as
dendritic cells, macrophage and microglia, lym-



phocytes such as CD4+ Th1 and Th2 cells, and
CD8+ cytotoxic T cells, B cells, NK cells and
granulocytes. We have also detected various target
cells such as oligodendrocytes, Schwann cells,
neurons, and astrocytes in these diseases.
Although there is no significant difference in
immune cells associated with different inflamma-
tory diseases, the target cells can vary depending
on the tissues and organs involved in the various
inflammatory disease. However, these differences
are not functionally significant, suggesting that the
inflammatory cells involved in EAE and MS are
comparable to any other inflammatory diseases.
These findings also suggest that the information
excavated from biomedical literature through
TransMiner is biologically relevant and is reliable
for such discoveries in other fields of medicine.

Microglia is the main resident antigen present-
ing cell in the brain and CD4+ Th1 cells are the
important effector cells in EAE/MS [50–56]. We
have examined the association of microglial cells
with other immune effector and target cells in
EAE, MS and inflammation. In MS, we found a
direct association of monocytes, NK cells, neu-
rons, neutrophils, oligodendrocytes, phagocytes,
schwann cells, stem cells, T cells, T lymphocytes,
Th1 cells and Th2 cells with microglial cells. These
direct associations that we have identified are
significant and can be used in future laboratory
experiments to diagnose different stages of dis-

g 4 p p g p p

Table 1. Cells in inflammation, EAE and MS discovered
by BioMap

Cells MS EAE Inflammation

Astrocyte + + +

Basophils + ) +

B cell + + +

CD4+ T-cell + ) +

CD+ T-cell + ) +

Dendritic cells + + +

Endothelial cells + + +

Eosinophil + + +

Glial cells + + +

Granulocyte + + +

Helper T-cell ) + +

Lymphocytes + + +

Macroglia + ) +

Macrophage + + +

Mast cell + + +

Microglia + + +

Monocyte + + +

Motor neurons + + +

Nerve cells + ) +

Neurons + + +

Neutrophils + + +

NK cells + + +

Oligodendrocyte + + +

Phagocytes ) + +

Platelet + + +

Red blood cells + ) +

Schwann cells + + +

Stem cell + + +

Suppressor cells + + +

T-cell + + +

Th1 cells + + +

Th2 cells + + +

T lymphocytes + + +

Table 2. Cell–cell transitive associations showing frequency
strength for inflammation

Cells Cells Strength

Oligodendrocytes Th2 cells 178

Neurons Neutophils 91

Nneurons NK cells 86

Neurons Th2 cells 70

Neurons Th1 cells 57

Neutrophils NK cells 50

Neutrophils Th2 cells 50

Table 3. Cell–cell transitive associations with frequency
strength for EAE

Cells Cells Strength

Neurons Th1 cell 110

Oligodendrocytes Th1 cell 109

Neurons Natural killer cells 52

Table 4. Cell–cell transitive associations with frequency
strength for MS

Cells Cells Strength

Monocyte Neurons 279

Oligodendrocytes Th2 cells 179

Neurons Neutophils 91

Neurons Natural killer cells 86

Neurons Th2 cells 70

Neurons Th1 cell 57



ease pathogenesis and to test the effects of
potential therapeutic agents in the treatment of
inflammatory diseases.

In EAE, the microglial cells showed direct
association with monocytes, NK cells, neurons,
oligodendrocytes, T cell, Th1 cells, Th2 cells and T
lymphocytes. Whereas, with inflammation, the
eosnophils, glial cells, granulocytes, astrocytes,

basophils, dendritic cell, endothelial cells, macro-
glia, and macrophage showed direct association
with microglial cells. A comparative analysis of
associations in EAE and inflammation with MS
indicated that microglial cells exhibit direct asso-
ciation with dendritic, endothelial, eosnophils,
glial cells, granulocyte, macrophage and mast cells
in EAE and inflammation.

