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ABSTRACT

Mutations help us to understand the molecular
origins of diseases. Researchers, therefore, both
publish and seek disease-relevant mutations in pub-
lic databases and in scienti®c literature, e.g.
Medline. The retrieval tends to be time-consuming
and incomplete. Automated screening of the litera-
ture is more ef®cient. We developed extraction
methods (called MEMA) that scan Medline abstracts
for mutations. MEMA identi®ed 24 351 singleton
mutations in conjunction with a HUGO gene name
out of 16 728 abstracts. From a sample of 100
abstracts we estimated the recall for the identi®ca-
tion of mutation±gene pairs to 35% at a precision of
93%. Recall for the mutation detection alone was
>67% with a precision rate of >96%. This shows that
our system produces reliable data. The subset
consisting of protein sequence mutations (PSMs)
from MEMA was compared to the entries in OMIM
(20 503 entries versus 6699, respectively). We found
1826 PSM±gene pairs to be in common to both data-
sets (cross-validated). This is 27% of all PSM±gene
pairs in OMIM and 91% of those pairs from OMIM
which co-occur in at least one Medline abstract. We
conclude that Medline covers a large portion of the
mutations known to OMIM. Another large portion
could be arti®cially produced mutations from muta-
genesis experiments. Access to the database of
extracted mutation±gene pairs is available through
the web pages of the EBI (refer to http://www.ebi.
ac.uk/rebholz/index.html).

INTRODUCTION

Importance of point mutations in medicine

For more than two decades molecular biologists, together with
genetic epidemiologists and medical doctors, have searched
for the genetic predisposition of diseases. A major contribu-
tion to this predisposition stems from the single base

variability of gene sequences, e.g. base deletions, insertions
and substitutions, which are called single nucleotide poly-
morphisms (SNPs) or mutations (for terminology use refer to
Materials and Methods). They are the cause of altered gene
regulation or changes in amino acid sequence. This is the case
in, e.g., sickle cell anaemia (1), where a simple amino acid
exchange in the haemoglobin leads to altered crystallization
properties, and to a reduced uptake of oxygen due to the
resulting deformation of the erythrocytes.

Researchers investigating such disease-relevant mutations
have to check public data sources to ascertain the novelty,
importance and usefulness of their ®ndings (2). Two important
data sources are (i) Medline, a database of indexed abstracts
from scienti®c biomedical literature (3; http://www.ncbi.nlm.
nih.gov/PubMed/) and (ii) OMIM (Online Mendelian
Inheritance in Man), a database which provides public access
to curated data gathered from public scienti®c literature as
well as other sources (4,5; http://www.ncbi.nlm.nih.gov/
Omim/). Apart from these two sources dbSNP has to be
considered as well (6,7; http://www.ncbi.nlm.nih.gov/SNP/).

Although both OMIM and Medline provide information on
mutation±gene pairs, neither offer complete information on
mutations (8). OMIM does not contain mutations produced in
mutagenesis experiments, while Medline does not include
information from the body of the complete publication.

Automatic extraction of mutation±gene pairs from
Medline

Since the content of Medline consists of abstracts provided as
natural language text, it is not at all easy to access the
information via Boolean queries, which are known from, for
example, relational databases. Word search is therefore the
most important search technique.

Word search tends to be time-consuming and dif®cult, if not
impossible, if all mutations known for one gene from the
complete set of abstracts have to be extracted. The retrieval of
all abstracts relating to one gene is already a non-trivial task.
This is due to the fact that terms often do not refer to exactly
one concept, e.g. a gene or a protein. One reason is that terms
tend to be ambiguous and then refer to different concepts at the
same time, and another reason is that different terms (variants)
refer to the same concept. This is the case for typographic
variants, acronyms (abbreviations) and synonyms of a term
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(9,10). In the case of ambiguity the retrieval is too large (low
precision), and in the case of term variants the retrieval is too
small (low recall), if not all variants are considered.

The retrieval of abstracts, which inform about mutations,
again generates dif®culties. The reason is that authors use
different types of descriptions for the representation of a
mutation. Although there is a nomenclature, e.g. Trp64Arg,
other phrases, e.g. 64 Trp®Arg, are frequently used.
Furthermore, mutations are as well encoded in natural
language text, e.g. `tryptophan to arginine substitution at
residue 64'. As a result quite a few patterns have to be
considered to ®nd all abstracts referring to a speci®c mutation.

