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ABSTRACT
Term extraction relates to extracting the most characteristic or im-
portant terms (words or phrases) in a document. This information is
commonly used for improving the accuracy of document indexing
and retrieval in large text collections. It also allows for faster and
better understanding of the contents of a document collection with-
out first browsing through the contents of its documents. This pa-
per presents AMTEX , an automatic term extraction method, specif-
ically designed for the automatic indexing of documents in large
medical collections such as MEDLINE, the premier bibliographic
database of the U.S. National Library of Medicine (NLM). AMTEX

combines MeSH, the terminological thesaurus resource of NLM,
with a well-established method for extraction of domain terms,
the C/NC-value method. The performance evaluation of various
AMTEX configurations in the indexing task is measured against
the current state-of-the-art, the MMTx method. The experimen-
tal results on a subset of MEDLINE documents demonstrate that
AMTEX achieves better precision and recall than MMTx.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content Analysis
and Indexing—Abstracting methods, Dictionaries, Indexing meth-
ods, Linguistic processing, Thesauruses; I.2.7 [Artificial Intelli-
gence]: Natural Language Processing—text analysis

General Terms
Algorithms, Management, Performance, Experimentation

Keywords
term extraction, medical document retrieval, document indexing

1. INTRODUCTION
New technological developments in communications have not

only increased our ability to disseminate information in electronic
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form, but also the amount of the communicated information, which
we need to process and assimilate. The availability of large medical
collections, such as MEDLINE 1 (Medical Literature Analysis and
Retrieval System Online), poses new challenges to information and
knowledge management. MEDLINE constitutes the primary med-
ical repository of the U.S. National Library of Medicine, includ-
ing over 15 million computer-readable records and is expanding
rapidly. It is a rich resource of medical, biological and biomedical
information, requiring efficient management and retrieval. MED-
LINE documents are currently indexed by human experts, based
on a controlled list of indexing terms, deriving from a subset of
the UMLS 2 (Unified Medical Language System) Metathesaurus,
the MeSH 3 (Medical Subject Headings) thesaurus. The automatic
mapping of biomedical documents to UMLS term concepts has
been undertaken by U.S. National Library of Medicine with the
development of MMTx 4 (MetaMap Transfer tool).

MMTx was originally developed to improve retrieval of biblio-
graphic material, such as MEDLINE citations [5]. Its applications
also include semi-automatic and fully automatic indexing, hierar-
chical indexing and text mining for various medical and biological
concept and relation extraction [5].

The limitations of MMTx in term extraction and in the UMLS
Metathesaurus mapping have been analysed in detail in a pilot
study by Divita et al. [11]. Our experiments with the MMTx appli-
cation on MEDLINE documents have shown that the MMTx output
suffers, not only in recall (as noted by [11]), failing to extract all do-
main terms, but also because it over-generates by producing terms
that are too general, which diffuse the document concept leading
to inaccurate retrieval of MEDLINE documents. The latter reflects
an inherent limitation of MMTx, which was not designed to focus
on MeSH terms, whereupon MEDLINE indexing has been based.
Additionally, the variant generation process of MMTx is found to
account for the over-generation problem for retrieval purposes.

In this paper, we briefly review the MMTx approach and we
propose an alternative method, the Automatic MeSH Term Extrac-
tion method (AMTEX ). AMTEX aims at improving the efficiency
of automatic term extraction, using a hybrid linguistic/statistical
term extraction method, the C/NC-value method [12]. Addition-
ally, AMTEX aims at improving indexing and retrieval of MED-
LINE documents, based on the extraction and mapping of docu-
ment terms to the MeSH Thesaurus, rather than the full UMLS

1http://www.nlm.nih.gov/databases/databases medline.html
2http://www.nlm.nih.gov/research/umls
3http://www.nlm.nih.gov/mesh
4http://mmtx.nlm.nih.gov



Metathesaurus mapping of MMTx.
The remainder of this paper first presents related work in the

field of term extraction and, in particular, approaches to the extrac-
tion of medical terminology for indexing purposes. Subsequently,
we present the MMTx resources and processes in more detail, and
the resources used in the AMTEX approach, namely the MeSH the-
saurus and the C/NC-value method for term extraction. Then, the
AMTEX approach is presented and, finally, our experiments and re-
sults evaluation. We conclude with a discussion on our results and
future work.

