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ABSTRACT

Motivation: New relationships are often implicit from existing
information, but the amount and growth of published literat-
ure limits the scope of analysis an individual can accomplish.
Our goal was to develop and test a computational method to
identify relationships within scientific reports, such that large
sets of relationships between unrelated items could be sought
out and statistically ranked for their potential relevance as a set.
Results: We first construct a network of tentative relation-
ships between ‘objects’ of biomedical research interest (e.g.
genes, diseases, phenotypes, chemicals) by identifying their
co-occurrences within all electronically available MEDLINE
records. Relationships shared by two unrelated objects are
then ranked against a random network model to estimate
the statistical significance of any given grouping. When com-
pared against known relationships, we find that this ranking
correlates with both the probability and frequency of object
co-occurrence, demonstrating the method is well suited to
discover novel relationships based upon existing shared rela-
tionships. To test this, we identified compounds whose shared
relationships predicted they might affect the development
and/or progression of cardiac hypertrophy. When laboratory
tests were performed in a rodent model, chlorpromazine was
found to reduce the progression of cardiac hypertrophy.
Contact: Jonathan.Wren@ou.edu

Supplementary information: http://innovation.swmed.edu/
IRIDESCENT/Supplemental_Info.htm

INTRODUCTION

There is a large difference between what is known and what
we know as individuals. We are only aware of a relatively

*To whom correspondence should be addressed.

small fraction of the collective scientific knowledge within
any given field. As increasing amounts of information and
observations are compiled from different areas of research
as individual reports, they can contribute towards a greater
understanding in apparently unrelated areas when considered
collectively. For example, it has been demonstrated that the
useful implications of scientific discoveries can go unnoticed
or unutilized because they exist only implicitly from informa-
tion scattered among different areas of research (Swanson,
1986). By using softwaretoidentify wordsshared between art-
icletitles, Swanson and Smal heiser were ableto identify com-
mon intermediates between Raynaud’s Disease (a circulatory
disorder restricting blood-flow to the extremities) and the diet-
ary effectsof fish oil, leading to the hypothesisand subsequent
proof (DiGiacomo et al., 1989) that compoundswithin dietary
fish ail could ameliorate the symptoms of Raynaud’s Disease
(Swanson, 1986; Smalheiser and Swanson, 1998). The term
‘non-interactive literatures' was coined to explain why such
a reasonable hypothesis had gone unnoticed by researchers
in either field alone. Finding methods to utilize greater the
biomedical literature in an automated manner to aid scientific
discovery is becoming atopic of increasing interest (Yandell
and Mgjoros, 2002).

While innovative, a keyword-based method such as that
of Swanson and Smalheiser is both limiting and highly
cumbersome, especialy where a significant body of literat-
ure is concerned, for several reasons. First, only titles are
used; second, word phrases such as ‘Interleukin 6' are not
taken into account, being reduced to ‘Interleukin’ and ‘6';
third, synonyms (e.g. ‘IL-6") are not considered; finally, and
perhaps most importantly, the number of unique keywords
growsrapidly per record analyzed, providing animpractically
large amount of output for any user to examine (additional
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Fig. 1. Using literature-based relationships to engage in the discovery of new knowledge. (a) Beginning with an object of interest (black
node), tentative relationships are assigned to other objects (gray nodes) when they are co-mentioned within MEDLINE abstracts. (b) Each
related object (gray) is then queried for its relationships with other objects (white nodes). The white nodes are not directly related to the
primary node and are thus only implicitly related, through intermediates. (c) The relationships shared by white and black nodes are ranked
against a random network model to establish how many would be expected by chance alone, given the connectivity of each node in the set.
Suppose the entire network consists of 1000 nodes and the numbers to the right represent how many connections each of the implicit nodes
have to other nodes in the network. We can then assign a statistical weighting that reflects how exceptiona any given implied relationship is
based upon the shared intermediates. In this example, anode with 950 relationships may share many rel ationships with the primary node, but
this is nothing exceptional because it is related to most objects in the network. It is thus down-weighted in importance (dashed lines). The
connections of the gray nodes must also be taken into account, but is not shown here for simplicity.

discussion in online supplement). Others have designed lit-
erature exploration systems that overcome the first three
barriers mentioned by |ooking for the co-occurrences of major
Medical Subject Headings (MeSH) descriptors (Hristovski
et al., 2001) or by mapping text to UMLS concepts (Wee-
ber et al., 2000, 2003). The size of the domain to be analyzed
remains the most significant problem, however, and has been
dealt with thus far by user intervention in the selection of
intermediates for analysis.

