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Abstract 

In the current era of fast sequencing of entire genomes, more data is becoming avail- 
able for analysis. This data analysis, in turn, leads to an increasing amount of 
scientfic publications. Consequently, biologists spend a considerable part of their 
time searching the biomedical literature. This avoids expensive experiment dupli- 
cations in wet labs, and provides inspiration for new hypotheses. 

Unfortunately, the fast growth of biological information, in the form of free-text, 
has led to a lack of standard in the naming of biological entities. As a result, different 
genes are referred to with the same name, or acronym, and different names refer to 
tlze same gene. The ambiguity of free-text is problematic, as the success of a search 
often relies on the matching of a query term with a term contained in the document 
representation. 

Biomedical ontologies, when available, can help disambiguate the information 
expressed in free-text: they provide unique terms to represent concepts and therefore 
counterweiglzt the occurrence of synonyms and polysems in free-text. They also 
contain information about the relationships between concepts. This information 
can be used to understand and evaluate semantic similarities between concepts. 

The largest repository of biomedical research literature in the world, MEDLINE, 
is an entry point to biomedical information for most biologists (Hersh et al., 2004). 
The Medical Subject Headings (MeSH) is the controlled vocabulary used in MED- 
LINE to annotate the conceptual content of biomedical articles. The annotations 
include information about the importance of MeSH concepts in the article, and their 
contexts. The MeSH ontology is organized in several hierarchies that indicate the 
level of specificity of the MeSH concepts. This hierarchical information can be used 
to generate semantic similarities between concepts. 

Our inotivation is the inzprovelnent of MEDLINE search, as it is still a central 
information access point for biologists in spite of the growing availability of full jour- 
nal articles on the Web. In particular, we focus on the use of the MeSH ontology to 
represent and retrieve biomedical articles. Although MeSH is widely used by current 
MELDINE search methods, we show that the information contained in MEDLINE 
MeSH annotations and tlze MeSH hierarchies is often overlooked. 

We hypothesize that MeSH-based document representation can ilzzprove MED- 
LINE information retrieval. Specifically, our hypothesis is that the integration of 
iliforniatioli about concept relevance (from the MEDLINE annotation), and inter- 
concept similarities (from tlze MeSH hierarchies), will ilzzprove retrieval performance. 
We evaluate methods using such information to discriminate and compare MeSH 
concepts. Our methods are evaluated in the context of MEDLINE ad hoc docu- 
ment retrieval and document binary classifications. Our evaluatiolls use standard 
datasets and metrics recently used at the Genonzics track of the 2005 Text REtrieval 
Conference workshop. 

viii 



Chapter 1 

Introduction 

1.1 Background 

In the current era of fast sequencing of entire genomes, new experimental techniques 

make possible the rapid generation of high volumes of genomic data. Genes are 

expressed in cells through the translation of their DNA sequences into RNAs or 

proteins. In a single experiment, the expression of thousands of genes in cells under 

various conditions can be observed (Brown and Botstein, 1999). These experiments 

aim at finding connections between genes and connections among genes and diseases. 

The analysis of this data in turn creates a high volume of genomic information in 

the form of research articles. The data collected from experiments can be explored 

and evaluated against new hypotheses. The conclusive acceptance or rejection of an 

hypothesis is itself likely to be reported in a scientific article. 

As a consequence, biologists spend a considerable part of their time searching 

the research literature. The information contained in the literature helps biologists 

to avoid the duplication of expensive laboratory experiments on a particular gene 

or gene product. A recently-discovered and poorly-defined gene can be similar or 

related to another well-studied gene that is thoroughly described in the literature, 

and in a more structured way in genomic databases. What is already known about 

a related gene can provide guidance in the study of a new gene, and consequently 



reduces the amount of costly experiments in wet laboratories. Moreover, the efficient 

search of genomic information is crucial in allowing the generation of new hypotheses. 

Biomedical databases have shown to be a mine for new assumptions and a basis for 

new experimental work (Hearst, 1999; Blagoslclonny and Pardee, 2002). 

The efficient search of biomedical literature is challenged by the ambiguities 

that are inherent in the use of natural languages such as English (Sussna, 1993). 

Examples of such ambiguities are the occurrences of polysems and synonyms. The 

English word "bank" is a polysem as it can refer to a financial institution or the area 

next to a river. "Car" and "automobile7' are two synonyms naming the same concept. 

Human readers use context and their own contextual knowledge to resolve such 

ambiguities. However, the automated disambiguation of information by machines is 

less straightforward. Indeed, the satisfactory replication in a machine of the human 

ability to contextualize has yet to be achieved. 

Perhaps surprisingly, the scieiltific and domain-dependent language used in bio- 

medical research articles does not escape the ambiguity problems associated with 

domain-independent literature. For example, the naming of new bio-entities, such 

as genes and proteins, has eluded all standardization attempts. Within the same 

genome, a gene can have several names and a name can refer to several genes. For 

example, a human gene that controls cell adhesion during immune responses and 

officially nained SELL has fifteen different aliases in the literature (Pearson, 2001). 

On the other hand, the name PAP refers to five un-related huinan genes that are 

involved in different biological processes. Similar or identical genes are also given 

different names because they are discovered by different research teains worlting on 

different organisms. The name of a gene can relate to its role in the determination 

of the phenotype of an organism (colour of eyes, presence or absence of wings), or 

it can relate to its relationship to other genes. For example, the same gene is called 

"armadillo" by Drosophila geneticists because of the appearance of fly embryos when 

the gene is defective, and "catenin" by Mouse geneticists because it belongs to a 

certain gene family. Different naming practices inevitably lead to the occurrence of 



synonyms and polysems among gene names. Jenssen et al. (2001) reports on the 

identification of gene names in more than 10 million biomedical abstracts from the 

MEDLINE database. 2,796 gene symbols out of the 24,443 symbols identified are 

connected with multiples genes. Gene name abbreviations are also found to cor- 

respond to different genes or to general domain concepts (e.g. "SELL" mentioned 

above). 

One solution to the ambiguity of gene names is to identify genes with their 

associated DNA sequences. The DNA sequences can be used to identify and group 

genes independently from the gene names associated with the sequences. The gene 

sequence determines the sequence of a particular protein which assumes a particular 

function in the activity of the cell and the life of the whole organism. Genes with 

identical or similar sequences across different organisms can be identified as identical 

or strongly related regardless of the name they were given. However, as Lord et al. 

(2003a) points out, sequence similarity is not enough to account for other possible 

relationships between genes, such as the biological process they take part in or the 

cellular location where they operate. 

1.2 Ontologies 

One solution to the ambiguity of free text is to represent information with terms 

drawn from biomedical or genomic ontologies. By providing unique associations 

between terms and concepts, ontologies reduce the occurrence of polysems and syn- 

onyms. Various ontologies are available in the biological domain. Amongst them, 

the Gene Ontology (GO) (Gene Ontology Consortium, 2000, 2001, 2004) is used 

to annotate genes and gene products across several model organism databases, and 

the Medical Subject Headings (MeSH)l are used by MEDLINE database indexers 

to describe the content of biomedical research articles. 

Ontologies contain knowledge about the relationships that exist between con- 



biological process 

hypernym 

growth reproduction 

holonym 

cell growth regulation of growth 

Figure 1.1: A simplified representation of the Gene Ontology "bio- 
logical process" hierarchy. 

cepts. The relationships generally include hypernymy (is-a) , hyponymy (has-instance, 

inverse of hypernymy) , holonymy (is-part-of ) , and meronymy (has-part, inverse of 

holonymy). For example, in the Gene Ontology (see Figure 1.1), the concept "bi- 

ological process" is an hypernym of the concept "growth". However, the concept 

"growth" is a holonym of the concept "regulation of growth". The ontology is usu- 

ally organized hierarchically with the most general concepts at the top and the most 

specific concepts at the bottom. If the hierarchy is a tree, the most general concept 

is called the root of the tree and the most specific concepts are called the leaves of 

the tree. Such trees or hierarchies are sometimes referred to as the semantic net- 

work of the ontology. The 2004 version of MeSH contains 15 hierarchies and the 

relationships between concepts are narrower-than, which includes the hyponymy 

and meronymy relationships, and broader-than, which includes the hypernymy and 

holonymy relationships. 

While comparing a biologist's information need with a document stored in a 

database, an ontological representation of both the query and the document offer 

advantages over text-based representations. In particular, because ontologies use 

standard terms, they eliminate the problem of the ambiguity of free text. Con- 

sequently, the terms from a document and a query that match will correspond to 

identical concepts, and terms that do not match will relate to different concepts. 
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I 
Leukemic Infiltration 

Figure 1.2: A simplified representation of the MeSH "Diseases" hi- 
erarchy. 

However, the concepts can be different but related to  a certain degree. In the MeSH 

ontology, the semantic network can be used to suggest the degree of relatedness 

between two distinct concepts. Figure 1.2 shows a simplified representation of the 

MeSH "Diseases" hierarchy. The hierarchy indicates that "Neoplastic Processes" 

and "Precancerous conditions" are both narrower concepts of the "Neoplasms" con- 

cept. This relationship suggests that the two MeSH concepts are related; more so, 

for example, than some other pair of concepts from distant parts of the hierarchy. 

1.3 Thesis Statement 

Despite the growing availability of full-text journal articles on the Web, MEDLINE 

remains a major entry point to biomedical research for biologists (Hersh et al., 2004, 

2005). Improving the search capabilities of MEDLINE is therefore important for bio- 

medical research. The MEDLINE database provides a MeSH-based representation 

of biomedical research articles. MeSH-based representations cover the conceptual 

content of entire articles. They are created by human indexers at the U.S. National 



Library of Medicine (NLM)2. MeSH-based representations have been shown to be 

consistent across different indexers (Funk et al., 1983). This makes MeSH-based 

document representation, search and retrieval an attractive proposition. 

1.3.1 Central Hypothesis 

Our central hypothesis states that biomedical information retrieval can be improved 

by enhancing basic MeSH-based binary representations (only registering the pres- 

ence or absence of MeSH concepts in queries or documents) with information con- 

tained in the MEDLINE MeSH fields and in the MeSH hierarchy. This central 

hypothesis contains two main assumptions: 

a first, that non-hierarchical information about MeSH concepts can be exploited 

to create non-binary representations for documents and queries that increase 

the precision of MEDLINE retrieval (non-hierarchical hypothesis), and 

a second, that hierarchical information about MeSH concepts can help us to 

compare concepts contained in documents and queries, and lead to better 

recall and precision for MEDLINE retrieval (hierarchical hypothesis). 

1.3.2 Non- hierarchical Hypotheses 

First, we hypothesize that corpus information and information extracted from the 

structure of MeSH fields can help to improve the precision of MEDLINE document 

retrieval. In particular: 

a corpus frequency of concepts can help to evaluate the relevance of concepts in 

the document, 

a MeSH-based representations can be improved by discriminating between con- 

cepts presented as major themes in the MeSH fields and those presented as 

minor themes, and 



associations between concepts that are found in the MeSH fields can be used 

to make representations more discriminative: such associations provide more 

context for the concepts used to describe the content of the documents. 

1.3.3 Hierarchical Hypotheses 

Second, we hypothesize that MeSH-based representations of documents can be fur- 

ther enhanced with the MeSH hierarchical information. Two methods can be used 

to integrate hierarchical information: 

1. the hierarchy can be integrated to  extend document representations, or 

2. the hierarchy can be used to compare query concepts to document concepts, 

and concepts from different documents. 

As queries and documents usually contain more than one concept, comparing 

documents with queries leads to the issue of combining inter-concept similarities. 

Combination approaches either consider all possible inter-concept similarities, or a 

selection of them. 

MeSH concepts are located in different parts of the hierarchy that correspond 

to broad medical categories ("Anatomy", "Diseases", "Chemical and Drugs"). It 

can be hypothesized that concepts from different categories are too different to be 

compared. However, allowing concepts to be compared across categories may be 

beneficial for recall. Furthermore, some categories may be closer to each other than 

others. 

The MeSH hierarchy includes nodes (concepts) and edges (relationships). I t  can 

be assumed that the edges correspond to the same semantic distances. Neverthe- 

less, evaluating the variation of the edge semantic distances within the hierarchy 

can improve the accuracy of inter-concept semantic measures and increase retrieval 

precision. 

Consequently, we develop in this dissertation secondary hypotheses regarding: 

1. the combination of inter-concept semantic similarities, 



2. the different parts of the MeSH hierarchy, and 

3. the variation of edge distance in the MeSH hierarchy, 

1.3.4 Evaluation 

In this dissertation, our hypotheses are evaluated with respect to two biomedical 

information retrieval problems. 

The ad hoc retrieval of MEDLINE documents: we use the trecGen2005 col- 

lection, a subset of MEDLINE containing over 4.5 million documents and 50 

genomic queries with associated relevance information. 

The binary classification of MEDLINE documents for the annotiation of mouse 

genes with terms from the Gene Ontology: the aim is to automate the triage 

of MEDLINE documents likely to contain evidence to support the annotation 

of Mouse genes with concepts from the Gene Ontology. 

These problems were chosen because MEDLINE remains a central source of 

information for most biologists. The first problem simulates the search of MEDLINE 

in relation to several genomic topics, whereas the second simulates the triage of 

documents for a particular topic of interest (Mouse genes). 

1.3.5 Dissertation Plan 

The dissertation is organized in the following manner. Chapter 2 introduces mea- 

sures that use ontology hierarchies to evaluate the semantic distance or similarity 

between concepts. Chapter 3 presents the related research in the use of MeSH-based 

document representation for MEDLINE document ad hoc retrieval, classification, 

and clustering. Chapter 4 describes our hypotheses and methods. Chapters 5 and 

6 present our experimental set-up for the evaluation of our previously formulated 

hypotheses. They include the description of two document retrieval evaluations or- 

ganized by the Genomics track of the 2005 Text Retrieval Conference (TREC): the 



first task is ail ad hoc retrieval task (Chapter 5 ) ,  and the second involves the binary 

classification of MEDLINE documents (Chapter 6). Finally Chapter 7 concludes 

the dissertation and introduces future research directions. 



Chapter 2 

Network-based Semantic Measures 

In this chapter we present a set of network-based semantic measures and the in- 

tuitions behind them. We point out the lack of large-scale evaluations regarding 

these measures, especially with the MeSH ontology. The contribution of the work 

described in this dissertation is partly to provide a strong evaluation framework for 

network-based semantic measures using the MeSH network. 

Ontological representations of documents and queries often include several con- 

cepts. For example, MEDLINE records usually contain 10-12 fields containing con- 

cepts from the MeSH ontology, and queries are often expressed as a set of such 

concepts. 

The comparison of two ontological representations involves two operations: 

1, the comparison of pairs of concepts (one concept from each representation), 

and 

2. the combination of such comparisons to produce an overall similarity measure. 

Inter-concept comparisons can be derived from the semantic network underlying 

the ontology. A semantic network is broadly a set of nodes (representing concepts) 

and a set of edges, or links (representing relationships between the concepts). In 

particular, hierarchical relationships organize concepts in several levels of increasing 

specificity. For example, "Diseases" is a broad medical concept, whereas "Anapla- 



sia" is more specific. 

Network-based semantic measures are measures that use ontological relationships 

to evaluate the semantic distance or similarity between two concepts. In this chapter 

we give a review of network-based semantic measures. First, some background is 

given on WordNet, a domain-independent ontology. Most network-based semantic 

measures were developed and evaluated with WordNet. However, we also introduce 

the Medical Subject Headings (MeSH), the ontology used in this dissertation for the 

representation of biomedical information. 

2.1 Background 

2.1.1 WordNet 

WordNet is a domain-independent English-language lexical reference (Miller, 1990). 

We briefly present WordNet in this section as some network-based semantic mea- 

sures discussed later in this chapter were evaluated on it. However, we will not 

use WordNet in this dissertation, as an important part of our contribution is pre- 

cisely to evaluate network-based semantic measures on a medical-domain-dependent 

ontology, MeSH, that we present in the next section. 

WordNet contains nouns, verbs, adjectives and adverbs that are organized into 

approximately 120,000 synonym sets (synsets). The WordNet semantic network 

includes nine types of relationships: hypernymy (is-a), hyponymy (has-instance, in- 

verse of hypernymy) , meronymy ( component-object, member-col lection, stuff-object : 

3 relations), holonymy (object-component, collection-member, object-stuff: 3 rela- 

tions), antonymy (inverse of synoliymy) , and synonymy (actually intra-node, within 

the synsets). Most of the semantic measures discussed below concentrate on the 

noun part of WordNet, and hypernymy/hyponymy relationships. The noun part is 

the most developed and is organized into twenty-five hierarchies or primitive groups, 

each with a generic concept or unique beginner as its root (Miller, 1990). The hi- 

erarchies are connected by an abstract root node that is used by some semantic 



measures. WordNet version 1.7.1 contains 74,488 noun synsets and the maximum 

depth of the hierarchy (the distance in terms of edges between a unique beginner 

and a leaf node) is 14 (Devitt and Vogel, 2004). 

Although WordNet was initially designed to address problems related to the do- 

mains of psychology and cognitive science, WordNet was also used to solve informa- 

tion management and retrieval problems, such as free-text disambiguation (Sussna, 

1993), and query-document similarity calculation (Richardson and Smeaton, 1995). 

Moreover, the noun part of WordNet, used by most network-based measures to com- 

pare concepts, is organized in hierarchies containing relationships close to the ones 

used by the MeSH ontology. This suggests that network-based measures evaluated 

with WordNet can easily be adapted to the structure of the MeSH hierarchies. 

A detailed description of WordNet is beyond the scope of the present dissertation. 

A full discussion on the design of WordNet and its theoretical foundations can be 

found in Fellbaum (1998). 

2.1.2 The Medical Subject Headings (MeSH) 2004 

MeSH is a biomedical controlled vocabulary developed by the U.S. National Library 

of Medicine (NLM)' since 1960. The goal of MeSH is to provide a reproducible con- 

ceptual partitioning of biomedical knowledge and information not only for indexing 

purposes but also for the support of information retrieval (Nelson et al., 2001). In 

particular, MeSH aims at providing distinctive concepts that are accessible to users 

and reflect the current knowledge in bio-medicine. MeSH is continually revised and 

updated by the MeSH staff in collaboration with indexers and experts to follow the 

evolution of the research literature2. 

lhttp://www.nlm.nih.gov/, last  accessed: 19 January 2007 
2http://www.nlm.nih.gov/pubs/factsheets/mesh.l~tml 



Retrieval Usefulness 

From the introduction of MEDLINE in 1971, MeSH played a central part in the 

retrieval of articles. However, the success of a search based on MeSH is highly 

dependent on the user's knowledge of MeSH and the annotation practices. The 

usefulness of MeSH needs to be examined not from the point of view of the librarian 

but from the point of view of the biologist who may not know the best MeSH 

formulation of his/her information need. 

The usefulness of MeSH for MEDLINE retrieval was examined before (Hersh 

et al., 1994a; Yang and Chute, 1993; Srinivasan, 1996a). A consensus seems to be 

that MeSH does not perform as well as free-text for searching MEDLINE. However, 

this is partly explained by the use of free-text terms to search the MeSH fields 

of records, i.e., if document are represented with MeSH concepts, queries are still 

represented with free-text terms. It was shown that when query free-text terms are 

mapped to MeSH concepts, using relevance information for example, the search of 

MeSH fields perform similarly as the search of free-text (Yang and Chute, 1993). 

Moreover, there is a substantial amount of evidence that MeSH and free-text, used 

in combination, improve the performance of text-only indexing. Table 2.1 shows 

improvements obtained by adding MeSH to free-text using various methods and 

various collections. The pre-retrieval and post-retrieval combinations refer to two 

distinct methods to combine text and MeSH representation that we will describe in 

details in Chapter 3. TrecGen is the collection used in this dissertation and it will 

also be presented in Chapter 3. 

Internal Structure 

MeSH 2004 includes 22,430 descriptors, 83 qualifiers, and 141,455 supplementary 

concepts. Descriptors are the main elements of the vocabulary. The concept covered 

by a descriptor can be expressed by various synonymous terms, but only one term, 

the MeSH preferred tern, is used to refer to the concept. Note that this preferred 

term can be a single word (e.g. "Neoplasms"), a group of words (e.g. "Neoplasm 



Table 2.1: MeSH impact on MEDLINE retrieval 

Invasiveness"), or even a group of words combined with a comma (e.g. "Pneumo- 

nia, Viral"). Figure 2.1 shows an example of the content of a MeSH descriptor 

record. The MH field contains the preferred term to designate the concept. The 

MN fields indicate tree locations, effectively the positions of the descriptor in the 

MeSH semantic network. Definitions of some of the descriptor record's fields are 

given in Table 2.2. 

Qualifiers are concepts that express a particular aspect of the concepts covered by 

descriptors. They are used to give more context and specification to descriptors. For 

example, the same descriptor "Alcoholism" can be given different contexts whether it 

is associated with the qualifier "mortality", or the qualifier "therapy". Qualifiers can 

be expressed by a single word (e.g. "diagnosis"), a group of words (e.g. "radionuclide 

imaging"), or a group of words combined with an ampersand (e.g. "administration 

69 dosage"). 

Supplemei~tary concepts are additional medical concepts that relate mainly to 

chemicals and drugs. Supplenlentary concept records contain information about 

their associations with descriptors. This information can be used to point to a 

descriptor for the conceptual description of medical information. During the an- 

notation of biomedical articles submitted to MEDLINE, human indexers can select 

descriptors pointed to by supplementary concepts found in the articles. For exain- 

ple, if the supplementary concept "fiavophosphine" , a chemical, is found, an indexer 

r Collections - Methods 
Collection from 

Hersh et al. (1994b) 
2344 docs, 75 queries 
OHSUMED collectioll 
(Hersh et al., 1994a) 

348,556 docs, 101 queries 

TrecGen collection 
(Hersh et al., 2004, 2005) 

4.5 million docs, 50 queries 

Pre-retrieval combination 
- Srinivasan (1996a): +7.3% 
in 11-point average precision 

- Hersh et al. (1994a): + 9% 
performance improvement 
- Srinivasan (1996a): +6.3% 
in 11-point average precision --- 
in mean average precision 

Post-retrieval combination 
- Srinivasan (1996a): +16.4% 
in 11-point average precision 

- Srinivasan (1996a): +12.9% 
in 11-point average precision 

in mean average precision 



Figure 2.1: Example of a MeSH descriptor record in ASCII format 

, 

*NEWRECORD 
RECTYPE 
MH = Gene Library 
ENTRY = DNA Libraries 
ENTRY = Gene Libraries 
ENTRY = Libraries, DNA 
ENTRY = Libraries, Gene 
ENTRY = Libraries, cDNA 
ENTRY = Library, DNA 
ENTRY = Library, Gene 
ENTRY = Library, cDNA 
ENTRY = cDNA Libraries 
MN = G05.275.195 
MN = G05.331.599.110.410 
FX = Combinatorial Chemistry Techniques 
FX = DNA, Recombinant 
FX = Databases, Nucleic Acid 
MH-TH = NLM (1990) 
ST = TO28 
ST = TI70 
AN = do not confuse with GENOMIC LIBRARY; 
do not confuse X ref GENE BANK 
with BIOLOGICAL SPECIMEN BANKS 
PI = Base Sequence (1978-1989) 
PI = Cloning, Molecular (1980-1989) 
PI = Plasmids (1978-1985) 
MS = A large collection of cloned DNA fragments from a given 
organism, tissue, organ, or cell type. It may contain complete 
genomic sequences (GENOMIC LIBRARY) or complementary DNA sequences, 
the latter being formed from messenger RNA and lacking intron sequences. 
PM = 90 
HN = 90 
MR = 20010725 
DA = 19890515 
DC = 1 
UI = DO15723 



Table 2.2: Descriptor record's fields definition 



Table 2.3: The 15 descriptor hierarchies 

will be pointed to the descriptor "Acridines", a type of organic compound that is 

DNA- binding. 

MeSH descriptors and qualifiers are organized into a semantic network that in- 

cludes several hierarchies3. The MeSH hierarchies comprise fifteen descriptor hier- 

archies and twenty-three smaller and shallower qualifier hierarchies (some qualifier 

hierarchies have only one element, the root node). Tables 2.3 and 2.4 show the 

root concepts of the descriptor and qualifier hierarchies, respectively. The 22,430 

descriptor concepts are associated with a total of 41,063 hierarchical locations (1.8 

locations per descriptor on average), and the 83 qualifier concepts are associated 

with 99 locations (1.2 locatioils per qualifier on average). 

The relationships within the MeSH hierarchies are of the broader-than/narrower- 

than type (Nelson et al., 2001). The narrower-than relationship includes the hyper- 

descriptor Ilierarclly I number of elements 

3the term hierarchy is commonly used to refer to the main parts of the MeSH ontology, which 
are in fact single-rooted directed acyclic graphs 

A: Anatomy. 
B: Organisms. 
C: Diseases. 
D: Chemicals and Drugs. 
E: Analytical, Diagnostic and 

Therapeutic Techniques 
and Equipment. 

F: Psychiatry and Psychology. 
G: Biological Sciences. 
H: Physical Sciences. 
I: Anthropology, Education, Sociology 

and Social Phenomena. 

2,246 
4,386 
9,502 

13,911 
3,242 

978 
2,593 

596 
526 

J: Technology and Food and Beverages. 
K: Humanities. 
L: Information Science. 
M: Persons. 
N: Health Care. 
Z: Geographic Locations. 

total 

302 
191 
405 
214 

1,489 
482 

41,063 



Table 2.4: The 23 qttdifrer hierarc2.1i~s 

clualifier bierwcl~y 
YUl: mln.lysis 
Y02: xnEltonzy& 11istoIogy 
Y03: cliemistry 
Y04: cliagnosis 
Y05: etiology 
Y06: organization & xlminjstratian 
Y07: phurmacelogy 
Y08: pI~ysiology 
Y09: sentistics & numerical data 
Y10: therapeutic use 
Y11: therapy 
Y19: classification 
Y21: drug effects 
Y23: educe,tion 
Y25: ethics 

numl3er of elemcnts 
5 
8 
5 
5 

I2  
8 
10 
14 
6 
5 
9 
1 
1 
1 
1 

Y4.1: veterinary 
total 

1. 
99 

Y27: bistory 
Y29: injuries 

a ,ion Y31: instrumclzt t' 
Y33: methods 
Y35: pat,hogenicity 
Y37: psyclzology 
Y39: radiation effects 

1 
1 
1 
1 
1 
1 
1 



nymy (is-a) relationship and the meronymy (part-of) relationship. Inversely, the 

broader-than relationship includes the hyponymy (has-instance) relationship and 

the holonymy (has-a) relationship. A simplified version of the "Diseases" descrip- 

tor hierarchy is shown in Figure 1.2, and the full "therapeutic use" hierarchy can be 

seen in Figure 2.2. 

Only a few network-based semantic measures were evaluated on the MeSH hier- 

archy, as will be shown in Section 2.3. One of the contributions of the work presented 

in this dissertation is the extrinsic evaluation of some network-based semantic mea- 

sures on the MeSH hierarchy for MEDLINE retrieval (see Table 2.8). In the next 

section, various network-based semantic measures are presented. 

2.2 Network-Based Similarity Measures 

Network-based similarity measures are usually classified into two groups: edge-based 

measures and information-based measures (Budanitsky, 1999). Edge-based mea- 

sures only use hierarchy information, whereas information-based measures combine 

concept frequency information from a corpus with hierarchy information. 

In this dissertation, however, we use a different approach which classifies network- 

based measures into the two following categories: 

1. measures that consider all hierarchy edges to correspond to the same semantic 

distance (simple edge weighting), and 

2. measures that consider hierarchy edges to correspond to different semantic 

distances (complex edge weighting). 

Both types of measures listed above can be applied either to the semantic com- 

parison of two single concepts or to the comparison of groups of concepts. The 

semantic coiilparison of groups of concepts corresponds to different methods for 

combining inter-concept semantic comparisons. 

In this section, we first introduce inter-concept measures using simple or complex 



edge weighting. We then describe different approaches to  combine inter-concept 

measures in order to compare groups of concepts such as documents or queries. 

Finally, we present the existing evaluations available for network-based measures, 

and position our work in relation to these evaluations. 

2.2.1 Inter-concept Measures 

Simple Edge Weighting: Edge Count 

The edge count approach considers that all edges between concepts in the hierarchy 

correspond to the same semantic distance. Figure 2.3 shows a partial representation 

of the MeSH network highly simplified for the sake of clarity. Note that we added an 

artificial "MeSH" node at the root in order to connect the two descriptor hierarchies 

"Diseases" and "Chemical and Drugs". With edge count, the semantic distance 

between "Diseases" and 'LNeoplasms" is assumed to be the same as the distance 

between "Neoplasm Invasiveness" and "Leukemic Infiltration'' (i.e. one edge). 

The assumption behind the edge count approach is that the semantic distance 

between two concepts is proportional to the number of edges that separate them 

in the hierarchy. For example, in Figure 2.3, the edge count between "Pneumonia, 

Viral" and "Meningitis, Viral" is 2, and the edge count between "Pneumonia, Viral" 

and "Neoplastic Processes" is 4. Therefore, under edge count, "Meningitis, Viral" 

is closer semantically to "Pneumonia, Viral" than "Neoplastic Processes" is. 

In some hierarchies, there is more than one possible path between two concepts. 

In the MeSH ontology, concepts can have several parents and children. A widely- 

used solution to the multiple path problem is to consider only the shortest path 

between two concepts when calculating the semantic distance. Rada et al. (1989) 

uses this approach with an inter-concept measure equal to the shortest path p in 

the set of possible paths P between two concepts cl and c2 in terms of edge count: 

distradal (cl, c2) = min (edge-count, (cl , c2)) 
P E P  



  is eases chemicaland Drugs 

Virus Neoplasms Immune System Abases 
Pneumonia, Meningitis, Encephalitis, Neoplastic Precancerous 

Viral Viral Viral .Pmcesses Conditions 

h 
Anaplasia Neoplasm Invasiveness 

Leukemic infiltration 

Figure 2.3: A partial representation of the MeSH hierarchy 

where edge-count, is the number of edges separating cl from cz on a path p E Pa 

Complex Edge Weighting. 

Unlike the edge count approach, the methods described in this paragraph assume 

that edges correspond to various semantic distances. For example, in Figure 2.3, it 

can be hypothesized that the edge distance between "Anaplasia" and "Neoplastic 

Processes" is shorter than the edge distance separating " Virus Diseases" from " Dis- 

eases". The two former concepts are located deeper in the hierarchy than the two 

latter. Therefore they are more specific and the edge separating them is expected 

to correspond to a smaller semantic distance. 

We now present measures that evaluate the variation of the edge distance in 

the hierarchy with hierarchical parameters (hierarchy depth and/or density) and/or 

with corpus parameters (frequencies of the occurrences of the concepts in a corpus). 



Hierarchy Information: Depth and Density. One way to evaluate edge dis- 

tance variation is to exploit the variation of depth and density in the hierarchy. 

Sussna (1993) and Richardson and Smeaton (1995) report on observations that as- 

sociate edge distance to hierarchy depth and density. In particular, the assumption 

is that edge distance is inversely proportional to hierarchy depth and density. The 

intuition behind this assumption is that: 

a concepts located at high depths (high specificity) are closer semantically than 

concepts located at shallow depths (general concepts), and 

a concepts located in dense areas of the hierarchy (detailed conceptual coverage) 

are closer semantically than concepts found in sparse areas (poor conceptual 

coverage). 

The depth of a concept in a hierarchy is defined as its distance by the shortest 

path to the root of the hierarchy (the top concept) in terms of edge count. For 

example, in Figure 2.3, the depth of " Diseases" is 1 and the depth of "Anaplasia" is 

4. In a hierarchy containing broader-than/narrower-than relationships such as the 

MeSH hierarchy, the depth of a concept is proportional to  its specificity. Therefore 

"Anaplasia" is a more specific concept than "Diseases" . 

The density is positively correlated to the number of edges and negatively cor- 

related to the number of nodes in the hierarchy. In graph theory, density of a 

graph (Preiss, 1999) is defined as: 

IEl density = - 
IN2 

where )El is the number of edges and JNJ the number of nodes. The hierarchy density 

can be calculated for each node by looking for example at  the number of children 

of the node. The number of children for a node corresponds to the number of edges 

going down the hierarchy from that node. In Figure 2.3, concept lLDiseases" has 

three children. In comparison, concept "Neoplasms" has only 2 children. Therefore 



"Neoplasms" corresponds to a less dense area of the hierarchy than "Diseases" 

does. Edges located in dense areas are expected to correspond to smaller semantic 

distances than edges located in sparse areas. 

Figure 2.4 gives information about the depth and density (first and second num- 

ber inside the brackets, respectively) at  each node of the partial MeSH network 

represented in Figure 2.3. To evaluate the density at a node, we use Jiang and 

Conrath (1997)'s method which counts the number of children of the node. Ac- 

cording to the depth and density assumption, the edge between "Virus Diseases" 

and "Pneumonia, Viral" corresponds to a smaller semantic distance than the edge 

between "Neoplasms" and "Neoplastic Processes". Indeed, both "Virus Diseases" 

and "Neoplasms" have the same depth but the density is higher for "Virus Dis- 

eases". similarly, the semantic distance between "Diseases" and " Virus Diseases" 

is expected to be higher than the distance between " Virus Diseases" and "Pneu- 

monia, Viral". "Diseases" and " Virus Diseases" have the same density, but " Virus 

Diseases" is located deeper. 

Depth Variation Integration. Some measures derive edge distance between 

two concepts from their respective depths, and from the depth of their lowest com- 

mon ancestor (LCA) (Wu and Palmer, 1994; Ganesan et al., 2002). The LCA of two 

concepts is their deepest shared parent node. For example in Figure 2.4, the LCA 

of "Anaplasia" and "Precancerous Conditions" is "Neoplasms". 

These measures assume that semantic distance is inversely proportional to the 

depths of the concepts and their LCA. The closer the concepts are to their LCA, 

the smaller the semantic distance is between them. This is consistent with the edge 

count method, as a closer LCA is equivalent to a shorter path between the concepts. 

In addition, the deeper the LCA for the same path length, the shorter the semantic 

distance between two concepts. 