2. TERM EXTRACTION
Term Extraction aims at the identification of linguistic expres-

sions denoting specialised concepts, namely domain or scientific
terms. Terms are words or multi-word expressions, which, contrary
to general language words, are deliberately created within a scien-
tific or technical linguistic community not only for concept nam-
ing, but also for specialised concept distinction and classification
purposes [1]. The automatic identification of terms is of partic-
ular importance in the context of information management appli-
cations, because these linguistic expressions are bound to convey
the informational content load of a document. In early approaches,
terms have been sought for indexing purposes, using mostly tf ·idf
counts [18]. Term extraction approaches largely rely on the iden-
tification of term formation patterns (e.g. [2, 10, 14]). Statistical
techniques may also be applied to measure the degree of unithood
or termhood of the candidate multi-word terms (e.g. [9]). Later
and current approaches tend to follow a hybrid approach combin-
ing both statistical and linguistic techniques (e.g. [13, 19, 16]).

The extraction of terms for the medical, biological and biomed-
ical domain has greatly motivated research for both indexing, as
well as knowledge extraction purposes [14, 27, 26, 28]. In the
specific context of term extraction for indexing purposes, the main
objective of the term extraction process is the identification of dis-
crete content indicators, namely index terms. A traditional tech-
nique for automatic indexing has been the tf · idf method [18].
Although terms (domain terms 5) may be discovered in such a pro-
cess, neither all terms are useful index terms, nor all index terms
are terms. For example, a valid term appearing very frequently in a
document collection is useless for the retrieval of a specific docu-
ment. Moreover, query and document representations traditionally
ignore multi-word and compound terms, which may perform quite
efficiently split into isolated single-word index terms. However,
compound and multi-word terms are very common in the biomedi-
cal domain [16] and are often used in indexing medical documents.
Multi-word terms carry important classificatory content informa-
tion, since they comprise modifiers denoting a specialization of the
more general single-word, head term [10]. For example, the com-
pound term “heart disease” denotes a specific type of “disease”.
A recent study by Milios et al. [20] of the extraction of multi-word
terms for retrieval purposes suggests that multi-word term methods
may complement other methods to improve results. Currently ma-
chine learning techniques are also applied for indexing, such as the

5At this point we wish to make a distinction between (a) the no-
tion of term which, depending on the scientific community, may
refer to the terminologically acceptable notion of domain or scien-
tific term, as defined in the beginning of this section; and (b) the
notion of index term, namely a key concept, word or phrase, which
semantically labels and conceptually categorises the content of a
document for information management purposes, such as retrieval.
In the rest of this paper, the notion of term refers mainly to index
terms, though in the C/NC-value approach used in our method, the
design objective is domain term extraction, rather than indexing.

Naive Bayes learning model implemented in the KEA (Automatic
Key-phrase Extraction, [25]). Comparative experiments of tf · idf ,
KEA and the C/NC-value term extraction methods by Zhang et al.
[29] show that C/NC-value significantly outperforms both tf · idf
and KEA in a narrative text classification task using the extracted
terms.

Since term extraction is primarily based on surface term form
patterns, it inherently suffers from two problems: ambiguity and
variation. Ambiguity relates to the semantic interpretation of a
given term form and it arises when this form can be interpreted in
more than one way. Variation is generally defined as the alteration
of the surface term form of a terminological concept. According to
Jacquemin [16], variation is more specifically defined as a transfor-
mation of a controlled multi-word term and can be of three types:
morphological, syntactic or semantic. Many approaches, such as
[19], [16] and [14], including MMTx and our AMTEX , attempt
to resolve the problems of ambiguity and variation in terminolog-
ical concepts by combining simple text normalisation techniques,
statistics, or more elaborate rule-based, linguistic techniques, with
existing thesaurus and lexicon information. In a previous work,
we implemented MedSearch [15], a retrieval system that discov-
ers semantically similar terms in documents and queries based on
the computation of semantic similar terms in different taxonomies
using our SSRM statistical method [24].

3. BACKGROUND

3.1 The MMTx Approach and Resources
The MMTx approach uses the UMLS Metathesaurus R© and the

UMLS SPECIALISTTM lexicon as its lexicographic resources. In
this section we first briefly present the structure of UMLS and the
limitations related to its design and content. Then we present an
outline of the MMTx approach.

