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We have implemented a system for assisting experts in selecting MEDLINE records
for database construction purposes. This system has two specific features: The first
is a learning mechanism which extracts characteristics in the abstracts of MED-
LINE records of interest as patterns. These patterns reflect selection decisions by
experts and are used for screening the records. The second is a keyword recom-
mendation system which assists and supplements experts’ knowledge in unexpected
cases. Combined with a conventional keyword-based information retrieval system,
this system may provide an efficient and comfortable environment for MEDLINE
record selection by experts.

1 Introduction

Information retrieval from MEDLINE is a daily activity for individual re-
searchers. A set of keywords together with their combinations may specify
each individual research topic and this information plays an important role
as a key knowledge to efficient and high quality information retrieval from
MEDLINE.

On the other hand, people working for constructing new databases of spe-
cific biological interests are facing with a different situation. There are some
cases that selection by keywords and their combinations does not achieve ef-
ficient and high quality results. It is sometimes hard to identify appropriate
information for their specific selection interests.
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For example, one of the authors has been involved in constructing a database
of disordered proteins®. In that project, identification of a set of keywords and
their combinations which may capture most of the PDB entries containing
disordered proteins has exhausted a number of very precise text searches and
analyses of the full PDB databases and thorough readings of related articles.
In that project, we have given up to use MEDLINE data for finding candidate
disordered proteins since the “disorderedness” has recently received attention
23 and MEDLINE records do not contain explicit descriptions about disor-
deredness. This may be an extreme case, but there might be a possibility to
make use of MEDLINE abstracts for this purpose. Another example is the
case of collecting all MEDLINE records which contain useful information for
organizing the gene regulatory network of S. cervisiae®. This rather ambigu-
ous selection condition assumes experts to read the MEDLINE documents for
selection. Even with specific keywords such as “Saccharomyces cerevisiae AND
regulatory”, the experts have to cope with more than 2,800 records in MED-
LINE where the total number of MEDLINE records containing “Saccharomyces
cerevisiae” 1s more than 45,000. High quality and high coverage selection is
inevitable in order to reduce the cost for thorough reading of the full articles
after selection. Thus it is required for experts to read the fewest possible can-
didates MEDLINE documents covering almost all records of interest with the
help of information retrieval systems in an intelligent way.

For such purpose, any informatics tools which can assist experts efficiently
in a comfortable way would be appreciated. This paper describes a system we
have developed for assisting experts in selecting articles, especially for database
construction purposes. The computational learning method * we have devel-
oped and tested is implemented in this system together with GUIs. This
method learns the characteristics in abstracts of MEDLINE as patterns and
uses the learnt patterns to select candidate MEDLINE records. This method
has a theoretical foundation for guaranteeing the performance, and the exper-
iment using the articles in Cell about S. cerevisiae showed that 90% correct
records were selected by reading the abstracts of 50% records with the assis-
tance of this learning method. Selection by keywords is, of course, implemented
in this system as a well-established strategy for selection. But in order to cope
with the case that appropriate keywords may not come out from experts due
to the nature of selection topic, this system equips a system which recommends
keywords for better selection which is implemented based on the system Key-
word Recommendation System .

Section 2 describes a computational learning method and experimental
results supporting this method. In Section 3, GUIs are described for realizing
the learning method in our system. Section 4 firstly discusses the difference
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between natural language processing techniques and the technique proposed
in the paper. Secondly, we briefly explain the method to collect MEDLINE
records automatically. Section 5 concludes this paper with further problems.

2 Literature Selection Method by Machine Learning Technique

This section briefly explains the method * for selecting the records of experts’
interest from MEDLINE. Our strategy is to express the knowledge of experts by
a procedure called a rough reading function and to classify the set of abstracts
converted by the rough reading function with the help of the machine learning
system BONSAT®. For convenience of explanation, we describe a method for
the purpose of selecting MEDLINE records which contain useful information
for organizing the gene regulatory network of S. cervisiae.

2.1 Owerview of Strategy

e Basic Operation

A rough reading function is defined by a mapping of words in texts to a
small number of the specified characters. Table 1 shows an example for the
above purpose of selecting MEDLINE records where words in the abstracts are
converted to the specified characters A, x, y, z and o whose implicit meanings
are as follows:

A: Gene Name, x: Very relevant, y: Relevant,
z: Weakly relevant o: Not relevant.
Note that these characters, each of which corresponds to a word in abstracts,
will be determined by experts according to their interests and knowledges.