Wu and Palmer (1994) and Ganesan et al. (2002) use the following formula to 
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Figure 2.4: A partial MESH llierarclzy with depth and density infnr- 
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measure the semantic similarity between a concept cl and a concept c2: 

2 x depth (LCA (el, c2)) 
sim,, ( ~ 1 ,  cz) = 

depth (el) + depth (cz) 

This measure reduces edge distance as depth increases. Using Figure 2.4, we can 

see that: 

2x1 - 2 1. simw, ( l L D i ~ e a ~ e ~ " ,  LLVirus Diseases") = - 2, and 

2x2 - 4 2. sim,, ("Virus Diseases", "Pneumonia, Viral") = 2+3 - 5 .  

In the previous examples, we used the sim,, to compare concepts directly con- 

nected by an edge. Additionally, the distance measure can be used to compare 

concepts separated by several edges in the hierarchy. In that case, hierarchy depth 

still influences edge distance: 

1, sim,, ("Virus Diseases", "Neoplasms") = = i, and 

2. sirn,, ("Neoplastic Processes", "Precancel-aus Conditions") = = i, 

which correspond to an average similarity between adjacent concepts of a (= 4) 
in the first case, and 5 (= $) in the second. Next, we consider a measure that 

integrates both hierarchy depth and density to account for the variation of edge 

distances. 

Integrating Depth and Density. Jiang and Conrath (1997) introduces a 

distance measure based on the assumption that edge distance is inversely propor- 

tional to hierarchy depth and density. The measure calculates the edge distance 

between a concept c, and its parent concept c,: 

where a 2 0 and 0 5 /3 5 1 are the parameters that control the influence of 

hierarchy depth and density, respectively, on edge distance. In particular, depth 



Table 2.5: Edge distance for different levels of depth and density 

influence increases as a increases, and density influence increases as decreases. 

E ($), the density at  concept c,, is defined as the number of children of c,. E, the 

average density of the hierarchy, is defined as the average number of children over 

the entire hierarchy. d (c,) is the depth of c, in the hierarchy. 

distjiangl (cc, c,) decreases as depth and density increase. Figure 2.5 shows the 

edge distances using Formula 2.3 for the partial MeSH network represented in Fig- 

ure 2.4. We set ,O = 0 (maximum sensitivity to density) and ol = 1 (moderate 

sensitivity to depth). The average density, E, is equal to 2.17. Table 2.5 shows 

various edge distances with different levels of depth and density. Keeping density 

constant, increasing depth decreases edge distance. Inversely, keeping depth con- 

stant, increasing density decreases edge distance. Note that a high sensitivity to 

density was chosen (P = 0). This is why the highest edge distance of the network 

represented in Figure 2.5 is found for the highest depth value (= 5) but for the 

lowest density value (= 1): 

2 

density 

3 

distjiangl (LLLe~kemi~ ,  Infiltration", LLNeoplasm Inuasiveness") = 2.71 

To calculate the semantic distance between two concepts cl and c2 that do not 

share an edge, the weights of all the edges belonging to the shortest path between 

them are summed: 

depth 
1 

no example 

1.45 
( L L D i ~ e a ~ e ~ "  to  "Virus  Diseases") 

2 
1.63 

("Neoplasms" to "Neoplastic Processes") 

1.09 
("Virus  Diseases1' to "Pneumonia,  Viral") 



where C is the set of concepts c,i on the shortest path from cl to c2 whose parents 

c,i are also located on the shortest path. For example, in Figure 2.5: 

distjiang2 ("Pneumonia, Viral", "Neoplastic Processes") 

= 1.09 + 1.45 + 1.45 + 1.63 

= 5.62 

and for an identical number of edges separating two concepts: 

distjiang2 ( ' L D i ~ e a ~ e ~ " ,  "Leukemic Infiltration") 

= 1.45 + 1.63 + 1.45 f 2.71 

= 7.24 

A larger semantic distance is found because of higher depth and density levels on 

the shortest path from "Diseases" to L'Leukemic Infiltration". 

Information-based Measures. Another approach for measuring edge distance 

is to derive it from the distribution of concepts in a corpus. Measures using this 

approach are known as information-based measures. The frequencies of concepts are 

used to determine their information contents (ICs). The semantic distance expressed 

by a specific edge can be calculated by comparing the IC of the concepts sharing 

that edge. The assumption is that the edge distance decreases when the difference 

in IC between the two concepts sharing it decreases. Furthermore, differences in IC 

are expected to be lower for concepts located deep in the hierarchy and in dense 

areas. 

Using information theory notions (Shannon, 1948), Resnik (1995) calculates the 

information content of a concept c as the negative of the log of the probability p of 

encountering c in the collection, based on the distribution of data in the corpus: 

IC (c) = - log, p (c) 
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Figure 2.5: A partial MeSH hierarchy with edge weig1:llts (from net- 
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A specific concept is expected to  have a lower probability than a general concept. 

Therefore, a specific concept is expected to  have a higher IC than a general concept. 

Resnik (1995) calculates p (c) as the relative frequency of concept c in the corpus. 

Note that an instance of a child concept is implicitly also an instance of its parents. 

As a consequence, for any concept c, and its parent c,, we have: 

and hence: 

IC (cc) 2 IC (G) 

As the root of the hierarchy is considered to occur in every document of the corpus, 

so its probability is equal to 1 and its information content is 0. 

Figure 2.6 shows the concept frequencies, probabilities, and ICs calculated with 

Equation 2.5 (respectively, inside brackets) for the partial MeSH network repre- 

sentation of Figure 2.3. The frequencies used are calculated with the TrecGen04 

collection, a subset of MEDLINE containing over 4.5 millions documents. The fre- 

quencies shown at each node include occurrences of all descendant nodes. Some 

nodes in Figure 2.6 ("Chemical and Drugs", "Immune System Diseases") do not 

appear in any documents in the collection. However, the figure includes only a few 

nodes of the MeSH hierarchy, and we can expect descendant nodes (not appearing 

in Figure 2.6) of these general nodes to occur in documents. 

For the sanie level of depth and density, different IC increases are possible as we 

go down one level of specificity. For example, "Anaplasia" and "Neoplasms Inva- 

siveness" are both children of "Neoplastic Processes" (IC (Neoplastic Processes) = 

2.44). However, the IC increase for "Anaplasia" (= 9.51) is much higher than that 

for "Neoplasm Invasiveness" (= 2.46). Both concepts have the same depth and 

the same parent. Nonetheless, the probability of encountering i'Anaplasia" in the 

corpus is lower than that of encountering "Neoplasms Invasiveness". Thus, the in- 

troduction of corpus information allows for further refinement of the edge distance 
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calculation. 

Several methods use the IC to calculate the semantic similarity between two 

concepts. Resnik (1995) defines the similarity between two concepts cl and c2 as 

the IC of the concept with the highest IC contained in the set of their LCAs: 

where LCAi (el, c2) is contained in the set of LCAs of concepts cl and cz. The 

intuition behind Formula 2.6 is that the similarity between two concepts is the 

extent to which they share information. This shared information is given by the IC 

of their LCA in the hierarchy. 

When Resnik (1995)'s measure is applied to an individual edge separating a child 

concept c, from a parent concept cp, it always returns the information content of 

the parent concept: 

simresnik (ccr cp) = - log2 P (cp) 

This is consistent with the hypothesis that edge distance is reduced when the con- 

cepts are more specific: the IC can only go up as concepts are located deeper in the 

hierarchy, so the edge distance can only go down. 

When Resnik (1995)'s measure is used to calculate the semantic similarity be- 

tween two arbitrary concepts in the hierarchy, some unsatisfactory effects are ob- 

served. First, the measure does not take in account the length of the path between 

two concepts. All pairs of concepts with the same LCA have the same similarity 

value. Figure 2.6 shows that: 

1. ~ i r n , , , ~ ~ ~  ( "Neoplatic Processes", "Precancerous Conditions") = 0.17 and 

2. ~ i r n ~ , , , ~ ~  (LLLeulcernic Infiltration", "Precancerous Conditions") = 0.17, 

although the edge distance is 2 for the first pair and 4 for the second. Second, Resnik 

(1995)'s measure is not sensitive to the IC values of the concepts being compared. 

For example, Figure 2.7 shows that: 



Virus Diseases 

c 
Pneumonia, Viral Meningitis, Viral Encephalitis, Viral 

Figure 2.7: The " Virus Diseases" concept and its children. 

1. simreSnik ("Pneumonia, Viral", "Meningitis, Viral") = 3.15, and 

2. simresnik ("Pneumonia, Viral", "Encephalitis, Viral") = 3.15, 

as both pairs have the same LCA. However, we can see that: 

IC ("Meningitis, Viral") > IC ("Encephalitis, Viral") 

which suggests intuitively that the semantic distance between "Pneumonia, Viral" 

and "Meningitis, Viral" should be superior to the distance between "Pneumonia, 

Viral" and "Encephalitis, Viral". 

In contrast with Resnik (1995)'s, other measures integrate the ICs of the concepts 

being compared semantically. Lin (1998) and Jiang and Conrath (1997) develop such 

measures. 

Lin (1998)'s information-based similarity concept is based on three properties: 

1. the similarity between two concepts cl and c2 is positively correlated with their 

commonality, 

2. the similarity between two concepts cl and c2 is negatively correlated with the 

differences between them, and 

3. the maximum similarity between two concepts el and c2 is obtained when el 

and c2 are identical. 

The commonality of concepts el and c2 is defined as the IC of the concept (or set 

of concepts) that states their commonality. The similarity between concepts cl and 
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cz is defined as the ratio of the information needed to state their commonality and 

the information needed to fully describe them. 

IC (common (cl, c2)) 
~imLinl C l  i CZ - ( ) - IC (description (cl, c2)) 

In a hierarchy, Lin (1998) defines the similarity between concepts cl and c2 as: 

2 x IC (LCA (cl, cz)) 
~imLin2 (el ~ 2 )  = 

IC ( ~ 1 )  + IC ( ~ 2 )  

where simlin varies from 0 to 1. 

Jiang and Conrath (1997) proposes a distance measure that is similar to Lin 

(1998)'s. First, the edge distance between a child concept cc and its parent cp is 

calculated with the following formula: 

where p (cclcp) is the probability of encountering c, in a document if cp was already 

encountered in the document. This edge distance is proportional to the conditional 

probability of a child concept cc given a parent concept cp. As any instance of a 

child concept is implicitly an instance of its parents, similarly to Resnik (1995)'s 

method, this formula is equivalent to: 

or, by the rules of logarithms: 

which is the difference of information content between the child node c, and the 

parent node cp. Next, the semantic distance between any concepts cl and cz in the 

hierarchy is given by the sum of the edge distances from the shortest path from cl 
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Table 2.6: Comparison of information-based measures 

to c2, which can be reduced to: 

distjiangl (cl , ~ 2 )  = IC ( ~ 1 )  + IC ( ~ 2 )  - 2 x IC (LCA (cl, c2)) (2.8) 

Table 2.6 compares the results of Resnik (1995)'s, Lin (1998)'s, and Jiang and 

Conrath (1997)'s information-based measures for two pairs of concepts. Both con- 

cept pairs have one concept in common, "Precancerous Conditions", and have the 

same LCA, "Neoplasms". "Precancerous Conditions" is compared with 'LNeoplastic 

Processes" (IC = 2.44), and with "Leukemic Infiltration" (IC = 7.16). The differ- 

ence between the two pairs comes from a higher IC value for one of the concepts. 

As one would expect, a higher IC value for one of the concepts leads to a decrease of 

simlin2 and an increase of distjiang4 However, ~irn, , , ,~~ is unaffected as it only con- 

siders the IC of the LCA. Therefore, simlin2 and distjiang4 are more discriminative 

between different pairs of concepts, and more intuitive in capturing the semantic 

similarities. 

2.2.2 Comparing Groups of Concepts 

In the previous section, the network-based measures presented focused on the sim- 

ilarity of pairs of concepts. However, queries and documents are usually described 

with several concepts. In order to compare two sets of concepts, individual inter- 

concept semantic comparisoiis need to be combined. This combination results in an 

inter-document measure. 

We now review approaches that combine all the possible inter-concept compar- 



isons from two sets of concepts (Azuaje et al., 2005; Rada et al., 1989; Ganesan et al., 

2002), and approaches that only combine a subset of all the possible inter-concept 

comparisons (Azuaje et al., 2005; Ganesan et al., 2002). 

All-combination Approach 

This approach is based on the idea that the semantic similarity of two sets can be 

derived from the combination of all the possible inter-concept comparisons from the 

two sets. 

Rada et al. (1989) defines a distance measure between two sets of concepts A 

and B, containing m and n concepts respectively, as the average of all the rn x n 

inter-concept distance measures: 

1 
distrada2 (A, B)  = - x C di~tradai (ci, cj) 

rn c ~ E A , c ~ E B  

where distradal is defined by Equation 2.1. This method is also used by Azuaje et al. 

(2005) to average inter-concept semantic comparisons. The inter-concept measures 

used by Azuaje et al. (2005) are ~im,, , ,~~, simlina, and distjian,4 defined by Equa- 

tions 2.6, 2.7, and 2.8, respectively. 

Ganesan et al. (2002) introduces a measure called the generalized Cosine simi- 

larity measure (GCSM) that is derived from the Cosine similarity measure (CSM). 

In the vector space model, two documents A and B are represented respectively by 

feature vectors (Salton et al., 1975) : 

R = C a i b  and 8 = C b , b  
i d 

where ci are the concepts contained in the vocabulary (set of all existing concepts), 

and ai and bi are their associated weights in documents A and B ,  respectively. The 



CSM between A and B is given by: 

and the dot product between two vectors is defined by the formula 

In the traditional CSM measure, only concepts common to both documents con- 

tribute to the similarity measure. With the GCSM, the dot product between the 

two vectors is replaced by a weighed sum of the depth/LCA-based similarities (Para- 

graph 2.2.1) of all possible concept pairs and the norms of the vectors is replaced by 

the square root of a weighted sum of the similarities of all possible internal concept 

pairs for each document vector: 

C i j  aibjsimwu (ci, ~ j )  
s i m ~ c s ~  (A, B) = (2.11) 

i,j aiaisim,, (ci, ci) j,j bj bj sim,, (cj , cj) 

where ai and bj are the weights of concepts ci and cj contained in documents 

A and B ,  respectively, and sim,, is the inter-concept similarity measure defined 

in Equation 2.2. With GCSM, even if A and B have no concepts in common, 

simGcsM (A,  B) can still yield a strong similarity value if the two documents con- 

tain related concepts (when sim,, (ci, cj) approaches 1). 

Best-match-combination Approach 

The measures described in the previous section use all inter-concept comparisons 

when comparing two sets of concepts. This approach is not always adequate in the 

case of mixed conceptual content in the sets. 

Measures using all inter-concept comparisons tend to give low similarity values to 

documents that share concepts but also have dissimilar content. Consider three doc- 

uments C ,  Dl and E, with respective contents {"Pneumonia, Viral", "Meningitis, 



Viral"), {"Encephalitis, Viral", "Neoplasm"), and {"Pneumonia, Viral" , " Cherni- 

cal and Drugs") extracted from the concepts of the partial MeSH network of Fig- 

ure 2.3. C and D have no concept in common but their content is related and 

homogenously located in the "Diseases" area of the hierarchy. However, C and E 

share the same concept, "Pneumonia, Viral" but the content of E is more mixed 

than C's content, as E contains a broad concept, 'LChernical and Drugs", located 

outside the "Diseases" area. Should D be semantically closer to C than E? The 

answer is not straightforward. C and D are both about diseases only. Nevertheless, 

C and E are both about the same disease, but in a different context. 

One way to address this problem is to consider only a subset of all the possible 

concept pairs across the two sets. For example, Ganesan et al. (2002) and Azuaje 

et al. (2005) introduce measures that use the best conceptual matches between the 

two groups of concepts. These measures favor documents with concepts in common, 

such as documents C and E described above, even if they have mixed conceptual 

content. 

Ganesan et al. (2002) defines the Optimistic Genealogy Measure (OGM) to cal- 

culate the semantic similarity between two documents A and B. OGM is an asym- 

metrical measure. To calculate the similarity between the set of concepts A and 

B, the similarity contribution of each concept ci in A in relation to B needs to be 

calculated first. The similarity contribution of a concept ci is derived from its best 

match cj in document B: 

minj (depth (LCA (ci, c j ) ) )  
szmcon (ci, B)  = 

depth (cj) 

Then, the OGM similarity between A and B is given by the following formula: 

where ai are the weights associated to the concepts q. To get a symmetrical OGM 

similarity between document A and B, we can simply average the OGM between A 



Table 2.7: Inter-document similarities with GCSM and OGM 

Similarity GCSM OGM 

0.67 

and B, and that between B and A: 

1 
simoGMsyrn (A ,  B )  = - ( S ~ ~ O G M  ( A ,  B) + S ~ ~ O G M  (B,  A)) (2.12) 

2 

Azuaje et al. (2005) introduces two measures. The first is a similarity mea- 

sure comparable to  symmetrical OGM, as it is a combination of two asymmetrical 

similarity measures: 

sim,,, (A, B) = m v  ( s i n  (G, c,)) + max (sim (ci, cj)) 

where A and B contain m and n concepts, respectively, and sin stands for any 

of the two similarity measures ~irn,,,,~~, simlina, defined by Equations 2.6 and 2.7, 

respectively. The second is a distance measure: 

dist,,, (A, B) = min (distjiwg4 ( G ,  cj)) + C min (dzstjimgr (ci, cj)) 
i 

where distjiang4 is the distance measure defined in Equation 2.8. 

To illustrate the difference between measures using all inter-concept comparisons 

and measures using best matches, we use sirnGcsM (defined by Equation 2.11) and 

simoGMsym (defined by Equation 2.12) to calculate similarities between documents 

C and D, and between documents C and E. Table 2.7 shows the results. GCSM 

gives a higher similarity between C and D, the documents with homogenous content, 

whereas OGM gives a higher similarity between C and E, the documents sharing a 

concept, although E's content is mixed. 



2.3 Evaluations 

We now move to the presentation of past evaluations of the network-based semantic 

measures described previously. These evaluations can be either intrinsic (directly 

comparing the use of the network with the judgments of experts) or extrinsic (eval- 

uating the usefulness of the network information in relation to an application). In 

particular, we show that some past evaluations on the MeSH network were done on 

a small scale, and that others were not done on the MeSH network a t  all. 

2.3.1 Edge Count Approach 

Evaluations of the edge count approach are available in the biomedical domain: 

Rada et al. (1989) uses the MeSH hierarchy and Caviedes and Cimino (2004) works 

with 3 sub-networks of the Unified Medical Language System, including MeSH. 

Rada et al. (1989) evaluates the edge count approach intrinsically and extrinsi- 

cally. The intrinsic evaluation concerns the use of d ~ s t , , ~ , ~  to simulate the human 

judgments regarding the semantic distance between two concepts. Rada et al. (1989) 

focuses on part of the MeSH 1986 semantic network that deals with information sci- 

ence related topics. The poor coverage of this part of MeSH (only 200 terms) is 

increased by merging it with another network, the Association of Computing Ma- 

chinery's hierarchical semantic net for computer science (CRCS). The merging algo- 

rithm searches for the concepts that the two vocabularies have in common, and adds 

to MeSH concepts parent of child concepts that exists in CRCS. Using the MeSH 

network (inforniation science part) and its augmented version (MeSH+CRCS), 12 

pairs of concept are ranked according to their semantic distance with distTadal. This 

ranking is then compared to the judgments of 10 students. The students' rankings 

are found to significantly agree at the 0.01 level of confidence using the average 

Spearman's correlation coefficient. The averaged students' ranking are coiilpared 

with the ranking given by d ~ s t , , ~ , ~  for each network (MeSH and MeSH+CRCS) 

with Spearman's rank correlation coefficient. The coefficients p = 0.17 and p = 0.52 



are reported for MeSH and MeSH-CRCS, respectively. The results suggest that 

distTadal works better when the network has a higher conceptual coverage. The 

2004 version of MeSH used in this dissertation is expected to have a higher cover- 

age than the 1986 version used in Rada et al. (1989). Moreover, the part of the 

MeSH network on information science is not expected to be of any relevance to us 

in relation to genomic topics. We would be more interested in the usefulness of 

distradal  in genomic-related hierarchies such as "Diseases", "Chemicals and Drugs", 

and "Organisms". 

distrada2 (Equation 2.9) is evaluated extrinsically by Rada et al. (1989) on the 

MeSH ontology. Rankings of MEDLINE documents in relation with queries by two 

experts are compared with rankings obtained for the same queries and documents 

with d i d T a d a 2  using Spearman's rank correlation coefficient. The queries, six in total, 

are domain-related ("liver diseases and peritoneoscopy" , "shock and endorphins") 

and the document, around fifty for each query, are collected via a MEDLINE search. 

The results show a significant correlation between the two experts' rankings, and 

between the experts' rankings and the rankings given by distrada2.  The work de- 

scribed in Rada et al. (1989) give us some evidence on the usefulness of the MeSH 

hierarchy to calculate semantic distances between documents and queries. However, 

a large-scale evaluation, using more queries and a large collection in the context of 

ad hoc retrieval, is needed to confirm the value of network-based semantic measures 

such as distrada2.  Such an evaluation constitutes part of the contribution of the work 

described in this dissertation. 

More recently, Caviedes and Cimino (2004) evaluates distradal  on 3 sub-networks 

of the Unified Medical Language System (UMLS): MeSH, ICDSCNI, and SNOMED. 

The distance values given by each network with distradal on 55 concept pairs is 

compared to the averages of three expert judgments. The best correlation (0.77 

with Pearson's correlation coefficient) between the distances values and the expert 

judgment averages is obtained with the MeSH network. Additionally, Caviedes and 

Ciillino (2004) evaluates distrada2 with four clusters of two concepts each, using 



the same three sub-networks of the UMLS. The inter-cluster distance values are 

then compared to human judgments from three physicians. Strong correlations are 

found between network-based distance values and expert judgments for MeSH and 

SNOMED. Sinlilarly to the evaluations found in Rada et al. (1989), the conclusions 

reached by Caviedes and Cimino (2004) regarding distTadal and distTada2 still need 

to be confirmed at a larger scale. Furthermore, the concept clusters used do not 

correspond to the content of actual MEDLINE records. In the context of MED- 

LINE document retrieval, what is needed is a large-scale evaluation of distTadal and 

distTada2 for the measurement of semantic distance between queries and MEDLINE 

MeSH-based document representations. 

2.3.2 Complex Edge Weighting 

Most measures assuming variation of edge distance in the hierarchy are assessed 

with WordNet (see section 2.1.1). Resnik (1995), Lin (1998)) and Jiang and Con- 

rath (1997) evaluate their network-based measures (sirnTeSnik, simlin2, distjiang2 and 

distjiang4) on the noun-part of the WordNet semantic network. The evaluations are 

intrinsic: the measures are compared with human judgments on a set of 30 noun 

pairs. Both Lin (1998) and Jiang and Conrath (1997) report slight improvements 

over Resnik (1995) in terms of correlation with the human judgments. However, 

Jiang and Conrath (1997) reports that adjustments of the measure with various val- 

ues of a! and p (sensitivity to network depth and density, respectively) in distjiang2 

does not improve the results obtained with distjiang4, the information-based measure. 

This suggests that the concept frequency information of the corpus already incor- 

porates the variation of edge distance in the network that are caused by depth and 

density. These intrinsic evaluations are small in scale and do not indicate whether 

the measures would be useful for document retrieval using a domain-dependent on- 

tology such as MeSH. 

Richardson and Sineaton (1995) assesses simTeSnik for the retrieval of newspa- 

pers articles. A knowledge base is build from the noun part of WordNet. Query 



and document words are matched to WordNet concepts with several disambigua- 

tion techniques, and simTeSnik is used to evaluate the semantic similarity between the 

concepts. The evaluation is done on 12 queries with a thousand documents each, 

retrieved from a collection of 742,611 text articles from newspapers with a first 

standard search using TF*IDF. Results show that the information-based similarity 

measure does not perform as well as TF*IDF. Nonetheless, they perform differently 

over the 12 queries, which suggest that they might be used in combination. This 

extrinsic evaluation is using a rather small collection and an evaluation on a larger 

scale is needed to confirin the results. Moreover, WordNet is a domain-independent 

ontology that is not tailored to satisfy the description of specific information types 

such as newspapers' content. In contrast, we want to evaluate network-based se- 

mantic measures on MeSH, a ontology specifically designed to describe bio-medical 

information. 

Evaluations of simTeSnik, simlinz, and didjiang4 with domain-specific ontologies 

can be found. For example, the measures are used with the Gene Ontology (Gene 

Ontology Consortium, 2000, 2001, 2004) for gene expression correlation analysis 

(Wang et al., 2004, 2005) and for gene functional assessment (Azuaje et al., 2005). 

Moreover, they are evaluated with the Gene Ontology by Lord et al. (2003a,b) in the 

comparison of gene annotations with gene sequences. Additionally, Pedersen et al. 

(2005) conipares the three measures' values in the medical ontology SNOMED-CT 

to human judgments. However, no evaluation of these measures is available with 

the MeSH network in the context of document retrieval and classification. Such an 

evaluation is addressed in this dissertation as an important part of our contribution. 

2.4 Summary 

Various measures exist that use a semantic network to evaluate the similarity be- 

tween two concepts. Rada et al. (1989) uses the number of edges separating the 

concept nodes to evaluate the relatedness of two concepts ( d ~ s t , , ~ , ~  defined by Equa- 



tion 2.1). Other measures assume that the hierarchy edges do not correspond to the 

same semantic distance (variable edge distance). These measures calculate the edge 

distances with hierarchy information, such as depth and density (distjiang2 defined 

by Equation 2.3), or with corpus information (~irn,,,,~~, simlim2, distjiang4 defined 

by Equations 2.6, 2.7, and 2.8, respectively). 

Most measures are evaluated with WordNet, a semantic network of general Eng- 

lish language organized with several types of relationships. Some evaluations are 

intrinsic and involve comparing network-based measures to human measures (Jiang 

and Conrath, 1997). Specific applications are also used to evaluate the benefits of 

the semantic network. In Sussna (1993), the measure is assessed in a word sense dis- 

ambiguation application. Furthermore, Richardson and Smeaton (1995) estimates 

network-based measures for the retrieval of newspaper articles. Additionally, evalu- 

ations of some network-based measures are available for the biomedical and genomic 

domains (Rada et al., 1989; Lord et al., 2003a,b; Pedersen et al., 2005). Neverthe- 

less, a thorough evaluation of network-based measures has yet to be done on the 

MeSH semantic network. Simple techniques, such as edge count, were examined 

in the past with MeSH (Rada et al., 1989). More complex approaches, integrating 

depth, density, and corpus information still need to be explored. 

2.5 Contribution: Evaluation of Network-based 

Semantic Measures on MeSH 

I11 this dissertation we propose an large-scale extrinsic evaluation of network-based 

semantic measures on the MeSH hierarchy in the context of MEDLINE document 

retrieval. The measures used are: 

a Rada et al. (1989)'s inter-concept measure didradal as a baseline considering 

all links in the MeSH hierarchy to correspond to the same semantic distance, 

and 



a Jiang and Conrath (1997)'s inter-concept measures, di~tji,,,~ and distjiang4, to 

express edge distance of the MeSH relationships as a function of the depth and 

density of the hierarchy, and as a function of concepts' information content, 

respectively, 

The three measures contain implicit hypotheses about the MeSH hierarchy. distTadal 

assumes that all edges correspond to the same semantic distance. In contrast, 

distjiangz and distjiang4 assume that edge distance decreases with the specificity 

of concepts and the density of the conceptual areas they belong to. distjiang2 derives 

specificity and density from hierarchy information, whereas distjiangl derives them 

from corpus information. Comparing the performance of the three measures allows 

us to evaluate the respective hypotheses they imply. As we compare queries with 

documents as well as documents together, we also need to evaluate methods that 

compare sets of concepts by combining the comparison of individual concepts. We 

evaluate the following methods: 

all-combination (distrada2, Equation 2.9), and 

a best-match-combination (dist,,, , Equation 2.14). 

Finally, the evaluation comprises the following extrinsic evaluation frameworks: 

a ad hoc retrieval on a subset of MEDLINE of 4.5 million documents with 50 

queries and associated relevance judgements, and 

a binary classificatioll of 10,000 documents simulating expert in the triage of 

documents likely to give experimental support for the annotation of Mouse 

genes with Gene Ontology concepts. 

Table 2.8 gives an overview of our contribution regarding the evaluation of 

network-based semantic measures on the MeSH hierarchy. In the next chapter we 

review related work in MEDLINE retrieval involving the use of the MeSH ontology 

for document representation. 
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Chapter 3 

Related Research 

This chapter presents research related to the work described in this dissertation. In 

particular, we review the current uses of MeSH in document representation for MED- 

LINE document retrieval, classification, and clustering. First, some background 

information is given about the MEDLINE database. 

The MEDLINE Database 

MEDLINE, the U.S. National Library of Medicine (NLM)' bio-medical abstract 

repository, contains over 14 million reference articles from around 4,800. journals 

(early 2006). Approximately 400,000 new records are added to it each year (over 

623,000 were added in 2006). Despite the growing availability of full-text articles 

on the Web, MEDLINE remains in practice a central point of access to bio-medical 

research (Hersh et al., 2004, 2005). 

The MEDLINE record fields include text-based fields, the title and abstract 

fields, and ontology-based fields: the MeSH fields. Most MEDLINE records contain 

10-12 MeSH fields. Some examples of textual fields and MeSH fields are shown in 

Figure 3.1. 

In addition to the textual fields, MeSH fields are a useful source of structured 

and standardised information. Unlike the free-text content of the title and abstract 

lhttp://www.nlrn.nih.gov/, last accessed: 19 January 2007 
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fields, the MeSH fields unambiguously associate documents to  concepts. The MeSH 

concepts can help us to resolve the ambiguities of free-text (see Chapter 1). In 

addition, MeSH concepts are assigned to the records after the examination of the 

entire research article by human indexers. Consequently, they can complement or 

add to the information contained in the title and abstract. 

3.1.1 MeSH Fields Format 

A MeSH field is a combination of a MeSH descriptor with zero or more MeSH qual- 

ifiers (see Section 2.1.2). Descriptors are the main conceptual vocabulary of MeSH. 

Qualifiers add context to the concepts described by descriptors. In Figure 3.1, "Cen- 

trioles/*ultrastructure" is the combination of descriptor "Centrioles" with qualifier 

'Lultrastr.ucture~'. However, "Centrioles" can be found in other documents asso- 

ciated with other qualifiers such as "metabolism", "chemistry", and "physiology". 

Each qualifier indicates a different context for the descriptor. 

MeSH fields provides a mechanism to suggest the level of relevance of the MeSH 

concepts to the document. In particular, MeSH fields distinguish the major themes 

of an article from the minor themes. The major themes are the central concepts of 

a document, whereas the minor themes are peripheral concepts. A star is used to 

identify the major themes. Therefore the association " Centrioles/*ultrastructure" is 

a major theme of the MEDLINE record of Figure 3.1, along with "Organelles/*ultra- 

structure" and "Steroids/*analysis". I11 contrast, "Cilia/ultrastructure" and "Res- 

piratory Mucosa/cytology" are minor themes. 

The information contained in the format structure can be useful to evaluate the 

relevance of different docuinents to a query. Consider a query Q and three documents 

Dl,  D2,  and D3. Table 3.1 shows the content of Q and a relevant MeSH field in each 

of the documents. Intuitively, Dl is more relevant to Q than D2, as D2 is about the 

same concept, "Centrioles", but in a different context, "metabolism". Moreover, D3 

is inore relevant still, because the association "Centrioles/ultrastructure" contained 

in Q is a major theme in D3, whereas it is a minor theme in Dl .  



Table 3.1: An example of using information contained in the struc- 
ture of MeSH fields 

Figure 3.1: A MEDLINE record example (PMID: PubMed ID, TI: 
title, AB: abstract, AU: author, MH: MeSH term) 

PMID - 10605436 
TI - Concerning the localization of steroids in centrioles 

and basal bodies by immunofluorescence. 
AB - Specific steroid antibodies, by the 

immunofluoresceiice technique, 
regularly reveal fluorescent centrioles 
and cilia-bearing basal bodies in . . . 

AU - Nenci I 
AU - Marchetti E 
MH - Animals 
MH - CentrioIes/*ultrastructure 
MH - Cilia/ultrastructure 
MH - Female 
MH - Fluorescent Antibody Technique 
MH - Human 
MH -Lymphocytes/*cytology 
MH - Male 
MH - Organelles/*ultrastructure 
MH -Ra t s  
MH - Rats, Sprague-Dawley 
MH - Respiratory Mucosa/cytology 
MH - Steroids/*analysis 
MH - Trachea 



3.1.2 MeSH Annotation Consistency 

Funk et al. (1983) reported on the consistency of the annotation of MEDLINE 

records with MeSH concepts across NLM indexers. The evaluation relied on 760 

MEDLINE records accidently indexed twice and published in 42 journals from 1974 

to 1980. Hooper's measure was used to calculate the indexing consistency between 

two indexers, using the following equation: 

where A is the number of terms in agreement, M the number of terms used by 

the first indexer but not the second, and N is the number of terms used by the 

second indexer but not the first. Perfect inconsistency corresponds to 0 and perfect 

consistency to 1. Several MeSH-based representations are evaluated for consistency 

using the information contained in the MeSH fields' structure (see previous section). 

The representations include the use of: 

a "major theme" descriptors (*MH) , 

a descriptors (MH), 

a "major theme" qualifiers (*SH), 

a qualifiers (SH), 

a "major theme" descriptor/qualifier associations (MH/*SM), and 

a descriptor/qualifier associations (MH/SM) . 

Table 3.2 shows the mean HooperJs inter-indexer consistency measure over the 760 

records for each representation. First, "major theme" representations (*MH, *SH, 

MH/*SH) give a better consistency than representations including all concepts (MH, 

SH, MH/SH), respectively. Second, the representations splitting the associations 

between descriptors and qualifiers (*MH, *SH, MH, SH) gives better consistency 



Table 3.2: Inter-indexer consistency for various MeSH-based repre- 
sentations 

than representations maintaining the associations (MH/*SH, MH/SH), respectively. 

It is intuitive, and highly desirable for retrieval purposes, that the annotators should 

agree more on the concepts describing the major themes of the article than they 

should on the concepts describing the minor themes. As for the associations, the 

results indicate that indexers agree more on the annotation of qualifiers than on 

which descriptors the qualifiers should be combined with. From a retrieval point 

of view, the agreement results suggest that "major theme" representations will be 

less noisy than their all-inclusive counterparts, and will consequently favor precision 

over recall. Moreover, the agreements results that representations maintaining the 

descriptor/qualifier associatioils may be too specific for retrieval and may damage 

recall. However, low annotation agreement levels may be compensated by the use 

of the MeSH hierarchy, in the event of two indexers using two distinct concepts that 

are nevertheless closely related. Lastly, to the best of our knowledge, Funk et al. 

