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Abstract Introduction

Motivation: Annotation of the biological function of different Scientific knowledge is contained in vast collections of
protein sequences is a time-consuming process currentlyritten text. The rapid growth of these collections makes it
performed by human experts. Genome analysis tools encouniggreasingly difficult for humans to access the required in-
great difficulty in performing this task. Database curators,formation in a convenient and effective manner.

developers of genome analysis tools and biologists in generalThis task has been approached over the past few years from
could benefit from access to tools able to suggest functionio different perspectives. On the one hand, text understand-
annotations and facilitate access to functional information  ing has been based on lexical, syntactical and semantic
Approach:We present here the first prototype of a system for trgnalysis. This approach is confronted with the variability,
automatic annotation of protein function. The system iélzziness and complexity of human language. A number of
triggered by collections of abstracts related to a given proteir?Perative methods of language analysis have emerged from
and it is able to extract biological information directly from this work (see Salton, 1989; Cowie and Lehnert, 1996).
scientific literature, i.e. MEDLINE abstracts. Relevant keywords On the other hand, a less ambitious attempt has also turned
are selected by their relative accumulation in comparison witQUt to be of practical relevance, namely, the treatment of text
a domain-specific background distribution. Simultaneously, th&ith statistical methods. In this approach, the possible rel-
most representative sentences and MEDLINE abstracts afy2nce of the words in a textis deduced from the comparison
selected and presented to the end-user. Evolutionary inform@! the frequency of different words in this text with the fre-

tion is considered as a predominant characteristic in the domafuency ofthe same words in reference sets of text [e.g. Berry,

of protein function. Our system consequently extracts domai tal, 1995; or the Experimental Search System (ESS) at the

specific information from the analysis of a set of protein families,l_rﬁS gs;?(%cﬁfisi?gzgrrlsfjsé mt;[;[r? ég%vgﬁf:zslﬁ] %3 ?r\]’ é Cf?;lggﬂ;:y
Results: The system has been tested with different protei ’

- i . . : gf words varies greatly between different knowledge areas,
families, of which three examples are discussed in detail herg:g. technology or poetry.

‘ata>t<)|a—t_elangr|1egta5|a, a\s/\s/gcflate% protein ’" fan GdTPaseI ?_nd In the field of molecular biology, in particular for the an-
carbonic annhydrase-. ound generally good Correlalion, »4iinn of protein functions, there is considerable interestin

between_ the amount of mformatlpn provided to the system agatomatization. The many ongoing sequencing projects and
the quality of the annotations. Finally, the cu_rrent I|m|tat|onsthe fast growth of the databases clearly demand this type of
and future developments of the system are discussed method. We propose here a simple approach based on word
Availability: The current system can be considered as @isiripution statistics, and discuss the relative success of a
prototype system. As such, it can be accessed as a servef;at prototype as applied to relevant examples.
http://columba.ebi.ac.uk:8765/andrade/abx. The system acceptsye explore the possibility of extracting biologically sig-
text related to the protein or proteins to be evaluated (optimallyificant words related to protein function directly” from

the result of a MEDLINE search by keyword) and the results a&ored text. The source of information used was the MED-
returned in the form of Web pages for keywords, sentences and

abstracts

Supplementary information:Web pages containing full in-
formation on the examples mentioned in the text are available
at: http:/mww.cnb.uam.dsnbprot/keywords/ IPresent address: European Bioinformatics Institute, Hinxton,
Contact: valencia@cnb.uam.es Cambridge CB10 1SD, UK
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Automatic annotation of protein function

LINE subset dealing with biological sequences. MEDLINEmatic genome analysis therefore depend completely on the
is a collection of abstracts from scientific journals stored andescription of protein function provided in the database, and
maintained at the National Library of Medicine often only on the annotation of the first similar sequence
(http:/mww.nim.nih.gov/). Abstracts in this collection, found. New tools for accessing functional information will
when associated to proteins, normally include various age important for the annotation of the overwhelming number
pects of protein function, such as biochemistry, cellular fun®f sequences derived from different sequencing projects, as
tion, medical implications, etc. They are composed in gerwell as for the annotation of protein sequences directly trans-
eral of short sentences of technical character using a redudatid from DNA sequences (e.g. TREMBL,; Bairoch and Ap-
and non-ambiguous vocabulary. These characteristics rendegiler, 1997). The process of database annotation is gen-
them very appropriate for statistical approaches. Extracticrally accurate, as it is performed by human experts, but it is
of functionally related significant words can be consideretime consuming and highly idiosyncratic.