The ability to seek out novel, undocumented relationships
that are logicaly implicit from a body of information—yet
not explicitly stated within that body—has obvious scientific
value. It enables us to use the current state of knowledge to
infer possible new relationships that have yet to be studied.
Our ability to postulate a potential relationship between two
or more things depends principaly upon how many com-
mon relationships we are aware of between these things, if
any, to suggest that arelationship exists where none has been
documented. Awareness of relationships, especialy sets of
relationships, is central to the human process of insight and
discovery.

General approach

Hereinwedescribeamethodtoidentify potential rel ationships
within the biomedical literature by defining areas of research
interest such as genes, diseases, phenotypes and chemical
compounds (hereafter referred to simply as‘objects’). Begin-
ning with an object of interest (call it ‘A’), we can identify
other objects (‘B’) tentatively related to it within the literature

(Fig. 1a) by identifying the co-occurrence of A and B objects
within MEDLINE records (titlesand abstracts). Each B object
can then be queried to identify other objects (‘C’) that co-
occurred with them in the literature (Fig. 1b). Each of these
new objects, C, that are not themselves A or B objects, are
related to A only implicitly. That is, they have no documented
relationship with A, but share one or more rel ationships with
A. This large list of implicitly related objects will contain
potential discoveries of new relationships. However, because
of their abundance, it is necessary to prioritize and rank these
objects in some manner. To do so, we describe a method to
rank relationships shared by two objects within a literature
network against a random network model to evaluate how
statistically exceptional any given set of shared relationships
is(Fig. 1c). We also show that thisranking correlates with the
probability that two objects are related aswell asthe strength
(frequency of co-occurrence) by which they are related.

Object co-occurrences exhaustively identify
potential relationships

We attempt to identify as many relationships as possible
by postulating that a potential relationship exists between
two objects when they are observed to co-occur within the
same MEDLINE record, an approach also taken by others to
identify potential relationships between genes (Stapley and
Benoit, 2000; Jenssen et al., 2001), proteins (Blaschke et al.,
1999) and drugs (Rindflesch et al., 2000). Some have used
the co-occurrence of certain MeSH terms to reflect potential
relationships (Hristovski et al., 2001; Perez-Iratxeta et al.,
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2002), but MeSH terms for each object within an abstract
are not aways provided, and in a number of cases (e.g.
gene names) are used to reflect the existence of a more gen-
eral category as opposed to a specific entity. Here, we are
interested in associations between any areas of active bio-
medical research interest. We assemble the primary names
and synonyms for genes, diseases, phenotypes and chem-
ical/pharmaceutical compounds into a composite database so
that the names can be recognized as they occur within text.
These objects were chosen because they are of broad interest
in biology and medicine, but the approach we present allows
for any ‘class’ of object to be incorporated that is considered
of researchinterest (e.g. tissuetypes, protein motifs, cell lines,
etc.). It should be noted, however, that addition of anew object
classpresumesthat co-citationswith other object classescould
be construed as meaningful. For example, country names
could be added as an object class, but it is doubtful that
any co-occurrences with other objects would be considered
biologically meaningful or interesting.

Fuzzy logic is used to weight importance of
co-occur rence

The disadvantage of using co-occurrence is that it does not
always reflect the existence of abiologically meaningful rela-
tionship. To reflect this ambiguity, we borrow from Fuzzy Set
Theory and model relationships as probabilistic, that is, ran-
ging from 0 to 1, rather than binary values [for an overview
of Fuzzy Set Theory see Steimann (1997) and for a thorough
discussion see Klir and Yuan (1995)]. By manually survey-
ing each object co-mentioned within a sample of MEDLINE
records, we can estimate the probability that a co-mention
reflects the presence of a non-trivial relationship between the
two objects. This base probability can then be used to assign
a fuzzy score to each relationship, reflecting the probability
that one or more co-occurrences are meaningful. Since terms
that co-occur more frequently are more likely to represent
biologically meaningful relationships (Jenssen et al., 2001),
each relationship is assigned a score based on the frequency
and type (i.e. abstract or sentence) of co-mentions observed
and their corresponding error rates (discussed in the section
on ‘Implementation’).

