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We have developed a PubMed article recommendation system, PURE, which is based
on content-based filtering. PURE has a web interface by which users can add/delete
their preferred articles. Once articles are registered, PURE then performs model-based
clustering of the preferred articles and recommends the highly-rated articles by the prediction using the trained model. PURE updates the PubMed articles and reports the
recommendation by email on daily-base. This system will be helpful for biologists to reduce the time required for gathering information from PubMed. PURE is downloadable
under GPL license, via www.bic.kyoto-u.ac.jp/pathway/mami/out/PURE.tar.gz.
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1. Introduction
MEDLINE/PubMed [16] is one of the largest public databases on biological and
medical sciences [14, 16, 17] and updated daily with thousands of new papers. Biologists devote a considerable amount of time to checking PubMed to find papers
relevant to their interests. To reduce their heavy burden, we develop a system,
which we call PURE (standing for a PUbmed article REcommendation system),
that automatically captures the preference of a user by using this user’s response to
the presented papers. Using the acquired preferences, PURE then reports relevant
papers with scores to this user by email. This type of system is generally called a
“recommendation system” [4]. Existing methods for this system can be classified
into two types: collaborative filtering [8] and content-based filtering [7]. Collaborative filtering utilizes users with similar preferences. That is, as has been done in
amazon.com, item X is recommended to a user who is buying item Y, if customers
who bought item Y also bought item X. Thus, the performance of collaborative
filtering depends on whether there exists a user with similar taste or not. A major
drawback of collaborative filtering is that this filtering requires many users to find
users having similar preferences. On the other hand, content-based filtering uses
the content of items which are highly rated by a user and tries to find the preference of a user more directly. That is, this filtering can be completed by a single
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user only, without using other users’ information. The performance depends on the
quality of the content of items, and if we can retrieve the item content sufficiently,
we can expect that content-based filtering works well enough. PubMed provides a
lot of contents of each article, divided into the title and the abstract, etc, preferably
with a very small number of errors. Thus content-based filtering would be a better approach for recommending PubMed articles to a biologist than collaborating
filtering, and we chose it in our system, PURE.
A user has to only register preferred articles to PURE. The preference patterns
are then extracted from the registered articles by using model-based clustering,
in which probabilistic parameters of a mixture model are estimated based on an
EM (Expectation-Maximization) algorithm. PURE then downloads new articles
from PubMed daily, which are ranked by using the likelihoods given by the trained
probabilistic model to the newly downloaded articles. Finally PURE presents the
highly rated articles to a user, with an interface at which a user can register preferred
articles. A user can add any preferred articles at any step of the above procedure,
which is iterated every time when new articles are added.
Some automatic services for recommending interesting articles are available currently, e.g. [2, 5, 9, 10, 13, 15], based on searching interesting articles by keywords.
We emphasize that PURE is different from them, which present only the articles
containing search keywords. PURE captures the preference pattern of the articles
which are registered by a user and then recommends new articles which are the
most relevant to the acquired patterns. By using this approach, PURE might find
preferred papers which do not include keywords as well as those containing keywords. Another feature of PURE is that a user only has to input preferred articles
by using a user-friendly and easy-to-use interface of PURE.
In experiments, we evaluated the performance of the learning method used in PURE
in a two-class supervised learning manner. Experimental results indicated that
PURE (or the method used in PURE) can provide a considerably favorable performance, say precision of 70% at 10% recall, even with only a very small number (e.g.
20) of training articles.

2. Implementation
Fig. 1 shows the whole scheme of the article recommendation by PURE, which
has the following five steps that are iterated in this order: 1) Preferred articles are
registered by a user out of their own findings or those presented by PURE. The
selected articles are stored in a database of PURE. 2) A probabilistic model is
trained using the stored articles to learn the preference of a user. 3) New PubMed
articles are downloaded daily. 4) Prediction is done by ranking the downloaded
articles using the trained model. 5) Finally the highly rated articles are presented
to a user.
PURE is implemented in a client-server manner. That is, a user uses PURE at a
client computer through a web interface, and the computations in the above five
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Recommendation scheme of PURE.