(1983)'s study is the latest published on MEDLINE indexing consistency. A more 

recent study including articles published over the last twenty years would be welcome 

in order to confirm the results presented in this section. Whether the consistency 

over the indexing of the 760 articles published from 1974 to 1980 is representative 

of collections used in our experiments remains an open question. 

MeSH-based 
representation 
*MH 
MH 
*SH 
SH 
MH/*SH 
MH/SH 

Hooper's consistency 

61.1 
48.2 
54.9 
48.7 
43.1 
33.8 



Table 3.3: Content of descriptor "Epistaxis" record 

3.1.3 PubMed Search 

PubMed2 is the main search interface for MEDLINE. It is developed by the National 

Center for Biotechnology Information (NCBI). It provides free access to MEDLINE 

citations and abstracts, and links to external web sites providing full-text articles. 

A basic PubMed search involves the automatic mapping of a user's search terms 

into a Boolean query. The search is applied to several MEDLINE fields, including 

the author, title, abstract, and MeSH fields. During the process of automatic term 

mapping, a MeSH translation table is used to map the user's terms to MeSH con- 

cepts. The translation table looks for a direct match for the search term in the list 

of descriptors' and qualifiers' preferred terms. Then it looks at other fields, such 

as the ENTRY fields which contain synonyms of the preferred terms. For example, 

PubMed will map the term nosebleed from a user's query to the MeSH concept 

"Epistaxis", and retrieve documents containing that MeSH concept: the term nose- 

bleed is contained in an ENTRY field of the descriptor record with preferred name 

" Epistaxis" . Table 3.3 shows the content of the descriptor "Epistaxis" record. 

PubMed search uses the WIeSH hierarchy by exploding the MeSH concepts con- 

tained in the query. The search result will include all documents that contain nar- 

rower concepts than the original MeSH concepts. For example, consider a query 

2http://www.ncbi.nl~n.~~i1~1gov/entqgi?db=PubMed, last accessed: 19 January 2007 



Table 3.4: An example of basic PubMed Search 

Neoplastic Processes 

Neoplasms 
D3 P~m~tncerous Cundiritions 

Q and three documents Dl, D2, and D3. Table 3.4 shows the content of Q and a 

relevant MeSH field in each documents. Pubmed, with the exploding search option 

enabled, will retrieve Dl ,  as it contains a concept that is a child in the hierarchy 

of the query concept "Neoplastic Processes" (see Figure 2.3). However, D2 and D3 

will not be retrieved although they contain a parent concept, "Neoplasms", and a 

sibling concept, LLPrecancerous Conditions", respectively, of the query concept. 

Suggestions 

Extending the search of a concept in documents not only to  the search of all its 

descendants, as in PubMed, but to all related concepts in the hierarchy (parents, 

grandparents, siblings, cousins), is a method we want to evaluate. The difficult 

problem is determining how close the related concepts are to the concepts initially 

searched in documents. This problem is discussed in Chapter 2. 

3.2 MeSH Representations in Ad Hoc Retrieval 

In MEDLINE ad hoc retrieval, there are two main methods for combining MeSH- 

based and textual information (Srinivasan, 1996a). The first method consists of 

mixing the two contents to create one mixed index. This is known as pre-retrieval 

combination. The second method consists of building two representations for each 

document: a text-based representation and a MeSH-based representation. Two 

indices, one text-based and one MeSH-based, are queried separately, and merging 

techniques are used to combine the lists of documents obtained from each index. 

This is known as post-retrieval combination. Before presenting the two methods, 



we introduce the ad hoc task of the TREC 2004 and 2005 Genomics track3, as this 

task is widely used for the evaluation of related work. We also describe the metrics 

used in the evaluations. 

3.2.1 TREC 2004 and 2005 Genomics Track and the Ad Hoc 

Task 

The Text REtrieval Conference (TREC)4 guidelines and common evaluation pro- 

cedures allow research groups from all over the world to evaluate their progress 

in developing and enhancing information retrieval systems. TREC has included a 

Genomics track since 2003. 

The collection used for the TREC 2004 Genomics track ad hoc search task, Trec- 

Gen04, consists of a subset of the MEDLINE bibliographic database, and 50 topics 

with their associated relevance judgments (Hersh et al., 2004). In TREC terminol- 

ogy, a topic simply refers to a query. The subset contains ten years of completed 

citations from 1994 to 2003 inclusive, which amounts to a total of 4,591,008 doc- 

uments. All records have a title, 75.8% contain an abstract and 99% of records 

contain MeSH fields. Each topic includes an ID number, a title field (abbreviation 

of information need), an in format ion need field (full statement of the information 

need), and a context field (background information). Table 3.5 shows an example 

of a topic for the 2004 task. The number of relevant documents per topic is found 

in Table A.1. 

The collection used for the TREC 2005 Genomics track ad 11oc search task, 

TrecGen05, consists of the same subset of the MEDLINE as TrecGen04. However, 

it includes a new set of 50 topics with their associated relevance judgments (Hersh 

et al., 2005). 2005 topics are expressed in a particular format, or topic template, that 

differs froin the 2004 format shown in Figure 3.5. They consist of ten instances of 

five distinct generic topic templates (GTTs). An example of a GTT is find articles 

3http://ir.ohsu.edu/gei~omics/, last accessed: 19 January 2007 
4http://trec.nist.gov/, last accessed: 19 January 2007 



Table 3.5: Example of a 2004 topic 

Table 3.6: Description of the Generic Topic Templates 

ID 
TITLE 
INFORMATION 
NEED 
CONTEXT 

5 
Protocols for isolating cell nuclei 
Articles are relevant if thcy describe methods for 
subcellular fractionation of nuclei. 
Laboratory preparations can be enridled for certain kinds 
of proteins if the cellular compartment in which they 
reside is purified away from the rest of the cell contents. 

describing the role of a gene involved in a given disease. Instances of the above - 

template replace the two generic underlined terizls, gene and disease, by specific 

nanzes of genes and diseases. A description of the five GTTs is shown in Table 3.6. 

The number of relevant docunzents per topic is found in Table A.4. 

GTT# 
1 

2 
3 
4 

5 

3.2.2 Evaluation Metrics 

GTT description 
Find articles describing standard methocls or protocols for doing some 
sort of experiment or procedure. 
Find articles describing the role of a gene involvecl in a given disease. 
Find articles describing the role of a geile in a specific 1liologicaI process. 
Find articles describing interactions (e.g., promote, suppress, inhibit, etc.) 
between two or more genes in the function of an organ or in a disease. 
Find articles describing one or more mutations of a given - gene and its 
biological impact in a given organism. 

Precision and Recall 

We now present evaluation metrics based on the concepts of precision and recall. 

Before defining precision and recall, we first need to define the concepts of true 

positives (TP) , false positives (FP), true negatives (TN), and false negatives (FN) . 

Consider a retrieval system to which a particular query is submitted. TP is the set 

of relevant documents retrieved by the the retrieval system, whereas FN is the set of 

relevant documents not retrieved. FP is the set of non-relevant documents retrieved 



Table 3.7: TP, FN, FP, and TN document sets 

relevant 
TN 

by the IR system, whereas TN EB the sct of non-relevant documents llot retrieved. 

Zhl~le 3.7 illustrates the definitions of the 4 sets. 

Precision is defined ?cis the proportion of rctrievwl clocuments found to  be relevant,,; 

precision = 
TP 

TP + FP 

and recall is defined m the proportion of relewlnt documents t;hat were retrieved: 

I L 

recall = 
TP + FN 

When high precisian is a priorih thr, set of retrieved documents, TP+FP, c m  

l ~ e  lirnitecl in size. In that case, for exmplc, precision at 5 documents retrieved 

(PQ5) is reportecl, or 10, 15, 20, or more docuinents retrieved. 

Precision and recall can be averaged over n queries Qi: 

1 
average precjsion = - precision (&Ii) 

i 
(3.3) 

where precision and recall arc d e h c d  in Equations 3.1 and 3.2, r~~pect ivdy .  

Combining Precisian <and Recall 

Tf doc~lments are retrieved in ~t raskerl list, precision md recall can be combined 

tsy 111cnsuring precisian at different levels of rmall. 7% present t,Ilrce measures that 

use precision at different levels of recall: 11-point precision, average precision, and 



11-point precision averages precision values at  11 standard levels of recall: 0.0, 

0.1, 0.2, 0.3,.., 1.0. Consider a query for which five relevant documents are known 

(R = 5). A retrieval system retrieves ten documents for this query, as shown in 

Table 3.8. We notice that precision values are only directly available for five levels 

of recall (0.2, 0.4, 0.6, 0.8). Moreover, precision is higher at  60% recall than it is 

at 20% and 30% recall. This is corrected by interpolation. Interpolation consists of 

giving a precision value at  a recall level r that correspond to the maximum precision 

value for all recall levels superior or equal to r .  The idea behind interpolation is 

that precision can only decrease as the level of recall increases. Table 3.9 shows the 

precision values at the 11 points of recall after interpolation for the ranking given 

in Table 3.8. Note that the precision of a relevant document not retrieved is always 

zero. The 11-point precision is the average of the precision values at each point of 

recall: 
1 

11 

11-point precision = precision, 

In our example, 11-point precision = 0.41. For N queries Qj, the 11-point average 

precision is the average of the 11-point precision of each query: 

1 
N 

11-point average precision = - 11-point average precision (Qj) 
j=1 

The average precision is the average of the precision values obtained each time 

a relevant document Di is retrieved. Relevant documents that are not retrieved are 

given zero precision values. 

1 
R 

average precision = - precision (Di) 
R .  e = l  

In the example of Table 3.8, average precision = 0.33. For N queries Q j ,  the mean 



Table 3.9: Precision at 11 standard recall poillt,s after interpolation 

0.41 11-point precision 



average precision (MAP) is the mean of the average precision of each query: 

1 N 
MAP = , average precision ( Q j )  

The R-precision is the precision after R documents have been retrieved, R being 

the number of known relevant documents for the query. In the example of Table 3.8, 

R = 5 and the precision after 5 documents have been retrieved is 0.4. 

3.2.3 Comparing Averages with Randomization Testing 

When retrieval strategies are evaluated over several queries, means, such as MAP, 

11-point average precision, average precision at N documents retrieved, are used 

to compare different strategies. The idea is to use a metric that approximates the 

performance of the strategies for the population of all possible queries. 

The difference between two means may be due to chance with a certain probabil- 

ity. We need to estimate the probability of getting a certain difference between two 

means given that the null hypothesis (no actual difference between the two means) 

is be true. If the estimated probability falls below a chosen level of confidence, then 

the null hypothesis can be rejected and the two means are said to be different with 

statistical significance. 

In this dissertation, we use randomization tests in order to estimate the proba- 

bility that the difference between two means is due to chance. Randomization tests 

generate a distribution of differences between two means given that the null hypoth- 

esis is true. The number differences found equal or more extreme than the observed 

difference divided by the total number of differences generated gives the probability 

of obtained such a difference by chance. 

In particular, we use an implementation of randomization testing developed by 

the National Institute of Standard and Technology (NIST5) for the TRECVID 2006 



Workshop" 

3.2.4 Pre-retrieval Text and MeSH Combination 

Methods 

The information contained in the text and MeSH fields of MEDLINE records is 

combined before retrieval. A mixed index is created and the original free-text query 

is used to search the index. 

During the creation of the mixed index, text fields and MeSH fields are processed 

indiscriminately (Srinivasan, 1996a; Abdou et al., 2005). This means that the struc- 

ture of the MeSH field described in Section 3.1 is ignored. The association between 

descriptors and qualifiers is broken, the distinction between niajor themes and minor 

themes is lost, and MeSH concepts represented by phrases are separated into words, 

as illustrated in Table 3.10. The MeSH words obtained may undergo further process- 

ing, such ns stopword removal and stemming. Stopword removal aims at filtering 

out words that do not carry any significant information for document retrieval (Fox, 

1992). They are usually identified by their high frequency in a particular collection 

of documents. Stemming aims at increasing search performance by producing a 

unique stem from all the lexical variants found in queries and documents (Rakes, 

1992). In effect, stemming can be seen as method to improve recall (Kraaij and 

Pohlmann, 1996). For example, computer, computers, computing, and computation 

can all be reduced to the lexical form comput. After stemming, a query term such 

as computer will retrieve a document containing the term computing. A widely used 

stemming algorithm is the Porter algorithm (Porter, 1980). With the Porter algo- 

rithm, MeSH words such as Centrioles and ultrastructure are turned into centriol 

and ultrastructur, respectively. 

A weighting scheme can be used at indexing time to reflect the relative impor- 

tance of the textual and MeSH fields against each other. For example, Aronson 



et al. (2005) use a modified version of the SMART retrieval system (Salton, 1971) 

to represent text and MeSH words with different weights, 7 and 2, respectively. 

Some information from the structure of MeSH fields can be integrated in the 

weighting process. Shin and Han (2004) uses the distinction between terms con- 

tained in MeSH major themes from terms contained in minor themes with the fol- 

lowing weighting scheme: 

( &) if term i is in a major theme of Dj wlj = wij + p +  

w!. = w..+ p -  
2.7 ( A) if term i is in a minor theme of D j  

where wij is the initial weight assigned to term i from a MeSH field of document 

Dj,  and p is a parameter adjusting the sensitivity of the weighting scheme to the 

distinction between major and minor themes. 

Evaluations 

Srinivasan (1996a) describes experiments mixing text and MeSH fields before re- 

trieval to represent documents. The MeSH field structure is discarded, MeSH 

phrases are broken into words (Table 3.10), and MeSH words are processed simi- 

larly to text, using stopword removal and stemming. The representation is evaluated 

with a collection of 2,344 MEDLINE records and 75 queries. The queries correspond 

to information needs expressed in short free-text statements. An increase of 7.3% 

(0.5169 to 0.5548) of ll-point average precision over the text-only strategy is re- 

ported. The same method is then tested on the larger OHSUMED collection (Hersh 

et al., 1994a). The OHSUMED collection includes 348,556 MEDLINE records, and 

101 queries with their associated relevance judgements. The queries are informa- 

tion needs expressed with free-text. Using OHSUMED, similar i~nprovements are 

reported: the ll-point average precision is increased by 6.3% (0.2316 to 0.2461) with 

the combination method over the method text-only baseline. 

Abdou et al. (2005) assesses several vector-space and probabilistic models on 

the TrecGen05 collection (see Section 3.2.1). The MeSH fields' content is added 



to the document representation at indexing time. The 50 queries are expressed in 

free-text using the 5 different templates shown in Table 3.6. Adding MeSH field 

content is reported to increase the MAP by about 9% on average, over the nine 

best-performing IR models. 

Shin and Han (2004) evaluated the mixed representation with the Cystic Fi- 

brosis (CF) collection. The CF collection contains 1,239 MEDLINE records with 

100 queries expressed in free-text. An improvement of 12.5% (0.279 to 0.314) in 

R-precision is recorded when MeSH terms are added to the document representa- 

tion. Adjusting the MeSH terms' weights according to the major and minor theme 

distinction leads to a further 1.6% improvement in R-precision. The authors did not 

indicate the level of statistical significance of this improvement. 

Suggest ions 

The pre-retrieval text and MeSH combination yields performance improvements on 

various documents collection. Therefore, the evaluations demonstrate the usefulness 

of the MeSH ontology for document retrieval. Moreover, the distinction between ma- 

jor themes and minor themes made by Shin and Han (2004) brings modest perfor- 

mance improvements but suggests that more interest may be drawn to the structure 

of the MeSH fields. 

3.2.5 Post-retrieval Text and MeSH Combination 

Method Overview 

In the second method, MEDLINE text and MeSH fields are used to create two 

separate documelit represeiitations, and hence two distinct indices. The text index is 

searched with free-text queries and the MeSH index is searched with MeSH queries. 

The results of the two searches are then combined to give a final answer to the 

original information need in the forin of a ranked list of documents. An overview of 

the method is illustrated in Figure 3.2. 



I 

Merging 

Text and MeSH 
Merged Ranking 

Figure 3.2: Post-retrieval text and MeSH combination overview 

MeSH Query Generation 

The MeSH queries can be generated either directly from the text queries by an inter- 

field thesaurus (Srinivasan, 199613; Aronson and Rindflesch, 1997; Aronson, 2001; 

Aronson et al., 2004), or indirectly by pseudo-relevance feedback on the output of 

the text queries. (Srinivasan, 1996c,a; Shin et al., 2004; Kraaij et al., 2004). 

Inter-field Thesauri. Inter-field thesauri can assist the generation of MeSH queries 

by mapping textual terms (found in the free-text fields) to MeSH concepts (found 

in the MeSH fields). The idea is to  establish semantic similarity between free-text 

terms and concepts from a controlled vocabulary. 

The mapping can be rule-based or knowledge-based, and can use NLP (Natural 



Table 3.10: Example of MeSH field processing in Srinivasan (1996b), 
before stopword removal and stemming 

Antibody 

Language Processing) techniques (Aronson and Rindflesch, 1997; Aronson, 2001; 

Aronson et al., 2004). It  can also be based on statistical information extracted from 

a corpus about associations between textual terms and MeSH terms. For example, 

Srinivasan (1996b)'s inter-field thesaurus is based on the co-occurrence of text terms 

tj and MeSH concepts ck in MEDLINE records. Note that MeSH concepts refer here 

to the non-trivial words found i11 the MeSH fields. Table 3.10 shows how MeSH fields 

MH - Respiratory Mucosa/cytology 

are processed during indexing before any stopword removal or stemming is done. 

Each document is represented with two vectors, a text vector and a MeSH vector. 

Sprague-Dawley 
Respiratory 
Mucosa 

The text terms and MeSH concepts appearing in a document are given weights that 

are derived from their frequencies in the document (number of times they appear in 

the document), and from their frequencies in the collection (number of documents 

they appear in). The net association strength between a term t j  and a concept ck is 

given by: 
M 

net association (tj, ex) = C UJ (tj, Di) x w (Q, Di) 
i=l 

where: 

M is the number of documents Di containing both tj and ck, and 

w (tj, Di) and w (%, Di), the weights of t j  and ck, respectively, in document 

Di, are calculated with the atn and ntn document indexing strategies of the 

SMART system (Salton, 1971). 



Table 3.11: atn and ntn  document indexing strategies from the 
SMART retrieval system 

Term Frequency 

Inverse Document Frequency 

Document Length Normalization none 

Table 3.11 gives a brief description of the atn and ntn  document indexing strate- 

gies, where N is the number of documents in the collection, and n the number of 

documents containing term of interest. To generate a MeSH query from an initial 

text query Qt, the concepts ck in the thesaurus associated with at  least one term in 

Qt are ranked according to their association score with the query: 

7- 

association (Qt , ck) = net association (tj  , ex) 
j=1 

where r is the number of terms in Qt. Concepts are finally selected from the top of 

the ranked list to form the MeSH query. 

Pseudo-relevance Feedback. MeSH queries can be generated by pseudo-relevan- 

ce feedback (PRF) on an initial text-based search. Relevance feedback is a well 

known method that consists of using the result of an initial search about which a 

user gives relevance feedback on retrieved documents. The relevance information is 

then used to modify the term weights of the initial query (relevance weighting), or to 

add new terms (query expansion) to the query (Rocchio, 1971; Ide, 1971; Robertson 

and Sparck Jones, 1996). PRF is relevance feedback in the absence of relevance 

information from the user. Document relevance is assumed from the position in the 

initial ranking. 



In the post-retrieval combination method, the terms extracted from the MeSH 

fields are not added to the original text query, but are used to  create a second query 

to search the MeSH index, as illustrated in Figure 5.1. 

Srinivasan (1996b) uses a PRF method derived from Ide (1971) to  generate MeSH 

queries. Ide (1971) uses relevance information to modify the weights of the terms tj  

contained in the old query Qold and create a new query Q,,,: 

where w (tj, Qnew) and w (tj, Q,,,) are the weights of t j  in Q,,, and Qold, respec- 

tively, R is the number of relevant documents retrieved, and DNRl is the non-relevant 

document retrieved at the highest rank. al determines the importance of the old 

query weights, whereas P and y determine the importance of the weights derived 

from relevant and non-relevant documents. For MeSH query generation, there is no 

old query so the first term of Equation 3.6 can be dropped. Additionally, Srinivasan 

(1996b) assu~nes that all documents obtained from the initial text search are rele- 

vant, so the last term of Equation 3.6 is also dropped. Therefore, the weights of the 

concepts q in the new MeSH query QMeSH are calculated with: 

where R is the number of documents assumed relevant. 

Fusion 

The combination of the results of a text search and a MeSH search is a special case 

of the fusioii of various runs obtained from different representations of documents. 

Fusion has been used with success whilst dealing with several runs (Shaw and Fox, 

1993; Belkin et al., 1995). A simple method is to sum the normalised scores obtained 



by the documents Di retrieved in each ranking: 

Note that if a document does not appear in one ranking, its score for that ranking is 

simply equal to zero. Moreover, weights can be given to text and MeSH document 

scores to  reflect the performance of the ranking: 

where a and ,b' are used to balance the two document scores against each other. 

Evaluations 

Srinivasan (1996b) evaluates several strategies to combine text and MeSH searches. 

The experiments are based on Cornell's SMART retrieval system and a collection of 

2,334 MEDLINE citations with 75 queries. Three strategies are evaluated: MeSH 

query creation with an inter-field statistical thesaurus, MeSH query creation via 

PRF, and MeSH query creation combining the first two approaches. Equation 3.8 is 

used for text and MeSH score combination. Table 3.12 presents the results for the 

three strategies. The combined approach gives the best improvement with 17% over 

the baseline performance of 0.5169 11-point average precision over the 75 queries. 

The baseline corresponds to the exclusive use of text queries. However, PRF alone 

gives almost the same improvement with 16.4%. 

Srinivasan (1996a) evaluates the post-retrieval text and MeSH combination me- 

thod with MeSH query creation via PRF on the OHSUMED collection. Equation 3.8 

is used again for text and MeSH score combination. Table 3.13 shows the results 

and the parameter settings. An improvement of 8.2% is reported over the 11-point 

average precision of the baseline (text-only) , 0.2415. 

Kraaij et al. (2004) evaluates the post-retrieval text and MeSH combination 

method on the TrecGen04 collection (see Section 3.2.1). Both text and MeSH 



Table 3.12: Results for Srinivasan (1996b) (R=number of documents 
assumed relevant, T=size of MeSH query) 

Table3.13: Results for Srinivasan (1996a) on OHSUMED 
(R=number of documents assumed relevant, T=size of 
MeSH query) 

MeSH query 
generation 
statistical 
thesaurus 
PRF 

stat. thes. 
+ PRF 

searches are done with a retrieval engine based on generative language models (Kraaij, 

2004) and uses cross-entropy between queries and documents to score relevance: 

T 

15 

20 

35 

MeSH query fusion R 
generation parameters 
PRF a = 2  5 

p = 1 

where P (wJQ) is the conditional probability of term w given query Q, P (WID) is 

the conditional probability of term w given document D ,  P (wJC)  is the relative 

frequency of term w in document collection C,  and X is an interpolation parame- 

ter. Text-based document representations are extracted from title and abstract 

fields. For MeSH document representation, MeSH fields are processed by breaking 

up the associations between descriptors and qualifiers, and dropping the distinction 

between major and minor themes. Concepts expressed as a group of words (see 

Section 2.1.2) are preserved by replacing blanks by underscores. However, concepts 

combined with a comma are split. For example, in Figure 3.1, the descriptor "Rats, 

fusion 
parameters 
a = 1.3 
p = 1 
a = 0.66 
p = 1  
a = 0.66 
p = 1  

ll-point average 
precision 
0.5681 

0.6018 

0.6051 

R 

na 

10 

10 

T 

20 

increase over 
baseline (text-only) 
+9.9% 

+16.4% 

+17.1% 

ll-point average 
precision ---- 
0.2614 

increase over 
baseline (text-only) 
+8.2% 



Table 3.14: Results for Kraaij et al. (2004) 

Sprague-Dawley" is split into two tokens, "Rats" and "Sprague-Dawley", whereas 

"Fluorescent Antibody Technique" is turned into "Fluorescent-Antibody-Technique" . 

MeSH queries are generated by PRF by concatenating the terms found in the MeSH 

fields of the top three documents of the text search output. Equation 3.8 is used for 

text and MeSH score combination. Table 3.14 shows the results and the parameter 

settings. 

Suggestions 

The evaluations show that pseudo-relevance feedback is a simple and efficient so- 

lution to the generation of MeSH queries. Moreover, the post-retrieval text and 

MeSH combination compares well with the pre-retrieval combination in terms of 

improvements over text-only representation methods. The post-retrieval method is 

interesting as it allows us to isolate MeSH-only representations and evaluate different 

strategies to generate such representations. In particular, whether the information 

within the structure of MeSH fields is useful or not for retrieval remains an open 

question. More precisely, the impact of concept associations (descriptors with qual- 

ifiers), and concept discriminations (major versus minor themes) in the MeSH fields 

is an interesting problem to address. 

documents 

MAP 

0.3247 

T 

alltermsin 

MeSH query 
generation 
PRF 

increase over 
baseline 
+1.6% 

fusion 
parameters 
a = 0.8 

R 

3 



3.3 MeSH Representation in Document 

Classification 

A discussion on automated text classification and machine learning techniques used 

for text categorization is beyond the scope of this dissertation and can be found else- 

where (Sebastiani, 2002). Regardless of the categorization techniques used, we focus 

here on the use of MeSH in document representation approaches and their evalu- 

ation in the classification of MEDLINE documents. As the MeSH representations 

presented in this section are evaluated with the same classification task organized by 

the Genomics track of TREC 2004 and 2005, we first give some background about 

that task. We then describe the three main methods used in this task to integrate 

MeSH in document representation: 

1. mixing text and MeSH for document representation, 

2. disambiguating text with MeSH, and 

3. representing documents only with MeSH. 

3.3.1 TREC 2004 and 2005 Genomics Track GO Triage task 

One of the tasks of the TREC 2004 and 2005 Genomics track was a biomedical 

document triage task for gene annotation with the Gene Ontology (GO) (Gene On- 

tology Consortium, 2004). GO is used by several model organism database curators 

in order to standardize the description of genes and gene products. The triage task 

simulated one of the activities of the curators of the Mouse Genome Informatics 

(MGI) group (Eppig et al., 2005). MGI curators mailually select biomedical doc- 

uments that are likely to give experimental evidence for the annotation of a gene 

with one or more GO terms. 

For both the 2004 and 2005 GO triage tasks, the same subset of three jour- 

nals from 2002 and 2003 was used. The subset contained documents that had been 



selected or not for providing evidence supporting GO annotation. The 5837 doc- 

uments from 2002 were chosen as training documents, and the 6043 from 2003 as 

test documents. In 2004, the training and test sets contained 375 and 420 positive 

examples (documents labeled relevant), respectively. In 2005, the number of pos- 

itive examples for the training and test documents was updated to 462 and 518, 

respectively. 

The triage task was evaluated with 4 metrics: precision, recall (see Section 3.2.2), 

F-score, and a normalized utility measure. The F-score measure combines precision 

and recall, and is defined by the following formula: 

2 x precision x recall 
F-Score = 

precison + recall 

The normalized utility measure is defined by: 

with U,,, being the best possible score. U,,, was calculated with the following 

formula: 

UTaw = (uT x TP)  + (unT x FP) (3.11) 

where u, is the relative utility of a relevant document and u,, the relative util- 

ity of a non-relevant document. With u,, set at  -1 and u, assumed positive, u, 

was determined by preferred values for UnoT, in four boundary cases: completely 

perfect prediction, all documents judged positive (triage everything), all documents 

judged negative (triage nothing), and completely imperfect prediction. With differ- 

ent numbers of positive examples for classification between 2004 and 2005, u, = 20 

and u, = 11 were chosen in 2004 and 2005, respectively. Note that the goal of 

the task was to maxiniize the normalized utility and the results of the participants 

reflect this choice. In this dissertation, we also focus on the normalized utility. Ad- 

ditionally, we provide precision, recall, and F-Score values for information purposes. 



Table 3.15: Text and MeSH mixing approaches in 2004 GO task 

For a detailed description of the task, the reader is directed to Hersh et al. (2004, 

2005). 

3.3.2 Mixing Text and MeSH for Document Representation 

Participant 
Dstymjk et all. (2004) 
Fujita (2004) 
Darwish and Madkour (2004) 

While selecting features for MEDLINE document classification, most approaches 

extract terms from the MeSH fields along with textual fields such as the title and 

the abstract of the record. 

Fujita (2004) uses a classifier of soft margin linear support vector machines 

(SVM) and represents documents with text fields mixed with MeSH terms and 

gene expressions identified by a gene name tagger. Adding the MeSH terms in the 

feature set is reported to benefit the triage results. 

Cohen et al. (2005) represents documents with text, MeSH terms, and mouse 

genes identified in the abstracts. Mouse genes are identified with a named entity 

recognition and normalization (NER+N) system. The NERfR system is dictionary- 

based and uses gene name information from several genomic databases including 

MGI (Cohen, 2005). 

The MeSH terms are also mixed with the text during feature selection by Aronson 

et al. (2005), Cohen et al. (2004), Dayanik et al. (2004), Darwish and Madkour 

(2004), and Si and Kanungo (2005). Tables 3.15 and 3.16 show the results of this 

approach for the 2004 and 2005 GO task, respectively. Dayanik et al. (2004)'s 

normalized utility corresponds to the best result of the 2004 GO triage task. 

F-score 
0.2681 
0.2496 
0.2496 ---- 
0.2719 

Precision 
0.1579 
0.1490 
0.1510 

Normalized Utility 
0.6512 
0.5494 
0.5169 
0.4983 

Recall 
0.8881 
0.7690 
0.719 

Cohen et al. (2004) 0.1714 0.6571 



Table 3.16: Text and MeSH mixing approaches in 2005 GO task 

Table 3.17: Results for approaches using MeSH to disambiguate text 
(2005 task only) 

Participant 
Si and Kanungo (2005) 
Cohen et al. (2005) 
Aronson et d. (2005) 

3.3.3 Text Disambiguation with MeSH 

Precision 
0.1947 
0.2308 
0.3223 

Other approaches use ontologies (including MeSH) in order to disambiguate and 

identify biological concepts in text and MeSH fields. Niu et al. (2005) uses MeSH to 

I 

standardise concepts appearing in full text: synonyms are removed and terms are 

0.5870 
0.5793 
0.4889 

mapped to their standard MeSH concept. Also, in Subranlaniam et al. (2005), the 

MeSH ontology and other mouse-specific ontologies from MGI are used to identify 

the set of features for classifying MEDLINE records. This concept look-up is done 

with the BioAnnotator tool (Subramaniam et al., 2003). BioAnnotator finds biolog- 

Norinalized Utility 
0.5577 
0.5449 
0.4575 

Recall 
0.8938 
0.7819 
0.5656 

Participant 
Niu et al. (2005) 
Subramaniam et al. (2005) 
Scllijvenaars et al. (2005) 

ical terms in free-text and maps them to their corresponding concepts in the chosen 

ontology. Similarly, Schijvenaars et al. (2005) use the Collexis indexing system7 in 

F-score 
0.3198 
0.3564 
0.4107 

- 

0.8861 
0.9015 

' 0.7259 

p 
0.2122 
0.2028 
0.2178 

order to map the document free-text terms to concepts from the MeSH vocabu- 

0.3424 
0.3311 
0.3351 

lary and other thesauri such as the Gene Ontology and gene name lists extracted 

from genomic databases. Table 3.17 gives the results of the text disambiguation ap- 

proach. Note that Niu et al. (2005) and Subramaniain et al. (2005) are the highest 

and second highest scoring participants for the 2005 GO task, respectively. 

71~ttp://www.collexis.coin, last accessed: 19 January 2007 



Table 3.18: Results for approaches using MeSH-based document rep- 
resentation (2004 and 2005 task) 

3.3.4 MeSH-based Document Representation 

A final method consists of selecting document features from the MeSH fields only. 

Selti et al. (2004) and Lee et al. (2005) describe experiments with MeSH-only doc- 

Participant Precision 
Seki et al. (2004) 0.1118 
Lee et al. (2005) 0.1873 

ument representations. 

Seki et al. (2004) describes a process that trains a nai've Bayes classifier using the 

F-score 
0.1935 ---- 
0.3089 

Recall 
0.7214 
0.8803 

MeSH features to represent documents. Additionally, a gene filter is also applied 

based on gene names found in the text with the YAG18 (Yet Another Gene Identifier) 

software (Settles, 2004). The results shown in Table 3.18 include the gene filter. Seki 

et al. (2004) does not specify how the MeSH fields are processed, i.e. whether groups 

Normalized Utility 
0.4348 
0.5332 

of words corresponding to descriptors are split, for example (see Section 3.1). 

Lee et al. (2005) used MeSH for document representation and compared this ap- 

proach to other representations such as abstract-based and caption-based representa- 

tions. The semantic network of the UMLSg (Unified Medical Language System) was 

also used to map terms from MeSH, free-text, captions to UMLS Semantic Types, 

which are broad medical concepts. An SVM classifier was used and cross-validation 

results on the task training documents showed the MeSH representation to give the 

best performance with 0.4968 in normalized utility. The second best representation 

was obtained by using the UMLS semantic types of the MeSH terms (0.4403). The 

results in Table 3.18 correspond to a combination of three representation: MeSH, 

captions, and UMLS seinantic types associated with MeSH. 

sl~ttp://www.cs.wisc.edu/~bsettles/yagi, last accessed: 21 Ja,nuary 2007 
ghttp://umlsinfo.nlin.nih.gov/, last accessed: 19 January 2007 



3.3.5 Suggestions 

All document representation methods for the GO triage task integrated the MeSH 

fields. The highest-scoring methods for 2005 (Niu et al., 2005; Subramaniam et al., 

2003) used MeSH to disambiguate terms contained in the text fields. Representa- 

tions solely based on MeSH (Seki et al., 2004) gave lower performance. However, the 

information contained in the structure of the MeSH fields has not been fully exam- 

ined and its use could lead to improvement of the MeSH representations. Moreover, 

the inter-concept relationships contained in the MeSH hierarchy can be used to ex- 

tend the representation. Whether such an extension could improve the classification 

performance further remains an open question. 