By defining what objects will be recognized rather than
using all words reduces the magnitude of analysis and allows
afocus on relationships with a higher potential of being con-
sidered ‘interesting’. Diseases and clinical phenotypes were
obtained from Online Mendelian Inheritancein Man (OMIM)
(Hamosh et al., 2000); chemical compounds and drugs from
the M eSH database (L owe and Barnett, 1994); and genesfrom
Locuslink (Maglott et al., 2000) and the Human Gene Nomen-
clature Committee (HGNC) (Povey et al., 2001). Astentative
rel ationships between these objects are identified within text,
they areenteredinto adatabase. Thisdatabase enablesthecon-
struction of a network of relationships, which can be queried
to identify relationships shared among a set of objects and

to identify novel relationships that are implicit by virtue of
shared relationships.

For an implicit relationship—two objects related only
through shared intermediates—it is not yet clear what stat-
istical parameters best correlate with the probability of it
representing abiol ogically meaningful relationship. However,
we can assume that the probability of an implicit relation-
ship (A < C) being biologically meaningful would not be
greater than the least probable of the two individual (A <> B
or B < C) relationships linking them, where the symbol <
is defined as the existence of a non-directional relationship
between two objects. This is equivalent to stating that the
strength of achainis no greater than its weakest link.

SYSTEMS AND METHODS

Code was written in Visual Basic 6.0 (SP5) using ODBC
extensions to interface with a Microsoft Access 2000 data-
base, with database querieswrittenin SQL. Analyseswererun
on aPentium 4-2.4 GHz desktop PC running Windows 2000.
Database entrieswere obtained from thefollowing sources, al
downloaded between December 13 and December 25, 2001:

Database Location

OMIM ftp://ftp.ncbi.nlm.nih.gov/repository/
OMIM/omim.txt.Z

GDB http://gdbwww.gdb.org/gdb/
advancedSearch.html

HGNC http://www.gene.ucl.ac.uk/public-
files'nomen/nomei ds.txt

LocusLink ftp://ftp.nchi.nih.gov/refseq/
LocusLink/LL.out_hs.gz (Human)

MeSH http://www.nlm.nih.gov/cgi/
request.meshdata (MeSH Treesfile)

MEDLINE National Library of Medicine

http://www.nlm.nih.gov

Genome Ontology  http://www.geneontol ogy.org

Values used to ascertain relatedness to one of the two
fuzzy sets (i.e. belonging to the category ‘related’ or ‘not
related’) were based upon the probability that aco-occurrence
of objects equated to a non-trivia relationship between the
two (see online supplement Fig. S2). Thus, the value of
relatedness can range from O to 1 and is estimated by the
number of times (n) that the two objects were co-mentioned
and the error rate (r) associated with the co-mention metric
(i.e. sentence or abstract) used to establish the relationship.
This formula, P(related) = 1 — r", is used to calculate
the relatedness of two objects and is referred to as a veracity
score. The veracity score can range in value from 0.58 (two
objects only co-mentioned once within one abstract) to 1.0.
Rather than summing the raw number of co-mentions shared
by two objects, summing their veracity scores permitsamore
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accurate estimate of how many relationships are truly shared
based upon the known error rate.

We define the ‘strength’ of a relationship as a function of
the number of times two objects have been co-mentioned
and the probability that each co-mention represents a non-
trivial relationship. The term ‘strength’ is used rather than
frequency because we record both sentence co-mentions (Cy)
and abstract co-mentions (C,), and need a convenient way
to combine the two. The strength score (S) is assigned based
upon the individual co-mention error rates, r; (17% FP) and
rq (42% FP) respectively, by theformula S = C; x (1 —r;) +
Cax (L—rp).

Materials and methods for the Chlorpromazine—Cardiac
Hypertrophy experiments are contained in the online
supplement.

ALGORITHM

In this section, we adopt terminology from graph theory and
refer to objects as ‘nodes’ and relationships (co-citations) as
‘connections’, also known as the ‘edges’ between nodes. We
also define an implicitly related node (C) as one that has no
direct connection to the query node (A), yet is connected to
one or more intermediate nodes (B) that are simultaneously
connected to A. To evaluate the potential significance of an
implicitly related node, we compare the set of i nodes (B;)
shared by both the query node A and the implicit node C,
against arandom network model. Given that we areinterested
inan node A, and know from processing all literature associ-
ated with A that it isrelated to all nodesin the set B;, we ask
the question * Given the number of connections each node in
the set B; has, and the number of connections the target node
(C) has, how many connections might we expect between B;
and C by chance aone? For example, if C were related to
every node in a 1000 node network and A had 100 connec-
tions within this network, all of which were shared with C,
this would be expected and therefore unexceptional. Thus,
dividing the number of observed connections (Obs) between
B; and C by the number of connections we would expect by
chance (Exp) provides us with a value reflecting the statist-
ical significance of the shared connections. This value allows
us to estimate the potential relevance of a set of connections.
For example, if a set of connections linking a disease (A)
to achemical (C) were to encompass highly common nodes
suchas‘sodium’ and ‘ symptom’, we recogni ze that—whether
true or not—these types of connections are sufficiently vague
to be of little use to a scientist in postulating how A and C
might have an interesting and specific connection through
these intermediates. If the shared connections involve spe-
cific transporters or genes, which would not be as frequently
mentioned intheliterature, it becomes easier to postul ate how
specific actions of (C) could produce (A).