steps are basically conducted by a central server computer. The reason why this
system was adopted by PURE is the following two: 1) A large number, say normally
thousands, of articles are accumulated in PubMed every day, and they must be
downloaded daily by PURE. It is naturally inefficient if they are downloaded by
each user, and it would be more computationally efficient that they are downloaded
by one central computer only. 2) Learning from preferred documents and ranking
downloaded documents are both relatively heavy loads. So it would be efficient and
favorable to finish these tasks at a central computer at a convenient time, say at
night, in a day.
We describe the detail of the above five steps below.
2.1. Registration and storage of preferred articles to a PURE
database
We designed two different web interfaces for registering preferred articles, and a
user can use both interfaces.
One is an interface by which a user can directly register articles (PubMed IDs). As
an example of this interface, Fig. 2 shows a text boxa at the top, in which PubMed
IDs can be input by a user, and under this box, a list of articles which are already
registered by this user. A user can write PubMed IDs in the box and click “submit”
located at the bottom, and then a list of registered articles is shown under the
input box as in Fig. 2. If a user wants to remove a registered article in the list, the
checkbox in the left side of this article can be clicked and then “submit” can be
clicked to delete the article.
The other is an interface by which a user can select articles out of those recommended by PURE. Fig. 3 shows an example of this interface, showing five recommended articles. A user can choose an article out of the recommended articles by
a For

a first-time user, only this text box is displayed.
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Fig. 2.

A web interface for editing a list of preferred articles.

Fig. 3. A web interface for showing recommendations to a user which can be registered in this
interface.

clicking the checkbox in the left side of the corresponding article, and click “submit”
to register.
We note that in both interfaces, the input of PURE is PubMed ID only and no
other items like keywords are required. The article which is newly registered by the
first interface is downloaded from PubMed, while that by the second interface is not
since it was already downloaded. The detail of the way to download articles from
PubMed in PURE will be described in a later section.

2.2. Training of a probabilistic model using stored articles to learn
a user’s preference
This step is divided in the following two parts which are performed in this order.
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2.2.1. Selecting Words and Assigning Initial Scores
We treat a PubMed article as a set of words when it is rated or used for training
a model. In doing so, we first generate a set of stop words to be removed from
articles. The stop words can be classified into two types: those which are generated
from PubMed articles and not.
Stop words in the first type are generated in the following manner, when PURE is
installed on a computer. We first randomly download a large number (e.g. 10,000) of
articles from PubMed and compute the df (document frequency) and the tf-idf (term
frequency - inverse document frequency) [3] of each word. We note that for a word,
the document frequency is defined as the number of documents having this word,
and the term frequency is defined as the number of appearances of this word. Then
a word with a high df or with a low tf-idf is a stop word.
Stop words in the second type are pre-defined in PURE, and they belong to at least
one of the following three categories: 1) A word of less than three letters, e.g. I,
IV. 2) A word of no alphabets, e.g. 10%, 10.3. 3) A word appearing in Journal of
Business Research from Jan. 2005 to Apr. 2006, since they must be unrelated to
biological and medical sciences.
Out of each downloaded article, we delete all these stop words to obtain a set of
words for this article, and then for each word of the word set, the tf (term frequency)
is computed to be assigned as the initial word score.
2.2.2. Learning a Probabilistic Model
The selected words and initial scores in preferred articles are used to learn a probabilistic model, which is used to give a score to a new article. We use the preferred
articles only for learning the preference, meaning that unsupervised learning, more
precisely soft clustering of preferred documents (and words), is conducted. In this
learning, we note that a user only has to show preferred articles. That is, the rating
of each article is not required. This is the advantage of this method in terms of easy
handling of preferred articles. We describe the detail of our probabilistic model and
the learning process below.
We denote d as an article, z as a latent variable corresponding to a cluster, s as a
field, e.g. the title or the abstract, and w as a word, and ns,d (w) as the count of
word w occurring in field s of document d. We model the probabilistic structure of
an article (a set of words) by using a finite mixture model [6] as follows:
YY
X
X
ps (w|z),
p(z)
p(d, z) =
p(d) =
(1)
z

z

s∈d w∈s

We then train probability parameters p(z) and ps (w|z) from preferred articles. This
is a so-called mixture model which is often used for clustering. An important feature
which makes this model different from a normal mixture model is that we distinguish
the fields, meaning that preferences in each field can be captured independently. In
fact, we used two fields, the abstract and the title, independently. The probability
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parameters are trained by an EM (Expectation-Maximization) algorithm [1], which
repeats the following E-and M-steps alternately until some stopping condition is
satisfied.
E-step:
p(d, z)
p(z|d) = P
z p(d, z)
M-step:

P
p(z|d)
p̂(z) = P d
z,d p(z|d)
P
d ns,d (w)p(z|d)
p̂s (w|z) = P P
w
d ns,d (w)p(z|d)