3.4 MeSH Representation and Document 

Clustering 

MeSH-based representations have also been used for the clustering of MEDLINE 

records. An introduction to text clustering is beyond the scope of this dissertation 

and can be found elsewhere (Jain and Dubes, 1988; Jain and Murty, 1999). 

Oiitrup et al. (2003) evaluates MeSH-based document representations with a 

method for the automatic indexing of MEDLINE documents with MeSH concepts. 

The hierarchy is used to represent documents as MeSH sub-trees by expanding the 

descriptors contained in documents' MeSH fields up to the root of the hierarchy. 

Because the same descriptors may be at different locations in the hierarchy, several 

sub-tree representations are possible. Ontrup et al. (2003) always chooses the denser 

representation, i.e. the sub-trees with the lowest number of edges. Figure 3.3 shows 

an example of two subtrees built for two documents Dl and D2 containing concepts 

"Anaplasia" and "Precancerous Conditions", respectively. The distance dm (a, P) 

between the sub-tree representations of documents a and ,# is calculated with the 



MeSH 

NeolplaqLic Proces6cs ~rec~kncerouk Cond ilions 
I 

Figure 3.3: Subtree examples for doctunents containing "Anaplasza" 
and "Pmanccrous Conditions", respectively 

following equation: 

wl~cre Bn and me the sets of branchrs contained in the sub-tree representations of 

clocurnents a mcl@, respectivcly. Ba A Bo = (BaUBa)/(BeCl is the s y m e t r i c  

difference betweea the two suhlree repsmentations of cloc~lmeut. a aacl P.  For 

example, we c m  calculate d,, ( D l ,  D2) from Figure 3.3: 

The MeSH-h~cd repres~ntation is comparccl to a text-based represtsentation in the 

context of at~tomntically assigning MeSH tern~s to rlcw clociirnents. The text repre- 



sentations are built from the title and abstract fields of MEDLINE records. After 

stemming and stopword removal, the terms are assigned a TF*IDF weight. The 

distance d (a ,  p) between the text-based representations of documents a and P is 

derived from the Cosine similarity: 

d (a ,  p) = 1 - cos(va, vP) (3.13) 

where va and vP are the feature vectors of document a and p, respectively. Ontrup 

et al. (2003)'s automatic indexing method can be described in the following way. The 

7,175 labeled training documents are represented separately with text and MeSH. 

The 5,496 unlabeled test documents are only represented with text. A total of 

m labeled documents (m = 2) are selected as nearest neighbors to an unlabeled 

document in terms of the text-based distance d (a ,  0) (Equation 3.13). Then the 

kB nearest (kB = 4) neighbors of the m documents are selected in terms of MeSH- 

based distance dm (a, P )  (Equation 3.12). The MeSH terms contained in the labeled 

documents (for a maximum of 10 documents) are extracted to label the unlabeled 

document. The results show that the text-based representation alone yields better 

results than the combined text and MeSH approach in terms of average precision 

and recall of MeSH terms. 

Struble and Dharmanolla (2004) examines MeSH-based representations for the 

discovery of topics within the biomedical literature. The representations are built 

by extracting MeSH terms from the MEDLINE MeSH fields, and the documents 

are expressed a s  feature vectors. Three MeSH vectors are built for each document: 

one with descriptors alone, one with qualifiers alone, and one with descriptors and 

qualifiers. The vectors are then expanded with the MeSH hierarchy in the following 

way: 

1. if the term was found in the MeSH fields (originally assigned), its weight is 2, 

2. if a term is an ancestor of a term found in the MeSH fields (located on the 

path from the originally assigned term to the root of the hierarchy), its weight 
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Table 3.19: Expanded representations of Dl and D2 
- - - -  

is 1, and 

3. in all other cases, its weight is 0. 

Expanded 
Representations 

For example, Table 3.19 shows the expanded representations of two documents Dl 

and D2 containing concepts "Anaplasia" and "Precancerous Conditions", respec- 

D2 

tively. The three MeSH-based representations are compared with a representation 

concepts 
Precancerous Conditions 

Neoplasms 
Diseases 
MeSH 

Dl 

derived from the full-text of the articles. 

Struble and Dharmanolla (2004)'s different representations are evaluated with 

the clustering of documents contained in two datasets: the Rat Genome Database 

(2713 documents), and the Tourette's Syndrome PubMed query result set (2241 

documents). The goal of the clustering is to identify themes or topics in the bio- 

medical literature. Struble and Dharmanolla (2004) uses AGNES, an agglomerative 

hierarchical clustering algorithm, with average linking. Average linking is a method 

weights 
2 
1 
1 
1 

- 

concepts 
Anaplasia 

Neoplastic Processes 
Neoplasms 
Diseases 
MeSH 

that calculates the distance between two clusters with the average of the distances 

between the documents contained in the clusters. Principal components analysis 

(PCA) is used for dimension reduction. Inter-document similarities are calculated 

1 weights 
2 
1 
1 
1 
1 

with the Cosine measure. The clustering quality is evaluated with an agglomerative 

coefficient a: 

where m d  is the height at  which document d is first merged, &I is the height of the 

final merge, and D is the document collection. Intuitively, a larger a suggests better 

clustering quality when comparing datasets of a similar size. All three MeSH repre- 



sentation approaches yield better clustering quality than the full-text representation 

approach for the two datasets. 

3.4.1 Suggestions 

Evaluations 

Ontrup et al. (2003) and Struble and Dharmanolla (2004) both used the MeSH hier- 

archy to extend the MeSH representations of documents. The MeSH representations 

worked well for the recognition of themes in the literature. However, they did not 

perform as well as text representations for the automatic indexing of document with 

MeSH concepts. This suggests that the performance of MeSH representations and 

their extension with the hierarchy may depend on the task they are evaluated with. 

Extension Methods 

In the extension methods used by Ontrup et al. (2003) and Struble and Dharmanolla 

(2004), we noticed that the concepts added to the initial representation were given 

the same importance in the representations. For example, in Formula 3.12, all the 

edges of the subtree have the same importance. Similarly, with Struble and Dhar- 

manolla (2004)'s method, the added MeSH concepts are given the same weight, 

independently from their semantic similarity to the initial MeSH representation. 

However, intuitively, the importance of a concept added to a representation should 

depend on its semantic similarity to the initial representation. As "Anaplasia" is 

a disease, the representation of a document Dl containing "Anaplasia" could be 

extended with the concept "Diseases". Nonetheless, since Dl is not about just any 

diseases but a particular disease, the concept "Diseases" should have a lower weight 

than "Anaplasia" in the extended representation. Furthermore, the hierarchy can 

be used to measure the semantic distance between added concepts and the initial 

representation. In Figure 2.3, we can see that "Neoplastic Processes" is closer to 

"Anaplasial' than "Diseases" is. If "Neoplastic Processes" is added to  the represen- 



tation of Dl ,  its weight should reflect this difference. Finally, Ontrup et al. (2003) 

and Struble and Dharmanolla (2004) considered the ancestor concepts only during 

representation extension. What about the sibling concepts of "Anaplasia" ("Neo- 

plasm Invasiveness") in Figure 2.3, the uncle concepts ('LPrecancerous Conditions"), 

the nephew concepts (LLLeulcemic Infiltration1'), and all other related concepts in the 

hierarchy? This suggests examining the impact of adding all related concepts to the 

representations. 

3.5 Summary 

Most uses of the MeSH ontology for document representation make little use of 

the information contained in the MeSH field structure and the MeSH hierarchy 

relationships. Shin and Han (2004)'s approach distinguished major themes from 

minor themes in document representations. Following on that inspiration, more 

MeSH field information such as the associations between descriptors and qualifiers 

could be evaluated. Hierarchy relationships were used by Ontrup et al. (2003) and 

Struble and Dharmanolla (2004) to extend the representation of documents. Also, a 

basic PubMed search extends the search of a concept to all its descendent concepts 

in the hierarchy. These extension methods lead to interesting questions regarding 

the use of the hierarchy. First, should we add only ancestor concepts, descendant 

concepts, or concepts located anywhere in the hierarchy? Second, how can we 

determine the importance of the concepts added to the representation in relation 

to the concepts already in the representation? With the methods used by Ontrup 

et al. (2003), Struble and Dharmanolla (2004), and PubMed, all added concepts, 

ancestors or descendants, are assumed to be equally important. The opposite could 

be argued. Intuitively, the importance of added concepts depends on the semantic 

similarity between them and the initial concepts. The semantic similarity can be 

derived from the distances between concepts in the hierarchy. 

In the next chapter, we formulate hypotheses regarding the use of information 



contained in the structure of MeSH fields, in the MeSH hierarchy, and in a particular 

corpus (TrecGen04). 



Chapter 4 

Hypotheses and Methods 

The central hypothesis of this dissertation is that the integration of information 

contained in MEDLINE MeSH fields, the MeSH hierarchy, and a large corpus (such 

as TrecGen04) in MeSH-based representations can improve MEDLINE retrieval. 

In this chapter we develop this central hypothesis in further detail: we formulate 

several hypotheses, and describe the methods used to evaluate them. In particular, 

we distinguish two sets of hypotheses: 

1. the first is based on the introduction of information from the MeSH fields and 

the TrecGen04 collection to improve MeSH-based document representations 

without the MeSH hierarchy (referred to below as non-hierarchical hypothe- 

ses), and 

2. the second is based on the introduction of information from the MeSH hierar- 

chy to improve MeSH-based document representations and the comparison of 

representations (referred to below as hierarchical hypotheses). 

4.1 Non-hierarchical Hypotheses 

It  was previously shown in Section 3.1 that the ontological content of MEDLINE 

records is found in the MeSH fields. MeSH fields (see Figure 3.1) contain a combina- 

tion of one descriptor with zero or more qualifiers. A star is also used to distinguish 



Table 4.1: Integration of the information contained in the structure 
of MeSH fields 

MeSH fields containing the major themes of the document from those containing 

minor themes. Our intuition is that integrating information about the MeSH field 

structure will increase the precision of MEDLINE retrieval. Consider a query Q 

and three documents Dl ,  D2, and D3, the content of which is shown in Table 4.1. 

If we take away the distinction between major and minor themes, documents Dl 

appears as relevant to Q as D3. Both documents contain the association "Centri- 

oles/ultrastructure". However, if we integrate the distinction between major and 

minor themes, D3 appears to be more relevant to Q than Dl.  The MeSH field 

structure shows that "Centrioles/ultrastructure" is a major theme in D3, but only 

a minor theme in Dl.  Consequently, the precision of retrieval is increased. Next, we 

take away the association between descriptors and qualifiers. Document D2 now ap- 

pears as relevant to Q as D3 as they both contain "Centrioles" and "ultrastructure" 

as major themes. Once again, if we integrate the association between descriptors 

and qualifiers, D3 appears to be more relevant to Q than Dl.  The MeSH field struc- 

ture shows that "Centrioles" is not associated with "ultrastructure" in Dz. This 

information helps us to increase the precision of retrieval. 

Corpus information introduced in MeSH representations can also benefit the 

precision of MEDLINE retrieval. Corpus-based term weighting has already proven 

beneficial for the free-text document representation (Sparck Jones, 1972; Salton 

and Buckley, 1987). The motivating idea is that the presence of a term inside a 

document denotes an association between the two which strength and relevance 



varies according to the term and the document. A term may be important in one 

document and less so in another. Also, one term may be more important than 

another to distinguish between one document from another. 

A well known term weighting method is the TF*IDF method that was devel- 

oped with the vector space model (Salton et al., 1975) for document representation. 

TF*IDF uses the term frequency (TF, number of times the term appear in the 

document) of the term in the document and the collection frequency (CF, number 

of documents the term appears in) of the term. T F  is positively correlated to the 

importance of the term in the document: the more the term appears inside the doc- 

ument, the more important it is expected to be for the document. However, CF is 

negatively correlated to the importance of the term in the document: the more the 

term appears in the collection, the less important it is expected to be for the doc- 

ument. This negative correlation for a term t is expressed in the inverse document 

frequency (IDF) measure: 

where N is the number of documents in the collection and CFt is the collection 

frequency of concept t .  The TF*IDF weight for term t is then obtained by combining 

T F  and IDF with a multiplication: 

Note that TF*IDF is query-independent: it does not integrate relevance information 

for a particular query. 

Intuitively however, the impact of TF*IDF on the MeSH representations may be 

limited. Unlike free-text, MeSH fields include the knowledge of the human indexer, 

and the knowledge contained in the MeSH ontology. The indexer already integrates 

the document frequency T F  of free-text concepts in the article. He or she is able to 

identify a common concept in lexical variants and select a standard descriptor for 

annotation. Furthermore, the distinction between major and minor themes is avail- 



able to point out the central concepts of documents. However, document frequency 

may be useful to distinguish qualifiers in a document. Indeed, the same qualifier can 

be associated with various descriptors in the same record. For example, in document 

Dl of Table 4.1, "ult~astructure'~ appears twice, which suggests a preponderance of 

this qualifier as a context in the document. Therefore, the document frequency of 

qualifiers could capture their importance for the document. 

The indexers are also expected not to annotate records with non-discriminative 

concepts. For example, indexer tend not to use general concepts such as "Dis- 

eases", but choose the most specific concept available to describe the content of 

the article (Weinberg and Cunningham, 1985). This suggests that the collection 

frequency of concepts will have a limited impact on retrieval precision. Neverthe- 

less, the MeSH vocabulary includes stopwords, the check tags, which are common 

concepts with a high collection frequency. The full list of check tags for MeSH 2004 

is given in Table 4.3. The check tags are known and can be directly excluded from 

representations. 

Consequently, our three non-hierarchical hypotheses state that: 

1. weighting concepts with corpus information (TF*IDF) , 

2. discriminating between major and minor themes, and 

3. acknowledging associations between descriptors and qualifiers 

may improve on a baseline MeSH-based document representation solely based on 

the presence and absence of MeSH concepts in document (binary). In particular, the 

improved representations are expected to result in higher precision for MEDLINE 

retrieval. In the case of TF*IDF, however, the impact is expected to be small, as 

explained above. 

4.1.1 Met hods 

We now present the methods used to evaluate the hypotheses described above. All 

representations obtained are compared to a baseline that we call the binary repre- 
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Table 4.2: Example of binary representation 

ultrastructure I I 

concept 
Animals 
Centrioles 

weight 
1 
1 

Cilia 

Rats, Sprague-Dawley 
Respiratory Mucosa 
Sleroids 

1 

cytology 
Organelles 
Rats 

I analysis I 1 I 

Fluorescent Antibody Technique 1 I 

1 
1 
1 

1 Trachea 1 1 I 

sentation, 

Our Baseline: the Binary Representation 

In our binary representation we only acknowledge the presence or absence of indi- 

vidual descriptors and qualifiers in the document. Associations between descriptors 

and qualifiers are disregarded, and so is the distinction between major and minor 

themes. In effect each MeSH concept is either present or absent in the document- 

hence the term binary. Table 4.2 shows the binary representation of the MeSH 

content of the document of Figure 3.1. Note that "ultrastructure" and "cytology" 

are only represented once although they appear in three and two NleSH fields, re- 

spectively. Moreover, some concepts, such as "Human", "Female", and "Male" are 

not represented at all as they are check tags. All other concepts not occurring in 

the document are given a zero weight (not shown in Table 4.2). 

Corpus Information with TF*IDF Weighting 

Collection frequency informatioil is introduced with a TF*IDF weighting scheme. 

Descriptors always appear once in a document, so their TF is always equal to 1. 
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Table 4.3: List of Check Tags (CTs) for MeSH 2004 

CTs list 
Comparative Study 
English Abstract 
Female 
Human 
In Vitro 
Male 
Support, Non-U.S. Gov't 
Support, U.S. Gov't, Non-P.H.S. 
Support, U.S. Gov't, P.H.S. 

However, as qualifiers can be combined with several descriptors in the same docu- 

ment, their TF value can be greater than 1. Figure 3.1 shows that "ultrastructure" 

and "cytology" occur three and two times in the document, respectively. Therefore 

TFultrastructure = 3 and TFcgtolo,, = 2. Table 4.4 shows the TF"1DF representation 

of the MeSH content of the document of Figure 3.1. The IDF values are calculated 

based on the TrecGen04 collection (see Section 3.2.1). 

Distinguishing Major from Minor Themes: MajMin 

Here we propose a weighting scheme that distinguishes the major themes from the 

minor themes simply by giving the former higher weights. The starting point of 

this approach, which we call MajMin, is the binary representation described above. 

Descriptors appear only once in documents and they only represent either major or 

minor themes. However, qualifiers can be part of several associations in the same 

document, and represent both major and minor themes. In the approach described 

in this section, a qualifier represents a major theme in the document if it occurs 

at least once in a descriptor/qualifier association that represents a major theme. 

Table 4.5 shows a representation of the MeSH content of the document of Figure 3.1 

that gives higher weight of 3 to concepts representing the major themes of the 

document. 



Table 4.4: Example of TF*IDF representation 

Table 4.5: Example of MajMin representation 

Animals I 1.88 
Centrioles 1 14.30 
ultrastructure [ 16.55 
Cilia 1 11.78 
Fluorescent Antibody Technique ( 8.32 
Lymphocytes 1 7.99 
cytology 1 8.65 
Organelles 
Rnts 
Rats, Sprague-Dnwley 
Respiratory Mucosa 
P 

Steroids 
analysis 
Trachea 

10.59 
3.72 
5.37 

11.71 
9.41 
3.69 
9.25 

concept 
Animals 
Cen tri olcs 
ultrastructure 
Cilia 
Fl~noresccnt Antibody Technique 
Lymnphocytcs 

7 

weight 
1 
3 
3 
1 
1 
3 
3 
3 
1 

1 - I 
1 
3 
3 
1 

cytology 
~ r ~ a h e l l e s  
Rats 

I 

Itnts, Sprague-Dawley 
Respiratory Mucosa 
Steroids 
analysis 
Trachea 



Table 4.6: Example of DescQual representation 

Associations between Descriptors and Qualifiers: DescQual 

Our simple binary representation ignores the associations found in MeSH fields be- 

tween descriptors and qualifiers. We expect the associations to yield a more accurate 

document representation as they give a speciiic context to  the concepts described 

by descriptors. In this last approach, called DescQual, the associations found in the 

MeSH fields of the documents are retained as minimal tokens of information. Not 

all combinations are possible between the 22,430 descriptors and the 83 qualifiers of 

MeSH 2004. The total number of valid combinations is 522,928. Representations are 

binary: a value of 1 indicates that the combination is present in the query/document, 

and a value of 0 indicates that the combination is absent. Table 4.6 shows a represen- 

tation of the MeSH content of the document of Figure 3.1 that keeps the associations 

between descriptors and qualifiers as a minimal token of information. Associations 

not found in the document are not represented. 



4.2 Hierarchical Hypotheses 

4.2.1 Main Hypothesis 

Most MEDLINE records contain 10 to 12 MeSH fields. Each field contains only 

one descriptor and zero or more qualifiers associated with the descriptor. Without 

the hierarchy, the comparison of MeSH-based document representations consists of 

finding exact matches. Intuitively, however, based on information in the hierarchy, 

some concepts are more related to one another, and others less so. This suggests 

that hierarchy integration can lead to more refined document comparisons, and 

better document representations. This intuition can be explained with two examples. 

First, if a document contains the concept "Neoplasms" and the hierarchy shows (see 

Figure 4.1) that "Diseases" is a parent concept of "Neoplasms", we assume that 

the document is also about "Diseases" to some degree. Second, if one document 

contains the concept "Neoplasms", and another contains "Diseases", we can assume 

that the two documents are similar to some degree. In the first example, we use 

the hierarchy to extend the representation of documents. In the second, we use 

the hierarchy to compare the concepts contained in documents. Both hierarchy 

integrations are expected to improve the recall of MEDLINE retrieval. 

Methods for Hierarchy Integration 

A first approach consists of using the MeSH hierarchy to  add new MeSH concepts 

to the original document MeSH content. A weighting scheme is used to distinguish 

between the original MeSH concepts and the ones derived from the extension process: 

the original MeSH concepts receive a weight w, of 1, whereas the derived MeSH 

concepts receive a weight wd, where 0 5 wd < 1, depending upon how semantically 

close they are to the original MeSH represelltation. Each added concept is weighted 

independently from the others. However, each added MeSH concept is compared to 

the entire original MeSH representation, which typically includes 10-12 terms. As a 

result, the weight of the new term, wd, is derived from the combination of several 



inter-concept comparisons. 

A second approach consists of using the hierarchy during the comparison of two 

document representations. Each concept in one representation is compared to each 

concept in the other representation. Therefore, the comparison of two documents 

corresponds to the combination of several similarities of pairs of concepts. 

4.2.2 Secondary Hypotheses 

In this section, we develop secondary hierarchical hypotheses regarding: 

1. the combination of semantic similarities of pairs of concepts, 

2. the different parts of the MeSH hierarchy, and 

3. the variation of edge distance in the MeSH hierarchy. 

The methods used to evaluate the hypotheses are also described. 

Inter-concept Similarity Combination 

As documents and queries contain several concepts, evaluating the semantic distance 

between documents and queries involves combining semantic distances between the 

concepts contained in the documents. 

Our intuition is that the combination strategy depends upon the method used to 

integrate the hierarchy information. We use two methods for hierarchy integration: 

the first method integrates the hierarchy information a t  retrieval time, and the 

second at indexing time. 

The "retrieval time" hierarchy integration method is used for comparing two sets 

of concepts contained in documents and queries. Let Q be a query and D a document 

represented respectively by vectors (wl (Q), w2 (Q), wi(Q), . . . , wN (Q)) and (wl (D) ,  

w2(D), w j ( D ) ,  ..., wN(D)), where wi and wj are binary weights indicating the 

presence or absence of concepts i or j in the query and the document, respectively. 

The hierarchy is used to compare the concepts contained in the document to the 



concepts contained in the query (wi(Q) = wj(D) = 1) when there are distinct 

(i # j). The similarity between identical concepts shared by the query and the 

document (i = j )  is always greater than the similarity of distinct concepts compared 

with the hierarchy (i # j)  . 

The "indexing time" hierarchy integration method uses the hierarhcy to extend 

document representations, i.e. to add more concepts to the representation with a 

weight reflecting its semantic distance to the initial representation. Given query 

Q and document D represented by the vectors defined in the previous paragraph, 

the concepts i and j not contained originally in Q and D (wi(Q) = wj(D) = O), 

respectively, are compared individually with the set of concepts i and j already 

contained in Q and D (wi(Q) = wj(D) = I), respectively. This comparison result 

in a score h for concepts i and j not originally contained in Q and D ,  respectively, 

such as 0 5 hi(Q) < 1 and 0 5 hj(D) < 1. A threshold t can be defined to control 

the extent of the vectors' extension, so that: 

if hi (Q) 2 t (or hj(D) 2 t ) ,  then wi (Q) = hi (Q) (or wj (D) = hj (D)), and 

if hi(Q) < t (or hj (D) < t) ,  then wi(Q) = 0 (or wj(D) = 0). 

Q and D are then compared by comparing concepts i and j such as i = j and 

wi (Q) = wj (D) # 0. 

The concepts contained in MEDLINE records belong to different parts, or cate- 

gories, of the MeSH ontology. The number of MeSH categories contained in MED- 

LINE records, 6.2 on average in the TrecGen04 collection (Hersh et al., 2004), sug- 

gests that MEDLINE records' conceptual content is rather mixed. 

In Chapter 2, we presented an all-combination approach (Equation 2.9, Sec- 

tion 2.2.2) which considers all possible concepts pairs, and a best-match-combination 

approach (Equation 2.14, Section 2.2.2) which combines only best matches between 

concept sets. As the results presented in Table 2.7 of Section 2.2.2 suggest, all- 

combination penalises documents with mixed content. 

When the hierarchy is used at comparison time, our assumption is that the best- 



match-combination approach gives better similarity evaluation measures, as this 

approach does not penalise the mixed content of the documents. However, when 

the hierarchy is used to extend document representations, each concept in turn is 

compared to the initial representations (which itself includes several concepts). The 

use of the best-match-combination approach will give high weights to concepts close 

to individual concepts in the initial representation. This is rather an extension of 

the individual concepts of the document. In contrast, we want to extend the whole 

content of the document by expressing it with all the other concepts not originally 

present. For this purpose, our intuition is that the all-combination approach will 

perform better than the best-match-combination approach. Consequently, our two 

hypotheses are: 

1, best-combination performs better than all-match-combination when the hier- 

archy is used at comparison time, and 

2. all-match-combination performs better than best-combination when the hier- 

archy is used to extend document representation. 

The hypotheses stated above are not , to the best of our knowledge, supported 

by any prior evidence and are entirely based on our intuition. 

Methods. A pair of measures are used to evaluate combination methods at com- 

parison time, and another pair of measures are used to evaluate combination meth- 

ods to extend document representation. 

With the method integrating the hierarchy information at comparison time, 

distrada2 (Equation 2.9) and dist,,, (Equation 2.14) are used to evaluate the all- 

combination and best-match-combination approaches, respectively. Note that, in 

Equation 2.14, distradal is used instead of didj iang4 in order to use the same inter- 

concept distance as in Equation 2.9. 

With the method integrating the hierarchy to extend document representation, 

the semantic distance between a concept ci and a document D containing initially 



m concepts is calculated with: 

to evaluate the all-combination approach, and 

to evaluate the best-match approach. 

Combined versus Distinct Hierarchies 

The MeSH 2004 ontology is organized into fifteen independent descriptor hierarchies 

and twenty-three smaller and shallower qualifier hierarchies. To use the MeSH se- 

mantic network to evaluate the semantic distance between all MeSH terms found 

in the MeSH fields (descriptors and qualifiers), some nodes need to be added to the 

MeSH hierarchies. First, a "qualifier" node is placed over all the root nodes of the 

qualifier hierarchies. This node is created to compensate for the shallowness and 

the small size of the qualifier hierarchies. The additional "qualifier" node also im- 

plicitly increases the distinction (or edge count) between descriptors and qualifiers 

by increasing the network distance between any descriptor and any qualifier by one 

edge. A "MeSH" root node is then placed on top of all the original descriptor root 

nodes (the main descriptor categories) and the previously created "qualifier" node. 

Figure 4.1 illustrates the combined hierarchy. 

Certain questions can be formulated about the comparison of document contents 

(descriptors and qualifiers) with the entire MeSH network. First of all, does it make 

sense to allow the comparison between concepts located in different categories? For 

example, can we compare a geographic locations concept to a disease? Secondly, is it 

appropriate to compare descriptors to qualifiers? With 22,430 distinct concepts and 

41,063 network nodes, descriptors constitute the main part of the MeSH vocabulary. 



McSH (added) 

~ise&es Chemical and Drugs (~ztalifiers (ndrled) 

Figure 4.1: " JlleSH" and "qualifiers" nodes aclcl-up (only a few child 
nodes depicted for clarity) 

Qunliflers arc d m y s  used to  provide additiand contextual meaning to descriptors in 

the MEDLINE MeSH fieIds ancl they oilly include 83 diistinct callcepts and 99 aodes. 

Rrther:nore, qualifier hierarchies are xballaw . Consequently most qualifier ~rocles 

are located only a few sdges frorn the "MeSfJ" root node. Wit11 a semantic d i s t~ ice  

based on the minimum eclge count between nodes, qualifiers will be semant~ically 

close to tlw general clescriptor concepts located ncm the root. 

Therefore, our two ~nnin  ktypotlzeses regarding the diRerent parts of the MeSH 

hierarchy assert thnt: 

1. comparing concepts £ram different MeSH categories (including the artificial 

'"uaE(ficrW category} with aclded mtificid "MeSH" root, and 

2. colnpnring concepts frotr~ descriptor ca.tegories with conccpts from qualifier 

categories 

are expectcd to favor recdl against precision in MEDLEME retrieval, 



Methods, 

Baseline. The baseline does not distinguish between categories, and uses the 

artificial "qualzfier" and "MeSH" nodes to compare concepts from different cate- 

gories. In Figure 4.1, using a simple edge count, the semantic distance of concepts 

from different categories or the same category can be evaluated in the same manner, 

for example: 

distance ("Neoplasms", "Lipids") = edge-count ("Neoplasms", "Lipids") 

= 4 

distance ("Neoplasms", "analysis") = edge-count ("Neoplasms", "analysis") 

= 4 

distance ("Lipids" , "Carbohydrates") = edge-count ("Lipids", "Carbohydrates") 

= 2 

Category Separation (HardSep) . This method penalises the comparison 

of concepts from different categories by systematically giving them the maximum 

distance in the hierarchy, for example: 

distance (LLNeoplasrns", LLLipids") = edge-count ("Lipids, "Carbohydrates") 

= 2 

as "Lipids" and "Carbohydrates" belong to  the same category, "Chemicals and 

Drugs", but: 

distance ("Neoplasms", "Lipids") = max-dist 

distance ("Neoplasms", "analysis") = max-dist 

as "Neoplasms", "Lipids", and "analysis" belong to different categories. The max- 

imum distance in the combined MeSH hierarchy is 23 edges. 



MeSH Category Ranking (SoftSep). Here we propose a softer category 

separation with a method that includes the ranking of the MeSH categories according 

to their relevance to generic genomic topics. Here, the MeSH categories refer to the 

categorization given to us by the organization of the MeSH vocabulary, i.e. the 

fifteen descriptor categories (Table 2.3) and the 23 qualifier categories (Table 2.4). 

We keep this categorization as is, apart from the 23 qualifier categories that we merge 

into one combined "qualifier" category. The assumption is that some categories may 

be less relevant than others for searching the biomedical literature. For example, 

we expect the "Diseases" category to be very relevant for a query about a possible 

connection between a gene and a disease. For a similar query, the "Geographic 

Locations" category might be less relevant. 

One way to rank MeSH categories, thereby determining the most useful for the 

task at hand, is to score them according to their presence or absence in documents 

that were judged relevant or not relevant to generic genomic topics. A category is 

considered to be contained in a document, relevant or not, if at  least one term from 

this category is present in the document. As descriptors and qualifiers can belong 

to several categories, a single descriptor or qualifier can increment the document 

frequency of several categories. 

We score categories based on a relevance weight function R W  introduced by 

Robertson and Sparck Jones (1996): 

( r  + 0.5) . (N  - n - R + r + 0.5) 
R W  (category) = log 

(n - r + 0.5) . (R - r + 0.5) ) (4.4) 

where r is the number of relevant documents a category occurs in, n is the number 

of documents the same category occurs in, R is the number of relevant documents 

for the query, and N is the number of docunlents in the collection. RW derives from 

a probabilistic theory of relevance weighting (Robertson and Sparck Jones, 1976). 

Consider the contingency table represented in Table 4.7. RW is based on the ratio 

between the odds of relevance for a category (ratio between the number of relevant 



Table 4.7: Contingency table for relevance weighting 

I 1 doc is relevant I doc is not relevant I 
1 r n - r  n 
category not in doc 1 R - r  1 N - n - R + r  I N - n  

1 
- " I 

R I N-R I N \  

documents in which it occurs, r ,  and the number in which it does not occur, R - r ) ,  

and the odds of non-relevance for the same category (ratio between the number of 

non-relevant documents in which it occurs, n - r ,  and the number in which it does 

not occur, N - n - R + r). The constant 0.5 is added for limiting cases such as the 

absence of relevance information ( r  = R = 0). The probabilistic theory underlying 

RW uses independence assumptions (independence between terms), and ordering 

assumptions (ordering of documents). In particular, for RW, the distribution of 

categories in relevant documents is assumed independent, and so is the distribution 

of categories in non-relevant documents. Furthermore, the probable relevance of 

documents is based on both the presence and absence of categories in and from the 

documents. 

Robertson and Sparck Jones (1996) defines the offer weights O W  of terms (cat- 

egories in our case): 

O W = r x R W  (4.5) 

where r is the number of relevant a category appears in and RW is the relevance 

weight of the same category defined by Equation 4.4. The advantage of using the 

offer weight method over other PRF methods such as Rocchio's (Rocchio, 1971) is 

that there is no need to  tune parameters over the influence of relevant documents 

against non-relevant ones. Instead, the offer weight score of a concept is the ratio of 

two odds, the odd of the concept being found in a relevant document, and the odd 

of the concept being found in a non-relevant document. 

The method uses relevance information for the TrecGen04 and TrecGen05 col- 

lections of the TREC 2004 and 2005 ad hoc tasks, respectively (see Section 3.2.1). 



Table 4.8: Category rankings obtained with relevance information of 
2004 and 2005 topics 

TrecGen04 and TrecGen05 contain relevance information for 50 and 49 topics, re- 

spectively. We generate two rankings, one for each TREC year. For each topic, 

the offer weight of each of the 16 MeSH categories is computed with Equation 4.5. 

For each category, the average offer weight is calculated over the 50 and 49 topics t 

of TREC 2004 and 2005 respectively, and normalized based upon the highest OW 

average: 

(500~49) (* Ct=l OWt (category)) 
aver-OW (category) = 

highest-0 W 

where OW is defined in Equation 4.5. The category rankings obtained with the 

relevance information of the 2004 and 2005 topics are shown in Table 4.8. Q refers 

to the combined "qualifier" category, and all other capital letters refer to the 15 

descriptor categories of MeSH 2004 described in Table 2.3, Section 2.1.2. 

Both rankings give high scores to categories such as "qualzfiers", "Chemical 

and Drugs", "Biological Sciences", "Diseases", "Anatomy" and "Organisms". In 

particular, the two categories "qualifiers" and "Chemical and Drugs" constitute 

the top 2 in both years. However, other categories score poorly in both rankings. 

On this basis, several catgories were manually selected as not relevant for generic 

genoinic topics. Table 4.9 shows the selected categories and their scores in the 

2004 and 2005 rankings. If any of the concepts being compared semantically belong 



Table 4.9: Categories selected as not relevant for generic genomic 
topics 

J (Technology and Food and Beverages) 

0.0680 0.0241 
0.0033 0.0308 

-0.0075 0.0108 

to a category contained in Table 4.9, the distance measure returns the maximum 

hierarchy distance. For example: 

distance ("Neoplasms", "Lipids") = edge-count ("Neoplasms", "Lipids")  = 4 

distance ( "Neoplasms", "analysis") = edge-count ("Neoplasms", "analysis") = 4 

as L L N e ~ p l a ~ m ~ " ,  "Lipids", and "analysis" do not belong to categories listed in Ta- 

ble 4.9, but 

distance ( "Neoplasms, "Coffee") = max-dist  

distance ("Milk", " CofSe")  = max-dist  

as "Coffee" and "Milk" belong to a category, "Technology and Food and Beverages", 

listed in Table 4.9. 