The notion of rough reading is based on an observation that when experts
read the abstract of an article for such classification, they first read the abstract
roughly and then, if it 1s considered as a candidate, they read the abstract
carefully. Thus, the experts’ knowledge is reflected onto the converted texts
through the rough reading process.

For the sequences of characters A, x, y, z, and o converted from MEDLINE
abstracts through the rough reading process, we employ the machine learning
system BONSAI and apply it for discovering rules as the indexing and the
decision tree which may reduce the work of experts in selecting the records of
interest.

e Procedure for collecting almost all records of interest by iterating Basic Oper-
ations



Table 1: Abstract conversion by rough reading function.

abstract CYC7-H3 is a cis-dominant regulatory mutation that causes a 20-fold

overproduction of yeast iso-2-cytochrome c. The CYC7-H3 mutation is
an approximately 5 kb deletion with one breakpoint located in the 5’ non-
coding region of the CYC7 gene, approximately 200 base from the ATG
initiation codon. The deletion apparently fuses a new regulatory region
to the structural portion of the CYC7 locus. The CYC7-H3 deletion en-
compasses the RAD23 locus, which controls UV sensitivity and the ANP1
locus, which controls osmotic sensitivity. The gene cluster CYC7-RAD23-
ANP1 displays striking similarity to the gene cluster CYC1-OSM1-RAD?7,
which controls, respectively, iso-1-cytochrome c, osmotic sensitivity and

UV sensitivity.

converston | Aooxooo0000000000A000000y00000000000A0000000000yO00000000000
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Figure 1 shows the procedure for selecting almost all MEDLINE records

of interest. This procedure contains the Basic Operation above. Initially,
experts need to define the set A to be examined by selecting MEDLINE records
according to keywords such as Saccharomyces cerevisiae. In the following,
we present the procedure which iterates the Basic Operation until almost all
relevant records are collected.

1.

3.

Choose the set of records S according to the interests of experts and let
the rest of records be the set K. Experts read abstracts in the set 5,
classifying the set S to the set of records POS of interest and the set of
other records N EG.

By applying Basic Operation (rough reading function and BONSATI) to
the set S| the indexing and the decision tree are obtained as a rule for
classifying the rest of abstracts. Also the set Converted K is obtained by
applying only the rough reading function to the set K.

The set Converted K 1s classified into the sets POS candi and NEG cand:
by applying the rule obtained in 2.

. Experts terminate the procedure, if they decide that the set POS candi

might have no records which they want. It not, experts iterate the steps
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Figure 1: Procedure for selecting MEDLINE records of interest with the help of BONSATI

2 and 3 above by substituting the set S for the set POS cand: and sub-
stituting the set K for the set NEG cand;.

2.2 FExperimental results*

In order to evaluate the performance of the strategy, we prepared 758 MED-
LINE records from Journal Cell. Experts classified them into two sets, namely,
the set of 210 records of interest and the set of 548 records not of interest, by
careful reading of the records. Then, by using these two classified sets as or-
acle, we made experiments to evaluate the performance of the strategy. The
set of these 758 abstracts corresponds to the set A in Figure 1. From the
set A, we chose randomly five pairs of sets A, B, C, D, and E each of which
consists of 20 abstracts of interest POS and 50 abstracts not of interest N EG.
We iterated Basic Operations seven times for each of these five pairs of sets.
Figure 2 shows how the ratio of abstracts of interest grows with the number of
iterations on five pairs of sets A~E. We should note that Figure 2 shows that
the method enables us to select nearly 90% of abstracts of interest while leav-
ing half amount of abstracts unread. A mathematical performance evaluation

in a simpler framework is also given*.



100 T T T T T T

positive example ratio(%)

/ read record | positive record
/ A| 49.5% 87.6%
d B| 40.4% 89.5%
501 C| 538% | 91.9% 4
D| 70.7% 93.3%
E| 49.2% 86.7%
40 1 1 1 1 1 1 1
1 2 3 4 5 6 7

number of iteration

Figure 2: 90% of abstracts of interest can be obtained leaving half amount unread.*