In addition to the different variants of mutations, ambigu-
ities also have to be resolved in the identi®cation of mutations.
For example C13T can refer either to a nucleotide sequence
mutation (NSM) in position 13 where cytosine is replaced by a
thymine or to a protein sequence mutation (PSM) where a
cysteine is replaced by a threonine. In addition, C13T denotes
a neuroblastoma cell line. Such terms have to be disambig-
uated in a post-processing step (11). Altogether, a correct
retrieval of abstracts reporting one or several mutations to a
gene has to consider quite a few keywords for the gene and a
number of patterns for the detection of the mutation.

Even a successful query leads to the retrieval of a set of
documents from which the researcher has to extract the
mutation±gene pairs by reading. The association between the
mutation and the gene or protein is easy if only one gene is
mentioned throughout the abstract. Where several genes are
mentioned, the correct association between mutation and gene
has to be identi®ed.

Different solutions have been proposed to automatically
extract information from scienti®c literature. Initially they
were applied to annotate biological sequences (12), to extract
protein±protein interactions (13) and to identify drugs and
genes from the scienti®c literature (14). Up to now no system
has been designed to identify mutations in conjunction with a
gene (2).

In the next section we describe methods to automate the
detection of mutations and the extraction of mutation±gene
pairs. The result is a database of such pairs. In the Results
section, we assess recall and precision of the extraction
methods, e.g. for the mutation extraction and the mutation±
gene pair extraction. In addition, we have extracted from
OMIM a set of PSM±gene pairs which we compare to our
®ndings from Medline. The presented data lead to assumptions
on how the two data sources differ. Furthermore, the links to
Medline abstracts allow us to examine the related bibliog-
raphy. In the last section we discuss limits to our methods, e.g.
low recall on mutation±gene pairs, and the question of how far
it can be expected that Medline and OMIM cover the same set
of mutation±gene pairs.

MATERIALS AND METHODS

Terminology

The methods described in this publication are designed to
detect base substitutions as well as short nucleotide insertions
and deletions. Within this publication we refer to these events
jointly as `mutations'. Our methodology currently does not co-
extract allele frequency data, which means that the numerous

SNPs, which can be extracted from the literature, will also be
referred to as `mutations'. The term `protein sequence
mutation' (PSM) identi®es those mutations that are reported
in amino acid nomenclature and thus clearly lead to altered
amino acid sequences. The term nucleotide sequence mutation
(NSM) refers to those mutations that are described in DNA
nomenclature. As the current DNA nomenclature does not
allow a description of the NSM consequences, some of the
detected NSMs could at the same time represent PSMs.

Matching technology

The abstracts analysed were downloaded from the public
server of Medline according to the rules indicated there. Only
those abstracts provided through the public server before
September 10th, 2001 were considered. For the complete
analysis all abstracts containing a HUGO gene name were
scanned.

Our automatic analysis method consists of different
components (Fig. 1): (i) an identi®cation module for the
gene names, (ii) an identi®cation module for the patterns
describing polymorphisms and (iii) a disambiguation module.
Additional modules transfer the data into the database and
generate Web pages to a query to the database.

The identi®cation modules for the gene names and the
polymorphism patterns are based on regular expressions
(RegExp). Regular expressions can be implemented in
Python, Perl, with the help of Flex in C and C++ and in
other techniques (15). The technology to compile RegExp and
any instance of compiled regular expressions is also referred
to as Finite State Automatons (FSAs). We applied our own
implementation of FSAs, which has been developed for
linguistics-based sentence analysis using FSAs (16). The
automata were optimized to run in 1 GB of main memory. A
complete run takes ~3 days on a Linux system (one CPU, 2
GHz, 1 GB main memory).

Any gene name is matched in its uppercase and lowercase
variant, e.g. COL1A1 versus col1a1, and in the lowercase
variant with a leading uppercase letter. This leads to the
regular expression (COL1A1|[cC]ol1a1). All gene names are
encoded the same way and all regular expressions are
compiled to a single module to perform complete gene name
identi®cation in one run. For the identi®cation of gene
concepts we extracted 16 142 names from HUGO, which
includes the synonyms mentioned there. For the comparison of
our data to OMIM we counterchecked that every OMIM entry
refers to a named entity represented in HUGO.