Separation between Descriptors and Qualifiers (DescQualSep). This 

method distinguishes descriptor concepts from qualifier concepts by also giving the 

maximum hierarchy distance when the semantic distance between a descriptor and 



a qualifier is evaluated, for example: 

distance ("Lipids", "Carbohydrates") = edge-count ("Lipids", "Carbohydrates") 

= 2 

distance ("Neoplasms", "Lipids") = edge-count ("Neoplasms", "Lipids") 

= 4 

distance ("chemistry", "analysis") = edge-count ("chemistry, "analysis") 

= 2 

as the concepts being compared belong to the same category, either descriptor or 

qualifier, but: 

distance ("Neoplasms", "analysis") = max-dist 

as "Neoplasms" is a descriptor and "analysis" is a qualifier. 

Edge Distance Variation 

The MeSH hierarchy comprises nodes (concepts) and edges (broader-thanlnarrower- 

than relationships between concepts). Assuming that edges correspond to semantic 

distances between concepts, no information is explicitly available in the hierarchy 

about edge distances. 

A simple approach is to assume that all edges in the hierarchy correspond to the 

same semantic distance. Intuitively, however, the creation of new and narrower con- 

cepts does not correspond to the same increase in narrowness or specificity. There- 

fore, the edges of the hierarchy are expected to represent various semantic distances 

(see Section 2.2.1). 

The basic idea supporting edge distance variation is that the semantic distance 

between concepts is negatively correlated with the specificity of the concepts and the 

density of the conceptual area containing the concepts. For example, if we compare 

the edge connecting "MeSH" to 'LDiseases'' with the edge connecting "Neoplasm 



Invasiveness" to "Leukemic Infiltration" in Figure 2.3, we expect the semantic dis- 

tance for the first edge to be higher than it is for the second. Indeed, the concepts 

of the second edge are more specific than the concepts of the first. 

The conceptual specificity and density can be derived from the hierarchy struc- 

ture (Section 2.2.1). In particular, the specificity of a concept is proportional to 

its depth. Additionally, the density of the conceptual area containing a concept is 

proportional to the number of edges connected to this concept. 

The conceptual specificity and density can also be derived from the distribution of 

concepts in a corpus (Section 2.2.1). The idea is that both specificity and density are 

inversely proportional to the frequency of concepts. A specific concept is expected 

to appear in a limited number of documents, as few articles are published about 

a highly specialized area. Moreover, a high conceptual density means that many 

concepts are available to describe the subtleties of a research area, making each 

individual concept less likely to occur in publications. 

Therefore we hypothesize that edge distance variation, calculated with hierarchy 

or corpus information, will impact positively on the precision of MEDLINE retrieval. 

Methods. We evaluate our hypothesis by comparing a baseline measure that as- 

sumes edge distance to be constant with two measures that assume edge distance 

to vary. We calculate the variation with hierarchy and corpus information. 

Our Baseline: Simple Edge Count. As a baseline, we use the edge count 

approach to evaluate the assumption that edge distance is constant in the MeSH 

hierarchy. To calculate the semantic distance between two concepts cl and c2, we 

use distladal (Equation 2.1). 

Depth and Density integration (DepthDens). A first method to calculate 

edge distance variation is to use a measure that is sensitive to the depth and the 

density of the hierarchy. To calculate the semantic distance between two concepts 

cl and c2, we use distjiang2 (Equation 2.4). 



Table 4.10: Overview of experimental space of the dissertation 

Information-based Approach (InfoBased) : A second method to calculate 

edge distance variation is to use corpus information. We use the MeSH concept 

distribution in the TrecGen04 collection (see Section 3.2.1) to calculate the prob- 

abilities of encountering the concepts in the collection. To calculate the semantic 

distance between two concepts cl and c2, we use distjiang4 (Equation 2.8). 

4.3 Hypotheses Evaluation Overview 

Binary claqsificettion 
Machine learning & 
classification with SVMs 
( s v M ' ~ ~ ~ ~ ,  Section 6.1) 

Trainingltest documents 
from 2005 GO triage 
task (Section 3.3.1) 
Section 6.2 

Section 6.2 

Section 6.2 

Section 4.2.1 

Section 6.3.1 

Section 6.3.2 

Section 6.3.3 

c retrieval 
I<xperi~na~~tnl framework Post-retrieval 

text & MeSH 
combination 
(Section 3.2.5) 
TrecGen05 
(Section 3.2.1) 

TF"1DF Section 5.1.2 
Non-hier ar chical 

MajMin Section 5.1.2 

DescQual Section 5.1.2 

Integration Section 4.2.1 

Hierarchical Combination Section 5.2.1 

The hypotheses presented in this chapter are evaluated in the contexts of ad hoc 

document retrieval and document classification in the following two chapters. Ta- 

ble 4.10 gives an overview of the experimental space covered. 

Separation 

Edge distance 

Section 5.2.2 

Section 5.2.3 



Chapter 5 

Evaluation with MEDLINE 

Ad Hoc Retrieval 

111 this chapter we evaluate the Iiypothesw forrnulnted in the previous chapter in the 

contmt of MEDLINE M I  hoc retrieval. First, we present our cxperimentd set-up: 

the post-retrieval text md MeSB xrcnrches combination. 

5.1 Post-retrieval Combination of Text 

and MeSH Searches 

This approach, introduced in Section 3.2.5, combines thc rcsulta of two searches: a 

text search a~ld a MeSH searcl~. The text queries care tIerived from tllc TREC 2005 

topics described in Section 3.2.1, mid t l~e MeSH queries are o't>taincd by pseudo- 

relevalice feedback based on t11c output, of the text senrch. An overview nf the 

method is ilEustrated in Figure 5.1. 



Text and MeSH 
Merged Ranking 

Figure 5.1: Experimental method overview 

5.1.1 Text Search 

Background 

Probabilistic retrieval model have given the best performances for TREC 2004 and 

2005 ad hoc tasks (Hersh et al., 2004, 2005). The Okapi BM25 relevance weighting 

function (Robertson et al., 1996) wm the choice of participants with the highest 

results in 2004 (Fbjita, 2004; Buttcher et al., 2004) and 2005 (Huang et al., 2005; 

Ando et al., 2005). Furthermore, Abdou et al. (2005) evaluated several probabilistic 

models and outlined the strong performance of models based on Divergence From 

Randomness (DRF). The hypothesis underlying DFR models is that terms that 

are informative for a particular document will occur more in that document than 



in other documents in the collection for which they are less informative. A full 

discussion on DFR models is beyond the scope of this dissertation and can be found 

elsewhere (Amati and Van Rijsbergen, 2002). 

In this dissertation, the choice of a particular model for text-based retrieval was 

driven by the performance of the model in terms of MAP. High precision in the out- 

put of the text-based search is important as we assume the top documents retrieved 

relevant in order to generate MeSH queries. Moreover, high recall is important as 

the MeSH queries are then used to re-rank the documents already contained in the 

result set of the text-based searches. Text-based retrieval is evaluated with several 

models implemented by the Terrier search engine presented in the next section. 

Terrier Search Engine 

For text-based indexing and search, we used the Terrier search engine1 developed 

at the Computing Science Department of the University of Glasgow, UK. The Ter- 

rier search engine implements several information retrieval models, including basic 

TF*IDF and probabilistic models such as BM25 (Robertson et al., 1996). In par- 

ticular, Terrier offers a wide range of DFR models. 

We experiment with three DFR models implemented by Terrier: BB2, I(n)L2, 

and DFR BM25. BB2 and I(n)L2 use two different randomness models, the Bose- 

Einstein distribution, and the inverse document frequency model, respectively. DFR 

BM25 is a derivation of BM25 (Robertson et al., 1996) from the DFR frame- 

work (Amati, 2003). The three DFR models use a term frequency normalizatioi~ 

that is determined by the following formula: 

avg1 tfn = tf .log2(l + c .  -) 
1 

where avgl is the average document length, I is the document length, and c is a free 

parameter. Terrier implementations of the TF*IDF model and the BM25 model 

lhttp://ir.dcs.gla.ac.ulc/terrier/, last accessed: 19 January 2007 



(with Terrier standard settings: k l  = 1.2, k3 = 1000, b = 0.75) are also used for 

comparison purposes. 

Indexing and Query Generation 

The 4,591,008 MEDLINE documents of 'IkecGen05 are indexed with the Terrier 

search engine. The text field (title and abstract) terms are stemmed with the Porter 

algorithm (Porter, 1980), and MEDLINEspecific stopwords obtained from PubMed 

help2 are removed from the index. 

The 50 topics from TrecGen05 are instances of the five generic topic templates 

(GTTs) described in Section 3.2.1. An example of such an instance is provide infor- 

mation about the role of the gene Interferon-beta i n  the disease Multiple Sclerosis. 

In the following experiments, two types of queries are tested: narratives refer to 

the original 2005 text queries, and basic narratives refer to the queries obtained 

after removing from the original 2005 queries the structural terms of the GTTs. For 

example, for the GTT instance mentioned above, only Interferon-beta and Multiple 

Sclerosis are kept to generate the basic narratives. All other terms are common to 

all instances of the same GTT. Therefore, they are expected to  be less discrimina- 

tive for a particular topic instance. Tables A.2 and A.3 give the 2005 topics in their 

narratives and basic narratives format, respectively. 

Results 

Results are shown in Tables 5.1, 5.2, 5.3, 5.4, and 5.5. MAP and average recall 

are defined in Equations 3.5 and 3.4, respectively. All models yield better MAP 

values with the basic narratives (see Tables B. l ,  B.2, B.3, and B.4 for statistical 

significance). The DFR models (InL2, DFR BM25, BB2) give better performances 

in terms of MAP than TF*IDF and BM25 with the standard Terrier settings. Ta- 

bles B.5, B.6, B.7 give statistical significance for the differences between the DFR 

2http://www.ncbi.nlm.nih.gov/books/bv.fcgi?rid=helppubmedtablepubmedhelp.T42, last ac- 
cessed: 19 January 2007 



Table 5.1: The I(n)L2 model with various c values, basic/original 
narratives, and associated MAP and average recall 

models InL2, DFR BM25, and BB2, respectively, and the TF*IDF and BM25 mod- 

els. Figure 5.2 shows the MAP of the three DFR models with different c-values and 

Table B.8 shows the statistically significant differences between them for various 

values of c. 

The DRF models perform consistently better than the TF*IDF and BM25 mod- 

els in terms of MAP. Moreover, Figure 5.2 shows that BB2 reaches higher MAP 

values than I(n)L2 and DRF BM25 when c is greater than 2, although the dif- 

ferences are not statistically significant (see Table B.8). Consequently, the output 

obtained with the BB2 model, the basic narratives and a c-value of 5 (Equation 5.1) 

is selected to generate MeSH queries by pseudo-relevance feedback, and to be com- 

bined with the MeSH searches. 

Comparison with Track Participant: Table 5.6 shows the best MAP results 

obtaiiied by the participants to TREC 2005 Genoinics track. The results indicate 

that our text baseline obtained with the BB2 model (0.2728 MAP) compares well 

with the runs submitted by the by the best participants. 

- -  

Av recall 
c value 
MAP 
Avrccall 

7 6 6 7 7 . 6 8 4 5 0 . 6 7 9 5  
4.0 

0.2480 
0.6617 

3.5 --- 
0.2485 
0.6622 

------- 
4.5 

0.2471 
0.6596 

0.6725 
5.0 

0.2459 
0.6570 

0.6683 
5.5 

0.2453 
0.6535 

06656 
6.0 

0.2447 
0.6530 



Table 5.2: The DFR BM25 model with various c values, ba- 
sicloriginal narratives, and associated MAP and average 
recall 

Table 5.3: The TF*IDF model with basicloriginal narratives and 
associated MAP and average recall 

Av recall 
c value 
MAP 
Av recall 

MAP 1 0.2412 ( 
Av recall 1 0.6745 ( 

Table 5.4: The BM25 model with Terrier standard settings, ba- 
sicloriginal narratives, and associated MAP and average 
recall 

0.6650 1 0.6876 

Basic narratives 
0.2546 

Av recall 0.7011 
Narratives 

0.2437 
Av recall 0.6833 

0.6827 
4.5 

0.2502 
0.6649 

3.5 
0.2519 
0.6655 

4.0 
0.2511 
0.6660 

0.6812 
5.0 

0.2498 
0.6643 

0.6771 
5.5 

0.2492 
0.6624 

0.6647 
1 6.0 

0.2481 
0.6594 



Table 5.5: The BB2 model with various c values, basic/original nar- 
ratives, and associated MAP and average recall 

!?IL2 . O  + DRF M25 
13132 n 

0.23 
I 1 I I T I 

0 I 2 3 4 5 6 
c-values 

Figure 5.2: MAP for I(n)L2, DFR BM25, and BB2 for different c- 
values 



Table 5.6: Best results for participants to TREC 2005 Genomics 
Track 

5.1.2 MeSH Searches 

Non-hierarchical Hypotheses Evaluation with Document/Query Repre- 

sent at ion 

Zt~ins submitted 
0.3020 TVIAP (hast result) 
including: 
- term expansion with Acromed 
and LocusLink databases, 
- blank feedback with special 
term selection technique 
0.2883 MAP 
including: 
- structural feedback, 
- synonym expansion 
0.2439 MAP 
including: 
- domain-specific expansion, 
- Rocchio expm~ion 

Participailts 
Huang et al. (2005) 

Ando et al. (2005) 

Abdou et al. (2005) 

MeSH queries are generated with a pseudo-relevance feedback method (see Sec- 

tion 3.2.5). Because the queries are derived from the MeSH content of the docu- 

ments retrieved during the text search, each document representation is associated 

with a query representation. The document representations correspond to the non- 

hierarchical hypotheses formulated in Chapter 4. 

Retrieval systems 
0.2640 AIAP 
Okapi Basic Search System (BBS): 
kl=1.4, k2=0, k3=8, b=0.55 

0.2610 MAP 
Lemur BM25 implementation: 
kl=1.2, k3=7, b=0.75 

0.2624 MAP 
I(n)L2 DRF model 

Pseudo-relevance Feedback Met hod (PRF) . To generate MeSH queries, PRF 

is used on the text search result with the offer weight term scoring method (Robert- 

son and Sparck Jones, 1996). MeSH terms are extracted from the MeSH fields of 

the top R documents of each text ranking. Each MeSH concept is then scored ac- 

cording to their Offer Weight score with Equation 4.5. The scored concepts are then 

ranked, and the top T terms are selected as the MeSH query. Suppose that two 

documents are retrieved by a text query (R = 2), that they are assumed relevant 

to this query, and that their MeSH representation is the one shown in Table 5.7. 

Note that the information of the MeSH field structwe is ignored in this MeSH rep- 



Table 5.7: MeSH representation of two documents obtained from a 
text search 

resentation: qualifiers are separated from descriptors, and the distinction between 

major and minor themes is dropped. Suppose that the offer weights are calculated 

for the concepts found in the two documents, and normalized with the highest score. 

A ranking of the concepts is presented in Table 5.8. Table 5.9 shows the resulting 

MeSH query if only five MeSH concepts are selected from the top of the ranking 

(T = 5). Note that the offer weights are used for selection only and not in the query 

representation. 

Binary Representation. Here the documents retrieved are represented with the 

binary approach (Section 4.1.1). Consider two documents retrieved at the top of a 

ranking produced by a text search. The content of two such documents are shown 

in Table 5.7. If the top 2 documents only are assumed relevant (R = 2), as above, 

the content of both documelits is extracted, scored with Equation 4.5, and ranked. 

Assume that the concept ranking returned is the one presented in Table 5.8. If we 

choose to keep the top 5 concepts only (T = 5), as above, then the concepts of the 

generated MeSH query will be those shown in Table 5.9. 

document 1 document 2 - 
concept 
Animals 
Centrioles 
ultrastructure 
Cilia 
Fluorescent Antibody Technique 
Lymphocytes 
cytology 
Organelles 
Rats 
Rats, Sprague-Dawley 
Respiratory Mucosa 
Steroids 
analysis 

concept 
Animals 
Cilia 
ultrastructure 
Dynein ATPase 
Microscopy, Electron 
Microtubules 
Protein Conformation 
Tetrahymena pyriformis 

weight 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

weight 
1 
1 
1 
1 
1 
1 
1 
1 

Trachea 1 



Tfi,blc 5.8: Example of Offer Weight ranking 

ultrn~tructwe 
Centriole? 
Tetmd~yrner~n p&piformis 
Fluorescent Antibody Technique 
Ariwals 

concept 
Cilia 

nr~dysis 
Protein Conformation 
Steroids 
Lymplzocytes 
Rats 
Microscopy, Electron 
cytology 
Rats, S praguie-D~wley 
Dynciiz ATPme 
Orgmzclles 
Respiratory M U C O S ~  

OW 
1.0 

Tal~Ee 5.9: Example of n MeSH query ob.tnincd with PRF 

ultmstructurc 
Centrioles 
Tetraltlwmcna pyriformis 

concept 
Cilia, 

I Fluorescent h~Lbociy Ted~nique 

might 
1 



Table 5.10: TF"1DF representation of top 2 documents 

TF*IDF Representation. When documents are represented with TF*IDF, the 

weights of the concepts that appear several times in the documents assumed relevant 

need to be combined to produce the MeSH query. Consider the two documents with 

TF*IDF weights shown in Table 5.10. Given that only the top 2 documents are 

assumed relevant, that the concept ranking is shown in Table 5.8, and that only the 

top 5 concepts are selected, the weights of the query concepts c, are calculated with 

the following formula: 

where R is the number of documents assumed relevant, and TF*IDFc9,Di is the 

TF*IDF of concept c, in document Di. The TF*IDF weights of the selected concepts 

of the example are shown in Table 5.11. 

document 1 

MajMin Representation. The MajMin representation gives higher weights to 

MeSH concepts given as major themes of the document. Table 5.12 shows the 

content of two documents where the weight given to major theme concepts is 3. 

concept 
Animals 
Centrioles 
ultrastructure 
Cilia 
Fluorescent Antibody Technique 
Lymphocytes 
cytology 
Organelles 
Rats 
Rats, Sprague-Dawley 
Respiratory Mucosa 
Steroids 
analysis 
Trachea 

document 2 
concept I weight weight 

1.88 
14.30 
16.55 
11.78 
8.32 
7.99 
8.65 

10.59 
3.72 
5.37 

11.71 
9.41 
3.69 
9.25 

Animals 
Cilia 
ultrastructure 
Dynein ATPase 
Microscopy, Electron 
Microtubules 
Protein Conformation 
Tetrahymena pyriformis 

1.88 
11.78 
22.07 
12.32 
6.93 
9.55 
6.72 

14.02 



Table 5.11: Example of TF*IDF representation of a MeSH query 

Suppose that the two documents are selected as relevant from a prior text search, 

and that only the top 5 concepts of the offer weight ranking is shown in Table 5.8 as 

the MeSH query. Then the MajMin weights of the query concepts c, are calculated 

with the following formula: 

concept 
Cilia 
ultrastructure 
Centrioles 
Tetrahymena pyriformis 
Fluorescent Antibody Technique 

1 
MajMin, = - ~ a j ~ i n ,  D.  

R '3, 

weight - 
11.78 
19.31 
7.15 
7.01 
4.16 

where R is the number of documents assumed relevant, and MajMincqsDi is the 

MajMin weight of concept c, i11 document Di. The MajMin weights of the selected 

concepts of the example are shown in Table 5.13. We experiment with four MajMin 

representations, MajMin-2, 3, 4, and 5, corresponding to increasing weights given 

to major themes, as shown in Table 5.14. 

DescQual Representation. In the DescQual representation, the associations 

found in MeSH fields between descriptors and qualifiers are kept as minimal tokens 

of information. Table 5.15 shows two docunlents with their DescQual representa- 

tions. A zero value instead of a qualifier name indicates that the descriptor was not 

associated with ally qualifier in the MeSH field. Assume two documents are selected 

as relevant from a prior text search. Their DescQual content is extracted, scored 

and ranked with their offer weight (Table 5.16). If only the top 5 associations are 

selected, the generated MeSH query is the one shown in Table 5.17. 



Table 5.12: MajMin representation of top 2 documents 

Table 5.13: Example of MajMin representation of a MeSH query 

document 1 
cancept 1 weight 

ultrastructure 
Centrioles 
Tetrahymena pyriformis 
Fluorescent Antibody Technique 0.5 

document 2 

Animals 

concept 
Cilia 

Table 5.14: The four MajMin representations 

concept 
Animab 1 

weight 
2 

1 weights 

weight 
1 
3 
3 
3 
1 
1 
1 
3 

Centrioles 
ultrastructure 
Cilia 
Fluorescent Antibody Technique 
Lymphocytes 
c f lo log~ 
Organelles 
Rats 
Rats, Sprague-Dawley 
Respiratory Mucosa 
Steroids 
analysis 

3 Cilia 
3 
I 
1 
3 
3 
3 
1 
1 
1 
3 
3 

ultrastructure 
Dynein ATPase 
Microscopy, Electron 
Microtubules 
Protein Conformation 
Tetrahymena pyriformis 



Table 5.15: DescQual representation of top 2 documents 

Table 5.16: Example of Offer Weight ranking with DescQual repre- 
sentation 

docutncnt 1 

Table 5.17: Example of DescQual representation of a MeSH query 

document 2 
concept 
Animals/O 
Centrioles/ultrastructure 
Cilia/ultrastructure 
Fluorescent Antibody Techniquelo 
Lymphocytes/cytology 
Organelles/ultrastructure 
Rats/O 
Rats, Sprague-Dawley/O 
Respiratory Mucosa/cytology 
Steroids/analysis 
Trachea/O 

rank 
1 
2 

concept 
Animals/O 
Cilia/ultrastructure 
Dynein ATPase/ultrastructure 
Microscopy, Electron/O 
Microtubules/ultrastructure 
Protein Conformation/O 
Tetrahymena pyriformis/ultrastructure 

weight 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

concept 
Centrioles/ultrastructure 
Cilia/ultrastructure 

weight 
1 
1 
1 
1 
1 
1 
1 

concept , 
Cilia/ultrastructure 
Fluorescent Antibody Technique10 
Tetrahymena pyriformis/ultrastructure 
Lymphocytes/cytology 

3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 

weight 

1 
1 
1 
1 

Fluorescent Antibody Technique10 
Tetrahymena pyriformis/ultrastructure 
Lymphocytes/cytology 
Organelles/ultrastructure 
Respiratory Mucosa/cytology 
Trachea10 
Dynein ATPase/ultrastructure 
Microscopy, Electron/O 
Microtubules/ultrastructure 
Protein Conformation/O 
S teroids/analysis 
Rats10 
Rats, Sprague-Dawley/O 
Animals10 



5.1.3 Fusion Method 

Our fusion method is strongly inspired by Srinivasan (199Gb)'s. For each of the 

original text queries (basic narratives), we use the Terrier search engine with the 

BB2 model (c = 5) to retrieve 5000 documents. The documents are re-scored with 

the Cosine similarity measure (see Equation 2.10) between their MeSH vectors and 

the MeSH query vectors generated as described above. The scores obtained by the 

documents in the initial text ranking and the newly created MeSH rankings are 

combined with Equation 3.8 with 0 _< a 5 1, and ,O = 1 - a. All documents are 

then re-ranked according to their new combined score, and the top 1000 are kept. 

Parameter Tuning 

Parameters R (number of documents assumed relevant at  the top of the initial text 

ranking), T (number of MeSH terms kept for the MeSH queries from the top of the 

offer weight ranking), and a (0 5 a 5 I ) ,  determine the relative importance given 

to text and MeSH document scores. These were tuned to optimize the MAP of the 

combined searches. In particular, we varied R from 5 to 20 (increments of 5), T from 

5 to 30 (increments of 5), and a! from 0.05 to 0.95 (increments of 0.05). The MeSH 

binary representation is used for the tuning. The topics of TrecGen05 are organized 

in 50 insta.nces of 5 distinct GTTs (10 instances of each GTT, see Section 3.2.1). The 

first five instances of each GTT (25 queries) are chosen to determine the combination 

of R, T ,  and a! values giving the best MAP. This combination is then tested on 

the remaining 5 instances of each GTTs (24 queries as topic 135 has no relevant 

docunients). 

Tables 5.18 and 5.19 show the improvement over the text searches for the training 

and test queries, respectively, in terms of MAP and average recall. The best im- 

provement of MAP over the text-only searches with the training queries is obtained 

with R=15, T=15, and a = 0.70. The improvement of the MAP is higher on the 

test queries (+11.G%) than on the training queries (f 7%), which suggests that no 

overtraining is occurring. Interestingly, using the test queries to determine the best 



Table 5.18: Parameter tuning for optimal improvement of MAP 

Table 5.19: Improvement over text-only baseline with test queries 
and tuned parameters 

Text-on1 y 
Text and MeSH fusion with R=15 T=15 a! = 0.70 

combination of values gave the same result, i.e. R=15, T=15, and a = 0.70. This 

suggests that this combination of values is consistent across topics for this method. 

In future work we will evaluate this combination on other topics (such as the TREC 

2004 ad hoc topics). 

The values R=15 and T=15 are used to generate 50 MeSH queries for all the 

different MeSH representations described above. The value a = 0.70 is used to 

combine text and MeSH document scores with Equation 3.8. 

MAP 
0.3035 

0.3247 (+7%) 

5.1.4 Non-hierarchical Hypotheses: Results and Analysis 

average recall 
0.7140 
0.7610 

average recall 
0.0.6554 
0.6818 

Text-only 
' Text and MeSH fusion with R=15 T=15 a! = 0.70 

MeSH Searches 

MAP 
0.2408 

0.2687 (+11.6%) 

Table 5.20 shows the results of the different non-hierarchical approaches (binary, 

TF*IDF, MajMin, DescQual) for the MeSH-only searches. The best average P@10 

(0.3388) (precision at ten documents retrieved) is obtained with the binary repre- 

sentatioii. The best MAP (0.1761) and the best average recall (0.6305) is obtained 

with the MajMin-2 representation. Tables B.9, B.10, and B . l l  show the statistically 

significant diff ereiices between the representations in terms of average P@10, MAP, 

and average recall, respectively. The binary representation gets the best average 

P@10 with statistical significance compared to representations TFIDF, MajMin-4 

and MajMin-5 only. In terms of MAP, MajMin-2 shows statistically significant 



differences with all other representations but binary and DescQual. Statistical sig- 

nificance is less pronounced for average recall as the best representation for recall, 

MajMin-2, only gives a significant difference with representations MajMin-4 and 

MajMin-5. The results over the 49 queries are contrary to our expectations: the rep- 

resentations integrating MeSH annotations (MajMin representations and DescQual) , 

as well as corpus frequency information (TFIDF), do not increase the precision of 

the MeSH searches over the trivial binary representation. Overall, the DescQual rep- 

resentation is less damaging for precision than the MajMin representations, where 

precision decreases as the distinction weight for nlajor themes is increased. Next, 

we look at precision results (PQ10) for each query. 

Table 5.21 shows the PQ10 for all representations and all topics. The results 

that improve on the binary representation are in bold. TFIDF improves precision 

over the binary representation for 9 queries (104, 112, 114, 117, 119, 120, 142, 147, 

148) and decrease precision for 20 queries (100, 105-108, 113, 116, 118, 121, 122, 

129, 130-132, 134, 137-139, 141, 145). MajMin-2 improves precision over the binary 

representation for 11 queries (105, 112, 114, 117, 119, 120, 126, 136, 140, 142, 148) 

and decrease precision for 21 queries (101, 103, 106-109, 113, 116, 118 122, 124, 127, 

130, 131, 134, 137-139, 141, 145, 146). MajMia-3 improves precision over the binary 

representation for 12 queries (105, 112, 114, 117, 119, 120, 121, 126, 136, 140, 142, 

148) and decrease precision for 24 queries (101, 103, 106-109, 113, 116, 118, 122-124, 

127, 128, 130-132, 134, 137-139, 141, 145, 146). MajMin-4 improves precision over 

the binary representation for 12 queries (100, 112, 114, 117, 119, 120, 121, 126, 136, 

140, 142, 148) and decrease precision for 25 queries (101, 103, 106-109, 113, 116, 

122-124, 127-132, 134, 137-139, 141, 145, 146). MajMin-5 improves precision over 

the binary representation for 12 queries (100, 112, 114, 117, 119, 120, 121, 126, 136, 

140, 142, 148) and decrease precision for 26 queries (101, 103, 105-109, 113, 116, 

118, 122-124, 127-132, 134, 137-139, 141, 145, 146). Finally, DescQual improves 

precision over the binary representation for 12 queries (100, 105, 114, 116-120, 127, 

130, 140, 142) and decrease precision for 16 q~leries (106, 108, 109, 112, 122, 124, 



128, 131, 132, 134, 137-139, 141, 145, 146). Each representation decreases pQ10 

for more queries than it increases it, compared to the binary representation. The 

largest difference is obtained by the MajMin-5 representation that increases p e l 0  

for 12 queries and decreases it for 26 queries. 

The results obtained for pQ10 are counter-intuitive. By differentiating concepts 

with weights based on corpus statistics or MeSH field information, or by imposing 

specific association between concepts, we expected to improve precision. 

A possible explanation can be found in the precision of the text searches at 15 

documents retrieved. Indeed the binary MeSH queries are extracted from the 15 

top documents ranked according to the free-text search of the text index. If pQ15 

is low, i.e. we have few relevant documents in the top 15, the MeSH concepts 

extracted from the top 15 may contain substantial noise. Consequently, introducing 

more specificity, such as specific weighting and concept associations, may damage 

the precision by giving importance to noisy concepts or associations. 

Table 5.22 shows the Pearson correlation coefficients between the pa15 of the text 

searches and the p@10 of the MeSH searches for the different MeSH representations. 

The pQ10 results for MeSH searches are well correlated with the pQ15 of the text 

searches. 

The precision of MeSH searches for all MeSH representations is linked to the 

precision of text searches but is the impact of MeSH representations over the MeSH 

binary representation also linked to the precision of the text searches? Focusing on 

the MajMin and DescQual representations, Table 5.23 shows the pQ10 results for the 

MeSH searches sorted relatively to the pQ15 of the text searches. The top 21 queries 

in the table (0 < text p@15 < 0.33) correspoild to the case where the precision of the 

binary representation is low presumably because of the noisy coilcepts introduced 

by pseudo-relevance feedback. Therefore, the MajMin and DescQual representations 

can not improve on the noisy binary representation (18 queries out of 21 are not 

improved). The 15 following queries (0.33 5 text pQ15 < 0.66) correspond to the 

intermediate case where the binary representation is less noisy but noisy enough for 



Table 5.20: Results for MeSH-only searches before fusion 

MajMin and DescQual representations to use the wrong concepts as central themes, 

and the wrong associations, respectively. For 9 queries out of 15, at  least 4 of the 5 

MeSH representations (MajMins and DescQual) decrease precision. In the bottom 

part of the table, we have 13 queries for which text pQ15 is greater or equal to 

0.66. For these queries, we expected the binary MeSH queries generated by pseudo- 

relevance feedback to contain few noisy concepts. Moreover, we expect the concepts 

chosen as central themes in MajMin representations, and the associations generated 

in the DescQual representation to correspond to central themes and associations 

contained in relevant documents, respectively. Indeed, for 5 queries out of the 

13, all 5 MeSH representations (MajMins and DescQual) increase precision over 

the binary representation. However, for 7 other queries, at  least 4 of the 5 MeSH 

representations (MajMins and DescQual) decrease precision. 

If the pQ15 of the text searches is linked to the performance of MeSH queries 

generated by pseudo-relevance feedback, high levels of p@15 do not guarantee posi- 

tive impact on precision for our MeSH representation policies. Looking at MajMin 

and DescQual representations separately, we see that it is especially the case for 

the MajMin representations. For 7 queries out of the bottom 13 of Table 5.23 (text 

pQ15 2 0.66), all MajMin representations decrease the p e l 0  of the binary repre- 

sentation. In contrast, the DescQual representation increase p e l 0  for 7 queries and 

decrease p@10 for oilly 4 out of the 13 queries with high pQ15 levels. 

To investigate the limits of the impact of text p@15 on MeSH queries, we generate 

MeSH queries using the document judged relevant (see Table A.4) instead of using 

pseudo-relevance feedback on the text searches. MeSH query generation is done by 

selecting the top 15 concepts according to their Offer Weight score (Equation 4.5). 

MajMin-5 
0.2714 
0.1507 
0.6146 

Av. P o l 0  
MAP 
Av. recall 

DescQual 
D.3102 
0.1550 
0.6158 

MajMin-4 
0.2816 
0.1585 
0.6187 

binary 
0.3388 
0.1639 
0.6256 

MajMin-2 
0.3102 

-------- 
0.1761 
0.6305 

' TF*IDF 
0.2939 
0.1439 
0.6225 

MajMin-3 ~-~~~~~~ 
0.2878 
0.1684 
0.6235 



Table 5.21: MeSH search PQ10 results by topic for non-hierarchical 
representations (improvement over binary in bold) 

topic binary TF*IDF MajMinZ MajMin-3 MajMin-4 MqjhlIin-5 DcscQuai 
100 0.4 0.2 0,4 0.4 0.5 0.5 0.5 

149 0 0 0 0 0 0 0 
Average 0.3388 0.2939 0.3102 0.2878 0.2816 0.2714 0.3102 



Table 5.22: Pearson correlation coefficients between text searches 
pQ15 and MeSH searches p@lO 

This simulates a optimal situation where pseudo-relevance feedback is only using 

relevant documents (P@15=1 for all queries). 

Table 5.24 shows the results for all MeSH representations. The best average 

P e l 0  and MAP are obtained with the DescQual representations. The best average 

recall is obtained by the MajMin-2 representation. Tables B.12, B.13, and B.14 

show the statistically significant differences between the representations in terms of 

average P o l o ,  MAP, and average recall, respectively. The improvement of DescQual 

over binary in terms of average P@10 is not statistically significant, but it is in terms 

of MAP. Furthermore, the improvement of MajMin-2 over binary in terms of average 

recall is not statistically significant. 