3.1.1 The UMLS Medical Knowledge Resource
The Unified Medical Language System (UMLS) is a source of

medical knowledge developed and maintained by the U.S. National
Library of Medicine. UMLS consists of the Metathesaurus, the
Semantic Network and the SPECIALIST lexicon.

The Metathesaurus R© is a large, multi-purpose, and multi-lingual
vocabulary database. It integrates about 800.000 concepts from 50
families of vocabularies. In the Metathesaurus, equivalent terms
are clustered into unique concepts. Each concept is an abstract rep-
resentation of the linguistic utterance which is considered as syn-
onymous in the medical domain. Thus, each concept is linked to its
respective term variants, i.e. graphical and lexical variants, and in
some cases translations into other languages. However, the terms
integrated in the Metathesaurus do not all share a common struc-
ture, i.e. same properties and characteristics; they inherit the organ-
isational principles governing their respective source vocabularies.
Moreover, certain types of relationships, including synonymy and
hierarchical relationships, are not defined. Thus, the Metathesaurus
on its own does not have a hierarchical structure, and it does not
fulfills ontological requirements.

The Semantic Network consists of 134 semantic types categoris-
ing the Metathesaurus concepts. The purpose of the Semantic Net-
work is to provide a consistent categorisation of all concepts repre-
sented in the Metathesaurus and a set of useful relationships among
these concepts. Every concept in the Metathesaurus R© is assigned
to at least one semantic type in the Semantic Network. Two high
semantic level hierarchies are defined, one for entities related to
pathology, and one for events (treatment for diseases). The Se-
mantic Network may be viewed as an upper level ontology of the



biomedical domain. In this perspective, the Metathesaurus entities
constitute the properties of the semantic network concepts (i.e. they
can be inherited by concepts related by an IS-A relationship). Thus,
the Semantic Network of UMLS provides a basis for an ontology
of the biomedical domain.

Nevertheless, the Semantic Network was not originally designed
as an ontology. Problems inherent in the design of the Semantic
Network include, among others, circular hierarchical relationships,
inconsistencies in the categorisation of concepts and discrepancies
between the semantic structure of the Metathesaurus and the Se-
mantic Network. Moreover, the lack of relationships between con-
cepts in the Metathesaurus and the Semantic Network has been also
observed.

Finally, the SPECIALIST lexicon is intended to be a general En-
glish lexicon which includes many medical and biomedical terms.
The lexicon entry for each word or term records the syntactic, mor-
phological and orthographic information of the respective lemma.

3.1.2 The MMTx Approach
MMTx uses the Metathesaurus R© and SPECIALIST lexicon

knowledge resources during the term extraction process. This pro-
cess maps arbitrary text to Metathesaurus term concepts and per-
forms the following steps [5]:

1. Parsing: The document text is parsed, using the Xerox part-
of-speech tagger and the SPECIALIST minimal commitment
parser to perform a shallow syntactic analysis of the text. A
simple linguistic filter of the form (Adj|Noun)+Noun iso-
lates noun phrases [4]. The SPECIALIST parser provides
information on the internal syntactic structure of the noun
phrase, identifying the head and modifier components of the
phrase. For example, the term “ocular complications” is
analysed as:

[mod(ocular),head(complications)]

where complications is the head, namely the term that is be-
ing modified/specialised and ocular is the modifier, namely
the concept specialising the term complications.

2. Variant Generation: Variant generation is performed in an
iterative manner. First, the multi-word term phrase is split
into generators. A variant generator is considered any mean-
ingful subsequence of words in the phrase. That is either
a single-word or a term existing in the SPECIALIST lexi-
con [8]. For example, the term “liquid crystal thermogra-
phy” would be split into the generators: “liquid crystal ther-
mography”, “liquid crystal”, “liquid”, “crystal” and “ther-
mography” [4]. In the second phase, for each of the gen-
erators, all possible semantic (synonyms, acronyms and ab-
breviations) and derivational variants are identified using the
SPECIALIST lexicon and a supplementary database of syn-
onyms. At this stage, please note that, although we have
started the process of variant generation of a noun phrase,
we may have derivational and semantic variants belonging
to other parts-of-speech, such as verbs. All these variants
are in turn used as generators and their respective variants
are recomputed. Finally, inflectional and spelling variants
are generated based on all word-forms found in the previous
processes.