Table 5. Major hubs in direct associations for inflammation, EAE and MS

Inflammation No. of associations EAE No. of associations MS No. of associations

Macrophage 1,117 Macrophage 54 Astrocyte 92

Monocyte 1,046 Astrocyte 53 Macrophage 89

Eosinophils 970 Lymphocytes 46 Lymphocyte 87

Neutrophil 913 Microglia 46 Microglia 81

Endothelial cell 634 T-cell 38 Oligodendrocyte 74

Dendritic cell 609 Oligodendrocyte 31 Monocyte 67

Lymphocyte 599 Glial cells 27 T-cell 66

Granulocyte 531 Neuron 23 Neuron 46

Platelet 335 Monocyte 20 Glial cell 42

Basophil 328 Endothelial cells 18 Endothelial cell 27

Astrocyte 299 Dendritic cell 16 Dendritic cell 26

Mast cell 259 Th1 cell 15 Neutrophil 23

Microglia 196 B-cell 13 Th2 cell 22

NK cell 156 Th2 cells 13 Th1 cell 21

Erythrocyte 144 T-lymphocyte 10 NK cell 20

B-cell 124 Mast cell 19

T-lymphocyte 18

Granulocyte 15

B-cell 14

Schwann cells 14

Table 6 Major hubs in transitive associations for inflammation, EAE and MS

Inflammation No. of associations EAE No. of associations MS No. of associations

Dendritic cell 16,014 Macrophage 162 Astrocyte 404

Basophil 15,733 Monocyte 129 Macrophage 319

Endothelial cell 14,442 Astrocytes 95 Monocyte 287

B-cell 13,799 B-cell 81 Endothelial cell 259

Macrophage 10,034 Astrocyte 78 Dendritic cell 249

Monocyte 10,031 Dendritic cells 75 Oligodendrocyte 239

Granulocyte 9,960 Endothelial cells 68 Glial cell 195

Lymphocyte 9,565 Oligodendrocyte 62 B-cell 166

Neutrophil 9,530 Glial cells 58 Lymphocyte 156

Eosinophil 9,094 Neuron 57 Neuron 136

Platelet 8,356 Microglia 51 Microglial cell 114

Mast cell 8,202

Astrocytes 7,945



Direct associations among cells that are in
Inflammation but not in MS and EAE are
neutrophils, basophils, NK cells, platelets, and
mast cells. Neutrophils are also known as poly-
morphonuclear leukocytes (PMN), representing
50–60% of the total circulating leukocytes and
constitute the ‘‘first line of defence’’ against
infectious agents or ‘‘nonself’’ substances that
penetrate the body’s physical barriers. Once an
inflammatory response is initiated, neutrophils are
the first cells to be recruited to site of infection or
injury. Their development in the bone marrow
takes about 2 weeks; during this period, they
undergo proliferation and differentiation. Basoph-
ils are the least common of the granulocytes,
representing about 0.5–1% of circulating leuko-
cytes. Like all circulating granulocytes, basophils

can be recruited out of the blood into a tissue when
needed. When activated, basophils secrete hista-
mine, several proteoglycans, lipid mediators like
leukotrienes, and several cytokines. Histamine and
proteoglycans are pre-stored in the cell’s granules
while the other secreted substances are newly
generated. Each of these substances contributes
to inflammation. Recent evidence suggests that
basophils are an important source of the cytokine,
interleukin-4, perhaps more important than T
cells. Interleukin-4 is considered one of the critical
cytokines in the development of allergies and the
production of IgE antibody by the immune sys-
tem. There are other substances that can activate
basophils to secrete which suggests that these cells
have other roles in inflammation. The NK cells
constitute a major component of the innate

Table 7. Major hubs in directional (outgoing) associations for inflammation, EAE and MS