We derived an expectation value based upon the relative
connectivity of each node involved. Assuming nodes are

randomly connected in a network with a total of N, nodes,
the probability that a node will be connected to A is given as
K 4/ N; where K 4 isthetotal number of connectionsto A. The
probability B will beconnectedto A [writtenas P(B € A)] is
K 4/ N, and the probability A will be connected to B [written
as P(A € B)],isKp/N;. Because the formula P(A € B) or
P(B € A) ismore easily represented in mathematical terms
asthe probability B isnot related to A and vice versa, written
as NOT [P(A ¢ B) AND P(B ¢ A)], we can define the
probability in mathematical terms as:

P(A- B)=1— (1—%>*<1—ﬁ) 1)

t

Intuitively, we expect that if K4 = N; or Kz = N, then
P(A < B) = 1, since the number of connections to one
node does not matter if the other node is connected to all
nodes. Thisformulaappliesfor all non-zero valuesof K 4 and
Kp. Random network simulations were conducted to con-
firm the validity of this formula (data not shown). Summing
the probability of each individual relationship, we can extend
this formula to estimate the expected number of connections
aset of nodes, B;, would share with another object, A, by the
equation:;

" Ka K,
ExpectA<B) =Y 1—(1—A)«(1-25)
pect(d < 5) ; ( Nt)*< N,>()

Equation (2) is used to estimate the expected number of
shared relationshi ps between B; and C, given the connectivity
of eachintermediate (shared) nodeintheset B; that A isknown
to be connected to.

IMPLEMENTATION

Precision and recall rates are estimated

First, we estimated the precision of using co-occurrence as
a method of identifying the existence of a non-trivia rela
tionship between two objects by manually evaluating the
co-occurring objects within a random set of 25 MEDLINE
records (titles and abstracts). We found that two objects
co-mentioned within the same sentence were more likely
to be related (83%) than objects co-mentioned in the same
abstract (58%). Using sentence co-mentions alone, how-
ever, would miss 43% of the non-trivial relationships within
an abstract. This proportion of correct relationships among
abstract co-mentions is similar to the estimates others have
obtained (Jenssen et al., 2001; Ding et al., 2002). Addition-
aly, becausejudgment of what constitutesa‘ relationship’ and
what is‘non-trivial’ is somewhat subjective, we attempted to
estimate this error rate in amore objective way by identifying
objects co-mentioned in the first half of MEDLINE (records
up until approximately Nov. 1991), but not in the second
half. The rationale for this approach comes from the obser-
vation that related objects (e.g. insulin—glucose) tend to be
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Fig. 2. Analysisof thefirst 10000 co-cited objects found within the
1st but not 2nd half of MEDLINE, grouped by the total number of
co-citationsidentified within MEDLINE for thetwo objects. Thefact
that these co-citations are non-recurring suggests that the co-citation
did not reflect the existence of a relationship studied between the
two. As shown here, this distribution is significantly different than
the overall distribution in the co-citation frequency of the 63836
records analyzed.

co-mentioned over the course of many studies after their first
co-mention. Wereasoned that if two objectsare co-mentioned
early (establishing their co-existencein theliterature), but not
again after an equal number of publications, there are several
possibilities: the co-mention was the result of two unrelated
topics being discussed together (e.g. incidental, broad topical
coverage), the objectswere once studied for arelationship but
none was found or it wasin error, or arelationship was estab-
lished but wasnot of sufficientinterest towarrant further study.
Regardless of the exact reason, these represent non-persistent
‘relationships’, and are suggestive of a class of co-mentions
(erroneous or uninteresting) that we wish to exclude. We
examined the first 10000 non-persistent co-citations found
within MEDLINE and found a similar distribution as would
be predicted by the error rate formula (Fig. 2), athough by
this method the predicted error rate would be slightly higher.
This helps to confirm the accuracy of the estimates and to
justify the use of a power-law decay function to represent the
probability of error.