3. Candidate Retrieval: At this stage, the candidate set of all
Metathesaurus term mappings is retrieved. The main cri-
terion of the retrieval is that the Metathesaurus term string

should contain at least one of the variants found during the
variant generation process [6]. The mapping process may
vary [4]. We may have:

simple match where, for example, intensive care unit maps
to Intensive Care Units;

complex match where intensive care medicine maps to In-
tensive Care and Medicine;

partial match - gapped where ambulatory monitoring
maps to Ambulatory Cardiac Monitoring;

normal and overmatch where application maps to Job Ap-
plication, Heat/Cold Application and Medical Infor-
matics Application.

The normal partial match is assumed as a good matching
for correctness, where at least one word of either the noun
phrase or the Metathesaurus string (or both) does not partici-
pate in the matching (e.g. liquid crystal thermography maps
to Thermography, where the mapping does not involve liquid
crystal).

4. Candidate Evaluation: The candidate set of Metathesaurus
mappings is evaluated. The evaluation process computes
the mapping strength between the candidate Metathesaurus
string and the text string. The mapping strength weight is
calculated by a linguistically principled function consisting
of a weighted average of four criteria [7]:

Centrality indicates whether the Metathesaurus string in-
volves the head of the text phrase and its value is 1
(yes) or 0 (no);

Variation is the distance score between the phrase and its
variants (this is computed during variant generation);

Coverage denotes the length of the text phrase and the
Metathesaurus candidate string participating in the
match.

Cohesiveness is similar to coverage and denotes the contin-
uous words of the text phrase and the Metathesaurus
term participating in the match.

The weight for the last two criteria, coverage and cohesive-
ness, is doubled in the scoring function and their measures
are normalised to a value between 0 and 1,000.

3.2 The AMTEX Method Resources

3.2.1 The C/NC-value Method for Term Extraction
The C/NC-value method [13] is a hybrid method for term ex-

traction. C/NC-value is domain-independent and combines statisti-
cal and linguistic information for the extraction of multi-word and
nested terms. In this method, the text is first tokenised and tagged
by a part-of-speech tagger. Subsequently, a set of rules and linguis-
tic filters is used to identify in text candidate term phrases. The
three filters available are:

N+N

(A|N)+N

((A|N)+|((A|N)∗(N P )?)(A|N)∗)N

where N is a noun, A is an adjective and P stands for a preposition.
Obviously, the linguistic filters used have an impact on the preci-
sion and recall of the system. Using a rather closed filter, such as



the first one, will result in increased precision and decreased recall,
whereas an open filter, such as the last one will increase recall and
decrease precision [12]. The current implementation of C/NC value
in our approach uses all three linguistic filters. The generated list of
candidate noun phrases is then filtered through a stoplist. The sta-
tistical part defining the termhood of the candidate phrases aims to
get more accurate terms than those obtained by the pure frequency
of occurrence method, especially terms that may appear as nested
within longer terms, such as the term “enzyme inhibitors” nested
in “Angiotensin-converting enzyme inhibitors”. The measurement
used for this estimation is C-value. C-value is defined as the rela-
tion of the cumulative frequency of occurrence of a word sequence
in the text, with the frequency of occurrence of this sequence as part
of larger proposed terms in the same text. Depending on whether
the term is nested or not C-value is defined as

C-value =

(
log2|a|f(a),

log2|a|(f(a)− 1
P (Ta)

P
b∈Ta

f(b)).
(1)

In the above, the first C-value measurement is for non-nested
terms and the second for nested terms, where a denotes the word
sequence that is proposed as a term, |a| is the length of this term
in words, f(a) is the frequency of occurrence of this term in the
corpus (both as an independent term and as a nested term within
larger terms), Ta denotes the set of extracted terms that contain a
and P (Ta) is the number of these terms. The C-value algorithm
produces a list of proposed terms ranked with decreasing term like-
lihood. The NC-value takes into account the context of each term
and assigns weights to specific verbs, adjectives and nouns that ap-
pear in candidate term context. The weight factor of a context word
w is higher for words that tend to appear with terms and is com-
puted as

weight(w) =
t(w)

n
, (2)

where t(w) is the number of terms the word w appears with and n
is the number of all terms. Finally, the NC-value is defined by