Table 5.25 focuses on the average PC310 for each query and each MeSH repre- 

sentations. TF*IDF increases average PQ10 over binary for 12 queries (103, 109, 

111, 112, 114, 117, 119, 120, 124, 128, 133, 142) and decreases P@10 for 23 queries 

(100, 102, 104, 105, 106, 107, 108, 115, 116, 121, 123, 126, 127, 130, 131, 137, 138, 

139, 140, 141, 145, 147, 149). MajMin-2 increases average P@10 over binary for 

13 queries (100, 111, 117, 119, 121, 122, 123, 127, 128, 131, 137, 139, 146) and 

decreases P@10 for 22 queries (101, 102, 104, 106, 107, 108, 112, 116, 118, 120, 124, 

129, 130, 132, 133, 134, 138, 141, 142, 145, 147, 149). MajMin-3 increases average 

P@10 over binary for 13 queries (105, 111, 117, 119, 121, 122, 126, 127, 128, 131, 

137, 139, 140) and decreases P@10 for 22 queries (101, 104, 106, 107, 108, 109, 110, 

Representation 
binary 
TF*IDF 
MajMin-2 
MajMin-3 
MajMin-4 
MajMin-5 
DescQual 

r,y 
0.77 
0.76 
0.79 
0.79 
0.80 
0.79 
0.82 



Table 5.23: MeSH search PO10 results by topic for non-hierarchical 
representations compared to  the pO15 of text searches 

Topics TextpQ15 binary MajMin2 Mnjbfia3 MajMintl MajFvlinS DcscQunl 
102 0 0 0 o o o n 
110 0 0 0 0 0 0 0 
115 0 0 0 0 0 0 0 
125 0 0 0 0 0 0 0 
136 0 0 0.1 0.1 0.1 0.1 0 
143 0 0 0 0 0 0 0 
147 0 0 0 0 0 0 0 
148 0 0 0.1 0.1 0.2 0.2 0 
101 0.0667 0.1 0 0 0 0 0.1 
104 0.0667 0.1 0.1 0.1 0.1 0.1 0.1 
133 0.0667 0 0 0 0 0 0 
144 0.0667 0.1 0.1 0.1 0.1 0.1 0.1 
149 0.0667 0 0 0 0 0 0 
103 0.1333 0.1 0 0 0 0 0.1 
127 0.1333 0.1 0 0 0 0 0.2 
137 0.1333 0.3 0 0 0 0 0 
111 0.2 0 0 0 0 0 0 
123 0.2 0.3 0.3 0.1 0.1 0.1 0.3 
134 0.2 0.2 0.1 0.1 0 0 0.1 
138 0.2 0.3 0.1 0.1 0.1 0.1 0.2 
129 0.2667 0.2 0.2 0.2 0.1 0.1 0.2 
100 0.3333 0.4 0.4 0.4 0.5 0.5 0.5 
106 0.3333 0.4 0.1 0 0 0 0.2 
112 0.3333 0.1 0.3 0.3 0.3 0.3 0 
128 0.3333 0.3 0.3 0.2 0.1 0.1 0.1 
132 0.3333 0.3 0.3 0.2 0.2 0.2 0 
141 0.3333 0.3 0.2 0.1 0.1 0.1 0.2 
105 0.4 0.6 0.7 0.7 0.6 0.5 0.7 
116 0.4 0.4 0.3 0.3 0.3 0.3 0.5 
124 0.4 0.9 0.7 0.6 0.4 0.4 0.5 
126 0.5333 0.3 0.7 0.7 0.7 0.7 0.3 
145 0.5333 0.7 0.5 0.4 0.4 0.3 0.6 
108 0.6 0.8 0.4 0.5 0.5 0.5 0.5 
113 0.6 0.6 0.5 0.5 0.5 0.5 0.6 
131 0.6 0.8 0.6 0.4 0.4 0.4 0.6 
140 0.6 0 0.1 0.2 0.3 0.2 0.1 
122 0.6667 0.6 0.5 0.3 0.3 0.2 0.2 
139 0.6667 0.6 0.3 0.3 0.3 0.3 0.4 
118 0.7333 0.6 0.5 0.4 0.3 0.2 0.8 
142 0.8 0.5 0.7 0.6 0.7 0.8 0.7 
117 0.8667 0.7 0.9 0.8 0.8 0.8 1 
109 0.9333 0.9 0.8 0.7 0.7 0.7 0.8 
114 0.9333 0.7 0.8 0.9 0.9 0.8 0.9 
121 0.9333 0.6 0.6 0.8 0.7 0.7 0.6 
146 0.9333 0.7 0.5 0.5 0.6 0.6 0.6 
107 1 0.3 0 0 0 0.1 0.3 
119 1 0.3 1 1 1 1 0.5 
120 1 0.9 1 1 1 1 1 
130 1 0.5 0.4 0.4 0.4 0.3 0.6 

mean 0.4068 0.3388 0.3102 0.2878 0.2816 0.2714 0.3102 



112, 116, 120, 124, 130, 132, 133, 134, 138, 141, 142, 145, 146, 147, 149). MajMin-4 

increases average P@10 over binary for 11 queries (100, 111, 117, 119, 121, 126, 127, 

128, 131, 137, 139) and decreases P@10 for 25 queries (101, 104, 106, 107, 108, 109, 

110, 112, 114, 116, 118, 124, 130, 132, 133, 134, 136, 138, 140, 141, 143, 145, 146, 

147, 149). MajMin-5 increases average P@10 over binary for 10 queries (100, 111, 

113, 117, 119, 121, 127, 128, 137, 139) and decreases PC310 for 26 queries (101, 104, 

105, 106, 107, 108, 109, 110, 112, 116, 118, 124, 129, 130, 133, 134, 136, 138, 140, 

141, 142, 143, 145, 146, 147, 149). DescQual increases average PC310 over binary for 

16 queries (105, 109, 111, 117, 119, 120, 121, 122, 123, 128, 129, 133, 136, 142, 146, 

147) and decreases PC310 for 14 queries (102, 107, 108, 113, 114, 116, 126, 130, 132, 

138, 139, 141, 145, 149). 

The results show the difficulty of generating useful MeSH queries integrating col- 

lection concept frequency and MeSH annotation information even when documents 

manually judged relevant are used. In particular, the TF*IDF and MajMin repre- 

sentations have a negative itnpact on PC310 for more than 20 queries. DescQual, in 

contrast, increases P e l 0  over binary for more queries than it decreases it (16 against 

14). The precision decrease obtained with TF*IDF suggests that collection docu- 

ment frequencies do not help to distinguish the important concepts of the relevant 

documents. Regarding the precision decreases obtained with the MajMin repre- 

sentations, the difficulty could come from the consistency with which documents 

relevant to the same query are annotated with similar MeSH concepts as their ma- 

jor themes. In this case, the results suggest that the associations used across relevant 

documents are more consistent than the concepts chosen as major themes. A full 

consistelicy analysis, in the line of the work done by Funk et al. (1983) needs to be 

done. 

Text and MeSH Fusion 

Table 5.26 shows the result in terms of average PQ10, MAP and average recall 

for the MeSH representations after MeSH search outputs are combined with text 



Table 5.24: Results for MeSH-only representations with MeSH 
queries generated with document judged relevant 

search outputs. The text and MeSH binary combination (text+binary) gives the 

best average PO10 (0.4776), the best MAP (0.2973), and the best average recall 

(0.7199). All combinations of text and MeSH representations are also compared 

with the use of text alone ("text" in Table 5.26). Tables B.15, B.16, and B.17 show 

the statistically significant differences between the combinations in terms of average 

PQ10, MAP, and average recall, respectively. The difference between the best com- 

bination for average P@10, text+binary, and the other combinations is statistically 

significant, except for text+TF*IDF and textS-MajMin-4. Also text+binary and 

text+TF*IDF are the only combinations for which average PO10 is greater than 

text alone with statistical significance. The MAPs of combinations textfbinary 

and text+MajMin_2 are the only ones greater than the MAP of text alone, and 

the MAPs of all other con~binations, with statistical significance. 4 combinations 

(text+binary, text+TF*IDF, text+MajMin-2, text+DescQual) have average recall 

greater than text alone with statistical significance. The best average recall, ob- 

tained by text+binary, is greater to all other combinations but text+TF*IDF with 

statistical significance. 

Overall, we observe that the text+MeSH coinbinations significantly improve on 

the use of text alone in terms of average PQ10 (text+binary, text+TF*IDF) , MAP 

(text+binary, text+MajMin-2), and average recall (text+binary, text+TF*IDF, 

text+MajA/Iin-2, text+DescQual). 

The comparison of the MeSH representations after colnbination with text reflects 

the observation made in the previous section: the combination textfbinary gives 

the best results, similarly to binary on its own , followed by text+MajMin-2. 

DescQud 
0.3918 
0.2621 
0.7015 

MajMin-4 
0.3347 
0.2123 
0.6966 

Av. P a 1 0  
&I h P  
Av. recall 

MajMin-5 
0.3286 
0.2054 
0.0966 

MajMin-2 
0.3673 
0.2438 
0.7179 

MajMin-3 
0.3571 
0.2257 ~-~~~~~ 
0.7072 

binary 
0.3857 
0.2416 
0.7112 

TF*IDF 
0.3531 
0.2208 
0.6889 



Table 5.25: Impact of MeSH representation policies (TF*IDF, 
MajMin, DescQual) in terms of P@10 when documents 
judged relevant are used to generate MeSH queries (im- 
provement in bold) 

Topics binary TF*IDF MajMin2 MajMin3 hIajMi114 MajMinS DascQual 
100 0.3 0.2 0.4 0.3 0.4 0.5 0.3 



Table 5.26: Results of MeSH representations after MeSH and text 
searches combination 

However, the fusion with text does not benefit the MeSH representations in the 

same way. For example, the average PQ10 of DescQual is the same as the average 

PQlO of MajMin-2 (0.3102), but the average PO10 of text+DescQual (0.4388) is 

less than the average PQ10 of text+MajMin-2 (0.4551). Similarly, the MAP of 

MajMin-2 (0.1761) is greater than the MAP of binary (0.1639)' but the MAP of 

textfMajMin-2 (0.2916) is less than the MAP of text+binary (0.2973). 

Focusing on binary and MajMin-2 before and after combination with text, Ta- 

ble 5.27 presents the MAP for each query before and after combination. The binary 

representation increases the average precision for 31 of the 49 topics, and MajMin-2 

increases the average precisioil for 32 topics. Both representations benefit the per- 

formance of the same 29 topics. 

A higher performance for one strategy before fusion does not always translate 

into a higher perforn~ance for the sanle strategy after fusion. For some topics (105, 

114, 140, 141, 148), binary has a lower MAP than MajMin-2 but text+binary has 

a higher MAP than text+MajMin-2. Inversely, for other topics (101, 104, 113, 123, 

129, 134), binary has a higher MAP than MajMin-2 but text-kbinary has a lower 

MAP than text+MajMin-2. 

Fusion effectiveness has been associated in the past with Lee's overlap llypothe- 

sis (Lee, 1997). The l~ypothesis asserts that the overlap of relevant documents in the 

result sets must be greater than the overlap of 11011-relevant documents for fusioil to 

be effective. However, recent work by Beitzel et al. (2004) contradicts the overlap 

hypothesis and suggests new conditions for fusion effectiveness. This study shows 

that fusion has limited effect if the ranltings being merged already have high overlap 

text+ ' 
DescQual 

0.4388 
0.2828 
0.7104 

text+ 
TF*IDF 
0.4571 

[ 0.2813 
0.7099 

text+ 
binary 
0.4776 
0.2973 
0.7199 

Av. PQ10 
MAP -- 
Av. recall 

text, 

0.4306 
0.2728 
0.6823 

text+ 
MajMin2  

text+ 
M a j M i n 3  

- 

0.4551 1 0.4531 

text+ 
MajMin-4 

text+ 
MajMind  

0.4490 0.4551 
0.2806 
0.7049 

0.2774 --- 
0.7010 



Table 5.27: binary and MajMin-2 representations before and after 
fusion with text (best result in bold) 

Topics T e x t  binnry mqjMir12 texttbinmy 1mrt-t-rnajMin2 
100 0.1867 0.211B9 0.2386 0.2616 0.3048 

149 0.0286 0.0027 0.0062 0.0162 0.0207 
mean 0.2728 0.1639 0.1761 0.2973 0.2916 



and high quality. Fusion is more likely to be effective if the rankings have minimal 

agreement (they contain different relevant documents) and if fusion maintains the 

relevant documents at a high rank. In future work we will examine these hypotheses 

against the effectiveness of fusing text and MeSH rankings. 

Conclusion 

In Chapter 4 we formulated hypotheses stating that: 

1. corpus information about MeSH concepts (TF*IDF) , 

2. distinction between major and minor theme concepts (MajMin), and 

3. higher contextual information about MeSH concepts (DescQual) 

would improve the precision of MeSH-based MEDLINE retrieval. The results ob- 

tained of MeSH-only searches, and text and MeSH searches combination over 49 

topics contradict our previous intuitions and do not therefore provide satisfactory 

support for the non-hierarchical hypotheses. However, we showed that the search 

performance of MeSH representations depended on the quality of the information 

available to generate the MeSH queries (PQ15 of the text search outputs from 

which MeSH concepts are extracted by pseudo-relevance feedback). After the noise 

was reduced in the MeSH queries by generating them from documents known to 

be relevant, the DescQual representation was shown to have a positive impact on 

P@10. However, TF*IDF and MajMin representations failed to impact positively on 

PQlO, even after the use of relevant documents for query generation. This suggested 

that concept frequencies in the collection were not useful to discriminate between 

concepts inside docunlents. Furthermore, we hypothesized that the failings of the 

MajMin representations could be explained by the lack of consistency across docu- 

ments relevant to a query regarding the choice of major themes by annotators. In 

contrast, the success of DescQual could be explained by the consistency of descrip- 

torlqualifier association across relevant documents. We plan to study annotation 

consistency in documents relevant to similar topics in future work. 



In the next section we evaluate hierarchical hypotheses with the integration 

of hierarchy information during the comparison of queries with documents. As 

the binary representation is the best-performing of all the representations assessed 

previously, hierarchy information is used while comparing binary representations of 

documents and queries. 

5.2 Hierarchy Integration 

In this section we evaluate hierarchical hypotheses by integrating hierarchy informa- 

tion while comparing MeSH binary representation of documents with MeSH binary 

representations of queries. Our main hypothesis is that integrating hierarchy infor- 

mation will benefit the recall of MeSH-based MEDLINE retrieval. 

5.2.1 Inter-concept Similarities Combination 

Documents and queries generally contain several MeSH concepts. Therefore, com- 

paring documents with queries involves the combination of similarities of pairs of 

concepts. In this section, we evaluate the hypothesis stating that the best-match- 

conlbination approach will perform better than the all-combination approach for the 

comparison of documents with queries (see Section 4.2.2 for intuition). 

We evaluate both approaches using distTadal (Equation 2.1) to compare pairs of 

concepts. The combined MeSH hierarchy (with added artificial nodes "qualifier" 

and "MeSH") is used to coinpare concepts from all parts of the hierarchy (see 

Section 4.2.2). 

All-combination and best-match-combination differ in the way they combine 

the inter-concept distances. All-combination uses distTadaz (Equation 2.9), and 

best-match-combination uses dist,,, (Equation 2.14, used with distTadal instead of 

distjiang4) Table 5.28 describes the experimental set-up. 

Intuitively, the closer a document is to a query, the better its rank. To combine 

the MeSH scores (distances) with text scores (similarities), semantic distances be- 



Table 5.28: Experimental set-up for comparing all-combination with 
best-match-combination 

tween documents and queries are turned into similarity measures with the following 

Equation: 

sim (Q, D)  = 1 - dist (Q, D) lrnax-dist (5.2) 

where Q is a query, D is a document, dist is either distTada2 or dist,,,, and max-dist, 

the maximum number of edges separating two concepts in the combined MeSH 

hierarchy, is 23. 

inter-concept 
measure combination -- 

distrada2 
dist,,, 

inter-concept 

all-combination 
best-match-combination distTadal 

Results 

hierarchy 
separation 

none 
none 

Table 5.29 shows the results for the two approaches before and after the outputs 

of MeSH and text searches are combined. Best-match-combination performs sig- 

nificantly better than all-combination in terms of MAP and average recall before 

and after fusion with text. Therefore, our hypothesis regarding the combination of 

concept-pair similarities is supported. However, contrary to our intuition, we observe 

that hierarchy integration fails to improve the recall over the use of non-hierarchical 

Cosine measure (Equation 2.10) to  compare queries with documents. Before fusion, 

the average recall of the best-match-combination approach, 0.5848, obtained with 

dist,,,, is lower than the average recall obtained with the Cosine measure, 0.6256. 

After fusion, the average recall of the best-match-combination approach, 0.7003, is 

also lower than that obtained with the Cosine measure, 0.7199. 

5.2.2 Hierarchy Separation 

In the previous chapter (Section 4.2.2), we hypothesized that: 



Table 5.29: Comparison of two approaches for inter-concept measure 
combination 

Table 5.30: Hierarchy separation experimental set-up 

binary (no network) 
all-co~nbinntion 
best-match-combination 

1. separating the hierarchy into the different MeSH categories, or 

text+MeSH 

inter-concept hierarchy 
measure separation 

distradal 

distradal mm-disk if 2 concepts 
from different categories 

distradal ma-dist if at least 1 of 2 
concepts are in StopCat 

DescQualSep dist,,d,l maxdist if 1 concept is a 
descriptor and other a qualifier 

2. separating descriptors from qualifiers, 

Av. P@10 
0.4771 
0.4184 
0.4510 

MeSH-only 

inter-concept 
measure combination 

dist,,, 

dist,,, 

dida,, 

dist,,, 

while using the hierarchy for concept comparison, would lead to better precision for 

MeSH-based MEDLINE retrieval. 

The first hypothesis is evaluated with two category separation methods, SoftSep 

and HardSep. The second hypothesis is evaluated with the DescQualSep method. 

The three methods are fully described in Section 4.2.2. Table 5.30 describes the ex- 

perimental set-up. Before fusion with the output of text searches, distances between 

documents and queries are turned into similarity measures with the Equation 5.2. 

As didradal is used to calc~llate inter-concept semantic distances, the maximum 

distance in the combined MeSH hierarchy, max-dist, is 23 edges again. 

Av. P@10 
0.3388 
0.0204 
0.3163 

MAP 
0.2873 
0.2635 
0.2841 

Av, recall 
0.7199 
0.6829 
0.7003 

MAP 
0.1639 
0.0128 
0.1401 

Av. recall 
0.6256 
0.3344 
0.5848 



Table 5.31: Hierarchy separation approaches 

Results 

A comparison of the baseline with the three hierarchy separation methods is pre- 

sented in Table 5.31. Tables 13.18, B.19, and B.20 show the statistically significant 

differences between the separation methods in terms of average P o l o ,  MAP, and 

average recall, respectively, before fusion with text. Tables B.21, and B.22 show 

the statistically significant differences between the separation methods in terms of 

MAP and average recall, respectively, after fusion with text (differences in terms 

of average PQ10 are not statistically significant after fusion with text) . HardSep 

gives the worst results before and after fusion with text, for MAP and average recall, 

and the worst P@10 before fusion with text . SoftSep does not decrease baseline 

performance as much as HardSep, even though decreases in average P@10, MAP, 

and average recall before fusion are statistically significant. DescQualSep, the least 

aggressive separation policy, also decreases the average PQ10, MAP, average recall 

of the baseline with statistical significance before fusion with text, but it gives the 

best results of the separation policies. 

The results in Table 5.31 show that introducing a generic concept "MeSH" that 

includes any medical concept is meaningful in order to compare concepts from dif- 

ferent hierarchies, contrary to our intuition. Furthermore, the results for SoftSep 

suggest that some categories that ranked poorly with our method are still significant 

for genoinic topics. Finally, allowing the comparison of qualifiers with descriptors in 

a combined MeSH hierarchy does not damage precision. It contradicts our intuition 

based on the fact that descriptors and qualifiers are very different vocabularies in 



Table 5.32: Experimental set-up for edge distance calculation 

terms of size and function (see Section 2.1.2). However, the results suggest that 

the use of a combined MeSH hierarchy, with the addition of artificial nodes "quali- 

fier" and "MeSH" , allowing any MeSH concepts to be compared, does not retrieval 

precision in the conditions of our experiment. 

Baseline 

InfoBased 

5.2.3 Edge Distance Variation 

In this section we evaluate the hypothesis, formulated in Section 4.2.2, which states 

that edge distance variation, calculated with hierarchy or corpus information, would 

impact positively on the precision of MEDLINE retrieval. 

To evaluate our hypothesis, we use three methods, DepthDens, InfoBased (Sec- 

tion 4.2.2), and a baseline method. The first two methods, DepthDens and InfoBased, 

use inter-concept measures that integrate edge distance variations, distjiangz and 

distjiang4, respectively. distjiang2 (Equation 2.4) uses hierarchy information (depth 

and density), whereas distjiang4 (Equation 2.8) uses corpus information (concept fre- 

quencies). The baseline method uses distradal (Equation 2. I), which assumes that 

all hierarchy edges correspond to the same distance. All three methods use the 

combined MeSH hierarchy to compare concepts (no separation), and combine the 

inter-concept distance values between queries and documents with dist,,, (Equa- 

tion 2.14). Table 5.32 describes the experimental set-up. 

Before fusion with the output of text searches, distances between documents and 

a queries are turned into similarity measures with the Equation 5.2. Here, max-dist 

inter-concept 
measure combination 

distal, 

dist,,, 

di~t,,, 

inter-concept 
measure 
distradal 

distjiang4 

hierarchy 
separation 

none 

=diStJiang2-- none 

none 



corresponds to different values whether we use the baseline method, DepthDens, or 

InfoBased. For the baseline method using d i ~ t , , ~ , ~ ,  max-dist = 23, which is the 

maximum number of edges between two concepts in the combined MeSH hierarchy. 

For DepthDens, max-dist is different for each combination of a and 0 values, which 

set the sensitivity of distjiang2 to hierarchy depth and density, respectively. Cal- 

culating max-dist for every combination of and a is computationally expensive. 

Instead we determine the worst case in terms of depth and density for comparing two 

coiicepts in the combined MeSH hierarchy. For depth, the worst case corresponds 

to the maxinium distance between two concepts in the combined MeSH hierarchy, 

23 edges, with one concept at depth 12, and the second at depth 11. For density, 

the worst case correspollds to a path between the two concepts with a minimum 

density, i.e. only one child per parent c,, E (q,) = 1. Note that F in Equation 2.3, 

the average number of children over the entire hierarchy, is approximately 3.52 in 

the combined MeSH hierarchy. The maximum distance for a particular combination 

of ,D and a can therefore be reduced to: 

For InfoBased, max-dist corresponds to the worst case scenario where the LCA 

of two concepts cl and c2 is the root node "MeSH", and the two concepts occur 

only in one document of the collection: 

1 
marc-dist (c,, c,) = 2 x logzp ("MeSH1' )  - log, ) % 44.23 ( CF ( "MeSX")  + log2 CF ( "MeSH")  

(5.4) 

DepthDens is evaluated with several combinations of values of and a: (1, O), 

2), (0.25, 2). The (1, 0) combination is the equivalent of the baseline method (no 

sensitivity to hierarchy depth and density, constant edge distance in the hierarchy). 

Results 

Tables 5.33 and 5.34 show the results in average PQ10, MAP, and average recall 

for the 12 (0, a )  combinations before and after fusion with text, respectively. Ta- 



Table 5.33: Average P@10, MAP and average recall for DepthDens 
before fusion with text 

Table 5.34: Average PQ10, MAP and average recall for DepthDens 
after fusion with text 

bles B.23, B.24, and B.25 show the statistically significant differences between the 

separation methods in terins of average P@10, MAP, and average recall, respec- 

tively, before fusion with text. Tables B.26, B.27, and B.28 show the statistically 

significant differences between the separation methods in terms of MAP and average 

recall, respectively, after fusion with text. 

The results show that, at a constant level of sensitivity to the hierarchy density 

(p value), increasing the sensitivity to the depth (a! value) has a negative impact on 

the performance of the MeSH searches for average PQlO, MAP, and average recall 

(Table 5.33). With a = 0 (no sensitivity to depth), increasing the sensitivity to 

density (decreasing froin 1) has a positive iinpact at  first on the MAP for the 

MeSH searches, but the iinpact beconies negative as ,O approaches zero. However, 

the differences are not statistically significant. Additionally, smaller values for ,O 

have a negative impact on the average P e l 0  and the average recall of the MeSH 

searches. This could explain the significant decrease in MAP after fusion as /3 

decreases. As inentioned in Section 5.1.4, the effectiveness of fusion has been linked 



to the overlap of relevant documents in the two result sets. In particular, the results 

after fusion suggest that an increased sensitivity to density retrieves at  high ranks 

relevant documents already ranked highly in the output of the text searches. 

Surprisingly, the calculation of edge distances with hierarchy information dam- 

ages the overall baseline retrieval performance. Notably, increasing sensitivity to 

depth or density does not increase precision as expected. This contradicts our as- 

sumption about the shrinking of edge distances with hierarchy depth and density. 

Table 5.35 shows the results of InfoBased before and after fusion with text, in 

terms of MAP and average recall, in comparison the baseline method. Tables B.29 

and B.30 show the statistically significant differences between the separation meth- 

ods in terms of average PQ10, MAP, and average recall before and after fusion 

with text, respectively. InfoBased performs significantly better than the baseline 

method with the MeSH searches, in MAP and average recall. Infobased also gives 

a better average PQ10 than the baseline, but the difference is not statistically sig- 

nificant. However, after fusion with text searches, InfoBased gives lower values of 

average PQlO, MAP and average recall than the baseline. Note that the difference 

after fusion between the two methods are not statistically significant. Once again 

we encounter a situation where a method giving good results for MeSH searches 

does not have the expected impact after fusion with text searches. This might be 

explained by the fact that InfoBased may retrieve documents that are already in 

the text-search result set, whereas the baseline may highly rank relevant documents 

not contained in the text-search result set. If we focus on the results of the MeSH 

searches, calculation of edges distances with corpus information improves precision 

of retrieval, and therefore confirms our expectations. 

If we hold true the assumption that semantic distances between concepts de- 

creases as conceptual specificity and density increase, the results obtained with 

DepthDens raise q~lestions about the ability to capture this variation with MeSH 

hierarchy information such as depth and density. In contrast, results obtained with 

InfoBased suggest that the distribution of concepts in a large corpus such as Trec- 



Table 5.35: Results for InfoBased before and after fusion with text 

Table 5.36: Results for MeSH searches with hierarchy integration 

Gen05 provides useful information for the calculation of edge distances in the MeSH 

hierarchy. 

McSH-only 

5.2.4 Conclusion: Any Benefits from Using the Hierarchy? 

text & MeSH 
Av. PQ10 

Our main hierarchical hypothesis was that hierarchy integration improves the recall 

of MEDLINE retrieval. Table 5.36 and 5.37 show the results of the best-performing 

lnethods integrating the hierarchy for the MeSH searches, and for the combined 

MeSH and text searches, respectively. The no-network results corresponds to the 

use of the Cosine measure (Equation 2.10) to compare binary representations of 

docun~ents and queries. Here, the baseline corresponds to the use of the edge count 

method to calculate inter-concept semantic distances (see Section 4.2.2). The re- 

baseline 
InfoBased 

Av. P e l 0  

Table 5.37: MeSH-and-text search results for hierarchy integration 

MAP MAP Av. recall Av. recall 
0.3163 
0.3306 

0.2841 
0.2831 

0.7003 
0.6968 

0.1401 
0.1645 

0.5848 ------- 
0.6149 

0.4510 
0.4449 



sulk show that TllfeBmcd is the only rnethod integrating the hierarchy that performs 

~ornpnrabl~y to no-network. Nevertheless, Infonased is not os effective as 110-network 

after hision with text searclrcs. As fusion performance was slrzown to  be higher if the 

two rnetfrads retrieve different relcmnt documents (Beitzel et al., 2004), we can hy- 

pothe~be that Infol3ased retrieved mare relevant doc~unents already retrieved with 

text, than no-network did. 

Overnll, the results provide little evidence to support our rnain hierarchical 11y- 

potllesis. In the next chapter, otrr n o n - l i r t i c l  a n c l  hierarchicd l~ypothescs are 

evaluated ill the context of MEDLIWE document clnssificzttion. 



Chapter 6 

Evaluation with MEDLINE 

Document Classification 

We now proceed to evaluate the hypotheses, non-hierarchical and hierarchical, devel- 

oped in Chapter 4 in the context of the binary classification of biomedical documents. 

First, the experimental set-up, including the metrics and classification software used, 

is described. 

6.1 Experimental Set-up 

6.1.1 TREC 2005 Genomics Track GO Triage task 

The l~ypotheses are evaluated with the TREC 2005 Genomics track GO triage task 

described in Section 3.3.1. The task simulates the activity of MGI curators, i.e. the 

manual selection of MEDLINE documents likely to provide experimental evidence 

for the annotation of mouse genes with GO concepts. A total of 11,880 MEDLINE 

documents are provided, 5,837 to train a classifier, and 6,043 to test the resulting 

classifier. 462 and 518 of the training and test documents, respectively, are judged 

relevant for the task. These are positive examples. The rest of the documents 

are judged non-relevant. These are negative examples. The metrics used in the 

evaluation are the precision (Equation 3.1), the recall (Equation 3.2), the F-Score 



(Equation 3.9), and the normalised utility U,,,, (Equation 3.10). The parameters 

used to calculate the raw utility U,,, (Equation 3.11), u, = 11 and u,, = -1, are 

determined as explained in Section 3.3.1. 

6.1.2 Text Categorization and SvMlight 

A detailed discussion on text categorization and machine learning techniques is 

beyond the scope of this dissertation and is found elsewhere (Sebastiani, 2002). 

Our experiments focus on evaluating hypotheses regarding MeSH-based document 

representations, and do not aim at comparing several text categorization techniques. 

Support vector machines (SVMs) (Vapnik, 1995) were widely used for the TREC 

2004 and 2005 classification tasks. They were either used alone (Fujita, 2004; Dar- 

wish and Madkour, 2004; Cohen et al., 2004; Si and Kanungo, 2005; Niu et al., 2005; 

Subramaniam et al., 2005; Lee et al., 2005), or in combination with other learning 

methods (Aronson et al., 2005). Furthermore, they have been applied successfully 

to text categorization Joachims (1998). Consequently, we chose to use SVMs for the 

classification of MeSH-based document representations. 

SVMs are based on concepts developed in Vapnik (1982). Given observations 

consisting of pairs of vectors xi and binary values yi (yi = 1 indicates that xi is 

a positive example, i.e. a relevant document, and yi = -1 indicates that xi is a 

negative example, i.e. a non-relevant document), the machine learns a family of 

functions x H f (x, a )  that associates any unlabeled x (y is undetermined) to one of 

the two possible values of y. Each function is determined by a set a of parameter 

values. 

The idea is to reduce the expected risk of classification error R(a)  on the set 

of unlabeled vectors. First, the empirical risk R,,,(a) on 1 training observations is 

calculated: 



R(a) is then bounded with probability 7 :  

where h is a non-negative integer called the Vapnik Chervonenkis (VC) dimension 

and, the second term of the right-hand side of the equation is called the VC confi- 

dence. The VC dimension is a measure of the concept of capacity. A machine with 

too much capacity will tend to over-fit the training data and not generalize well. On 

the other hand, a machine with too little capacity will generalize too much. Also, 

minimizing tlie VC confidence will lower the upper bound of the expected risk of 

error. 

The simplest case of SVM classification corresponds to linear machines trained 

on linearly separable observations xi (See Figure 6.1). The SVM simply indentifies 

the hyperplane separating positive from negative examples with the largest margin, 

given that the training vectors xi satisfy the following constraints: 

Xi . w + b >_ +1 for yi = +1 

x i . w + b < - I  fo ry i= -1  

where w is normal to the hyperplane. The vectors of positive and negative observa- 

tions lying on hyperplanes HI : xi .  w + b = +l and Hz : xi. w + b = -1, respectively, 

are called the support vectors. The margin is the distance between the two parallel 

hyperplanes HI and Hz and is simply 2/11w((. Therefore, maxiinizing the margin is 

equivalent to ininimizing JIw 1 1 2 ,  subject to constraints 6.1 and 6.2. 

When the observations xi are not linearly separable, linear machines can still be 

used by introducing positive slack variables ei into the constraints: 

Xi . w  f b 2 +I -ti for yi = +1 

x i . w + b < - 1 + J i  f o r y i = - l  



positive observations 

negative observations * " - . . 

Figure 6.1: An example of linear machines trained on linearly sepa- 
rable data 

k Maximizing the margin is now equivalent to minimizing ( ( w [ ( ~  - C (xi Ei) . C is 

a user-defined parameter proportional to the cost of errors. In this dissertation we 

use linear machines for non-linearly separable observations to classify MeSH-based 

document representations. For a more detailed description of SVMs, including non- 

linear machines, the reader is directed to Burges (1998). 

We use the software which is an implementation of the Support Vector 

Machine method described in Joachims (1999). SVM training leads to a quadratic 

optimization problem and learning from large training sets can quickly become com- 

putationally expensive. The S V M ~ ~ ~ ~ ~  implementation uses a decomposition algo- 

rithm that only uses a fixed subset of data called the working set. Therefore, a 

smaller quadratic problem is solved for each working set. This decomposition allows 

for large-scale SVM learning at lower computational cost. 

We use the default settings for the learning module (svm-learn) and the classifi- 

cation module (svm-classify) of SVMlight. The automatic tuning of the software has 

been show11 to perform well for text categorization (Joachims, 1998). Default set- 

tings include the use of a linear kernel. Moreover, parameter C, allowing a trade-off 

between the training error and the classifier conlplexity, is determined automatically 



from the norms of the training vectors xi: 

The only modification is the setting of parameter j (the cost-factor by which training 

errors on positive examples out-weight errors on negative examples, the default being 

1) to 11, similarly to Subramaniam et al. (2005). The j parameter allows us to 

tune the classifier to the difference between u, (= l l ) ,  the relative utility of a true 

positive, and u,, (= -I), the relative utility of a false positive (see Equation 3.11, 

Section 3.3.1). 