as the first step in the process of automatic annotation of seA more systematic exploitation of the database annota-

guences. tions, and in particular of the SwissProt keywords, has also
been attempted by Guig al (1991) who used them for
Annotation of biological sequences automatic discovery of new functional relationships between

] ~__sequence families. We have also used keywords to address

Sequences are collected and stored systematically in diffgfe problem of classifying sequences in functional groups,
ent sequence repositories. In particular, SwissProt (Bairogla cellular functions, using statistics about the relationships
and Apweiler, 1997) contains a large collection of proteifetween keywords and classes of cellular function (Ta-
sequences with minimal information about their biologicajnameset al, 1996).

function. These annotations are carefully made by humanThe system presented here could constitute a first-aid tool
experts with general biological knowledge after consultatiofy retrieving information and suggesting functional annota-
of the relevant bibliography. Annotations are made in thgons, could also be useful for the investigation of functional

form of (i) free text comments on protein function (e.gyelationships between proteins, and could be integrated into
‘Pathway: non-oxidative branch of the pentose phosphafgsnome analysis systems.

pathway’) or biological relationships (e.g. ‘Similarity: to
other bacterial or eukaryotic rpi’), (i) keywords chosen fromM ethods
arestricted list of choices (a dictionary of 800 words in Swis-

sProt) and (iii) the common name of the protein. This method estimates the significance of words by compar-
ing the abundance of words in a given set of abstracts related
Different uses of database annotations to a protein family with their abundance and distribution in

. a background set of abstracts associated to a wide range of
Database annotations are commonly used by human exp&figerent protein families.

as a first indication of protein function. Perhaps the most fre-
ggggtgm:;?ttlons thaﬁ rely on da}tatlaage Tnnotatlonsr?re dalanecting a background distribution of abstracts
. . y searches. A typical similarity searc Stalrt:%slsociated to a diverse set of protein families
with the inspection of the output of common sequence searc
tools such as BLAST (Altschudt al, 1990) and FASTA To obtain a representative set of words (and their abundance)
(Pearson and Lipman, 1988). The first information available protein families, we selected a subset of distinct non-over-
is the protein name as described in the sequence datablaggping protein families. These were taken from PDBSE-
entry, e.g. the DE line in SwissProt: ‘rash_human, ras-p21ECT, which contains proteins with <25% sequence similar-
oncogene’. A more detailed inspection requires manual aity between them (Hobohm and Sander, 1994) (ftp://ftp.san-
cess to other biological information annotated in the databader.heidelberg-de/pub/databases/protein_extras/pdb_select/
[e.g. using a retrieval system such as SRS (Ewbll, pdb_select.mar_1994).
1996)]. Finally, deeper inspection of the available informa- Protein families were taken from the HSSP database
tion would require the retrieval of the linked MEDLINE ab- (Schneideet al, 1997), with each family corresponding to
stracts or direct consultation of written bibliography. Theone of the PDBSELECT proteins. To ensure that the proteins
successful identification of the putative function of a proteirtontained in each family perform only one function, we se-
often depends on the first steps of the search and, congcted only those proteins with >40% of sequence similarity
guently, on the quality of the database annotations. to the master sequence of the family. The set of abstracts
In large-scale sequencing projects, the process of annotarresponding to each of the families was assembled with the
tion is carried out automatically, fulfilling only the first step MEDLINE pointers in the corresponding SwissProt entry of
of the process described above (Castaal, 1995; Gaaster- each protein. Very small protein families were excluded, i.e.
land and Sensen, 1996; Kooeiral, 1996). Tools for auto- those with less than five proteins linked to MEDLINE. This

601



M.A.Andrade andA.Valencia

set of protein families was used as the domain-specific back- °
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computationally demanding task for large protein families. #famllles

Statistical analysis of the words in the background

distribution Fig. 1. Distribution of the words in the background set of protein

families. The mean frequency of a word in the families in which it

The first step in the procedure is building the dictionary of allS Presentd versus the number of families in which itis present.
the words used in the abstracts linked to the background dig® ome of the word names are depicted in the figure. The right side of
tribution of families. For this dictionary and for all the stat- e graph shows words that are present in mostfamilies (up to a total
istical analyzes that follow, the wor dgwere stemmed, COﬂOf 71 families). The left part contains words that are present in only

a few families. Those at the upper left are found with high frequency,
sidering variant forms of the same word as identical. indicating that they are likely to be good indicators of the function