Resolving ambiguous acronyms

Acronyms were resolved as they occurred within text using
an Acronym Resolving General Heuristic (ARGH) to reduce
both random and systematic errorsin term recognition, which
operates with ~ 96% precision and 92% recall (Wren and
Garner, 2002). A total of 4309 acronyms were flagged as
ambiguous (i.e. one definition must be >95% of all identi-
fied definitions to be considered unambiguous) and requiring
resolution. The ARGH database of MEDLINE acronymswas
also used to expand the acronym list for entries within the

composite object database, adding 3094 acronyms to data-
base entries that did not have an acronym specified. ARGH
also identified 4786 spelling/hyphenation variants observed
within MEDLINE for objects within the composite database.
It is difficult to assess what impact ARGH has upon the pre-
cision or recall when processing records, as the reduction in
the false-negative (FN) rate depends upon how common the
variant or acronym is and reduction in the false-positive rate
depends upon the acronym. For example, the gene calcitonin
is associated with the acronym CT, which has a different
definition within MEDLINE 96% of the time (Computed
Tomography). Gene names like SOCS-3 are unambiguous
and unaffected by the use of ARGH to resolve acronyms,
but less than half of the definitions of SOCS-3 within
MEDLINE would be recognized without the spelling vari-
ants provided by ARGH (the ARGH database can be queried
at http://lethargy.swmed.edu/argh/argh.asp).

Estimated recall rate of using abstracts versus
full-text articles

Abstracts presumably contain the most important findings
of a report and important findings are usually reiterated in
future abstracts, but it could be argued that some relation-
ships might not be found within abstracts. To estimate this
and obtain arecall rate, we cal cul ated the total number of rela-
tionships within adomain of knowledge (MEDLINE articles)
that are contained in their electronically accessible summary
form (MEDLINE titles and abstracts). A set of objects men-
tioned within review articles was manually compiled and
compared to the relationships found within MEDLINE titles
and abstracts. The same list was compared to the object
database to estimate what percent of object types mentioned
in MEDLINE were represented in the databases used. Four
objectswere randomly chosen from the collective object data-
base, representing one of each object type, with the stipulation
that at least two review articles had been written about the
object within the past three years. A set of review articles
was selected for CTLA-4 (gene) (McCoy and Le Gros, 1999;
Green, 2000; Tomer, 2001), Fragile-X Syndrome (disease)
(Bardoni et al., 2000; Jin and Warren, 2000; Kooy et al., 2000),
cachexia (clinical phenotype) (Barber, 2001; Hasselgren and
Fischer, 2001; Tisdale, 2001) and dynorphin (chemical com-
pound) (Steiner and Gerfen, 1998; Caudle and Mannes, 2000).
Only objects of the same types (i.e. other genes, diseases,
phenotypes and chemicals) were counted.

There were a total of 40 objects mentioned in the literat-
ure but not found in the database (2 diseases, 9 phenotypes,
7 genes and 22 chemical compounds). The 2 disease hames
(Graves Opthalamopathy and Relapsing-remitting Experi-
mental Autoimmune Encephalomyelitis) and 9 phenotypes
were not mentioned in OMIM. Three of these phenotypes,
however, were smply the result of a semantic differ-
ence between the OMIM entry and the article (‘rocking’
versus ‘body-rocking', ‘greater interocular distance’ versus
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‘increased interocular distance’, ‘fetal akinesia’ versus‘akin-
esid ). The most problematic category was ‘ small molecules’,
for which many chemicals and drugs widely mentioned in the
literature (e.g. DAMGO, DADLE, isoprenaline) were simply
not found in the MeSH trees database.

In this sample, there were 181 objects found within the
review articles, 141 of which were aso in the composite data-
base (78%). From the 40 objects mentioned in the reviews
but not found in the database, 2 were diseases, 9 phenotypes,
7 genes and 22 chemical compounds. From these 141 data-
base objects mentioned within the full-text of the reviews,
138 of them (98%) could be found within the body of aMED-
LINE title or abstract, suggesting that most objects pertinent
toareview canal so befoundwithin anabstract or title. Seman-
tically, 124 of these 138 objects were spelled in the literature
the same way they were found in the database, giving arecall
rate of 90% (124/138) in terms of identifying the conceptual
occurrence of database objects within textual input, and 69%
(124/181) intermsof identifying relevant relationshipswithin
its domain of knowledge (MEDLINE).