3 Design of Tools and Graphical User Interfaces

3.1 Tools for defining rough reading function and classifying abstracts

From the discussions in Section 2, experts need to do the following two works;
(i) define the rough reading function, that is, choose and rank words according
to the experts’ knowledge of the importance of the words, (ii) classify abstracts
to positive ones (ones of interest) and negative ones (not ones of interest).
Figure 3 shows a snapshot of a tool for choosing and ranking words in the
set of abstracts A in Figure 1. The system chooses automatically the words
from the set A which has the following features: the number of occurrences of
the word is high and the word has a tendency to occur in positive abstracts.
See* for the formal description of the property. The words listed in Figure 3 are
the words chosen by the system as important words. All words are classified
to three ranks of importance, high, middle, and low in terms of the level of the
property stated above, but details are omitted here. Experts can check these
suggested words and change the importance of the words or delete the words
from the list only by clicking the button, if necessary. Note that, since the
ranks of importance are recalculated at the each stage of suggestions, some of
them would be changed by the system. Thus, the previous rank of importance
of the words is displayed in the list as is seen in Figure 3. Of course, experts
can input any words of their intentions to the tool. This tool also has a
convenient function of picking up abstracts containing the intended word for
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helping experts to check the significance of the word as is seen in the right part
of Figure 3.

Experts classify MEDLINE records into three sets, YES, NO, UNKNOWN
according to their decision. Figure 4 shows a snapshot of a tool for that job.
The bodies of all abstracts do not always need to be displayed, since experts
can decide whether the abstract is needed or not only by seeing the title in
many cases. The window describing the body of abstract will be displayed
on the screen by pushing the button “?” in Figure 4. The indicator at the
lower part of the tool indicates the numbers of records, these are decided for
YES or NO, suggested for YES candidate or NO candidate. This indicator can
encourage experts by showing the current status in handling the records.

After accomplishing above two processes corresponding to Figures 3 and 4,
BONSALI starts the job in order to pick up the next YES candidate abstracts.

3.2 Keyword recommendation system helping experts to classify abstracts

Recall that POS cand: in Figure 1 becomes the set S which is the set of
abstracts to be read by experts in the next step. However, the number of
abstracts sometimes reaches hundreds. We may well prefer to read them in
order of our interest rather than to do in a random order. To reduce the
number of MEDLINE abstracts to read, we can use the following clues:

Keywords We can specify keywords, which are to appear in the abstract, in
the title, or in the MH term, to reduce the records to be the ones which
are related to a more specific field or topic.

Author We can specify names of authors who published papers to reduce the
records to be the ones that are related to a researcher or a research group.

Journal We can specify titles of journals to reduce the records to be the ones
that are more credible.

Publication Year We can specify the year of publication to reduce the records
to be the ones that are the latest.

The key word recommendation system initiatively proposes a set of terms
according to the above categories to reduce the number of records. The snap-
shot of the tool is shown in Figure 5. This is useful because (1) we sometimes
cannot think of proper keywords to specify a field or topic, (2) it is meaningless
to specify an author or journal name which are not included in the original
documents, (3) it is difficult to specify a journal name in an abbreviated form
which is used in MEDLINE (for example, Eur J Biochem). By using the tool,
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Figure 3: A tool for choosing and ranking words in the selected abstracts.

| TrilE @EE BTG B ERIAGE oo

Job name:test3, Round 2
KeaywardlS): tetralymena

Recommended Abstracts 34 / 2563
Selactad 348)’ classified 10

Mg
Towards understanding the control of the division cycle in animal
1 calls
Bicchem Call Biol 1992 Dct=Now, 7001 011150045
L0001 287353
Winter A, Croot Koarkamp M. Tabak HF
Splice site selection by intron al3 of the COX1 gene from
Saccharomyces cerevisiae.
HNucleic Acids Fres 1967 Aug 11,2001 5 3807-004
L0001 324471

Tamo NN, Taso 50, Peariman RE
A mi I ted

(5]

Tamily in Tetr
organi zation and sequence conservation.
Daw Ganat 100213013 75-9
000 327598
Ceank C, Martindala DW
Iseleucyl-tRNA synthetase from the cilioted protozoan Tetrahymena
h hila. DNA Bene lation, and leucine zipper motifs.
) Biol Chem 1992 Mar 5267(7:4592-9
U000 3 S07

ol BLd kol B Aaol T

@

g gl gl

VS WOE  YES.Candi. 300 WOCandi. 2488

(ST T

L 1563

Already classified 44 articles(ES: 20, NO- 22, UNKNOWN 2 =|

Figure 4: A tool for classifying abstracts into YES, NO, or UNKNOWN.