For this prototype system, we have implemented a simplgf the families from which they have been extracted. The full list of
stemming algorithm. First, we applied a set of simple rulekeywords generated for the 71 families is available as additional
for choosing words: (i) any hyphen followed by a carriagematerial.
return is removed, assuming it splits a word; (ii) any other
hyphen is replaced by a space; (iii) characters other than
letters and numbers are removed,; (iv) words composed exhere W is the number of sequences of fanifgr which
clusively of numbers are removed. The stem of the words iBe worda was found in a linked MEDLINE ang is the
obtained by selecting their common beginnings. Two worddumber of sequences in family
are considered to have the same stem if they have the samé/ith the following graph, we illustrate the complexity of
beginnings and their endings differ in one or two characterthe data that will be used as the background set. Figure
This includes most plurals (e.g. ‘kinase-’ and ‘kinase-s’) andisplays the frequency of a word in the background set of 71
verb tenses (e.g. ‘transcript-s’ and ‘transcript-ed’). We do ngtrotein families. Th&-axis of the graph contains the number
apply this rule when the stem has less than five charactersoofamilies in which a word is present and theaxis con-
avoid unwanted situations like mistaking ‘acti-n’ with ‘acti- tains the average frequency of the wa®§ (n the families
ve’. Other, more elaborated methods already developéd which it is present:
could be included in the system at a later phase (e.g. Ulmsch-

neider and Doszkocs, 1983) and are used in database search
engines such as PubMed (http://www.ncbi.nlm.nih.gov/
PubMed/) or the Library of Congress (http://lcweb2.loc.gov/
catalog).

53 — i=1

n
2%
i=1

)

Once the dictionary has been compiled, two statistical
parameters are computed for each of the words of this diggherex?=0if We=0 andx?= 1if WF> 0, anchis the number
tionary: their frequency in each family and the deviation off families. The upper right portion of the graph shows words
the distribution of their frequencies in the set of families. that are present in most of the families and in most of the
The frequency of a worin the familyi, can be measured sequences of those families. There we find common English
as: words like ‘the’, ‘and’ or ‘of’. It is interesting to observe that
other words like ‘gene’, ‘protein’ or ‘cDNA, very common
in this specific knowledge domain, are close to the common

R words in frequency and number of families.

W 1
= ®
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The upper left part of the graph contains words present in Fa — We )

a small number of families, but in high frequency (presentin - S

most of the proteins of the corresponding family). In thisyhereWe is the number of abstracts in which the waiid
case, we find words like ‘myoglobin’, ‘ras’, ‘phosphoglycer-found andsis the number of abstracts supplied for the query
ate’, ‘metallothionein’ or ‘cytochrome’, which correspond tofamily.
the common name of one or a few of the families included To evaluate whether a word constitutes a keyword in the
in the anaIySiS. The detection of other pOSSiny meaningflﬂiarticwar query fam||y’ we Compute tizescore for each
words like ‘kinase’ and ‘receptor’ requires a more precisguord. Thez-score of a word is defined as the difference
analysis. between the frequency of a word in the query family minus
To discriminate high-information-content words relevanthe mean frequency of word in the background distribution,

to the knowledge domain of protein function, it is essentiadivided by the deviation of the word background distribu-
to combine the frequency of a word in the families with thejgn:

number of families in which it is present. For example, ‘ki- -

nase’ is an extreme case since it has a high frequency only in 2 = F2—F° (6)

a few families, three in this case, and it occurs very seldom Oa

in other families. Common words like ‘the’ are at the othefThis score gives an idea of the distance of the frequency of

extreme; they are also very frequent, but are found in all pra-word in a query family from the general distribution of this

tein families. Intermediate cases between these extremes ard in the background set of families.

the interesting ones; for example, the word ‘membrane’ is Note that our procedure to obtain word frequencies is dif-

found in almost all families, but in very different frequenciesferent from a simple word counting and, therefore, the kinds

ranging from 0 to 100%. Itis in these cases where itisimporf distribution we are analyzing are also different from the

ant to be able to annotate ‘membrane’ as a keyword only tgpical Zipfian distribution (Zipf, 1935).

those families where its frequency is significant. Itis conceivable that some words present in the query pro-
The deviation of the distribution of word frequencies in thaein family will not be found in the small background dis-

set of families is indicative of whether or not the word igribution used here. At this point, we consider these new

strongly associated with particular families, and is thus awords as significant ones, giving them a symbolic value of

indication of the functional informational content of the‘new’ instead of a numericatscore.

word.