The identi®cation of the polymorphisms is again based on
regular expressions. The example `C282Y' (Table 1) is
identi®ed from the regular expression [AC-IK-NP-
TVWYZ][0-9]+[AC-IK-NP-TVWYZ]. The examples can be
recognized with similar expressions, with some minor modi-
®cations. The differentiation between a PSM and a NSM in the
case of [ACGT] is done on a later stage. Again, all patterns are
compiled to a single module to analyse the text in one run. A
set of 30 patterns was identi®ed in Medline to extract the
mutations. A subset is shown in Table 1. Our patterns consider
the one-letter codes for amino acids and nucleotides as well as
the three-letter codes and complete names for amino acids
only.

In order to ®nd the gene name mentioned in conjunction
with a mutation, the patterns have been applied to the
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sentences. If an abstract contains only one gene name (or
synonym), the detected mutation phrase was associated to this
gene, independently of the localization of the mutation in the
abstract. If the abstract contains several gene names, the
phrase is kept if at least one gene name appears in the same
sentence. If several gene names have been encountered in one
sentence, then syntactical rules and proximity parameters were
used as decision criteria.

1117 (3.85%) of our ®ndings have to be classi®ed as
ambiguous, because they use a one-letter code (A, T, C, G) to
describe the substitution. Automatic disambiguation with the
help of contextual information was not able to tell whether the
letter referred to a nucleotide or an amino acid, and curation of

the items from a sample led to the result that a portion of the
sample cannot be disambiguated at all (results not shown).

After the automatic extraction the outcome is evaluated
regarding recall (relevant facts found/relevant facts available)
and precision (relevant facts found/facts found).

To estimate recall and precision we retrieved those abstracts
from PubMed that contained the keyword either `mutation' or
`polymorphism'. Each of these keywords is frequently found
in conjunction with mutations. From this set of abstracts a
random sample of 100 abstracts was selected, each of which
mentions at least one mutation. This subset of abstracts was
analysed manually and with the help of our automatic
methods. The results were compared to each other.

Figure 1. Work¯ow overview. 16 142 HUGO gene names were integrated as patterns into a ®nite state automaton. This is also true for mutation patterns,
which encoded a mutation as regular expression. All Medline abstracts were scanned and the different FSAs extracted the phrases and tagged the result.

Table 1. Several examples of phrases describing mutations found in Medline

Arg506 to Gln
valine 804®leucine
Ile15 to Thr15
Pro12Ala
arginine(3500)±glutamine
C282Y
A1166®C
677C®T
1166A/C,
359 (Ile/Leu)
Nucleotide 383T®C
codon 113 and His®Arg
Cys/Val343
Val®Ala at codon 113
IVS1±2A®G
codon 241 and codon 247, where the single base changes from C to T
Methionine to threonine substitution at residue 235
Methionine for valine at position 30
Ser®Leu change at amino acid 217
Heterozygosity for the IVS-I-5 (G®C) mutation
A fourth mutation, 433±2(A®G) transition, was identi®ed at the splice-acceptor site in intron 2
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Finally, we downloaded a version of OMIM dating to
December 2001, which was publicly available, and extracted
all mutation±gene pairs as they were explicitly provided
through this database (4). We selected the set of PSMs and
NSMs (substitution type) to be able to compare our extracted
information to OMIM (cross-validation), and determined the
intersection between both data sets.

RESULTS

Evaluation of the extraction method

We propose a method which allows automatic extraction of
mutation±gene pairs from Medline. It is primarily focused on
nucleotide and protein sequence mutations of the substitution
type (Table 1). We take the gene names from the HUGO
nomenclature (17,18; http://www.gene.ucl.ac.uk/nomenclat-
ure/). Protein names are also extracted, if they are synonymous
to a gene name. Our method identi®ed 24 351 unique pairs
from 16 728 Medline abstracts.

For the evaluation of our methods we distinguished
between the overall conclusion that an abstract reports a
mutation±gene pair (contained mutation±gene pair) and the
more speci®c set of individual facts listed in the abstract (cited
mutation±gene pair). The same distinction is used for
contained named entities versus cited named entities.
Precision and recall referring to cited mutation±gene pairs
consider several ®ndings in an abstract as individual results.
For a contained mutation±gene pair it is suf®cient if it is
correctly identi®ed throughout the abstract at least once. For
the identi®cation of genes we use the HUGO nomenclature
and therefore only consider cited HUGO genes as contained
genes.

We determined recall and precision from a random sample
of 100 abstracts containing mutations (refer to Materials and
Methods), which were retrieved by keyword search and
analysed by hand. These abstracts had been automatically
processed with our methods.