NC-value(a) = 0.8 · C-value(a) + 0.2 · CF (a). (3)

Here, a is the proposed term, C − value(a) is calculated as shown
in Eq.1, and CF (a) is computed as

CF (a) =
X

w∈Ca

fa(w) · weight(w), (4)

where Ca is the set of context words of term a, w is a context word
in Ca, weight(w) is the weight of w and fa(w) is its frequency as
context word of a.

C/NC-value has been successfully tested in various domains,
such as molecular biology (nuclear receptors [3]), eye pathology
medical records [12], biomedical business newswire texts [28] and
computer science papers [20].

3.3 The MeSH Thesaurus
The MeSH Thesaurus (Medical Subject Headings) is a taxonomy

of medical and biological terms and concepts suggested by the U.S
National Library of Medicine. The MeSH terms are organized in
IS-A hierarchies, where more general terms, such as “chemicals
and drugs”), appear in higher levels than more specific terms, such
as “aspirin”. MeSH is organised in 15 taxonomies, including more
than 22,000 terms. A term may appear in more than one taxonomy.
Each MeSH term is described by several properties, the most im-
portant being:

MeSH Heading (MH): the term name or identifier;

Scope Note: a text description of the term;

Entry Terms: mostly synonym terms to the MH.

Entry terms also include stemmed MH terms and are sometimes re-
ferred to as quasi-synonyms (they are not always exact synonyms).
In our AMTEX approach, all entry terms are treated as synonyms.
Each MeSH term is also characterised by its MeSH tree number (or
code name), indicating the exact position of the term in the MeSH
tree taxonomy, for example “D01,029” is the code name of term
“Chemical and drugs”. A fragment of the MeSH IS-A hierarchy
is illustrated in Fig. 1.

nervous system
deseases

headache neuralgia

neurologic 

pain

deseases

facial
neuralgia

manifestations
cranial nerve

root

Figure 1: A fragment of the MeSH IS-A hierarchy.

4. THE AMTEX METHOD
Based on the study of the MMTx algorithm and resources, dis-

cussed in section 3.1, we observe the following:

• During the variant generation stage, the iterative expansion
of the initial text phrase to all possible variants is quite ex-
haustive. MMTx extracts term variants, not only based on
the terms found in the original text phrase, but also from
their variant terms. This is due to an obvious attempt to in-
crease recall of Metathesaurus mappings, a known limitation
of MMTx as discussed in [11]. However, this process also re-
sults in term over-generation and increased term ambiguity,
which diffuse the original term concept, leading to inaccurate
retrieval.

• MMTx extracts general Metathesaurus terms, not MeSH
terms. Although MMTx was originally developed to im-
prove retrieval of bibliographic material, such as MEDLINE
citations [5], MMTx mappings were not based on the MeSH
Thesaurus, which contains the controlled list of MEDLINE
indexing terms. This design option broadens the applica-
tion domain of MMTx, but it also affects its accuracy in the
MEDLINE retrieval task, as shown in our experiments in sec-
tion 5.

• Term selection is based on a scoring function, for evaluating
the importance of all candidate terms, using the SPECIAL-
IST lexicon as an external lexical resource. Moreover, the



scoring function, though partly based on valid linguistic prin-
ciples, such as the centrality criterion, it is arbitrarily and em-
pirically defined, making it possible for unrelated terms to be
included in the list of extracted terms. The C/NC-value scor-
ing functions are especially tuned to multi-word terms, tak-
ing into consideration nested terms and term context words.
Additionally, C/NC-value has been proven to extract up to
98% of correct terms [3, 12, 28, 20] in various application
domains. Finally, WordNet and MeSH can be used as addi-
tional lexical resources, if needed, for both general and med-
ical terms.

Based on the above observations we propose two basic changes
towards the development of an improved term extraction method
that could substitute MMTx:

1. Term extraction based on a well-established method, the
C/NC-value method;

2. Use of MeSH Thesaurus as lexical resource, both for (lim-
ited) term variant retrieval, and candidate term mapping.

Input: Document d, MeSH Ontology.