The deviation of word distribution is given as: Selection of the most Signiﬁcant sentences

. 1 -, > Sentence boundaries were identified by inspection of the
ot = = 12('3 -F) (3)  punctuation marks (i.e. *.") of the abstracts associated to the
=1 guery family. Cases in which punctuation marks are used for

whereF7is the mean frequency of waadn the background abpreyiations or for numerical annotations were ignored.
distribution: This simple process was found to perform well in most cases,
given the simplicity of the language used in scientific ab-

N stracts. Other more elaborate methods have been attempted
Z F? for non-scientific text (e.g. Reynar and Ratnaparkhi, 1997).
F = i:1n 4) The extracted sentences are scored by averaging the
score values of the individual words. During the analysis, it
andn is the total number of families. becomes evident that the sentences are very useful for inter-

The dictionary of the background set of protein familiespretation of the keywords since they provide the appropriate
and the frequency and deviation of its words to evaluate ne¥ntext for their interpretation.

protein families, can now be used.

Web interface

Evaluation of a query famil . . :
query y The algorithm has been implemented in a Web server that

Provided with a query family with an associated set of MEDaccepts text from multiple abstracts, e.g. a concatenation of
LINE abstracts, we can now evaluate the words that are likabstracts proceeding from a search in MEDLINE. The re-
ly to be important for the family (putative keywords) by com-sults are given as Web pages with relative links to facilitate
parison with the background set. information retrieval. The information provided includes
First we compute the dictionary of the words used in thkeywords, sentences and evaluated abstracts with their
MEDLINE abstracts provided for the query family. The fre-corresponding scores. The keywords are linked to the sen-
guency of each of these words is then calculated as: tences containing them, and the sentences themselves are
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linked to the abstracts in which they were found. If the abused is able to highlight significant words that are not very
stracts have a MEDLINE identifier, they will be linked to thefrequent, but differ significantly from the background, e.g.
NCBI MEDLINE. The abstracts are presented highlightec¢heterozygote’ has the highesscore (57.35), even though

with the more significant sentences and keywords. its frequency is only 22%. Inversely, some very abundant
words are considered less significant, since they differ little
Results from the composition found in the background distribution,
e.g. ‘genetic’ has a lowscore (3.53) even though its fre-
Analysis of the background distribution of quency is 39%. It is also interesting that some words, such us
MEDLINE abstracts related to protein families ‘cancer’, given their connotation, seem to be a very attractive

The performance of this system depends critically on th%hoiCe for most authors and they end up scoring high in our
i . 0
composition of the background distribution used as a refe?éysrﬁﬁg:', x\gtsh tﬁé Srﬁo;]ee:tf f?égﬁe?]r;d :r;fr?ufagngr d434 v</0|th
ence. For this reason, we first assessed the quality and qugﬁ-h - SCore 9 q y 9
tity of the information contained in the background set de- 9 o
signed for the prototype system. The algorithm was applie the most 'S|gn.|f|cant sentences selecteql by the system are
to the families used for the background distribution. The ke IS0 shown in I_:lguré. Se_ntences are easier to follow tha_n
words obtained for each of 71 protein families were coms—Ingle yvords, since they |.nc_lude fundamental contextuall In-
pared with the words selected by human experts for annotégﬁ’—r m_atqun. Aede?;’ descriptive senter}cg 7C7°_;t|d bz: The sixth
ing the corresponding entries in the database. For the purpc%? N Figure:, With an averagescore ot v. 7 7-dlaxiaelan-
of this comparison, the words included in the SwissProt (Baficctasiais ageneticdisorderwith an autosomicrecessive
roch and Apweiler, 1997) KW and DE fields were treated iﬁrgnsmlsslon’ (keywords are under lined). Many of the other
the same way as the words extracted from the MEDLINIE"gh'SCO”ng sentences are alsq mforma_tlve, and a human
abstracts: they were computed when they appeared as§gPert would have no difficulty in choosing the most ap-