Inflammation No. of associations EAE No. of associations MS No. of associations

Monocyte 48 Monocyte 31 Neutrophil 36

Macrophages 45 Macrophages 29 Monocyte 34

Neutrophil 41 Neutrophils 26 Macrophages 32

Eosinophils 32 Eosinophils 23 Eosinophil 22

Endothelial cells 24 Endothelial cells 18 Endothelial cells 19

Astrocytes 18 Astrocytes 15 Astrocytes 15

Lymphocyte 17 Microglia 14 Lymphocyte 15

Figure 4. Partial snap shot of the directional relationship graph associated with multiple sclerosis.



immune system, which usually express the surface
markers CD16 (FccRIII) and CD56 in humans.
NK cells are cytotoxic; small granules in their
cytoplasm contain special proteins such as perforin
and proteases, known as granzymes. Upon release

in close proximity of a cell to be killed, perforin
forms pores in the cell membrane of the target cell
through which the granzymes and associated
molecules can enter, where they induce apoptosis.
NK cells are activated in response to interferons or

Figure 5. Partial snap shot of the directional relationship graph associated with experimental allergic encephalomyelitis.

Figure 6. Partial snap shot of the directional relationship graph associated with inflammation.



macrophage-derived cytokines. Activated platelets
secrete chemotactic substances, they facilitate the
binding of leukocytes to the endothelium and their
subsequent extravasation, and they may influence
the inflammatory responses of leukocytes in
both stimulating and inhibiting ways. However,
platelets themselves also contain an array of
potent proinflammatory substances, and therefore
they are regarded as mediator and effector cells in
inflammation. The mast cells have long been
recognized as potent producers of a large panel
of biologically highly active mediators such as
biogenic amines, arachidonic acid metabolites,
cytokines and chemokines, but most of their
biological functions have been elusive and
speculative.

Discovering directional association
between different immune effector and target
cells in inflammation, EAE and MS

The rFinder tool in BioMap was used to discover
directional relationships that exist for cellular
interactions associated with inflammation, EAE
and MS. The unique associations among cells in

inflammation with MS are: eosinophils, glial cells,
granulocytes, macrophage, mast cells, nerve cells,
phagocytes, platelets and T cells. The unique ones
for EAE and MS are eosinophils, granulocytes,
macrophage, mast cells, nerve cells, phagocytes,
platelets, and T cells. Using rFinder, we have
generated the directionality among 28 cell types
associated with these inflammatory diseases, of
which 24 cells appeared with MS and 22 for
EAE.

Directional associations found by rFinder for
both MS and EAE showed that macrophages
induce/produce monocytes and microglial cells
and oligodendrocytes activate microglial cells. It
is also interesting to observe that microglia cells
interact with neurons through signaling and
enhancing. A number of associations were found
which are common for both MS and EAE, such as
microglia activate macrophage; microglia pro-
duces neutrophils and stimulates granulocytes.
Those associations also found in MS but not in
EAE are: endothelial cells produce neutrophils;
eosinophils activate mast cells; macrophage ex-
press astrocytes; microglia express astrocytes;
schwann cells signal oligodendrocytes; and Th2

Figure 7. Partial snap shot of the directional relationship graph which shows major hub nodes associated with EAE.



cells activate basophils. A partial graph depicting
the directional associations found for MS is shown
in Figure 4.

In disease induction, Th1 cells play a major
role; they induce microglia thereby affecting oli-
godendrocytes and cause demyelination in CNS
which results in MS. One of the associations

observed in EAE is that microglial cells prevent
astrocytes. However, such a relation could not be
observed in MS. During the induction of disease
like MS, Th2 cells have pro-inhibitory effects. It
has already been established that Th2 cells inhibit
microglia as well as Th1 cells which ultimately
induce demyelination. Some of the directional

,

Figure 8. Scale-free topology of Direct Relationship network (left column) and Transitive Relationship network (right column) for
Inflammation, EAE and MS.



associations that were not found in MS but in
EAE (see Figure 5) are: macrophage reduce lym-
phocytes and Th1 cells mediate Th2 cells.