Output: MeSH terms t.

1. Multi-word Term Extraction: The C/NC-value method is
applied.

2. Term Ranking: Extracted terms are ranked by NC-value
(Eq. 3).

3. Term Mapping: Only MeSH terms are retained.

4. Single-word Term Extraction: Single-word MeSH terms
are added.

5. Term Variants: Stemmed terms are added.

6. Term expansion: Semantically similar terms from MeSH
are added.

Figure 2: AMTEX Algorithm.

An outline of the AMTEX procedure is illustrated in Fig. 2. In
particular, the AMTEX method has the following processing stages:

1. Multi-word Term Extraction: The C/NC-value method is
used for term extraction. This method is domain indepen-
dent, does not require any lexical resources and has been
proven to be particularly effective in multi-word and nested
term extraction both in medical and general document col-
lections. During term extraction in AMTEX the document
text is parsed, using the C/NC-value part-of-speech tagger
and linguistic filters.

2. Term Ranking: Extracted candidate terms are evaluated,
first by C-value and subsequently by NC-value score. The
final candidate term list is ranked by decreasing term like-
lihood (Eq. 3). Top ranked terms are more important than
terms ranked lower in the list and are more likely to be in-
cluded in the final list of extracted terms. In this work we
kept all terms.

3. Term Mapping: Candidate terms are mapped to terms of the
MeSH Thesaurus (by applying simple string matching). The
list of terms now contains only MeSH terms.

4. Single-word Term Extraction: The C/NC-value tends to
produce compound (multi-word) terms (it does not produce
single-word terms). Often such terms include shorter terms
(mostly single-word terms) which are also MeSH terms.
Single-word terms are also extracted and are added to the
candidate term list (each multi-word term is split into single-
word terms and each word is checked against the MeSH vo-
cabulary).

5. Term Variants: Term variants are included in the candi-
date term list. The C/NC-value implementation in AMTEX

includes inflectional variants of the extracted terms. Also,
MeSH itself can be used for locating variant terms, based on
the MeSH term, Entry Terms property. However, only the
stemmed term-forms are used in AMTEX since the full list
of Entry Terms may contain terms, that often are not synony-
mous.

6. Term Expansion: The list of terms is augmented with se-
mantically (conceptually) similar terms from MeSH. Fig. 3
illustrates this process: A term is represented by its MeSH
tree hierarchy. The neighborhood of the term is examined
and all terms with similarity greater than threshold T are also
included in the query vector. This expansion may include
terms more than one level higher or lower than the original
term depending on the value of T .

Term

T=0.7T=0.9

T=0.5
Hypernyms

Hyponyms

Figure 3: Term expansion using MeSH.

AMTEX in its current state, does not include a syntactic parser,
such as the SPECIALIST minimal commitment parser used in
MMTx. This is due to the fact that AMTEX uses an alternative, well
established method for term extraction, the C/NC-value, which re-
lies on linguistic filtering rules and where the head/modifier in-
formation is indirectly inferred through the statistical measures,
namely the nested term estimations. Nevertheless, information
about the head of a term phrase could be easily included in subse-
quent implementations to refine single-word term extraction, based
on a single-word term head.

Regarding our approach to variant generation, it is more limited
than MMTx. This could constrain our term recall to terms that
are more related to the original term in text but are not included in
MeSH. However, as we observe in the results of our experiments



in section 5, we manage to achieve not only better recall, but also
better precision. We believe that this is partly due to the fact that
our term extraction method outperforms MMTx in suggesting can-
didate terms. It is also due to the fact the AMTEX approach to vari-
ant generation is limited to MeSH and does not operate iteratively,
generating variants out of already found variants, thus avoiding the
diffusion of the the original concept to unrelated concepts.

Regarding Term Expansion, the method suggested for AMTEX

for discovering semantically similar terms, is based on the seman-
tic similarity method by Li et al. [17]. The evaluation of the se-
mantic similarity methods indicated that this method is particularly
effective, achieving up to 73% correlation with results obtained by
humans [23]. An important observation and a desirable property
of this method is that it tends to assign higher similarity to terms
which are close together (in terms of path length) and lower in the
hierarchy (more specific terms), than to terms which are equally
close together but higher in the hierarchy (more general terms).
Therefore, expanding with threshold T will introduce new terms
depending also on the position of the terms in the taxonomy: More
specific terms (lower in the taxonomy) are more likely to expand
than more general terms (higher in the taxonomy).