ciated to >50% of the proteins of a family and showed a propriate one by simple broyvsing_. .
score > 0.10. The number and quality of both sets of key- For the purpose of comparison, it can be said that the corre-

words were then compared by eye for each family. The réP0nding database entry (HS24551 in EMBL) is described
sults obtained with this system and with the extraction &S human E)hOSphatldylanSItOI 3-kinase h,omolog (ATM)
SwissProt keywords are available as additional material. MRNA and ‘Ataxia-Telangiectasia mutated’, whose mean-
Our assessmentis that, for 16 families, the background di89 1S not immediately obvious to the reader. The second in-
tribution contains more information than the equivalenformation provided by the database entry is a pointer to a
SwissProt keywords, for 12 families the performance wa$nd!e MEDLINE reference that corresponds to a paper en-
similar, and for 31 families the background contains substafiled ‘A single gene with a product similar to PI-3 kinase’.
tial information, but not as much as the SwissProt entried. Seems clear that in this example our system brings more
Only in the remaining 12 cases does the system perform quft@sily interpretable functional information.
poorly and assigns only one keyword. This is due mainly to A Sécond example was obtained by querying the system
the heterogeneity and small number of abstracts that aféth abstracts containing the words ‘ran’ and ‘GTPase’, re-
linked directly in SwissProt. Better results are expected fdt€d in principle to the function of the small GTPase ‘ran’.
the analysis of more extensive and coherent sets of abstradtis protein is implicated in nuclear transport and belongs to
In any case, the background distribution contains a largge large superfamily of ras-related proteins. This example is
and diverse set of words associated with different proteiesented to illustrate some of the performances of the cur-
families, providing an adequate reference set for the analy$@nt system, in particular, how useful the sentence analysis

of the information contained in other protein families, at lead- This case also shows how the system is tolerant to some
at the level of the prototype system. errors in the selection of the initial set of texts.

In this case, the words with highescores were ‘binding’,
‘hydrolysis’, ‘GTPase’, ‘GTP’, ‘GDP’, ‘exchange’, ‘ras’,
‘tc4’, ‘binding’, ‘nuclear’, ‘import’. Many of these words are
In the first example, we analyze abstracts obtained by quergiearly descriptive of the function of the protein family and
ing MEDLINE with the word ‘ataxia telangiectasia’, which could be used directly as keywords. For example, ‘ras’ refers
refers to a human disease associated with a disorder of a garthe protein superfamily to which ran belongs, and ‘GTP’
ticular protein. The most significant words obtained (Figur@and ‘GDP’ are the cofactors bound by this protein family,
2) are directly related to the function of the protein and to itwhile ‘binding’, ‘hydrolysis’, ‘GTPase’ and ‘exchange’
genetic origin, such us ‘recessive’, ‘disorder’, ‘atm’ (therefer to the differentiated enzymatic activity of the protein
gene name), ‘predisposition’ to the disease, ‘heterozygotdiat uses GTP and afterwards replaces the used GDP for a
mode of ‘inheritance’. In many cases, thecoring scheme new GTP. Finally, ‘nuclear ’ and ‘import’ are related to the

Automatic annotation of protein families
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@) Keywords extracted by AbXtract for query
ataxia

Text Sentences

keyword [freq| z found at

195312868] [96255545) [96018070] [89070677) [96391788) [97288735]
[96105020] [97262209) [96154672] [94141360] {91171851] [90174198}
[92097021] [96254972] [90235178) [92058549] [95150036] [93233707)
ldisorder [0.37 §12.30 |[93206979] [95357487] [83107389] [91169545) [95048379] [95381456]
[95364870] [82029766] [89151839] {89139395]) [96390593] [87164160)
[89250669] [97041722] [83259005] [96404417] [94221101} [97294602]
[95138623] {90316537) [97123513]

Fig. 2. Results of the analysis of 100 abstracts containing ‘ataxia
telangiectasia’. The results are shown in the original Web interface
format. Words, abstracts and sentences are cross-linked, and it is
possible to travel between thera) Keywords and the MEDLINE
identifiers of the abstracts in which they were found, scored and
selected by our algorithm. Five words, including ‘atm’, which is the
gene name, or those used for the query, ‘ataxia’ and ‘telangiectasia’,
were not present in the background distribution, but were selected
due to their high frequency (>20%). A total of 21 words witkores