6.1.3 Document Representation: Our Approach 

Similarly to Seki et al. (2004) and Lee et al. (2005) (see Section 3.3.4), our approach 

is based on representing documents with MeSH concepts only. This approach dif- 

fers from the combination of text and MeSH representations used in the ad hoc task 

evaluation (previous chapter). For the ad hoc task, the starting point was an infor- 

mation need expressed in free-text. In order to express this information need with 

MeSH concepts, we searched documents' textual fields and used pseudo-relevance 

feedback to generate a MeSH-based query. For the classification task, the starting 

point are relevant and non-relevant documents available to train a classifier and 

MeSH concepts can be used directly as classification features. 

6.2 Non-hierarchical Hypotheses: 

Result and Analysis 

Table 6.1 shows the results of the non-hierarchical approaches (binary, TF*IDF, 

MajMin, DescQual) described in Section 4.1. The results correspond to the perfor- 

mance of the S V M ~ ~ ~ ~ ~  classifier on the test documents after learning on the training 

documents with the settings described above. The star sign next to the name of 
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Table 6.1: Classification results for test documents for various 
MeSH-based representations 

a representation strategy indicates a statistically significant difference between un- 

classified documents and classified documents (one-tailed z-test for proportions with 

0.05 significance level). However, there is no statistically significant difference be- 

tween the binary representation and all the other non-hierarchical representations. 

The integration of collection frequency information with the TF*IDF weighting 

does not overall benefit the performance of the triage task. The precision is slightly 

increased (+2%), but at the price of a drop in recall (-15%). As the utility function 

favors recall (formula 3.11), the normalized utility of the TF*IDF approach decreases 

by 14.5% compared to the binary representation approach. However, the increase 

in precision is consistent with our hypothesis. 

The discrimination between major and minor themes through the MajMin method 

does not have a favorable impact on the overall classification performance. Both pre- 

cision and recall decrease as more discrimination is introduced. Consequently, the 

utility is negatively affected by this discrimination policy. This contradicts our hy- 

pothesis, as discriminating between major and minor document themes was expected 

to favor precision. 

The DescQual representation approacll has a positive impact on precision (11.5% 

iinproveillent on the binary approach), as expected. Unfortunately, the precision 

increase is accompanied by a severe drop in recall (30.2% decrease over the binary 

approach). Consequently, DescQual gives the weakest normalized utility of all non- 



hierarchical representation methods. 

The results obtained with the TF*IDF and DescQual representations method 

confirm our noli-hierarchical hypotheses regarding improved precision resulting from 

better discriminations between concepts within the document. Surprisingly however, 

the MajMin method is detrimental to both precision and recall. This suggests that 

the minor themes play an important part in distinguishing documents from each 

other. Moreover, for the three non-hierarchical representations, the gains in preci- 

sion, when any, lead to higher losses in recall, which damage the task performance in 

terms of normalized utility. This is a consequence of the bias of the utility function 

towards recall. 

6.3 Hierarchy Integration 

The information contained in the hierarchy is used to build extended MeSH-based 

representations from the concepts initially found in the MeSH fields of the docu- 

ments. This extension method is described in Section 4.2.1. In the evaluation, we 

use threshold values that correspond to the minimal score for a candidate term to be 

added to the representation. The threshold strategy is motivated by the reduction 

of features for computational cost control and noise removal. 

6.3.1 Int er-concept Similarities Cornbinat ion 

In this section we compare the best-combination and all-match-combination ap- 

proaches (Section 4.2.2) for the extension of document representations. The con- 

cepts not present in the initial representation are scored according to their semantic 

relevance to the concepts present in the initial representation. The semantic distance 

between a concept and a document D is calculated with disteZtl (Equation 4.2) for 

the all-match-combination approach, and with disteZt2 (Equation 4.3) for the best- 

combination approach. The distances are turned into concept weights wd with the 



Table 6.2: Experimental set-up for comparing all-combination and 
best-match-combination 

inter-concept hierarchy inter-concept 
measure separation measure combination 

all-combination distradal none - 
best-match-combination distTadal none , disteztz - 

following Equation: 

where disteXtll2 is either distextl or disteZt2 depending upon the approach, and ci is 

a candidate concept for extension. distTadal (Equation 2.1), a simple edge count, 

is used to calculate inter-concept distances. To compare concepts, the combined 

MeSH hierarchy, with additional nodes "qualzfier" and "MeSH", is used. The max- 

imum distance max-dist in the combined MeSH hierarchy is 23 edges. Table 6.2 

summarizes the experimental set-up. 

Results 

Tables 6.3 and 6.4 show results of the classification of test documents with SVMlight 

after training the classifier on the training documents for the all-combination and 

best-match-combination methods, respectively. For each method, a range of thresh- 

old values is reported for candidate term integration. The last row shows the result 

of the non-extended baseline representation approach, called binary. Next to the 

threshold values in brackets are the sizes of the two files containing the feature vec- 

tors of the training and test documents. The b letter next to the name of an extended 

representation threshold indicates a statistically significant difference with the bi- 

nary representation (one-tailed z-test for proportions with 0.05 significance level). 

Both extension approaches increase recall and decrease precision as the threshold is 

lowered and more concepts are added. The increase in recall is consistent with our 



Table 6.3: Classification results for all-combination 

l~ypothesis regarding the effect of hierarchy integration in document representation 

on retrieval performance. 

With the all-combination approach (Table 6.3), the recall peaks at thresholds 

of 0.7 with 0.8784 (+43% on the binary representation). This threshold value also 

corresponds to the best normalized utility obtained with this strategy (0.5793, +20% 

on the binary representation). Lower threshold values add noisy concepts that 

damage both precision and recall, and hence also normalized utility. 

With the best-match-combination approach (Table 6.4), more concepts are added 

to the representations for similar threshold values, as indicated by the file sizes. This 

is explained by the highest scores given to candidate concepts by d ~ s t , , ~ ~ .  Threshold 

values smaller than 0.7 produce document representation files that are too large for 

the SVMLig'" software to process. With this approach, the recall is also increased but 

at a higher cost in precision. Consequently, the normalized utility peaks at 0.5277 

(+9.4% on the binary representation). 

The results confirm our intuition (Section 4.2.2) that all-combination produces 

better scores than best-match-combination to for the candidate concepts to repre- 

sentation extension. 



Table 6.4: Classification results for best-match-combination 

6.3.2 Hierarchy Separation 

We now evaluate the hypotheses described in Section 4.2.2 regarding the separation 

of the MeSH hierarchy for concept comparison. Four methods are used: a baseline 

(no separation), HardSep (separation between all MeSH categories), SoftSep (sepa- 

ration between relevant and non-relevant areas of the hierarchy), and DescQualSep 

(separation between descriptors and qualifiers). All methods are described in de- 

tail in Section 4.2.2. The baseline corresponds to the all-combination method de- 

scribed above with a threshold of 0.7 (see Table 6.3). The added concepts contained 

in the baseline representation are then re-scored using the HardSep, SoftSep, and 

DescQualSep separation methods. No additional concept is added to the baseline. 

The distance between two concepts from separated areas of the hierarchy is set to the 

maximum distance max-dist within the combined hierarchy (including additional 

nodes "qualzfier" and "MeSH"). As distradal (Equation 2.1) is used to calculate 

inter-concept distances, max-dist = 23. dzsteztl (Equation 4.2) is used by the four 

methods to combine inter-concept similarities. Distances are turned into weights 

with Equation 6.3. Table 6.5 describes the experimental set-up. 



Table 6.5: Hierarchy separation experimental set-up 

Results 

Table 6.6 shows the results of the three separation methods for the classification 

of the test documents. The b letter next to the name of a separation strategy 

indicates a statistically significant difference with the no-separation baseline (one- 

tailed z-test for proportions with 0.05 significance level). All methods have a positive 

impact on precision and a negative impact on recall, as expected. This impact is 

important for HardSep as all hierarchies are separated. Precision increases by 32% 

and recall decreases by 30%. As a result, the normalized utility also decreases (- 

10.6%). SoftSep is the only method that leads to a slight improvement of normalized 

utility (+1.7%). This improvement is obtained with an increase in precision (+5.7%) 

and a decrease in recall (-1.8%) over the baseline. DesQualSep gives a similar 

normalised utility as the baseline, but with a higher precision (+12.1%), and a 

lower recall (-6.8%). 

The results suggest that hierarchy separation produces weights wd for the added 

concepts which favor the precision of the classification. However, given the utility 

function of the GO task (Equations 3.10 and 3.11) soft approaches to separation 

which favor recall, such as SoftSep and DescQualSep, yield better utility results. 

I 

inter-concept 
measure combination 

d i s t e x t l  
(theshdd=0.7) 

d i s t m t l  

d i s t e x t l  

di.9 test 

Baseline 

HardSep 

SoftSep 

DescQualSep 

inter-concept 
measure 

hierarchy 
separation 

distradal none 

dis tradal  max-dist if 2 concepts 
from different categories 

dis tradal  max-dist if at least 1 of 2 
concepts are in StopCat 

distTadal max-dist if 1 concept is a 
descriptor and other a qualifier 



Table 6.6: Classification results with hierarchy separation 

6.3.3 Edge Distance Variation 

In this section we evaluate hypotheses formulated in Section 4.2.2 regarding the 

variation of edge distance in the MeSH hierarchy. 

Following the intuition expressed in Section 2.2.1, hierarchy edges are expected 

to correspond to different semantic distances. Consequently, edge distances are 

calculated with two methods. The first one, DepthDens, uses hierarchy information: 

the depth and the density. The second one, InfoBased, uses corpus information 

which consists of the collection frequencies of concepts in a corpus. The two methods 

are compared to a baeline using simple edge count, hence assuming constant edge 

distance in the hierarchy. 

All three methods, the baseline, DepthDens, and Infobased, use disteZtl (Equa- 

tion 4.2) to calculate the semantic distance between a concept ci, not contained in the 

initial representation of document D,  and the initial representation of D. However, 

different inter-concept distance measures are used by DepthDens and InfoBased. 

DepthDens uses didjiang2 (Equation 2.4) to integrate hierarchy information, and 

InfoBased uses didjiang4 (Equation 2.8) to integrate corpus information. The three 

inter-concept measures, distradal, &stjiang2 and distjiang4, compare concepts with the 

combined NIeSH hierarchy, which includes additional nodes "qualzfier" and "MeSH" . 

Distances are turned into weights with Equation 6.3. The maximum inter-concept 

distance, rnax-dzst, is 23 edges for d i ~ t , , ~ , ~ .  For distjiangZ and distjiang4 however, 



Table 6.7: Experimental set-up for edge distance calculation 

max-dist is calculated with Equations 5.3 and 5.4, respectively. 

The baseline corresponds to the all-combination method with a threshold of 0.7 

(see Table 6.3). The added concepts contained in the baseline representation are 

then re-scored using either the DepthDens or the InfoBased method. Table 6.7 

summarizes up the experimental set-up. 

inter-concept 
measure 

Results 

Tables 6.8, 6.9, and 6.10 respectively show precision, recall, and normalized utility 

results for different values of ,f3 and a used by DepthDens. Setting ,f3 = 1 and a = 0 is 

the equivalent of the baseline method (no sensitivity to hierarchy depth and density, 

constant edge distance in the hierarchy). Decreasing ,f3 or increasing a lead to a 

growing influence of hierarchy density and depth, respectively. 

Results in Tables 6.8 and 6.9 show that decreasing P damages precision but im- 

proves recall. Conversely, increasing a benefits precision but leads to a drop in recall. 

This suggests that an increased sensitivity to hierarchy depth in the determination 

of the added concepts' weights wd favors precision. Therefore, the results confirm 

our expectations regarding the importance of hierarchy depth in the determination 

of edge distances. Moreover, the results support the assumption of a negative cor- 

relation between edge distance and hierarchy depth. The negative influence of ,f3 on 

precision, however, is surprising. It  indicates that a higher sensitivity to hierarchy 

density in the determination of the added concepts' weights wd damages precision. 

hierarchy 
separation 

baseline 

DepthDens 

InfoBased 

inter-concept 
measure combination 

d i s t e x t l  
(threshold=0.7) 

d i s t e x t l  

d i ~ t e z t l  

d i s t r a d a l  none 

d i s t j i a n g a  

d 2 s t j i a n g 4  

none 

pppp 

none 



Table 6.8: Precision of classification of test documents for different 
combinations of values of ,8 and a 

Table 6.9: Recall of classification of test documents for different 
combinations of values of ,8 and a 

Furthermore, it suggests that, contrary to our hypothesis, semantic distance between 

concepts is not negatively correlated to the density of the hierarchy. 

The influence of ,8 and a! values on normalized utility are shown in Table 6.10. 

Apart from one combination of values (5' = 1 and a = I), all combinations have a 

negative impact on normalized utility. However, there is no statistically significant 

difference between the DepthDens strategies and all the edge count baseline (one- 

tailed z-test for proportions with 0.05 significance level). 

Table 6.11 shows the results of the InfoBased method in comparison with the 

Table 6.10: Normalized utility of classification of test documents for 
different combinations of values of ,8 and a 



Table 6.11: Classification results with corpus information 

baseline method, There is no significant impact on precision, recall, and normalized 

utility (one-tailed z-test for proportions with 0.05 significance level). This suggests 

that the constant edge distance hypothesis gives a good approximation of distjiang4, 

a distance measure using corpus information to calculate edge distances. 

6.4 Tuning of the SVM C parameter 

Strategy 
baseline 

InfoBased 

In order to focus on comparing different MeSH-based document representations, 

we used the default settings of SVMzight for document classification in the previous 

evaluations. This included the automatic setting of parameter C, allowig trade-off 

between the training error and the classifier complexity, to the inverse of the square 

of the average of the norms of the training vectors xi (see Section 6.1.2). In this 

section we examine the benefits of tuning C manually on the training documents 

using 4-fold cross-validation. 

Recall 
0.8784 
0.8707 

Precision 
0.2107 
0.2101 

6.4.1 Non- hierarchical Representat ions 

Table 6.12 shows the result for the non-hierarchical representations with the manual 

tuning of C. The b letter next to the name of a non-hierarchical representation 

indicates a statistically significant difference with the binary representation (one- 

tailed z-test for proportions with 0.05 significance level). First of all, the binary 

representation is confirmed as the representation giving the best normalized utility 

(0.5874) of all the non-hierarchical representations. Second, the manual tuning of 

C improves the normalized utility by 21.8% (0.4824 to 0.5874) over the use of the 

automatic setting of C. Third and last, the normalized utility obtained here by the 

F-score 
0.3399 
0.3385 

Normalized Utility 
0.5793 
0.5730 



Table 6.12: Classification results for test documents for various 
MeSH-based representations with C tuning 

binary representation is higher than the normalized utility (0.5793) obtained by 

extending the representation with the all-combination method (see Table 6.2). Note 

that this extension method leads to an average document size of 500.8 concepts, 

much higher than the initial average size of binary, which is 20.6 concepts (see 

Table 6.3). Furthermore, the normalized utility obtained with binary after manual 

tuning of C is practically the same as the normalized utility of the 2005 track (0.5870, 

see Table 3.17). 

6.4.2 Hierarchical Represent at ions 

Next, we examine the impact of document extension on normalized utility using 

the all-combination method (see again Table 6.2) with the manual tuning of C. Ta- 

ble 6.13 shows the result for different extension threshold values. The b letter next 

to a threshold level indicates a statistically significant difference with the binary 

representation (one-tailed z-test for proportions with 0.05 significance level). The 

best normalized utility (0.5907) is obtained with a threshold value of 0.75, which 

correspond to an average document size of 45.7 concepts. This is an improvement 

over the automatic setting of C in terms of document size, as the best normalized 

utility was then obtained with a threshold value of 0.7 and an average document size 

of 500.8 concepts per document (see Table 6.3). However, the extended representa- 



Table 6.13: Document extension using all-combination method with 
C tuning 

tion only slightly improves on the binary representation, which gave a normalized 

utility of 0.5874 with the manual setting of C. This suggests that document exten- 

sion already corresponded to automatically determined value of C that optimized 

normalized utility. This could partly be explained by the influence of higher training 

document size on the automatic determination of C. 

6.5 Conclusion 

C 
(4-fold 
cross- 

validation) 
0.0085 
0.009 
0.007 

0.00725 
0.005 
0.004 

0.002125 

In this chapter we exanlined a set of hypotheses regarding the representation of 

MEDLINE documents with the MeSH ontology. A first set of hypotheses concerned 

the benefit of weighting concepts in MeSH-based document representations accord- 

ing to the MeSH field structure and the frequency of concepts in a corpus. A second 

set of hypotheses related to the impact of information contained in the MeSH hier- 

archy. The hypotheses were evaluated with the binary classification of MEDLINE 

documents. The classification task consisted of selecting articles likely to contain 

experimental evidence for the annotation of mouse genes with Gene Ontology con- 

cepts. 

The strategies using MeSH field information did not benefit the norinalised utility 

of the cla.ssification. Overall, the weighting methods increased precision as expected. 

However, they also reduced recall, which was an important factor in the utility of 

Doc Rep. Thres. Aver. Num. 
of Concepts 

per Docs 

20.6 
20.9 
45.7 
186.8 
500.8 

1242.5 
3406.4 

binary 
doc extension 
with 
all-combination 
method, 
no hierarchy 
separation 

1.0 
0.8 

0.75 
0.72 
0.7 

0.68 
0 . 6 5 ~  

Precision I 

0.2259 
0.2291 
0.2229 
0.2270 
0.2172 
0.2065 
0.1972 

Recall 

------- 
0.8533 
0.8398 
0.8649 
0.8243 
0.8571 
0.8340 
0.8745 

F-score 

0.3572 
0.3600 
0.3544 
0.3560 
0.3466 
0.3310 
0.3218 

' Norm. 
Utility 

0.5874 
0.5828 
0.5907 
0.5691 
0.5763 
0.5426 
0.5509 



the evaluation task. Discriminating concepts with collection information (TF*IDF) 

slightly increased precision but was too costly in terms of recall to impact posi- 

tively on the normalised utility. Moreover, the distinction policy between major 

and minor concepts had a surprising negative impact not only on recall but also on 

precision, contrary to our expectations. Finally, keeping the MeSH field associations 

between descriptors and qualifiers improved the precision but considerably damaged 

the recall. 

The use of the hierarchy to extend MeSH-based document representations was 

shown to increase the recall of the classification, thus confirming our main hierarchi- 

cal hypothesis. A normalized utility of 0.5793 was obtained with a simple concept 

selection method for document extension. The method scored candidate concepts 

with the average of their shortest path in terms of edge count to the concepts ini- 

tially contained in the document. A score threshold of 0.7 was used for adding new 

concept (see Table 6.3). 

Additional hypotheses regarding the separation of the MeSH hierarchy and the 

variation of edge distance in the hierarchy were evaluated. The hierarchy separation 

method based on relevance information for genomic topics was particularly use- 

ful and gave us our best result for normalized utility (0.5893). Overall, separating 

concepts from different areas of the hierarchy benefited precision, confirming our hy- 

pothesis. However, the evaluation of methods using hierarchy or corpus information 

to measure edge distance variation gave conflicting results. Increasing sensitivity to 

depth was shown to increase the precision of the classification, and our hypothesis, 

negatively correlating depth to edge distance, was confirmed. Inversely, increasing 

sensitivity to density was shown to increase the recall of the classification. This 

suggests, contrary to our hypothesis, that hierarchy density is positively correlated 

with edge distance in the MeSH hierarchy. In general, hierarchy information did not 

improve the normalized utility of the task. Finally, our method using corpus infor- 

mation to calculate edge distance obtained results similar to the baseline's, which 

assumes constant edge distance in the hierarchy. This could indicate a connection 



Table 6.14: Our best method in comparison with 2005 track's best 
and the "Mice" filter 

between the distribution of concepts in the corpus and the maintenance of the MeSH 

hierarchy. This connection, already identified and investigated in the past (Weinberg 

and Cunningham, 1985), remains to be examined on more recent data. 

To compare our method with the best result of the 2005 GO triage task, we 

determine a threshold t that maximizes normalized utility by 4-fold cross-validation 

on the training set. The representation extension is done with the all-combination 

method (see Table 6.2). A value t = 0.6975 is found to maximize normalized utility 

on the training set. Table 6.14 shows the results of the classification on the test doc- 

uments (t = 0.6975, all-combination extension method), as well as the results of the 

best approach for the runs submitted to the 2005 GO triage task (Niu et al., 2005). 

Additionally, the two strategies are compared with a simple "Mzce" filter method. 

In contrast with our approach, Niu et al. (2005) used the full-text of articles for doc- 

ument representation (see Section 3.3.3). Feature selection involved the comparison 

between term frequencies in domain-specific and domain-independent corpora. The 

"Mice" filter strategy selects as relevant documents containing the MeSH descriptor 

"Mice". Its high utility result compared to the two other approaches mentioned here 

reflects the importance of recall in the utility of this classification task. However, 

our method offers a way to trade precision for recall that is domain-independent and 

therefore could be used with other hierarchies and other classification tasks. 

Strategy 
t = 0.6975 

2005 track's best 
Mice filter 

Precision 
0.2041 
0.2122 
0.1889 

F-score 
0.3309 
0.3424 
0.3127 

Recall 
0.8745 
0.8861 
0.9093 

Normalized UtiIity 
0.5644 
0.5870 
0.5542 



Chapter 7 

Conclusion and Future Work 

7.1 Background 

This dissertation addressed the problem of MEDLINE document retrieval. The 

recent discoveries in new genes, with new technologies allowing the sequencing of 

entire genomes, have led to the tremendous growth of the biomedical literature (see 

Chapter 1). Despite the increasing availability of full journal articles on the Web, 

the MEDLINE database remains a point of entry for biologists (Hersh et al., 2004, 

2005). 

We suggested that the use of a medical ontology, the Medical Subject Head- 

ings (MeSH), could help to improve the retrieval of MEDLINE documents. MeSH 

concepts are used by human indexers to annotate the conceptual content of MED- 

LINE documents. In particular, we outlined the advantages of using standard terms 

to name concepts in order to compensate for the ambiguities of the free text used 

in research articles. Moreover, the semantic network of MeSH, giving information 

about relatioilships between concepts, was shown to provide useful information to  

compare MeSH concepts contained in documents. Consequently, we reviewed a set 

of measures which use semantic networks to calculate the similarity of concepts (see 

Chapter 2). 



Table 7.1: Contribution: MeSH-based document representation 

7.2 Thesis Statement 

We showed that current uses of MeSH-based document representations made little 

use of the information contained in the structure of MEDLINE MeSH fields and 

in the MeSH semantic network or hierarchy (see Chapter 3). In particular, we 

suggested the use of discriminative information in the MeSH fields, as well as the 

use of contextual information about concepts. Table 7.1 gives an overview of our 

contribution regarding the use of MeSH-based document representation. 

Our review of the related work regarding AdeSH-based representations led to two 

sets of hypotheses. The first set, called non-hierarchical llypotheses, used corpus and 

MeSH field illforination to toltenize and weight MeSH concepts in MEDLINE records, 

and aimed at improving retrieval precision. The second set, called hierarchical 

hypotheses, used corpus and MeSH hierarchy inforination to compare concepts, and 

Our Corrtributio~i 
- Descriptors and qndificrs are kept 
as minimal units. 
- Descriptor/qualifier associations 
are kept as minimal units. 

- A more aggressive dislinclion 
scheme is used. 
- The evaluation uses a larger 
collections for ad hoc retrieval and 
billary classification. 
- Extension with all related concepts: 
ancestors, descendants, siblings, 
cousins, etc ... 
- Weight of added concepts depends 
on their semantic distance to  the 
original document. 
- Hierarchy integration a t  indexing 
and retrieval time. 

Tolcenization 
Previous IVork 
- Only the relevant MeSH words 
are kept: 
Srinivasan (1996a). 
- Comma chosen as delimiter: 
Kraaij et al. (2004). 
- Descriptors and qualifiers as 
minimal units: 
Ontrup et al. (2003), 
Struble and Dharmanolla (2004). 

Concept 
Weighting 

Hierarchy 
Integration 

Distinction between major and 
minor themes: 
Shin and Han (2004). 

- Extension of query with 
descendent concepts: 
- Extension with ancestor 
concepts: 
Ontrup et al. (2003), 
Struble and Dharmanolla (2004), 
- Added concepts are given same 
weight as original concepts: 
PubMed, Ontrup et al. (2003). 
- Added concepts are given 
smaller but constant weights: 



with the main aim of improving retrieval recall (see Chapter 4). 

The non-hierarchical hypotheses were based on the weighting and tokenization 

of concepts contained in the MeSH fields of MEDLINE records. Weighting concepts 

provided a way to discriminate between important concepts and less important 

concepts for a document. The discriminative weights were either derived from the 

corpus distribution of the concepts (TF*IDF), or the MeSH field distinction between 

major and minor themes. The tokenization strategies for the MeSH fields, i.e. keep- 

ing associations or not between descriptors and qualifiers, allowed us to evaluate 

the impact of contextual information on precision. Overall, more discrimination 

between concepts and more context were expected to improve retrieval precision. 

Our main hierarchical hypothesis was that the comparison of concepts with the 

MeSH hierarchy would improve retrieval recall. The hierarchy allows us to calculate 

a semantic similarity between concepts, and consequently to increase the similarity 

between docun~ents containing non-identical but related concepts. The hierarchy 

information was integrated in two ways: 

1. at comparison time, when query concepts were compared to documents con- 

cepts, and 

2. at extension time, when document and query representations were extended 

with related concepts. 

To maximize recall, the different parts of the MeSH hierarchy were combined with 

the addition of artificial nodes "qualifier" and "MeSH" . 

Secondary hierarchical hypotheses were formulated about the combination of 

inter-concept similarities, the separation of the MeSH hierarchy, and the semantic 

distances represented by the hierarchy edges. 

Two methods were used for the combination of inter-concept similarities. The 

first, called all-combination, derived the similarity between queries and documents 

from the average of all possible inter-concept similarities. The second, called best- 

match-combination, derived the similarity between queries and documents from the 



best matches amongst inter-concept similarities. Our intuition was that best-match- 

combination would perform better than all-combination when hierarchy information 

was introduced at comparison time, and- that all-combination would perform better 

than best-match-combination when hierarchy information was introduced at exten- 

sion time. 

Hypotheses on the separation of the MeSH hierarchy aimed at restraining the 

use of the hierarchy for concept comparison in order to reduce noise and increase 

precision. The intuition was that the main parts of the hierarchy correspond to con- 

cepts that are too different to be compared. Three approach were used. The first, 

called HardSep, did not allow comparison of concepts located in different MeSH cat- 

egories (descriptor categories and the additional artificial "qualzfier" category). The 

second, called SoftSep, used relevance information on genomic topics to determine a 

list of un-relevant MeSH categories. Concepts from the un-relevant categories could 

not be compared to concepts from other categories. The third, called DescQualSep, 

did not allow comparison between descriptors and qualifiers. 

Hypotheses on the semantic distances represented by hierarchy edges were based 

on the intuition that semantic distances are negatively correlated with conceptual 

specificity and density. This intuition led to the calculation of hierarchy edge dis- 

tances either with hierarchy information (depth and density), or with corpus in- 

formation (concept distribution). The calculation of edge distance, as opposed to 

an approach assuming constant edge distance, was expected to reduce noise and 

increase retrieval precision. 

7.3 Evaluations 

Our hypotheses were evaluated in the context of ad hoc MEDLINE document re- 

trieval (see Chapter 5), and in the context of MEDLINE document classification 

(see Chapter 6). Table 7.2 gives an overview of our evaluation framework. 

The ad hoc retrieval evaluation used the TrecGen05 collection from the TREC 



Table 7.2 : Evaluation overview 

- 4.5 million MEDLINE records Kraaij et al. (2004). 
- Relevance judgments. - Text-based search with Terrier 

2005 Genomics track ad hoc task. The collection included 50 topics with their 

associated relevance judgements, and a subset of MEDLINE comprising 4,591,008 

records. 

The document classification evaluation used training and test documents with 

their respective relevance judgements from the TREC 2005 Genomics track GO 

(Gene Ontology) triage task. The triage task simulated one of the activities of the 

curators of the Mouse Genome Informatics (MGI) group (Eppig et al., 2005). MGI 

curators manually select biomedical documents that are likely to give experimental 

evidence for the annotation of mouse genes with one or more GO concepts. 

7.3.1 Experimental Set-ups 

For the ad hoc task, our hypotheses were evaluated with a post-retrieval combination 

of text and MeSH searches (see Figure 5.1). First, the text queries were derived from 

the 50 topics provided by the task. Second, the text queries were sent to the Terrier 

search engine1. The output of the text searches was used to generate MeSH queries 

by pseudo-relevance feedback. For each query, the top 5000 documents retrieved 

'http://ir.dcs.gla.ac.uk/terrier/ 



with the text search were given MeSH scores derived from the comparison of their 

MeSH-based vectors with the MeSH query vector. The text and MeSH scores were 

then combined (Equation 3.8), re-ranked, and the top 1000 were kept as the final 

output for the combined text and MeSH searches. 

For the GO triage task, we used the SVMlight software, an implementation of 

the Support Vector Machine method implemented by Joachims (1999). We used the 

default settings for the learning module (svm-learn) of SVMlight, as the automatic 

tuning of the software was shown to perform well for text categorization (Joachims, 

1998). Default settings included the use of a linear kernel, and the automatic de- 

termination of parameter C (trade-off between the training error and the classifier 

complexity). However, parameter j (cost-factor by which training errors on positive 

examples out-weight errors on negative examples) was set to 11, to  reflect the bias 

of the utility function (see Equation 3.11, Section 3.3.1). 

7.3.2 Results 

Non-hierarchical Hypotheses 

Tables 5.20 and 5.26 show the results for the evaluation our non-hierarchical hy- 

potheses with the ad hoc task. Table 6.1 show the results for the evaluation our 

non-hierarchical hypotheses with the classification task. 

First, we examined the results of the methods aiming at weighting of concepts 

with corpus information (TF*IDF), and with MeSH field information (MajMin). 

Results showed that the TF*IDF method had a negative impact on precision for 

the ad hoc task, and a limited impact on precision for the classification task. This 

is surprising as the distribution of free-text terms in a corpus is generally useful to 

discriminate between relevant terms and less relevant ones. For MajMin, results 

showed that increasing the discrimination leads to lower precision for the ad hoc 

and classification task. This is also counter-intuitive as giving more importance to 

the central themes of documents was expected to boost precision. We concluded 



that the minor themes might play an important part in distinguishing documents 

from each other. 

Second, we looked at the results of the DescQual methods that evaluated the 

impact of the contextual information contained in the MeSH fields. Keeping as- 

sociations between descriptors and qualifiers had a moderate negative impact on 

precision for the ad hoc task, and a moderate positive impact on precision for the 

classification task. This suggests that this approach is useful for classification but 

less so for ad hoc retrieval. 

For both the ad hoc and classification tasks, the baseline binary representation 

gave the best results. The best performance for the MeSH-only searches and the 

combined text and MeSH searches was obtained with the binary representation. 

Moreover, the binary representation led to the best normalized utility for the clas- 

sification task. 

Hierarchical Hypotheses 

Tables 6.3 and 6.4 show the results for the all-combination and best-match-combina- 

tion methods, respectively, for the classification task. Table 5.29 shows the results of 

both methods for the ad hoc task. The results support our hypothesis, which stated 

that all-combination performs better than best-match-combination for hierarchy in- 

tegration at extension time, and that best-match-combination performs better than 

all-combination for hierarchy integration at comparison time. 

Tables 5.31 and 6.6 show the results of the three hierarchy separation methods, 

HardSep, SoftSep, and DescQualSep, for the ad hoc and classification tasks, respec- 

tively. For the classification task, the results support our hypothesis, as all three 

separation methods increased precision. The increase in precision was highest when 

all MeSH categories were separated (HardSep). When only some categories judged 

lion-relevant to genomic topics were separated (SoftSep), the increase in precision 

was moderate. In contrast, the results for the ad hoc task provided little support 

for our hypothesis regarding hierarchy separation. All three methods significantly 



decreased both precision and recall for the MeSH-only searches. The performance 

was damaged the most when all the MeSH categories were separated. 

Tables 5.33 and 5.34 show the results of the DepthDens method for the ad hoc 

task. Tables 6.8, 6.9 and 6.10 show the results of the DepthDens method for the 

classification task. For the ad hoc task, moderate sensitivity to hierarchy density 

(p = 0.75, 0.5) slightly improved the precision of the MeSH-only searches. For the 

classification task, increasing the sensitivity to hierarchy depth ( a  = 1, 2) increased 

precision and decreased recall. The last two observations were in line with our 

hypothesis regarding the calculation of edge distances in the hierarchy. However, 

increased sensitivity to hierarchy density decreased precision and increased recall 

for the classification task. Additionally, increased sensitivity to  depth decreased the 

precision of the MeSH-only searches. The last two observations were in contradiction 

with our hypothesis. Overall, hierarchy information, such as depth and density, was 

shown not to be reliable for the calculation of hierarchy edge distances in search for 

higher retrieval precision. 

Tables 5.35 and 6.11 show the results of the InfoBased method for the ad hoc 

and classification tasks, respectively. For the ad hoc task, InfoBased had a signifi- 

cant positive impact on both the precision and the recall of the MeSH-only searches. 

However, Infobased had no impact on performance for the classification task in com- 

parison with the baseline, a method assuming constant hierarchy distance. The first 

observation suggested that corpus information is useful to calculate edge distances 

that favor retrieval precision, but the second suggested that assuming constant hi- 

erarchy edge distance is a good approximation of the edge distances calculated with 

corpus inforination by InfoBased. 

Our inail1 hierarchical hypothesis was that the introduction of the hierarchy 

would boost recall. For the classification task, the results (see Table 6.3) confirmed 

that using the hierarchy to extend the documeilt representations had a positive 

impact on recall with the automatic tuning of the SvMLight classifier. For the ad hoc 

task however, no evidence was obtained to support our main hierarchical hypothesis. 



Results (see Table 5.36) showed that even the best-performing method integrating 

the hierarchy, InfoBased, had little impact on the recall of a baseline method, using 

the Cosine measure to compare binary representations, for the MeSH-only searches. 

Furthermore, after combination with text searches, InfoBased yielded a significantly 

lower recall than the baseline (see Table 5.37). 

7.4 Future Directions 

7.4.1 Hierarchy Integration 

In this dissertation, two methods were used to evaluate the integration of the hi- 

erarchy: integration at comparison time, and integration at extension time (see 

Section 4.2.1). The first method was evaluated with ad hoc retrieval, whereas the 

second was evaluated with document classification. Hierarchy integration was ben- 

eficial for classification but not for ad hoc retrieval, which suggests that the two 

integration methods need to be compared. In future work, we plan to evaluate the 

two methods in the same evaluation framework. 