Because no synonymy relation is defined in MeSH, we did not
apply expansion to the Entry Terms of terms. Word sense disam-
biguation [21] can also be applied for detecting the correct sense
to expand (here, expansion is applied to the most common sense
of each term). The specification of T requires further investigation
(e.g., appropriate threshold values can be learned by training).

A final observation is that term ranking in AMTEX is currently
based on NC-value scores. However, at this stage we could also in-
corporate, in future versions of the system, the semantic similarity
scoring, estimated during the detection of term variants.

5. EVALUATION
In order to assess the performance of our AMTEX method, we

have experimented in the retrieval task of MEDLINE documents,
using various AMTEX configurations and comparing it to MMTx,
which is considered the benchmark method for this task. In this
section, we first describe the design of our experiments and then
we discuss our results and observations, compared to MMTx.

Our testing corpus consisted of a set of 61 full MEDLINE doc-
uments. Notice that MEDLINE stores mainly publication abstracts
with citation information and index (MeSH) terms. We chose to
work on full documents, rather than abstracts or mere document
titles, because the original manual indexing was based on the full
article content. Moreover, the terms found in abstracts or titles may
be neither enough, nor adequate for our purposes. The documents
were downloaded from PMC database of NCBI Pubmed 6 giving
as input the term “pain”. Out of the first 100 results, 61 documents
were finally selected for our evaluation experiments. The rest were
judged inadequate, either because they were too small in size, or
because they constituted a document collection, rather than a sin-
gle document, appearing as a single pdf file. The same corpus was
used as input in all our experiments, both for AMTEX and MMTx.

Fig. 4 illustrates an an example of how MMTx and AMTEx work
in practice on an example document selected at random from the
test collection. AMTEX produced a more compact and coherent
set of index terms than MMTx. Almost all terms are related to the
document. MMTx (although restricted to the generation of MeSH
terms in this example) still results in term over-generation which
diffuses the original document concept (leading to topic drift).

The performance of all methods was measured in terms of pre-

6http://www.ncbi.nlm.nih.gov/entrez

Input: Full text article [22]

MEDLINE index terms: “Aged”, “Data Collection”, “Hu-
mans”, “Knee”, “Middle Aged”, “Osteoarthritis,
Knee/complications”, “Osteoarthritis, Knee/diagnosis”,
“Pain/classification”, “Pain/etiology”, “Prospective
Studies”, “Research Support, Non-U.S. Gov’t”

MMTx terms: “osteoarthritis knee”, “retention”, “peat”,
“rheumatology”, “acetylcholine”, “lysine acetate”,
“potassium acetate”, “questionnaires”, “target popula-
tion”, “population”, “selection bias”, “creativeness”,
“reproduction”, “cohort studies”, “europe”, “couples”,
“naloxone”, “sample size”, “arthritis”, “data collection”,
“mail” ‘health status”, “respondents”, “ontario”, “uni-
versities”, “dna”, “baseline survey”, “medical records”,
“informatics”, “general practitioners”, “gender”, “be-
liefs”, “logistic regression”, “female”, “marital status”,
“employment status”, “comprehension”, “surveys”,
“age distribution”, “manual”, “occupations”, “manuals”,
“persons”, “females”, “minor”, “minority groups”,
“incentives”, “business”, “ability”, “comparative
study”, “odds ratio”, “biomedical research”, “pubmed”,
“copyright”, “coding”, “longitudinal studies”, “im-
munoelectrophoresis”, “skin diseases”, “government”,
“norepinephrine”, “social sciences”, “survey methods”,
“tyrosine”, “new zealand”, “azauridine”, “gold”, “non-
respondents”, “cycloheximide”, “rheum”, “jordan”,
“cadmium”, “radiopharmaceuticals”, “community”,
“disease progression”, “history”

AMTEX terms: “health surveys”, “pain”, “review publication
type”, “data collection”, “osteoarthritis knee”, “knee”,
“science”, “health services needs and demand”, “pop-
ulation”, “research”, “questionnaires”, “informatics”,
“health”

Figure 4: Example illustrating MeSH terms indexing an article
in MEDLINE and terms computed by MMTx and AMTEX ˙

cision and recall. Gold standard for evaluation was considered the
set of MeSH terms appearing in each MEDLINE document index
(provided by experts). Thus, in our evaluation, precision is the to-
tal number of correctly extracted terms, compared to the MeSH
terms appearing in the respective document index. Similarly, re-
call, in our evaluation, is the total number of correctly retrieved
terms, compared to the total number of terms in the MeSH index
gold standard.