95312868] (96255945) [89070677] [97288735] [97262209] [96154672)
95372371] [90321562] [91171851] [96038263] [92097021) [96254972)
90235178} [92058549] [93233707] [86061765] [93206979] [95357487]
91169545} [96338579] [95048379] (88314587} [95213012] [82029766]
89003946} [92035738] [89139395] {83259005] [96404417] [94221101}
[92072632] [90316537] [90259001] [97123513]

195312868) [96255945) [93104606] [97288735] [95372371] {96038263]
192194830] [96254972] [91288572) [92298322] [92058549) {86061765]
[93144253] [95357487] [83107389] [91169545] [96338579] [95048379]
[88314587] [96105008] [95213012] [95187960] [82029766] [92035738]
(87239245} [96390593] [96081682] [86061784] [96377133] [94221101]
192072632

> 0.20 were reported. Only some are shown in the screen dump of
this figure. Bestz-scoring words (with frequency indicated in
percentage): ‘heterozygote’ (57.35, 22%), ‘recessive’ (29.73, 37%),
‘radiation’ (23.08, 41%), ‘disorder’ (12.30, 37%), ‘patient’ (9.79,
39%), ‘autosomal’ (9.02, 33%), ‘cancer’ (8.93, 44%), ‘familial’
(8.28, 23%). If) Best sentences with the highlighted significant
words (in bold face). Note that ‘at’ is an abbreviation of ‘ataxia
telangiectasia’, as in the third sentence, and not the preposition ‘at’.
(c) One of the abstracts used. Best sentences and words are
highlighted (in italics and bold face, respectively).

disease  [0.30 |5.29

generated by AbXtract (Fri Nov 21 19:36:47 GMT 1997)

(b) Sentences extracted by AbXtract for query

ataxia

Text Keywords
medline sentence score|
el g e e e 2 The importance of the usage of sentence scoring schemes
S6154672]a T heterozygotes e moderately cancer prone 947 is highlighted by the results obtained with sets of abstracts
D252 o R U € phas deley i ataxa clnglectasie. -y 3 selected by keywords and shows the superiority of our algo-
s Taaf el bypersensivuty tochioni ga radiaton nculured fixoblassfrom |, 7, rithm to this kind of simplistic search. For example, in the set
96255945]ataxia telangiectasia is s genetc disorder with an autosomic recessive ion6 77 of abstracts for the ‘ran’ family, one completely unrelated
PISTIS o, msncsehcetes aaton st sl s rcnren [ abstract was included in the analysis. This abstract contained
2072652{F% e Wi st sehiecass and ool deived from homazygoes and 662 the word ‘ran’, in this case with the meaning ‘ran counter’.

L None of the sentences associated to this abstract were se-

lected as relevant due to the absence of other significant
words. The system appears able to tolerate a certain amount
of noise in the selection of the input set of abstracts.

A last example is chosen to illustrate the dependency of the
05315368 information contained in the literature analyzed. The results
e enda ilangectasia gene with  product similas o pi-3 Kinasea gene, atm that i mutated obtained by triggering the system with the words ‘carbonic’

© Formatted text by AbXtract for query ataxia

Sentences Keywords

in the 4 ive disorder ataxis telangi was ified by ional cloning on . . H
S erarecrieg cereelr immunodefciency ch bl cancer and ‘anhydrase’, restricted to abstracts of articles published
e e pontn v, ond cell eyl aormaiies roups that hve been suspecied during two years (1980 and 1997), are compared in Figure

to represent different genes
> atm, which h?s a mnscripl ?f I? kilobases, was found to be mutated in at patients from all

T groups, that it is probably the sole gene responsible for this disorder
> a partial atm complemm!uiry dna clone of 5.9 kilobases encoded a putative protein that is similar to
several yeast and_ m_ammllmn phosphatidylinositol-3' kinases that are involved in mitogenic signal
transduction, meiotic recombination, and cell cycle control N
> the discovery of atm should enhance understanding of at and related syndromes and may allow the
identification of at heterozygotes, who are at increased risk of cancer. )