A few unique relations were also found for MS
that are not present in inflammation. Some of
them include: macrophages and microglia
express astrocytes; microglia react with endothe-
lial cells; and, schwann cells signal oligodendro-
cytes. However the unique associations found in
inflammation are extensive, as depicted in the
partial graph shown in Figure 6. Some of the
significant ones are: CD4+ T cell proliferation

reduces macrophages; leuckocytes prevent IL-13
induced leukocyte recruitment; mast cell stimulate
CD8+ cell recruitment; monocytes activate
phagocyte differentiation; monocytes induce
macrophage differentiation; neutrophils reduce
phagocytes; phagocytes control monocytes; and,
platelet derived alpha chemokine factor induces
macrophages and monocytes.

Microglial cells have a major role in pathogen-
esis of multiple sclerosis. The comparative analysis
of the results obtained through the rFinder tool
revealed that, for MS, unique and relevant asso-

Figure 9. Scale-free topology of Directional Relationship for outgoing and incoming networks for Inflammation, EAE and MS.



ciations with microglial cells are very few. How-
ever, the unique associations found in EAE and
inflammation but not in MS, such as microglial
cells prevent astrocytes; microphages reduce lym-
phocytes; Th1 cells mediate Th2cells etc., could be
significant in MS research.

The major association nodes found through
rFinder for Inflammation, EAE, and MS are
macrophages, monocytes, eosinophils, astrocytes,
lymphocytes, and microglia. In inflammation,
macrophages have three major function; antigen
presentation, phagocytosis, and immunomodula-
tion through production of various cytokines and
growth factors. Macrophages play a critical role in
the initiation, maintenance, and resolution of
inflammation. They are activated and deactivated
in the inflammatory process. The majority of the
resident macrophages are derived from circulating
monocytes. During an acute inflammation the
number of circulating monocytes increases, and a
large proportion of these cells migrate to the site of
inflammation and differentiate into exudate mac-
rophages. Eosinophils produce cytokines such as
interleukin IL-3, IL-5 and granulocyte-macro-
phage colony stimulating factor (GM-CSF) that
contribute to their proinflammatory functions.
Astrocytes are sub-type of the glial cells in the
brain. Astrocytes are star shaped glial cells that
perform a variety of functions in the CNS. Astro-
cytes provide physical support to neurons and
clean up debris within the brain. They also provide
neurons with some of the chemicals needed for
proper functioning and help control the chemical
composition of the fluid surrounding neurons.
Finally, astrocytes play a role in providing nour-
ishment to neurons. Lymphocytes is a type of white
blood cell involved in the human body’s immune
system. There are two broad categories of lympho-
cytes, namely T cells and B cells. Lymphocytes play
an important and integral part of the body’s
defenses.T cells are chiefly responsible for cell-
mediated immunity whereas B cells are primarily
responsible for humoral immunity (relating to
antibodies). Microglia are the smallest of the glial
cells. They act as phagocytes cleaning up CNS
debris. Microglia are thought to be highly mobile
cells that play numerous important roles in pro-
tecting the nervous system. They are also thought
to have an impact in neurodegenerative disorders
like MS. Microglia is responsible for producing an
inflammatory reaction to insults.

BioMap detects novel association between immune
and target cells in inflammation, EAE and MS

One of the key features of BioMap system is its
capability to discover novel associations among
biological entities based on the transitivity prop-
erty using the TransMiner tool. Such transitive
associations may be indicators of new hypotheses
that be derived based on literature knowledge. In
this study, we selected transitive associations that
has a strength (frequency of occurrence) greater
than 50, for Inflammation, EAE and MS. Table 2
shows cell to cell interaction in inflammation with
high strength values excavated through TransMin-
er. Neurons exhibited high association with neu-
trophils, NK cells, Th1 and Th2 cells, whereas
oligodendrocytes showed highest association with
Th2 cells. Table 3 shows the transitive associations
with high strength values in EAE. For EAE,
neurons with Th1 cells expressed the highest
associations, followed by oligodendrocytes with
Th1 cells and neurons with NK cells. Cell to cell
transitive association with their strength values in
MS are given in Table 4. For MS, all the cell
components of higher strength values are different
from Inflammation and EAE. Monocytes indi-
cated the highest association with neurons fol-
lowed by oligodendrocytes and Th2 cells.