7.4.2 Fusion Effectiveness 

Results showed that the effectiveness of the combination of text and MeSH searches 

vary according to the MeSH representation used (Tables 5.20, 5.26, 5.35, 5.36, and 

5.37). Several hypotheses exist to determine the conditions leading to a successful 

fusion (Lee, 1997; Beitzel et al., 2004). In future work, we want to examine these 

hypotheses in the context of the post-retrieval text and MeSH combination method 

(see Section 5.1.3). 

7.4.3 Growing Use of f i l l  Text 

This dissertation focused on the biomedical literature available in the MEDLINE 

format: the free-text is limited to titles and abstracts, although some structured 



information is also provided (MeSH fields, for example). The use of the MEDLINE 

format was motivated by the use of MEDLINE as a entry point to biomedical infor- 

mation, despite the growing availability of full-text article on the Web (Hersh et al., 

2004). Nonetheless, the increase of full-text availability can not be ignored and the 

benefits of using full text for biomedical information retrieval is of great interest. 

Cohen et al. (2005) already examined the impact of the use of free-text on bi- 

nary classification. Free-text did not improve on the use of titles and abstract for 

the particular GO triage task used in this dissertation. However, it was shown 

to be beneficial for other binary classification task, provided that text processing 

techniques such as stemming and stop-words removal were used. 

In 2006, the TREC Genomics2 track moved towards the use of full-text, reflecting 

the interest of the biomedical information retrieval research community. In partic- 

ular, the task involved the retrieval of short passages relevant to 28 topics from a 

collection of 162,259 full-text articles. Passage retrieval proved to be a challenge for 

the 2006 participants, but better results were obtained for document retrieval (Hersh 

et al., 2006). For the 2007 task, the same collection of full-text articles is used with 

new topics. 

7.4.4 MeSH hierarchy 

Some of our hierarchical hypotheses included separating the combined MeSH hierar- 

chy for the comparison of concepts (see Section 4.2.2). The idea was to discriminate 

between categories, either assuming that they correspond to separate orthogonal 

conceptual areas (Hardstop, DescQualSe~), or by evaluating their level of relevance 

to our topics of interest (Softstop). In the future we want to evaluate the relevance 

of each category by gradually increasing the distance between a category and the 

others. Similarly to the way an artificial "qualzjier" node was added to combine the 

shallow qualifier categories before integrating them to the combined MeSH hierar- 

chy, additional nodes could be added between the root node of a category and the 

21~ttp://ir.ohsu.edu/genomics/, last accessed on 24 May 2007, 



artificial "MeSH" root node. 

The inter-concept semantic measures used in this dissertation relied on the short- 

est path between two concepts in the hierarchy. This path was determined by the 

existence of a common ancestor node for the concepts (see Section 2.2.1). The 

closer the common ancestor, the shorter the path between two concepts will be. 

As concepts in the MeSH hierarchy can have several parents, concepts can also 

have cornillon descendants. In future work we will investigate the use of common 

descendants to determine the shortest path between two concepts. 

The use of corpus information to determine the hierarchy edge distances (Info- 

Based) had a positive impact on the performance of the MeSH-only ad hoc retrieval 

(Table 5.35). However, no impact was observed when InfoBased was used for docu- 

ment classification (Table 6.11). This suggested a possible connection between the 

concept frequencies in the corpus and the structure and building of the MeSH hi- 

erarchy. Weinberg and Cunningham (1985) shows that the process of adding more 

specific descriptors, although based on human intuition, depends on statistical ob- 

servation of the biomedical literature and its search. Specifically, the high collection 

frequency of a MeSH concept triggers a process that can lead to the addition of a 

more specific child concept. Whether this trend would be coilfirmed by more recent 

data is an interesting subject of investigation. 

7.4.5 Topic Identification 

An important part of information retrieval is the identification of topics in the 

literature. The idea is to filter the overwhelming mass of information to select 

documents which are broadly relevant to one or several topics of interest. It can also 

be motivated by the creation of new hypotheses based on the connections discovered 

between several topics (Hearst, 1999; Shatkay and Feldman, 2003). Previous work 

has already involved the use of MeSH-based representations to identify topics in 

the literature (Struble and Dharmanolla, 2004; Srinivasan, 2001; Srinivasan and 

Rindflesch, 2002; Srinivasan, 2003). I11 the future we plan to evaluate the hypotheses 



and methods presented in this dissertation in the context of topic identification in 

the biomedical literature. 
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Appendix A 

Relevance Informat ion for the Ad 

Hoc Task 



Table A.l:  Relevant documents for 2004 topics 

topic 
I 
2 1264 1 1163 101 -- 

1189 1008 181 

total judgements 
879 

non-relevant docs [ relevant c1oC-S 
800 79 



Table A.2: 2005 topics as narratives 

topic nomtiww - 

Umcriho the procech~rc or mctt~ocls rar: 
100 - how to "open up" a cell through a process called "electroporation." 
101 - exact reactions that take place when you do glutathione S-transfcrase (GST) cleavage 

during affinity chromatography. 
102 - different quantities of different components to  use when pouring a gel to make it morc 

or less porous. 
103 - green fluorescent protein (GFP) tagged proteins to do experiments with tagged proteins. 
104 - how to do a microsomal budding assay, i.c., budding of vesicles from microsomes in vitro. 
105 - purification of rat IgM. 
106 - chromatin IP (Immuno Precipitations) to isolate proteins that are bound to DNA in order 

to  precipitate the proteins out of the DNA. 
107 - normalization procedures that  are used for microa~ray data. 
108 - identifying in vivo protein-protcin interactions in time and space in the living cell. 
109 - Auorogenic 5'-nuclease =my. 

Prnviclc ir~fonllation  bout the talc nf LIE gene: 
110 - Interferon-beta in the disease Multiple Sclerosis. 
111 - PRNP in the disease Mad Cow Disease. 
112 - IDE gene in the disease Alzheimer's Disease. 
113 - MMS2 in the disease Cancer. 
114 - APC (adenomatous polyposis coli) in the disease Colon Cancer. 
115 - Nurr-77 in the disease Parkinson's Disease. 
116 - Insulin rcecptor gene in the disease Cancer. 
117 - Apolipoprotc~n E (ApoE) in the disease Alzheimer's Disease. 
118 - Translorming growth hclor-beta1 (TGF-betal) in the disease Cerebral Amyloid 

Angiopathy (CAA). 
GSTMl in the disease Breast Cancer. 

T o v  i d c r  
120 - nucleoside diphosphate kinase (NM23) in the process of tumor progression. 
121 - BARD1 in the process of BRCAl regulation. 
122 - APC (adenomatous polyposis coli) in the process of actin assembly. 
123 - COP2 in the process of transport of CFTR out of the endoplasmic reticulum. 
124 - casein kinase I1 in the process of ribosome assembly. 
125 - Nurr-77 in the process of preventing auto-immunity by deleting reactive T-cells before 

126 
127 
128 

129 

130 
131 
132 
133 

134 
135 
136 
137 
138 
139 - 
140 
141 
142 
143 
144 
145 
146 
147 
148 

149 

they migrate to  the spleen or the lymph nodes. 
- P53 in the process of apoptosis. 
- alpha7 nicotinic receptor subunit gene in the  process of ethanol metabolism. 
- gamma-aminobutyric acid receptors (GABABRs) in the process of inhibitory synaptic 
transmission. 
- Interferon-bcta in the prom of viral entry into host cell. 
Providr: infurmnllon about the genes: 
- BRCAl regulation of ubiquitin in cancer. 
- L1 and L2 in the H P V l l  virus in the role of L2 in the viral capsid. 
- APC (adenomatous polyposis coli) and wnt in colon cancer. 
- phospholipase A2 (PLA2) and SARl in Endoplasmic reticulum transport (i.c. vesicle budding 
from thc ER). 
- CFTR and Sec61 in degradation of CFTRwhich leads to cystic fibrosis. 
- Bop and Pes in cell growth. 
- alpha7 nicotinic receptor gene and ApoE gene in the ncurotoxic effects of ethanol. 
- Insulin-like G F  and insulin receptor gene in the function in skin. 
- HNF4 and COUP-TF I in thc suppression in the function of the liver. 
- Ret and GDNF in kidney dt?w!opmcnt. 
I'ravidc ir~forlnnf,ion abo~:L: 
- BRCAl 185delAG mutation and itsltheir role in ovarian cancer. 
- Iluntinflin ~nutatiom nnd its/their role in Huntington's Disease. 
- Sonic liwlgciiug mt~lnlions and its/their role in developmental disorders. 
- klutrltins~s of NhPYJ nr~rl itslthcir impact on tracheal development. 
- Mutations in metazoan Pes and itsltheir effect on cell growth. 
- Mutations of l~ypoclctin reccptor 2 and its/tlleir role in narcolepsy. 
- Mutations of pm:ni l in-1  g c ~ ~ c  and ita/i,ljeir I~iologicnE inlpnct in Alzheimer's disease. 
- Mutations of alplta7 1rACllR gcnc and its/their hiolcgicnl impact in alcoholism. 
- WIutation of farnilin1 Iit?miplegic migrainr: Lypc 1 (F1iMl) nlld its/their neuronal Ca2+ influx 
in hippocampal neurons. 
- Mutations of the alpha 6GABAA receptor and its/thrir ilnpactct on behavior. 



Table A.3: 2005 topics as basic narratives 

topic: I 
100 
101 

102 

103 
104 
105 
106 

107 
108 
109 
110 
111 
112 
113 
114 
115 
116 
117 
118 
119 
120 
121 
122 
123 
124 
125 

126 
127 
128 

129 
130 
131 
132 
133 

134 
135 
136 
137 
138 
139 
140 
141 
142 
143 
144 
145 
146 
147 
148 

149 

narmliurs 
- how to "open up" a ccll througl~ a process catlcd "clcctroporntion." 
- exact reactions that take place when you do glutathione S-transferase (GST) cleavage 
during affinity chromatography. 
- different quantities of different components to use when pouring a gel to  makc it more 
or less porous. 
- green fluorescent protein (GFP) tagged proteins to do experiments with tagged proteins. 
- how to  do a microsomal budding assay, LC., budding of vesicles from microsomcs in vitro. 
- purification of rat  IgM. 
- chromatin IP  (Immuno Precipitations) to  isolate proteins that  are bound to DNA in order 
to precipitate the proteins out of thc DNA. 
- normalization procedures that  are used for microarray data. 
- identifying in vivo protein-protein interactions in time and space in thc living cell. 
- fluotogmic 5'-nuclease ai%ay. - Interfcro~i-hctn Multiptc Sclerosis. 
- PRNP Mad Cow Disease. 
- IDE gene Alzheimer's Disease. 
- MMS2 Cancer. 
- APC (adenomatous polyposis coli) Colon Cancer. 
- Nurr-77 Parkinson's Disease. 
- Insulin receptor gene Cancer. 
- Apolipoprotein E (ApoE) Alzheimer's Disease. 
- Transforming growth factor-bctal (TGF-betal) Cerebral Amyloid Angiopathy (CAA). 
GSTMl in the disease Breast Cancer. 
- nuclmnide diphmpllntc k i t t w  (NM23) in the process or tumor provaion. 
- BARD1 in the process of I3lECA1 regulation. 
- APC (~dcno~nstous p01ypmk coli) in the process of actin assembly. 
- COP2 in Z h r :  process or transport of CFTR out of the endoplasmic reticulum. 
- casein kinase I1 in the process of ribosome assembly. 
- Nurr-77 in the process of preventing auto-immunity by deleting reactive T-cells before 
they migrate to  the spleen or the lymph nodes. 
- P53 in the process of apoptosis. 
- alpha7 nicotinic receptor subunit gene in the process of ethanol metabolism. 
- gamma-aminobutyric acid receptors (GABABRs) in the process of inhibitory synaptic 
transmission. 
- Interferon-beta in the proccss of viral entry into host cell. 
- BRCAI regulation of ul~icluitii~ in cancer. 
- L1 and L2 in the H P V l l  virus in the role of L2 in thc viral capsid. 
- APC (adcnomatous polyposis coli) and wnt in colon cancer. 
- phospholipase A2 (PLAZ) and SARl in Endoplasmic reticulum transport (LC. vesicle budding 
from the ER). 
- CFTR and SecGl in degradation of CFTRwhich leads to cystic fibrosis. 
- Bop and Pes in cell growth. 
- alpha7 nicotinic receptor gene and ApoE gene in the neurotoxic effects of ethanol. 
- Insulin-like G F  and insulin rcceptor genc in the function in skin. 
- HNF4 and COUP-TF I in the suppression in the function of the liver. 
- Ret and GDNF in kidncy dweloprnont. 
- BflChl 18JctetRC: nlt~tation rule in arxrlnn cancer. 
- Huntingtin mutations role in Huntington's Disease. 
- Sonic hedgchog mutations role in developmental disorders. 
- Mutations of NM23 impact on tracheal development. 
- Mutations in metazoan Pes effect on cell growth. 
- Mutations of 11ypbcrctin mccptor 2 role in narcolepsy. 
- Mutations of prwnil in-l  gone l~iolagical impncl in Alzheimer's discase. 
- Mutations of xlphn7 nACIt1I gelre biological impact in alcoholism. 
- Mutation of fnmliinl 11mniplcgir: rnijitnitrc type J (FHM1) neuronal Ca2+ influx in hippocampal 
neurons. 
- Mutations of the nlplln 4-GABAA receptor i imp~ct on behavior. 



Table A.4: Relevant documents for 2005 topics 



Appendix B 

Randomization Tests for the Ad 

Hoc Task 



Table B.l: InL2 runs, basic narratives vs. narratives. Number of 
iteration: 100000, significance level: 0.05 

Table B.2: DRF runs, basic narratives vs. narratives. Number of 
iteration: 100000, significance level: 0.05 

I 

Table B.3: TFIDF and BM25 runs, basic narratives vs. narratives, 
Number of iteration: 100000, significance level: 0.05 

c values 
0.5 

c values 
0.5 
1.0 
1.5 
2.0 

1 2.5 
3.0 
3.5 
4.0 
4.5 
5.0 
5.5 
6.0 

Model Significant Difference 
TFIDF none 
BM25 Basic narratives > Narratives 1 

Significant Difference 
Basic narratives > Narratives 

1.0 
1.5 
2.0 
2.5 
3.0 
3.5 
4.0 
4.5 
5.0 
5.5 
6.0 

Significant Difference 
none 
none 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 

Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 
Basic narratives > Narratives 



Table 73.4: I3B2 runs, basic narratjva,s vs. narratives. Number of 
iteration: 100000, significmce level: 0.05 

Table 13.5: I d 2  vs. TFlDF and DM25 (basic narratives. Number 
of iteration: 100000, significance 1 ~ ~ 1 :  0.05 

c values 
0,s 
I,O 
1.5 
2.0 
2,5 
3.0 
3.5 
4.0 

Significant Difference 
none 
none 
none 
none 
none 
none 
none 
none 

0 

4.5 
5.0 
5.5 

0.5 

1.0 

1.5 

none 
none 
none 

BM25 > InL2 
TFIDF > TnL2 
IllL2 > I3NI2ti 
TnL2 > TFIDF 
h L 2  > BM25 
h L 2  > TFIDF 

6.0 

2,O 

2.5 

3.0 

3.5 

4.0 
4.5 
5.0 
5.5 
6.0 

none 

TnL2 > DM25 
TnL2 > TFIDF 
InL2 > BM25 
InL2 > TFIDF 
InL2 > BRrI25 
lrlL2 > TFIDF 
111L2 > BM25 
InL2 > TPIDF 
InL2 > BM25 
110lle 

nonc 
]lone 
none 



Table B.6: DFR BM25 m. TFIDF ~ n r l  DM25 (bmic nmrativ~s. 
Number of iteration: 100000, significance level: 0.05 

c values 
0.5 

1.0 

1.5 

2.0 

2.5 

3.0 

3.5 

4.0 

5.0 

5.5 
6.0 

Significant Difference 
DM25 > DFR. BM25 
TFIDF > DFR DM25 
DFR EM25 > BM25 
DFR BM25 > TFIDF 
DFR BM25 > BM25 
DFR DM25 > TFlDF 
DFR BM25 > I3M25 
DFR I3M25 > TFIDF 
DPR DM25 > DM25 
DFR BM25 > TFIDF 
DFR DM25 > DM25 
DFR EM25 > TFTDF 
DFR EM25 > DM25 
DFR DM25 > TFTDF 
DFR. BM25 > DM25 
DFR EM25 > TFIDF 
DFR DM25 > DM25 
DFR BM25 > TFIDF 
DPR BM25 r Bhr125 
none 

- 



Table 23.7: 13132 vs. TFIDF rtnd BM25 (basic narrativm. Number 
of itcratien: 100000, significance level: 0.05 

Table 13.8: Comparison ol BB2, InL2, DRF BM25 models with ba- 
sic nartativcs. Nurnh~r  of iteration: 100000, significance 
level: 0.05 

c values 
0.5 

l..O 

Significant Difference 
DM25 > BB2 
TITIDF > I3B2 
none 

0.5 inC2 > DFR DM25 

1.5 
2.0 

2.5 

3.0 

3.5 

4.0 

1.0 
1.5 
2.0 
2.5 
3.0 
3.5 
4.0 
4.5 
5.0 
5.5 
6.0 

none 
J3B2 > DM25 
BB2 > TFIDF 
Bl32 > DM25 
BI32 > TFlDF 
B132 > BM25 
BB2 > TFIDF 
13132 > 13h125 
13732 > TFIDF 
I3132 > BM25 
BB2 > TFIDP 

InL2>DFRJ3M25 
InL2 > DFR DM25 
InL2 > DFR BRC25 
none 
nonc 
lioile 
none 
none 
none 
DFR. BM25 > TnE2 
DFR BM25 > InL2 

5.0 

5.5 

6.0 

BB2 > BM25 
13132 > TFIDF 
J3B2 > 13M25 
BB2 > TFXDF 
BI32 > DM25 
I3B2 > TFIDF 





T~llnIe B. 12: MeSH repressentatiom (av. P@ 10). McSB queries gem 
ersted from rel. docs, N~unber wf iteration: 100000, 
significance fcwk 0,05 

' Significa~it Difference 
11inm-y > mqjhrIin5 
descQua1 > TFIDF 
majMin2 > mnjMin4 
inajMia2 > majMin5 
rna,jR/lin3 > majMin4 
rrtajMin3 > mnjMin5 
descQrtal > majMin4 
descQunl > majMin5 

Table B. 13; MeSH reprmentatims (MAP}. MeSB queries genctated 
ham rel. docs. Ntirnber of iteration: 100000, signifi- 
cmce level: 0.05 

Significant 33 ifference 
1)inwy > TFIDF 
binary > majMin4 
binary > mnjMin5 
clescQud > binary 
dc~cQua1 > TFZDF 
rnxjhtiin2 > majMin3 
majMin2 > mnjMin4 
mn.jMii12 > majMin5 
rnajh4in3 > mn.jMin4 
innjMin3 > rnnihIin5 
descQun1 > mqiMin3 
1nnjhlin4 > mnjMin5 
dmcQiral > maj Mi114 
dcscQunl > majMin5 



T&le B.14: MeSH representations (av. recalI) . MeSH queries gen- 
erated froill rd. docs. Number of iteration: 100000, 
sigliificnnce level: 0.05 

Signli ficnnt Diifcrcncc 
bjilnry > TFIDF 
majMin2 > TFIDF 
ma,jMh13 > TFIDF 
mnjMin2 > majMin3 
majMin2 > majMin4 
m ~ j M i n 2  > majMin5 
majMin3 > rnajMin4 
rnajMin3 > rnajMin5 



Table B.15: Text alone and text+McSH combin~~titions (av. Polo). 
N ~ m l ~ e r  of iteration: 100000, significance level: 0,05 

Significant Difference 
trxt+TFIDF > text 
text+Binary > t~xt  
text+TFIDF > text+descQual 
text+ binary > text+descQnal 

1 text+binary > text+majMin2 
text+binary > t~xt+rnqiMin3 
l;ext+hinwy > t~lxt+mn,j Mind 

Table n.16: Tcxt alone ~ n d  text+MeSH co~nbiilations (MAP). Mum- 
bcr of iteration: 100000, significance level: 0.05 

Signifi~n~i~t Di ff ereilce 
text+binnry > text 
text+majMin2 > text 
tcxt+bin~ry > text+Tl?TDF 
text-tbinary > trcxt+mnjMh3 
text +binary > text fmaj Mind 
text+binary > t&f mnjMin5 
tex t tb inuy  > texti-cI~scQu~1 
textfmajMin2 > tc;xt+TFIDF 
text+nmjMin2 > t~xt+rnn,iMinS 
text+mnjAIin2 > ~;mt+majh/ljn$ 
text+rnnjMin2 > t,ext+rna,jMin[i 
text+nmjMin2 > twt+descQunl 
tcxc?xt+mqjMin3 > t~xttrnnjMir14 
tcxt+majMin3 > text f-mrtjMjn5 
text+rnajMin4 > tcxt+majMinS 



Table B. 17: Text alone and text+MeSH combinations (av. recall). 
Num. of iteration: 100000, signif. level: 0.05 

Significant Difference 
~ ~ X ~ + T F I D F  > text 
text+binary > text 
text+descQual > text 
text+majMin2 > text 
text+binary > text+descQual 
text+binary > text+majMin2 
text+binary > text+majMin3 
text+binary > text+maj Min4 
text+binary > text+majMin5 
text+majMin2 > text+majMin3 
text+majMin2 > text+majMin4 
text+majMin2 > text+majMin5 
text+majMin3 > text+majMin5 
text+majMin4 > text+majMin5 ' 

Table B.18: Separation policies versus baseline (av. P@10), MeSH 
alone. Num. of iteration: 100000, signif. level: 0.05 

Significant Difference 
baseline > descQualSep 
descQualSep > hardSep 
baseline > hardSep 
baseline > softSep 
softSep > hardSep 

Table B.19: Separation policies versus baseline (MAP), MeSH alone. 
Num. of iteration: 100000, signif. level: 0.05 

Significant Difference 
baseline > descQualSep - 
baseline > HardSep 
baseline > SoftSep 
descQualSep > HardSep 
descQualSep > SoftSep 
SoftSep > HardSep 



Table 13.20: Separation policies versus baseline (nv. recall), MGSH 
alone. Nul~zber of iteration: 100000, sigllificance level: 
0.05 

Significant Difkrence 
baseline > dmcQudScp 
descQua2Scp hxdScp 
descQua1Sep > soRSep 
baseline > 11mdSep 
baseline > softSep 
softsap > 11ardSep 

Table 13.21 : Separntion policies versus basclii~c (MAP), text+M&H 
combinations. Number of iteration: 100000, signifi- 
cance level: 0.05 

Tnlrle IX22: Sepmation policies versus baseline (av. recall), 
text+MeSH combjnations. Number of it,erELtion: 
100000, significance level: 0.05 



Table B.23: DepthDens runs vs. baseline (av. PQlO), MeSH alone. 
Number of iteration: 100000, significance level: 0.05 

Table B.24: DepthDens runs vs. baseline (MAP), MeSH alone. 
Number of iteration: 100000, significance level: 0.05 

' Significant Difference 
baseline (1, 0) > 0.75, 0 
baseline (1, 0) > 0.5, 0 
baseline (1, 0) > 0.25, 0 
base l ine (1 ,0 )>1 ,1  
baseline (1, 0) > 0.75, 1 
baseline (1, 0) > 0.5, 1 
baseline (1, 0) > 0.25, 1 
baseline (1, 0) > 1, 2 

I baseline (1, 0) > 0.75, 2 
I baseline (1, 0) > 0.5, 2 
baseline (1, 0) > 0.25, 2 
0.75, 0 > 0.25, 0 
0.75, 0 > 0.25, 1 
0.75, 0 > 0.5, 2 

Significant Difference 
0.75, 0 > 0.25, 2 
0.5, 0 > 0.25, 1 
0.5, 0 > 0.25, 2 
1 , 1 > 0 . 2 5 , 1  
1, 1 > 0.5, 2 
1, 1 > 0.25, 2 
0.75, 1 > 0.25, 1 
0.75, 1 > 0.5, 2 
0.75, 1 > 0.25, 2 
0.5, 1 > 0.25, 1 
0.5, 1 > 0.25, 2 
1, 2 > 0.25, 1 
0.75, 2 > 0.25, 1 
0.75, 2 > 0.25, 2 

Significant Difference 
baseline (1, 0) > 1, 1 
baseline (1, 0) > 0.75, 1 
baseline (1, 0) > 0.25, 1 
baseline (1, 0) > 1, 2 
baseline (1, 0) > 0.75, 2 
baseline (1, 0) > 0.5, 2 
baseline (1, 0) > 0.25, 2 
0.75, 0 > 1, 1 
0.75, 0 > 0.75, 1 
0.75, 0 > 0.25, 1 
0.75, 0 > 1, 2 
0.75, 0 > 0.75, 2 
0.75, 0 > 0.5, 2 
0.75, 0 > 0.25, 2 
0.5, 0 > 0.25, 0 
0.5, 0 > 0.75, 1 
0.5, 0 > 0.25, 1 
0.5, 0 > 1, 2 
0.5, 0 > 0.75, 2 - 

Significant Difference 
0.5, 0 > 0.5, 2 
0.5, 0 > 0.25, 2 
0.25, 0 > 0.25, 1 
0.25, 0 > 0.5, 2 
0.25, 0 > 0.25, 2 
1, 1 > 1, 2 
1, 1 > 0.75, 2 
1, 1 > 0.5, 2 
1, 1 > 0.25, 2 
0.75, 1 > 1, 2 
0.75, 1 > 0.75, 2 
0.75, 1 > 0.5, 2 
0.75, 1 > 0.25, 2 
0.5, 1 > 0.25, 1 
0.5, 1 > 1, 2 
0.5, 1 > 0.75, 2 
0.5, 1 > 0.5, 2 
0.5, 1 > 0.25, 2 



Tdsle 13.25: DcpthDens runs vs. baseline (av. recall), MeSR done. 
Number of iteration: 100000, significance level: 0.05 

Significant Difference 
basclinc ( 1 , O )  >0.5,0 
baseljne ( 1 , O )  > 0.25,O 
b a s e l i n e ( l , O $ > l , l  
Laseline (1, 0) > 0.75, 1 
basdine (1,O) >0,5, 1 
baseline (1, 0) > 0,25, 1 
baseline {I, 0) > 1, 2 
haselinc(1,0)>0.75,2 
baseline(I,O)>O.S,Z 
baseline (1, 0) > 0.25, 2 
0.75, 0 > 0.5, 0 
0.75, 0 > 0.25, 0 
0.75, 0 > 1, I 
0.75, 0 > 0.75, 1 
0.75, 0 > 0.5, 1 
0.75, 0 > 0.25, 1 
0.75, 0 > 1, 2 
0.75, 0 > 0.75, 2 
0.75, 0 > 0.5, 2 
0.75, 0 > 0.25, 2 
0.5, 0 > 0.25, 0 
0.5, 0 > 0.5, 1 
0.5, 0 > 0.25, 1 
0.5, 0 > 1, 2 

Significant Dif'Cr~11ce 
0.5,0>0.75,2 
0.5,O > 0.5,2 
0.5,0>0.25,2 
1, 1 > 0.25, 0 
0,75, 1 >0.25,0 
1, 1 > 0.75, 1 
1, 1 > 0.5, 1 
1,1>0.25,1 
1 , 1 > 1 , 2  
1, 1 > 0.75, 2 
1, 1 > 0.5, 2 
1, 1 > 0.25, 2 
0.75, 1 > 0.5, 1 
0.75, 1 > 0.25, 1 
0.75, 1 > 1, 2 
0.75, 1 > 0.75, 2 
0.75, 1 > 0.5, 2 
0,75, 1 > 0.25, 2 
0.5, 1 > 0.25, 1 
0.5, l > 1, 2 
0.5, 1 > 0.75, 2 
0.5, 1 > 0.5, 2 
0.5, 1 > 0.25, 2 
0.25, 1 > 0.25, 2 



Table B.26: DepthDens n~ns vs. baselint: (av. P@lO}, text+MeSH. 
Number of iteratioil: 100000, significance level: 0.05 

Significant Difference 
baseline (I, 0) > 0,75, 0 
hn~cl ine(1 ,0)>0.5 ,0  
bascline (1, 0) > 0.25, 0 
baseline (1,Q) > 0.75, 1 
ba~el inc(1 ,0)>0.5 ,1  
baseline (I, 0) > 0-25, 1. 
I3aseline (1, 0) > 0.75, 2 
baseline (1, 0) > 0 3 ,  2 
baseline (1, 0) > 0.25, 2 
1, 1 > 0.75, 0 
1, 2 > 0.75, 0 
1, 2 > 0.5, 0 
1, 2 > 0.5, 0 

Sigilificnnt Difference 
1, 2 > 0.25, 0 
1,1>0.75,1 
1, 1 > 0.5, 1 
1, 1 > 0.25, 1 
1,1>0.75,2 
1, 1 > 03, 2 
1, 1 > 0.25, 2 
1, 2 > 0.75, 1 
1, 2 > 0.6, 1 
1, 2 > 0.25, 1 
1, 2 > 0,75, 2 
1, 2 > 0.5, 2 
1, 2 > 0.25, 2 

1, 1 > 0.25, 0 



Table 13.27: DepthDens runs vs, 11aseIine (MAP), text+NIeSI-I. 
Nnmber of iterntion: 100000, significance level: 0.05 

Significant D iffercncc I 
bascline (1, 0) > 0.75, O 
baseline (1, 0) > 0.5, 0 
baseline (1, 0) > 0.25, 0 
baseline (I,  0) > 0.75, 1 
baseline {I, 0) > 0.5, 1 
baseline (I., 0) > 0,25, 1 
baseline (I, 0) > 0.75, 2 
baselinc(1,0)>0.5,2 
baseline ( I ,@ > 0.25,2 
0.75, 0 > 0.5, 0 
0.75, 0 > 0.25, 0 
1, 1 , 0.75, 0 
0.75, 0 > 0.5, Z 
0.75, 0 > 0.25, 1 
0.75, 0 > 0.5, 2 
0.75, 0 > 0.25, 2 
0.5, 0 > 0.25, 0 
1, I > 0.5, 0 
0.75, 1 > 0.5, 0 
0.5, 1 > 0,5, 0 
0.5, 0 > 0.25, 1 
1, 2 > 0.5, 0 

Significant Difhrence 
1, 2 > 0.25, 0 
0.75, 2 > 0.25, 0 
0.5, 2 > 025, 0 
0.25, 2 > 0,25, 0 
I, 1 > 0.75, 1 
1, 1 > 0.5, 1 
1, 1 > 0.2S, 1 
1 , 1 > @ . 7 5 , 2  
1, 1 > 0.5,2 
1, 1 > 0.25, 2 
0.75, 1 > 0.5, 1 
0.75, 1 > 0.25, 1 
0.75, 1 > 0.5, 2 
0.75, 1 > 0.25, 2 
0,5, 1 r 0.25, 1 
1, 2 > 0,5, 1 
0.75, 2 > 0.5, 1 
0.5, 1 > 0.25, 2 
1, 2 > 0.25, 1 
0.75, 2 > 0.25, 1 
0.5, 2 > 0.25, 1 
1, 2 > 0.75, 2 

0.75, 2 > 0.5, 0 1, 2 > 0.5, 2 
0.5, 0 > 0.25, 2 1, 2 > 0.25, 2 
I, 1 > 0.25, 0 0.75, 2 > 0-5, 2 
0.75, 1 0.25, 0 0.75, 2 > 0.25, 2 
0.5, 1 > 0.25, 0 0.5, 2 > 0.25, 2 
0.25, 1 > 0,25, 0 



Table B.28: DepthDens runs vs. baseline (av. recall), text+MeSH. 
Number of iteration: 100000, significance level: 0.05 

Table B.29: InfoBased versus baseline (av. PQ10, MAP, av. recall), 
MeSH alone. Number of iteration: 100000, significance 
level: 0.05 

baseline (1, 0) > 0.25, 0 0.75, 2 > 0.25, 0 
baseline (1, 0) > 0.75, 1 0.5, 2 > 0.25, 0 
baseline (1, 0) > 0.5, 1 1, 1 > 0.75, 1 
baseline (1, 0) > 0.25, 1 1, 1 > 0.5, 1 
baseline (1, 0) > 0.75, 2 1, 1 > 0.25, 1 

Measure Significant Difference 
average PO10 none 11/11 InfoBased > baseline 
average recall InfoBased > baseline 

baseline (1, 0) > 0.5, 2 
baseline (I ,  0) > 0.25, 2 
0.75, 0 > 0.5, 0 
0.75, 0 > 0.25, 0 
1, 1 > 0.75, 0 
0.75, 0 > 0.5, 1 
0.75, 0 > 0.25, 1 
1, 2 > 0.75, 0 
0.75, 0 > 0.5, 2 
0.75, 0 > 0.25, 2 
0.5, 0 > 0.25, 0 
1, 1 > 0.5, 0 
0.75, 1 > 0.5, 0 
0.5, 0 > 0.25, 1 
1, 2 > 0.5, 0 
0.75, 2 > 0.5, 0 
0.5, 0 > 0.25, 2 
1, 1 > 0.25, 0 

1, 1 > 0.75, 2 
1, 1 > 0.5, 2 
1, 1 > 0.25, 2 
0.75, 1 > 0.5, 1 
0.75, 1 > 0.25, 1 
1, 2 > 0.75, 1 
0.75, 1 > 0.5, 2 
0.75, 1 > 0.25, 2 
1, 2 > 0.5, 1 
0.75, 2 > 0.5, 1 
0.5, 1 > 0.25, 2 
1, 2 > 0.25, 1 
0.75, 2 > 0.25, 1 
0.5, 2 > 0.25, 1 
1, 2 > 0.75, 2 
1, 2 > 0.5, 2 
1, 2 > 0.25, 2 
0.75, 2 > 0.5, 2 

0.75, 1 > 0.25, 0 
0.5, 1 > 0.25, 0 

0.75, 2 > 0.25, 2 
0.5, 2 > 0.25, 2 



Table B.30: InfoBased versus baseline (av. P@10, MAP, av. recall), 
textfMeSH alone. Number of iteration: 100000, signif- 
icance level: 0.05 

Measure Significant Difference 