The results of our evaluation are shown in Table 1. In our initial
AMTEX configuration experiments, we observed that 18% (on the
average) of the candidate terms extracted from the 61 documents
by a similarity measure [17] T > 0.5, is also included in the list
of MeSH index terms (our gold standard). For this reason, we have
decided to experiment with various configurations of the Term Ex-
pansion threshold, exceeding T > 0.5.

The results of MMTx, and of various AMTEX configurations
corresponding to various semantic similarity thresholds T and
compound terms (single-word terms are left out) are shown in Ta-
ble 1. Term expansion with lower values of T (e.g., T = 0.5)
demonstrated an increase in recall, revealing more correct terms.
However, at the same time, precision is decreased, since the expan-
sion step also introduced some unrelated terms. We observe that



Method Precision Recall
MMTx 0,013481 0,015109
AMTEX (T = 0.5) 0,186025 0,108085
AMTEX (T = 0.55) 0,205087 0,097531
AMTEX (T = 0.6) 0,21827 0,090039
AMTEX (T = 0.65) 0,227428 0,083379
AMTEX (T = 0.7) 0,235518 0,072318
AMTEX (T = 0.8) 0,235592 0,072243
AMTEX (T = 0.9) 0,23615 0,070267

Table 1: Precision and Recall of MMTx and AMTEX for vari-
ous expansion thresholds T .

expansion with low threshold values T (e.g., T = 0.5) is likely to
introduce many new terms and diffuse the topic of the query (topic
drift).

In the final AMTEX configuration, a semantic similarity thresh-
old T = 0.9 was selected as the optimal configuration, which al-
lows term expansion only for very similar terms.

The importance of single-word terms in term extraction is illus-
trated in Table 2. The results demonstrate that it is possible to im-
prove the recall of the method by including single-word terms in the
list of multi-word terms above. This increased recall by 15% but
at the same time precision decreased by 12% (some single-word
terms, were not identified by the experts). Overall, our AMTEX

method outperforms MMTx, reaching up to 21% better precision
(AMTEX without single-word terms) and up to 21% better recall
(AMTEX with single-word terms).

Method Precision Recall
MMTx 0,013481 0,015109
AMTEX 0,23615 0,070267
AMTEX+single-word MeSH terms 0,119629 0,228322

Table 2: Comparative Precision and Recall of MMTx, AMTEX

and AMTEX including single-word term extraction.

6. CONCLUSIONS
The paper is about mapping documents to the correct MeSH in-

dex terms automatically. We discussed the term extraction prob-
lem for the automatic indexing of documents in large medical col-
lections, such as the MEDLINE collection. We have briefly pre-
sented related approaches to this problem, focusing on the MMTx
method, which attempts to map terms in medical documents to
UMLS Metathesaurus concepts. We have developed an alternative
method, the AMTEX method, which is specifically designed for
indexing and retrieval of MEDLINE documents, using the MeSH
Thesaurus resource and a well-established method for extraction of
domain terms, the C/NC-value method. Our experimental results
show that our AMTEX method outperforms the current benchmark
method of MMTx, reaching significantly better precision and better
recall.

Future developments on AMTEX method include:

• Incorporating a shallow syntactic parser in our approach and
experimenting with single-word term extraction, based on
head single-word term;

• Experimenting with smaller documents and/or document ab-
stracts, titles;

• Including semantic similarity score in our term ranking func-
tion (currently C/NC-value);

• The specification of T threshold could be further investi-
gated, to study, for example whether appropriate threshold
values can be learned by training;

• Word sense disambiguation (WSD [21]) could also be ap-
plied in detecting the correct sense to expand, rather than
expanding the most common sense of each term.
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