Considering all cellular participants and giving
emphasis to their frequency values in Inflamma-
tion, EAE, and MS, TransMiner generated similar
cell types with high associations in Inflammation
and EAE. However, these were not excavated in
MS. Also, transitive associations generated by
TransMiner are based on the contextual occur-
rence of these cells with a high frequency of co-
occurrence. The associations that are generated by
TransMiner do not give the directionality or the
nature of the biological reaction and this could be
an inhibiting effect on other cellular participants
which ultimately induce or the etiology of the
diseases like MS. Thus, those associations with
high strength values which are in EAE and
inflammation but not in MS can be taken for
experimental studies in MS since EAE is an animal
model of MS.

Biological entity association network analysis

In addition to the qualitative analysis of the
associations which were discovered using BioMap,



we also carried out a statistical analysis of the hub
nodes that are present in the association graphs.
Numerous studies in the literature indicate that
most biological networks are scale-free [57–60]. In
a scale-free network, the degree distribution, P(k),
shows the probability that a selected node has
exactly k links. In a graph with directional links,
kin is the in-degree and kout is the out-degree of the
node. The degree distribution P(k) approximates
the power law, P(k)� kc, where c is the degree
exponent and � means ‘proportional to’. Various
researches have shown that for 2> c > 3 strongly
indicates that there exists a hierarchy of hubs in
biological networks. The hierarchy has the inher-
ent property that a small number hubs are
connected with a large number of nodes whereas,
a large number of hubs has very few number of
nodes [61]. Figure 7 shows a larger network for the
directional association for EAE to demonstrate
the hub phenomena. Some of the nodes such as
‘‘monocytes’’ and ‘‘neutrophils’’ show many
incoming and/or outgoing links, whereas, the
‘‘mast cells’’ has fewer links. There are several
more such smaller nodes that were found for EAE
that are not shown in this graph for the sake of
brevity. This property that has been observed in
biological association networks also provides bio-
logical meaning to the relationships [62]. We have
analyzed the power-law degree distribution of the
association graphs obtained for direct, directional
and transitive relationships and compared that for
Inflammation, EAE, and MS.

Table 5 shows the major hub nodes that are
present in Inflammation, MS and EAE, indicating
the number of links associated with each node for
the direct association network. The power-law
degree distribution plots in Figure 8 (left column)
show the behavior of the hub nodes that are
present in the direct relationship graph. The c
values were 1.29, 1.85, and 1.80 for inflammation,
MS and EAE respectively. Table 6 gives the major
hub nodes for the transitive association network
and Figure 8 (right column) shows the scale-free
network for all three diseases. The c values were
1.24, 1.32, and 1.35 for inflammation, MS and
EAE respectively. Figure 9 shows the power-law
degree distribution of the in-degree and out-degree
for the directional relationship graphs and the
respective major hub nodes are given in Table 7.
The c values for both in-degree and out-degree

ranged from 2.16, 1.74, and 1.63 for inflammation,
MS and EAE respectively.

Even though some of the c values are lower
than the typical range of 2> c > 3 found in scale-
free networks, these numbers are close enough to
demonstrate the biological significance of the hub
nodes. The lower values are due to smaller number
of links associated with the hub nodes since we are
studying a small biological problem domain. The
scale-free property also exist for the transitive
association network as these values follow similar
ranges found in biological networks [62].