A bt /202 1B 186 1 24/ i-hind sae/ Rocommerdation cginanes miyakodjob,_namostos i deeps=24keywords= — Microsalt Internet Fxplores

riAE ERE ERY BRAOW 9D A | o ]
N L . : ~ Search Result =
Medline Keyword Recommendation System
Search result: 35 watches for
Please Seleet 7 Nuroming Search © Mew Search
Eopword === “catalytlc®
futhe ===
Kaywords — F-atabtic slcne Jourral —-
Year
uthor: [
Journal: [
tear: [
Submit | Glear |
Cilasaite At
@l A—pmTaTALE © it

Figure 5: Keyword Recommendation system for MEDLINE.

we can reduce a large number of records of the set S in Figure 1 to be a small
set which is readable at once.

Here we show the mechanism of the tool that proposes a set of terms. As
we mentioned, it can proposes a set of terms categorized according to keyword,
author, journal, or publication year, but the process is common. Hence, as an
example, we show how the tool process the terms in the category of keyword.

At the imitial stage, the tool performs the following preprocesses:

1. It extracts the fields of title, MH term, and abstract from MEDLINE
records, and decomposes the fields into a set of keywords. It removes
meaningless keywords such as “a,” “of,” “the,” and so on.

2. It produces two indices; K-D index and D-K index. K-D index contains
pairs of a keyword and a list of record ID’s. To an input of a keyword,
it returns a set of records that the keyword hits. Conversely, D-K index
contains pairs of a record ID and a list of keywords. To an input of a
record ID, it returns a set of keywords that the record contains.

At the stage of keyword recommendation, an initial set of records is pro-
vided by the set S in Figure 1. The tool sums up the keywords that are
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contained in the initial set by using the D-K index and shows them in order
of the number of appearance. When a keyword is chosen, the tool recalculates
the set of records that the keyword hits by using the K-D index, and repeats
the above process again.

Tools described in this section are available on the site 7.

4 Discussion

Applying Natural Language Processing technique is surely the most effective
method of extracting useful information from the biological literature database
such as MEDLINE. In fact, many investigations on this direction are made in
the literature %910,

Our approach is different. We believe that it is enough to provide a whole
abstract to biologists of their interest, since they can identify the desired sen-
tence precisely from the abstract by themselves without large effort. It leads
us to that we can suppose the unit of processing is not a sentence but a whole
abstract. Note that the technique proposed in the paper? is based on this as-
sumption. That is, a whole abstract is converted to the sequence of characters
in accordance with the knowledge of biologists, and the converted characters
are processed at the same time for obtaining the useful information to biolo-
gists.

This paper concretely demonstrates the next step of the paper? by devel-
oping the tools for selecting MEDLINE records. In addition, in order to cope
with the difficulties of reading the large amount of abstract at once, we also
combine the keyword recommendation system with the tool which enables bi-
ologists to read abstracts in the order of their interest. The function of the tool
is inherently needed, since, in many cases of our supposing situation, biologists
must identify the abstracts without any ideas of the keywords.

In our system, we need to collect a large number of MEDLINE abstracts in
advance for analyzing their abstracts by using our machine learning technique
and for preprocessing keywords to be recommended by the keyword recommen-
dation system. To assist them, we are utilizing the MetaCommander '%. The
MetaCommander is a generic software robot that automatically collects data
from WWW information sources dispersed on the Internet by interpreting a
script. It is compatible with the CGI, so, for example, it can submit a query
with some parameters to the PubMed and can collect MEDLINE records that
are returned as the answer. Hence, the MetaCommander can make an an-
noying task for collecting a large number of related records easier. Moreover,
it can selectively collect the latest records only, so we may provide a service
where we recommend a MEDLINE abstract to read as soon as it is submitted
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to the MEDLINE database.

5 Conclusion

We developed an intelligent system for selecting MEDLINE records aiming at
the situation that keywords and their combinations do not promise efficient
and high quality results. The system consists of the following two systems.
The first is a tool which chooses records of interest with the help of machine
learning technique. The efficiency of the tool had been guaranteed by the
experiments in the paper *. The second is a tool which recommends a set of
terms categorized according to keyword, author, journal, or publication year.
We can reduce a large number of records suggested by the above tool to be a
small set which is readable by experts at once. Both tools have the capability
for experts to interact dynamically with the GUIs.

Of course, we are recognizing that it is indispensable for us to verify the
ability of the tool by the experiment in real works of biologists. Our subsequent
efforts need to be paid to make the tool open to the public. For the realization,
we are planning the experiment and considering the evaluation method of the
currently available tool with the help of biologists.
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