3. There are some significant words common to the two sets,
like ‘carbon’ or ‘CQ), the cofactor of the protein family.
Interestingly, there are some significant words that are very
different between the two sets. For example, ‘acetazolamide’
was highly significant in the first year, but not later, and ‘i’
for a second isoform of the enzyme is only significant in re-
cent years. This is because the initial studies on carbonic
cellular function of this protein, and ‘rtc4’ is the name of theanhydrase put much emphasis on discovering inhibitors that
gene coding for the ran protein. allow the manipulation of the enzymatic activity by ‘acetazo-
The meaning of single words becomes clearer when thégmide’, which later became standard knowledge and was no
are embedded in the context of the corresponding sentendesiger mentioned in the later abstracts. By the time of the
such as ‘like allasrelatedGTP binding proteins, gsplp un- second period, a second isoform had been discovered (iso-
dergoes cycles @TPhydrolysisandGDP GTPexchange  form ‘ii"), triggering significant interest and a corresponding
which is the best scoring sentence (10.09). An interestirigcrease in published papers.
phrase isran aGTPasenvolved innuclearprocesses’ (9.40,  The system depends on the input information. As in most
fourth-highest scoring). protein families, functional research is still in active progress
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1980 1667 i TREZ system [http://www3.ncbi.nlm.nih.gov/Entrez/in-
CEYWORD . CEYWORD ] dex.html (Schuleet al, 1996)]. The vector information is
L Ares z-5core Te Z-score .

acetazoiamide 035  new o 053 mew used by the NEIGHBOUR system (Wilbur and Coffee,

arbon S | R 020 mew 1994) to compare individual abstracts with the background

snbyarase 0.98 8.4 protect 035 13s distribution of words in MEDLINE, and individual abstracts

epithelia 010 651 |)fannyarase 0.97  8.05 are compared to discover similarities.

Caffered o1 o z e s PSP S Our approach attempts to extract relevant information con-

concentration D20 N | iEtered . oz Al tained in the abstracts. We are therefore interested in analyz-

buffer 0.10  4.18 ¢ decrease 0.23  3.70 ing the set of abstracts related to protein families rather than

inhibition 0.24 3.06 profile 0.10 3.70 . . . ..

investigate 0.16  2.91 ||| renal 0.1z 3.67 in comparing individual abstracts.

T ieation oy 278 [ dereer PP Our system is based on the consideration of protein fam-

ca 0.16 2.62 erformed 0.17 3.01 il i 1 i 1 -

% e 0.6 2.520 || perform er 3o ilies (proteins related by an evolutionary link), and it evalu

studied 020 2.44 || characterize  0.12  2.64 ates the information contained in MEDLINE abstracts

blood 0.22 2.39 nm 0.12 2.63 . ape . . .

technique 0.12  2.28 || transpore 0.10  2.44 grouped by protein families rather than segregated in indi-

erythrocyte 0.18 2.16 ii 0.57 2.21 H H H H H

e 022 200 | amalyses 0as  aes yldual ak_)stracts. The dlscrlmlnatlpn_of keywords from non-
informative words thus occurs within and between protein

families. In our system, protein families are used to build a
. _ _ background distribution of words specific to the knowledge
Fig. 3. Best keywords extracted for two queries with abstracts

containing ‘carbonic’ and ‘anhydrase’ in the years 1980 and 1997.d0ma|n Of.prOtem funCtlonaIIW' The significance Of_WOI’d

The significant words common to both queries are bold faced anJr_equency in sets of a_bst_ract_s IS estlr_nated by comparing them

linked. The tag ‘new’ in the-score column indicates that a given with a b_ackgrqgnd distribution obtained from a selected set

word was not found in the background distribution, indicating its Of protein families.

exclusive relationship with the protein family under study. An example can illustrate the difference between consider-
ing individual abstracts and protein family-related informa-
tion. A word full of biological meaning, such as ‘membrane’,

and the extracted descriptions are necessarily a productazin be found in many abstracts of articles describing pro-

their time. teins. A particular abstract may have the word many times,
but we cannot ascertain whether it refers to the protein func-
Discussion tion, or to a technique (e.g. ‘membrane’ can be used either in