Discussion

The BioMap system consists of several toolsets for
biological data mining and integration. In this
paper we demonstrated two such tools, the Trans-
Miner and rFinder, can be used to find associa-
tions among biological entities. We used BioMap
to discover and find associations involved in
inflammation, EAE and MS. From the 32 different
cells that were found, some were unique for EAE
and MS. rFinder provided the directionality of
association among cells in inflammation, EAE and
MS. Unique similarities and differences observed
in EAE or inflammation but not in MS can be
taken to the laboratory for further experimental
studies to test their relevance in MS. The cell types
in these disease systems are rather smaller than
those of TransMiner and indicate the different
aspects of biological reaction such as directionality
and mode of biological associations that research-
ers look for, such as action between two genes or
two proteins or even a gene protein, etc. Transitive
relationships established through TransMiner are
based on contextual occurrence. The highest
strength value indicates the highest frequency of
that relationship’s occurrence in the database.
Associations not found explicitly in the database
are transitive associations and are candidates for
hypothesis generation. In effect, TransMiner is
able to generate all the associations among the
objects and the investigator can then choose the
most interesting objects for experimentation.

Another interesting capability of the BioMap
tool is its capacity to take established relationships
in well-studied disease systems, such as an animal
model, and apply these results to less-studied
human diseases, such as MS. Taking EAE as a



model of MS, we analyzed the components of all
these three diseases using BioMap to observe the
cell components and the established relationships
among them. For example, cells in inflammation
and EAE provide insight to the workings of MS.
Through rFinder, the results can be described as:

Monocyte! induce!Microglia! stimulate

! Granulocyte! stimulate

! Dendritic cells! activate! Inflamation:

Information on all these kinds of associations can
ultimately facilitate the organized design of future
experiments.

Critical analysis in all these disease domains
showed that some associations are unique in both
EAE and inflammation and rFinder did not
provide any of these associations in MS. Examples
of such associations are: microglial cells prevent
astrocytes; macrophages reduce lymphocytes; neu-
trophil reduce phagocytes; phagocytes control
monocytes. This type of association excavated
through BioMap would be beneficial in providing
information to researchers. This is a preliminary
study of cell components in MS and its animal
model EAE and this could be further extended in
other major components such as cytokines,
chemokines, transcription factors, kinases, etc.
Once all such components involved in the inflam-
matory disease can be elucidated through the data
mining process, one can obtain the different
pathways expressed in animal models and take
them into the laboratory to identify/validate the
real molecular mechanism behind MS.

TransMiner provided most cell types involved
inMS and its animal model, EAE. The associations
excavated through TransMiner with high strength
value can be taken as criteria on which to set up
laboratory experiments in MS and EAE. It is also
important to note that the researcher needs to
validate the associations with low strength values
to verify if there would be any significance in the
studies before concentrating on associations with
high strength values, as some of the relevant ones
might be appear only a few times in data sources.
The BioMap tool could also be beneficial for young
researchers, scientists from various disciplines who
deal with inflammatory diseases, students who are
working in this area and all patients and individ-
uals interested in understanding the various facets
and dimensions of inflammatory diseases like EAE

and MS. We could excavate cell to cell associations
established in inflammation and EAE but not in
MS that may open up new doors to researchers
who are working on Multiple Sclerosis. Thus, this
data mining tool could be useful for discovering
relationships among biological objects like cells,
genes, proteins, molecules etc. from the enor-
mously rich and fabulous quantity of data that
human beings cannot examine manually.

The ability of BioMap to directly excavate
knowledge from biomedical literature is an impor-
tant feature, allowing investigators and health
professionals to investigate and analyze biomedi-
cal literature in-depth. The unique similarities and
differences observed through this analysis can be
considered in the development of new hypotheses
and used to design future laboratory experiments.
In this study we have performed a complex
analysis of cells associated with inflammation,
EAE and MS to validate the use of this innovative
tool in biomedical research. Our plan is to further
develop the BioMap system to incorporate com-
plex analysis of systems that involve signaling and
transcription, which will identify unique molecular
and therapeutic targets in various human diseases.

BioMap system is accessible online at: http://
regen.cs.iupui.edu/biomap/
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