Some of the FN failures to identify objects within
text were systematic (e.g. the MeSH entry 5,8,11,14,17-
Eicosapentaenoic Acid is almost always referred to in MED-
LINE smply as eicosapentaenoic acid) while other failures
varied in their rates (e.g. INK was found to be spelled 81 dif-
ferent ways including ‘c-Jun N-terminal kinase' 605 times,
‘c-Jun NH2-terminal kinase' 154 times and ‘c-Jun amino-
terminal kinase' 62 times).

Creating a network of relationshipsusing
MEDLINE

A total of 12037763 MEDLINE records recorded from
1967 to January 2002 were processed to create a network
of 3482204 unique relationships between objects. Approx-
imately two-third of the objects in the database found exact
literal matches within the literature, identifying at least one
relationship for 22482 of the 33539 unique objects (85234
total terms when including synonyms) within the database.
As expected, we find a highly disproportionate distribution
in the number of relationships per object (Fig. 3a), indicating
the network is scale-free in nature. As such, this connectivity
contributes to a rapid explosion in the number of implicitly
related objects as the number of direct relationshipsincreases
(Fig. 3b). Thus, identifying implicitly related objectsbecomes
secondary to being able to rank their potential significance.
Furthermore, this also shows that the search for implicit rela
tionships more than one level removed (i.e. A <+ B < C <
D) would likely befruitlessin the absence of any further con-
straints, sinceall non-circular connectionsfrom A arereached
relatively rapidly as the domain grows to a modest size.

Ranking all implicit relationships

We evaluated whether this observed to expected ratio
(Obs/Exp) we are calculating could be used to estimate the
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Fig. 3. The distribution in the number of relationships per object
follows a scale-free power law distribution. (a) A relatively small
fraction of the objects in the database are directly related to alarge
percentage of the total, contributing to a rapid explosion in the
number of implicitly related objects. (b) As the number of direct
relationships increases, the number of implicit relationships rapidly
approaches the theoretical maximum, which is the total number of
nodes in the network, and then decreases linearly with the number
of possible implicit relationships.

‘relatedness’ of two objects solely by examining the relation-
shipsthey share. To establish this, an Obs/Exp was cal cul ated
for al relationship sets (of at least 100 objects) shared by
a central query object and any other object in the database,
regardless of whether a direct relationship was known or not.
The Obs/Exp scores were sorted from highest to lowest on
the x-axis, and the strength of the relationship, if known,
was plotted on the y-axis. If the strength was not known
(i.e. it was an implicit relationship), then no bar was plotted.
For the object ‘ Cardiac Hypertrophy’, we see that the higher
the Obs/Exp ratio, the more likely the relationship is known
(Fig. 4). Furthermore, we note that the higher the Obs/Exp
ratio, the stronger the relationship tends to be (i.e. the more
frequently they are co-cited).

To confirm that the trend observed in Figure 4 is not specific
to the analysis of cardiac hypertrophy, but rather is a general
trend, we randomly picked 100 objects from the database that
had between 500 and 1000 relationships within the network
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Fig. 4. Objects were ranked for their implicit ‘relatedness’ to car-
diac hypertrophy solely on the basis of the relationships they shared
(Obg/Exp). If arelationship in MEDLINE has been established, its
strength (based upon frequency of co-occurrencewithin MEDLINE)
is plotted on the y-axis, otherwise it will appear as a gap (meaning
no relationship has been established). Shown is a subset of 4887
objects sharing at least 100 relationships with cardiac hypertrophy,
sorted by their calculated observed to expected ratio. Due to x-axis
compression, not al gapswill be visible on this graph.

(this range was chosen simply to ensure that the approximate
scale of analysis for each object was similar). Implicit rela
tionships were identified for these objects and ranked by their
Obs/Exp values. The top 1000 Obs/Exp scores were taken
for each analysis and ranked from 1 (highest Obs/Exp) to
1000 (lowest), and a normalized strength score calculated
for each object analyzed, ranging from 1.0 (strongest dir-
ect relationship observed) to 0.0 (no relationship observed).
Figure 5 shows this average strength plotted against the
Obs/Exp rankings, indicating that thisis agenera trend.

In someways, the correlation of exceptional groupingswith
known relationshipsis not too surprising, aswewould expect
that two objects with very similar purposes, functions, or
involvement inabiological processshouldinteract with and/or
be studied with many of the same objects. Thisdoes, however,
establish that the relatedness of two objects can be correl-
ated with the statistical exceptionality of the relationships
they share. More importantly, this provides us with a means
to evaluate quantitatively implicit relationships by demon-
strating that the Obs/Exp score correlates positively with
established relationships. This numeric evaluation enables us
to identify new relationships, not found within MEDLINE
records, that aremorelikely tobelogically plausibleand relev-
ant to the query object because of the rel ationshipsthey share.