] ) __the context of a transmembrane protein or it can refer to a
The analysis of a set of abstracts related to protein famlllgﬁ-;awsis membrane used to extract the protein). If we con-
is carried out comparing word frequency with backgroundiger protein families, the situation is clearly different. The
distributions in broad sets of protein families. The words s&yord ‘membrane’ will appear in most of the abstracts asso-
lected are found in most cases to be good indicators of diffefated with some specific protein families, but very seldom
ent aspects of protein function and can be used as a guidejfpppstracts concerning others. It should be possible to con-
database annotations, sentences help to understand the fighsde that ‘membrane’ is a keyword for some protein fam-
tion of the protein family under study in a summarized wayjies and not for others.
and the hlghllghted_ abstracts save time during bibliographic |t js conceivable that more complex approaches would lead
searches. Three different examples have been presenteqyf@,rther improvements. Part of our intention with this first
illustrate how keywords, sentences and abstracts are selecigghmunication is to trigger the interest of researchers in the

by the system. area of language understanding applied to the annotation of
biological function.
Relationship to other systems

The proposed system is based on simple word statistics with

techniques similar to those used in statistical approacheshgture prospects

language understanding (Jacobs, 1992; Allen, 1994; Wilbur

and Coffee, 1994). The difficulties are, therefore, those thatt least five important features are required to extend the

arise from the interpretation of free-style text (humaneurrent prototype to a fully operational system.

written text) by computer programs. In the first place, correlation between words should be con-
A vectorial system for comparing text has been used isidered. In this case, words that do not score high themselves

other domains, and a variant based on neighbor relation hzemn be discovered by their association with other words. The

been especially useful in the biological domain, whergroblem with negative sentences can also be addressed

MEDLINE abstracts are already scanned by word in the ENhrough the study of short-range correlations between words.
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Second, a larger background distribution should repladgeasari,Get al (1995) Challenging times for bioinformatidsature
the one derived from the 71 protein families used in this 376 647-648.
study. They can be derived from other definitions of proteifowie,J. and Lehnert,W. (1996) Information extracti@ommun.
families, e.g. PROSITE (Bairodt al, 1997), pfam (Sonn- ~ ACM, 39, 80-91.
hammeret al, 1997), or recently derived sets of pro'[(_:.inEtzoId,T., Ulyanov,A. and_Argos,P. (1996) SRS: information retrieval
clusters (Holm and Sander, 1998). Any of these sets includesyStem for molecular biology data bankiethods Enzymol266
more functional diversity than the HSSP database used heret14-128.

Third, a larger corpus of textual information should be anaz2asteriand. 7. and Sensen,C.W. (1996) Fully automated genome
analysis that reflects user needs and preferences—a detailed

lyzed for each query. This can .be aCh'.eved by SCannmgintroduction to the MAGPIE system architectuBtochimie 78,
MEDLINE abstracts for long periods of time or including 302-310

fulllzpapﬁrs rr]atherl thgn ab?traCtS alone. b imized Guig6,R., Johansson,A. and Smith,T.F. (1991) Automatic evaluation
c_)urt ! t e selection o _Sentences can be Optlmlzg toof protein sequence functional pattet@smput. Applic. Biosci7,
avoid spurious short or partial sentences by implementing a;oq 315

sentence size-dependent weighting scheme. ~ Hobohm,U. and Sander,C. (1994) Enlarged representative set of
Fifth, the sentences selected in some cases are similar. Krotein structuresrotein Sci, 3, 522-524.

would be interesting to select sets of sentences with complgoim L. and Sander,C. (1998) Removing near-neighbour redundancy
mentary meaning. The analysis of word overlap betweenfrom large protein sequence collectiorBioinformatics 14,
sentences could be implemented to achieve this goal. 423-429,

Unfortunately, some of these enhancements will signifidacobs,P.S. (1992ext-based Intelligent Systems: Current Research
cantly increase computation costs. On a typical UNIX and Practice in Information Extraction and Retrievebwrence
workstation, it took 6 min to extract and analyze a protein Erlbaum Associates, Hillsdale, USA.
family of 62 abstracts against the background of 71 familie&oonin,E.V., Tatusov,R.L. and Rudd,K.E. (1996) Protein sequence
We estimate that roughly 100 times more effort will be re- comparison at genome sceldethods Enzymol266, 295-322.
quired for a system working with a larger reference setearson,W. and Lipman,D. (1988) Improved tools for biological
hundreds of abstracts for the family to be analyzed and scorsequence comparisdfroc. Natl Acad. Sci. USRS, 2444-2448.
ing single words and pairs of words. At that point, mordreynar,J.C. and Ratnaparkhi,A. (1997) A maximum entropy approach

sophisticated computational techniques will have to be used!© identifying sentence boundaries. Rroceedings of the 5th
Conference on Applications of Natural Language Processing

Washington, DC, pp. 16-19.
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