In addition to the mutations, the associated gene was
extracted from the sentence containing the mutation citation or
from the remaining parts of the abstract (contained mutation±
gene pairs). In only 91 abstracts, referring to 233 cited
mutations (162 contained mutations), could a contained
HUGO gene be veri®ed by hand. Thirty-®ve abstracts
contained several gene entities, which led to ambiguities in
the identi®cation of the correct mutation±gene pair. The
precision for the association of the contained gene to the
contained mutation is 93.4%. Recall was estimated to 35.2%
(57 out of 162).

For the cited mutations our extraction methods have 99%
precision at a recall of 74% (Table 2). This proves that our
method is precise in the detection of mutations. The recall was
higher where PSMs were speci®ed with the one-letter amino
acid code (79.1%), e.g. R for arginine, in comparison to the
other types (66.7%), e.g. Arg for arginine, which is due to the
fact that language patterns for the one-letter code have lower
variability. The recall in either case can be further improved
with additional patterns describing as yet missed representa-
tions of mutations.

Cross-validation of PSM±gene pairs with OMIM

The manual validation of the complete set of extracted
mutation±gene pairs would be extremely time consuming and
requires background knowledge in the respective disease area.
An alternative is the comparison of the extracted data to the
OMIM database. It has been generated from public literature
and other sources with the help of curators and provides
information on the genetic cause of diseases in humans as well
as references to known mutation±gene pairs. For our com-
parison the public version from December 2001 was used.

First we identi®ed the largest sub-selection of mutation±
gene pairs from OMIM that could be compared to our
extracted data (Mutation Extraction from Medline Abstracts,
MEMA). The sub-selection consists of 6699 PSMs (substitu-
tion type). This group is the largest fraction in OMIM. NSMs
were not considered, since their one-letter code always has to
be disambiguated. The remaining polymorphism entries in
OMIM (3384) refer to other types of mutations, e.g. deletions
and insertions. Table 3 gives an overview of the content in
OMIM and in MEMA. Out of 6699 PSM±gene pairs from
OMIM, 1826 were identi®ed automatically (27%).

For all PSM±gene pairs in OMIM we selected the abstracts
which contained the gene as well as the PSM (PSM and gene
co-occurrence). We could identify such an abstract for 2002
PSM±gene pairs. We analysed more closely why this number
is low in comparison to the complete set of mutation±gene
pairs in OMIM (6699 pairs for 1041 genes). 242 gene names
do not appear in co-occurrence with any kind of mutation in
Medline, and another 92 genes occur together with a PSM, but
not with any of the PSMs mentioned in OMIM. In the ®rst case
a larger gene name set will improve the recall, and in the
second case a citation might be found in a different source, e.g.
in the complete publication or in a journal that is not listed in
Medline.

Next we counterchecked how many of these PSM±gene
pairs were extracted by our methods. We identi®ed 1826 pairs
representing 91%. This is the recall of contained PSM±gene
pairs in the complete set of pre-selected documents. The
PSM±gene pairs contained in both data sets are called cross-
validated pairs or BOTH pairs.

Distribution of PSM±gene pairs in OMIM and Medline

In the last step we compared OMIM to data extracted by
MEMA for those genes where cross-validated PSM±gene
pairs have been found. The expectation is that a gene with a
large number of PSMs kept in OMIM will have also a large
number of PSMs available from Medline. But we found that
the correlation coef®cient of the number of PSMs per gene in
OMIM in comparison to MEMA is only 0.53. Figure 2 lists the
genes with the highest number of PSM±gene pair entries in
OMIM.

We grouped the genes into three different categories: (i)
OMIM-owned genes, (ii) MEMA-owned genes and (iii)
BOTH-owned genes. In the case of OMIM ownership the
majority (>50%) of PSMs for a given gene is unique to OMIM
and, in the case of MEMA-ownership, unique to Medline. In
other words, in either case the majority of PSMs for a given
gene have not been cross-validated. If a gene is attributed
`BOTH-owned', then the majority of its PSMs have
been cross-validated. In general this classi®cation attribute
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indicates which source provides the largest portion of ®ndings
(>50%) for PSMs associated to the gene.