Wet-lab testing of in-silico predictions
Cardiac hypertrophy is defined as an increase in the size

of myocytes that is associated with detrimental effects on
aspects of contractile and electrical function in the heart. It
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Fig. 5. The observed to expected ratio obtained from identifying
and ranking shared relationships correlates with the existence and
known strength of arelationship. This enables novel (implicit) rela-
tionships to be correlated with the probability they are relevant (as
judged by existing relationships) and important (as judged by the
strength/frequency of historical reporting).

isinduced in response to environmental stimuli, such asarter-
ial hypertension, increased cardiac work or hormonal stimuli.
It is an intensively studied condition as evidenced by the
4092 articlesin MEDLINE containing the key phrase‘ cardiac
hypertrophy’.” A total of 2102 unique objects were co-
mentioned within all articles mentioning cardiac hypertrophy
and 19718 unique objects were implicitly related to cardiac
hypertrophy through atotal of 1842599 different paths.

Examining the shared rel ationshipsfor theimplicitly related
objects in Table 1, we excluded ‘endotoxins’ from further
study in part because this refers to a class of immuno-
inductive compounds rather than a specific compound, and
in part because endotoxins are known to have substantial
effects on cardiac function that would complicate interpreta-
tion of hypertrophy. Morphine was excluded from the study
because it would have substantial effects on the behavior of
mice (including somnolence and reduced feeding) that would
limit the dose used for study. Chlorpromazine (CPZ) was
deemed more suitable for further study, in part because it
isacommonly used drug and an unrecognized effect on car-
diac hypertrophy could have clinical importance. A list of
shared relationships between cardiac hypertrophy and CPZ is
available in the online web supplement.

Chlorpromazine (CPZ) is an aiphatic phenothiazine com-
pound used principally as an anti-psychotic and anti-emetic
drug (Shen, 1999). It has a number of physiological effects

"Statistics are as of June 23, 2003, athough this analysis was initialy
conducted in January 2002 when there were fewer articles than this.
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Table 1. Chemical compounds within the composite database implicitly
related to cardiac hypertrophy

Rank Implicit relationship  Shared Quality  Expected ObsExp
rels estimate
1 Endotoxin 1301 1025 307 334
2 Morphine 1217 939 283 3.32
3 Chlorpromazine 1089 824 252 3.28
4 Globulin 1130 850 265 3.20
5 Cisplatin 1129 862 274 3.14
6 Neomycin 1105 842 272 3.10
7 Polyethyleneglycol 1153 863 279 3.09
8 Phytohemagglutinin -~ 1099 807 266 3.03
9 Methotrexate 1190 897 308 291
10 Casein 1165 895 308 291
11 Isoleucine 1142 852 293 291
12 Galactose 1104 826 284 291
13 Progesterone 1448 1132 392 2.89
14 Esterase 1197 908 317 2.86
15 Tetracycline 1066 800 283 2.83
16 Acetone 1075 804 285 2.82
17 Concanavalin A 1317 1002 355 2.82
18 Polysaccharide 1092 829 295 281
19 Bromide 1368 1048 381 275
20 Methanol 1221 930 354 2.63

The 20 objectswith the most implicit connections (shared rels) were extracted and sorted
by observed to expected ratio, which is calculated using the probability each direct
relationship comprising the implicit relationship is valid (quality estimate). These are
compounds that should not have any documented relationship with cardiac hypertrophy
within the MEDLINE titles and abstracts analyzed yet, at the same time, share many
relationships with it.

and molecular targets that suggest it might provide an anti-
hypertrophic effect in the heart, one of which is its alpha
adrenergic blocking activity (Morgan and Van Maanen, 1980).
Hypertrophy can be induced through over-stimulation of
apha-adrenergic receptors by agonists and this effect can be
blocked by alpha-adrenergic antagonists (Colucci, 1982). It
has recently been recognized that the calmodulin-dependent
phosphatase calcineurin plays an important role in some
forms of hypertrophy (Molkentin et al., 1998). CPZ has been
reported to interact with calmodulin (Marshak et al., 1981) as
an antagonist, suggesting a potential role beyond that of an
alpha-adrenergic receptor. Despite the potential mechanistic
connections between cardiac hypertrophy and CPZ, there is
no indication within MEDLINE that any relationship between
the two has been suggested.