Table 4 gives an overview on the PSM±gene pair ®ndings
across the different categories. The average numbers for
commonly known pairs range from 2.4 to 4.6 pairs per gene
for all three categories. As expected, the average number of
pairs known to OMIM for OMIM-owned genes is high (11.0
PSM per gene), and the average number of pairs in MEMA for
MEMA-owned genes is even higher (24.5 PSM per gene). As
a result Medline provides a large portion of PSM±gene pairs
and only 18.8% of the genes are owned by OMIM. One
interpretation of these data is that a large number of PSMs for
a given gene is not of interest to OMIM, since it is not relevant
to human disease, they could include, e.g., experimentally
induced PSMs or PSMs that are only synonymous variants of
existing OMIM entries.

Finally we extracted the date of ®rst publication linked to
the extracted PSM±gene pairs and analysed the distribution
over time (Fig. 3). We expected to see an increase of published

PSM±gene pairs over the past 10 years in Medline, which is
the case and which re¯ects the increase in research work done
in this ®eld. In 2001 the number is smaller than that for 2000,
since we used for Medline and OMIM the versions published
in September and December 2001, respectively, which did not
yet contain the full data for 2001. The earliest cited pair is
registered in 1971, and the ®rst citation for a cross-validated
PSM±gene pair stems from 1984. The largest number of PSM±
gene pairs belongs to MEMA-owned genes. Furthermore, the
increase of cited PSM±gene pairs is mainly due to PSMs of
MEMA-owned genes and to PSMs of BOTH-owned genes.

DISCUSSION

Scienti®c literature is the most important information source
for researchers to publish their ®ndings and to stay informed
about the scienti®c work done in other groups. Electronic
access to the information source, e.g. via PubMed for abstracts
from scienti®c literature, and ef®cient query interfaces, e.g.

Table 2. Recall and precision estimates for different parameters

Recall Precision
Total (%) Total (%)

Cited mutation in one-letter code 151/191 (79.1) 151/152 (99.3)
Cited mutation in three-letter code or in complete name 52/78 (66.7) 52/54 (96.3)
Cited mutation 204/273 (74.7) 204/207 (98.6)
Contained mutation 143/190 (75.3) 143/146 (97.9)
Contained mutation±gene pairs 57/162 (35.2) 57/61 (93.4)

The numbers were estimated from a sample of 100 abstracts, which led to the identi®cation of 273 citations: 191 for the one-letter code and 78 for the
three-letter code and complete name. Precision is high for the identi®cation of the mutation. On the other hand, the recall for the association between the gene
mentioned in the abstract and the mutation needs to be improved. Mutation±gene pairs are mainly missed due to ambiguities from additional genes in the
context of the mutation and due to named entities not compliant with the HUGO nomenclature.

Table 3. Number of mutation±gene pairs in OMIM and in MEMA

Genes Mutations PSMs NSMs Ambiguous
mutations

Total

Extracted from OMIM 1215 10 083 6699 207 0 6906
Extracted by MEMA 2115 24 351 20 503 2376 1117 23 996
Common to OMIM and MEMA 782 1887 1826 38 0 1864
Unique to OMIM 433 8196 4873 169 0 5042
Unique to MEMA 1333 22 464 18 677 2338 1117 22 132

The OMIM version of December 2001 provided 10083 entries, of which 6699 refer to PSMs and 207 refer to NSMs. The remaining entries refer to deletions,
insertions and other types of polymorphisms. MEMA provides access to 24 351 mutations, of which 20 503 refer to PSMs, 2376 are NSMs and 1117 could
not be classi®ed automatically. 1826 PSM±gene pairs were cross-validated through OMIM and MEMA.

Table 4. Total number of PSM±gene pairs for different gene categories

Gene categories No. of genes PSMs in OMIM (Average) PSMs in OMIM +
MEMA

(Average) PSMs in
MEMA

(Average)

OMIM-owned 91 1005 (11.0) 221 (2.4) 284 (3.1)
BOTH-owned 206 595 (2.9) 747 (3.6) 712 (3.5)
MEMA-owned 185 642 (3.5) 858 (4.6) 4532 (24.5)
Total 482 2242 1826 5528

Genes with cross-validated PSM±gene pairs have been categorized according to the source where the majority of pairs have been found, e.g. for
OMIM-owned genes the majority of pairs can be retrieved from OMIM. The numbers show that Medline provides the largest portion of data. For
OMIM-owned genes the number of commonly known pairs is low. This can be due to differences in the naming conventions or due to the fact that OMIM
uses information sources other than Medline. (Average refers to the number of PSMs per gene.)
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the query engine of PubMed, are enabling the rapid retrieval of
information, but are not suf®cient if a large amount of data has
to be compiled and made available for further processing and
use. As a consequence, researchers have investigated methods
to automatically analyse scienti®c text and to provide facts
from the set of documents in a condensed form (12,13,19,20).
In our approach we present the extraction of mutation±gene
pairs from Medline abstracts.