In-silico predicted effect confirmed
in rodent model

Welooked for an association between CPZ and cardiac hyper-
trophy in a rodent model. Two groups of mice were given
20 mg/kg/day isoproterenol by osmotic minipump, with one
group additionally receiving 10mg/kg/day CPZ. This dose
of CPZ did not perceptibly alter feeding behavior or physical
activity. Echocardiogramswere obtained beforetreatment and
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Fig. 6. Chlorpromazine protects against the development of cardiac
hypertrophy. Several parameters of ventricular hypertrophy were
determined by echocardiography. One group of mice received iso-
proterenol only (1SO, n = 10) and the other received both isoproter-
enol and chlorpromazine (CPZ + 1SO,n =8). Symbols represent
individual mice, brackets denote mean (center triangle) and standard
deviation for group. LVW = left ventricleweight (CPZ + 1SO 11 +
27%,1S051+43%, P < 0.02), LVMI = left ventricular massindex
(CPZ +1S011 + 28%, |ISO 50+ 52%, P < 0.04), PWT = posterior
wall thickness (CPZ + 1SO 16 + 16%, 1SO 36 + 27%, P < 0.05),
IVSWT = intraventricular septum wall thickness (CPZ + 1SO 19 +
18%, 1SO 31 + 20%, P < 0.12).

again before the mice were sacrificed to allow estimation of
their left ventricular weight (LV W), left ventricul ar massindex
(LVMI), posterior wall thickness (PWT) and intraventricular
septum wall thickness (IVSWT). In all four of the parameters
measured, we found that the amount of cardiac hypertrophy
was significantly reduced in theisoproterenol (1SO) plus CPZ
treated mice (n = 8) in comparison to the control group given
only ISO (n = 10), as evaluated by 1-tailed Student’s ¢-test
with unequal variance (Fig. 6).

DISCUSSION

A relationship between CPZ and cardiac hypertrophy has not
been previously suggested in the literature. The application of
implicit relationship analysis was required for generating the
underlying hypothesis of this study. It was previously known
that CPZ had modest apha-blocking activity, but the find-
ing that it interferes with 1SO-induced hypertrophy, a pure
beta-adrenergic effect, is surprising and provocative. Possible
mechanisms include: (1) a previously unsuspected activity of
CPZ on beta receptors, either directly or through cross-talk
between different classes of receptors; (2) an effect of CPZ
on downstream signaling from the beta receptor in the car-
diac cells; or (3) a‘ pseudo-hypertrophic’, non-cellular, effect
related to increased myocardial edema or matrix deposition.
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Such an investigation could have clinical implications. If this
drug exerts a similar effect against common precipitants of
hypertrophy, it could provide a clue to molecular structures
that should be explored for therapeutic benefit. Moreover,
many tens of thousands of patients already receive CPZ, and
it may be contributing to cardiac pathology, or protection, ina
previously unsuspected fashion. Confirmation and evaluation
of the mechanism of CPZ in cardiac hypertrophy will require
further work beyond these preliminary investigations.

Overal, we have demonstrated that an analysis of shared
relationships scored against a random network model has
the potential to elucidate novel and interesting relationships
not documented within MEDLINE, but rather based upon
information contained therein. Automating the relationship
identification process enables us to bypass the monumental
time and effort that would be required to record manually
every relationship within MEDLINE's 12 million abstracts,
and using an object-based model reduces the need to ascer-
tain which relationships are of interest, since the objects
within the database are presumably those a user would be
interested in. However, there are shortcomings in the use
of this method: first, there is the problem of ‘uninteresting’
relationships. To some extent, this will be user-dependant.
Objects that share many relationships may indeed have a
relationship themselves, but the nature of their relationship
may be such that it would not be considered interesting or
worth investigating. Second, ascertaining the nature of the
implied relationship by examining the shared relationships
is time-consuming. Methods of providing a summary ana-
lysis or better evaluating which of the shared relationships
are potentially interesting would be highly desirable. Third,
comparison to a random network model relies upon the ana-
lyzed text to be focused (non-random) in nature. To the extent
that writing is random or functionally detached within an
analyzed textua unit, trivial connections will be made and
fewer groupings will stand out statistically. Finally, work
still needs to be done on better establishing relationships,
beyond what we have done here in scoring the probabil-
ity that a co-occurrence was meaningful. For example, the
method asserts that a relationship is known when two objects
have been mentioned together within the same abstract,
and unknown if they have not. While this may be a good
generalization, two objects may have been co-mentioned sev-
era times and yet the overal nature of their relationship,
or certain aspects thereof, remains unknown. Nonetheless,
we believe this method will prove to be of utility in a
field where the amount of information continues to increase
exponentialy.
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