We used HUGO nomenclature to detect gene names, which
is an important standardization for comparing the extracted
data with other sources, e.g. with OMIM. If a mutation was
detected and if, in addition, a gene name according to HUGO
nomenclature was extracted, then the gene name was used as a
synonym for the protein. In addition to our approach,
automatic extraction of terminology can be applied to further
improve the recall of gene entities (9,11,20).

Precision for the identi®cation of cited mutations as well as
contained mutations is high (99 and 98%, respectively), while
the recall can be further improved with the help of additional
patterns capturing missed representations. The detection of the
contained mutation±gene pair relies on the correct identi®ca-
tion of at least one gene and one mutation citation, and on the
correct association of the two parts. Our methods have proven
to be precise (94%), but the recall is rather low (35.2%), which
is mainly due to the fact that a large number of abstracts from

our sample (35 of 91) contained several gene entities. This is
an example of the known fact that the identi®cation of the
relationship between concepts is a complex task (21). Our
solution is tuned to provide high precision at the expense of
lower recall.

The largest portion of mutation±gene pairs from MEMA
and in OMIM refers to PSMs (substitution type). Out of the
complete set of pairs from OMIM (6699) our method
identi®ed 1826 from Medline, which is 27% of recall. It can
be assumed that Medline does not cover the full scope of pairs
contained in OMIM. Indeed, only for 2002 pairs did we ®nd at
least one abstract from Medline containing both the gene and
the mutation. The methods applied automatically extracted
1826 PSM±gene pairs, which is 91% of recall. This seems to
contradict the recall measured through the sample of abstracts
and can be explained by the fact that PSM±gene pairs appear
redundantly in different abstracts. In addition, we can expect
that the access to and the analysis of complete publications
will increase the amount of PSM±gene pairs automatically
extracted from the scienti®c literature.

For 4697 of 6699 PSM±gene pairs from OMIM no abstract
can be found in Medline where the PSM and the gene entity
co-occur. This leads to the conclusion that information
extraction has to deal with the trivial constraint that only
contained information can be extracted. Furthermore, OMIM

Figure 2. Number of PSM±gene pairs per gene sorted according to OMIM. From top to the bottom different genes are listed, and the blocks to the right
represent the number of PSM±gene pairs: ®rst the number of PSM±gene pairs unique to OMIM, then those contained in both databases and ®nally those listed
in MEMA only (Medline). The genes have been sorted according to the number of pairs in OMIM, which is the sum of the ®rst two sections in the block.
<O> refers to OMIM-owned genes, and <M> and <B> to MEMA-owned or BOTH-owned genes, respectively (see text). OMIM provides more PSM±gene
pairs than MEMA for only 12 out of 30 genes, although these are the top 30 of OMIM. The correlation coef®cient for the distribution of mutations per gene
found in OMIM and in Medline is 0.53.
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and Medline differ to a large extent, since each one provides
PSM±gene pairs which are not contained in the other source.
The top ranked genes for OMIM are listed in Figure 2.
Amongst them are F8, F9, Col1A1, AR, RHO, APOE and
HEXA. The top-ranked MEMA-owned genes are CFTR,
BCHE, PAH, LPL, SERPINA1, PLP1 and C2 (not shown).

The reason for these differences can be found in the
interpretation of the purpose of OMIM and Medline. OMIM is
focused on human disease and gathers any kind of information
which helps to understand the cause of disease. In contrast,
Medline contains details of mutagenesis experiments which
might not yet be relevant to a type of disease, or which even do
not appear in nature. This hypothesis might hold for CFTR.

Nevertheless, Medline abstracts are without doubt an
important information source to curators working for
OMIM, and the increase in detected and reported mutation±
gene pairs over the past 20 years is represented in the increase
of PSMs belonging to BOTH PSM±gene pairs (Fig. 3). We
conclude that our information extraction methods allow fast
access to mutation±gene pairs contained in scienti®c literature

and that such methods complement data-mining methods (22)
and ef®ciently support the work of curators (23), if curation is
still wanted.
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fact that Medline reports on experimentally induced mutations. Such mutation±gene pairs are not relevant to OMIM, since the evidence for impact to a
human disease might not be known or might be unclear (see Discussion).
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