This parameter estimation is carried out by a cron script, every time when a table
of preferred articles is modified.
2.3. Daily download of PubMed articles
New articles of PubMed are retrieved every day in a MEDLINE format through the
”Entrez Data (EDAT)” field by a cron-scheduled script, which is written by using
an eFetch script [11] as a reference tool. Daily download of PURE is performed in
the night time of Eastern Standard Time, i.e. the standard time at NCBI, because
a large number of downloads must be done at night, as notified in [12]. Articles,
downloaded from PubMed, are stored in a MySQL table with additional information
like a user ID and the registered date, etc.
2.4. Rating articles
All downloaded articles are ranked by the trained probabilistic model. For each
article, words for rating are extracted, and then the likelihood that an article d is
preferred can be computed by using Eq. (1). However, as is easily expected from
Eq. (1), the larger the number of words in an article, the less the probability (or
likelihood) of the article. To correct this bias, we use the Z-score for each article.
That is, we gathered a large number of articles and grouped them into those having
the same number of words. We then computed the mean µ and the standard deviation σ of p(d) in each group. Given a new article d, we counted the number of words
of d and computed the Z-score of d using the µ and the σ of the group containing
articles with the same number of words as that of d, as follows: Z = p(d)−µ
. Thus,
σ
downloaded papers are ranked by using their Z-scores.
2.5. Presentation of highly rated articles
A pre-defined number of highly rated articles can be recommended articles, which
are stored in a MySQL table of PURE, and all other downloaded articles are discarded. The recommended articles are presented to each user by the following two
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A notification email of recommended articles.

ways. One is through a web interface, and Fig. 3 shows an example. As in this figure, the title of a recommended article is presented with its score (Z-score), and the
whole abstract of an article can be displayed by clicking the corresponding PubMed
IDb . If a user finds an article to be added to this user’s preferred article list, this
user only has to click the “check box” of this article and then click the “submit”
button. The time period to keep the recommended articles in PURE can be set by
a user, and expired articles are removed automatically. The other way of presenting
recommended articles is using an email notification service, and Fig. 4 is an example
of a notification email. A user can click “Go To PURE” at the top of this email
to login to PURE and can see a web page showing a list of recommended articles,
which is in Fig. 3.
3. Results and Discussion
3.1. Recommendation of articles relevant to cancer diagnostics
PURE is a web-based software with a user-friendly interface. A user can easily check
the articles recommended already as well as those currently, and maintain preferred
articles through the easy-to-use web-interface of PURE.
We show an actual result obtained by using PURE. We here assume that a user’s
interests are in diagnostics and target discovery for cancer therapy. Based on these
interests, PubMed IDs of this user’s preferred papers are registered to PURE. Fig. 2
shows a resultant interface at which eleven preferred papers are already shown. You
can see that they are actually relevant with the above topic of this user’s interests.
The probabilistic model in PURE is trained by using the eleven registered articles to
b Previously

recommended articles can be found just by clicking ”Previously highly rated articles”
in the menu as shown in the left column of Fig. 3.
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capture the patterns of this user’s interests. Articles, which are newly downloaded
from PubMed, are then ranked by using the trained probabilistic model, and only
highly ranked articles are presented to this user. Fig. 3 shows an actual interface
by which five articles are recommended. In these five articles, the top article, which
has a significantly high score, is an article on risk prediction of breast cancer, which
we believe, is well suited to this user’s original interests of cancer therapy.
You might think that this function of PURE is very similar to a function of PubMed
which given an article, tries to find related articles. However, we emphasize that
they are totally different from each other, because this function of PubMed is to
find articles related with only one article, whereas the input of PURE is not only one
article but multiple articles. PURE captures the pattern of interests from the input
articles and presents articles relevant to this pattern. We note that any number
of inputs can be allowed and the performance of PURE will be improved more by
inputting a larger number of inputs.

3.2. Evaluation of the performance of PURE with various training
sets
We then measured the performance of PURE in terms of how many examples
we need to obtain satisfactory recommendations, using the probabilistic model in
PURE. In this experiment, we used a two-class supervised learning manner to check
the performance of PURE. The performance is measured by the precision at a low
recall, exactly 10% recall, because only a small number of highly rated articles are
P
recommended by PURE. Precision and recall are defined as P recision = T PT+F
P
P
and Recall = T PT+F
N , respectively, where T P , F P and F N represent true positives,
false positives and false negatives, respectively.

3.2.1. Data
Each dataset in this experiment was obtained in the following manner. We first
retrieved articles from PubMed by inputting a key word pattern. These articles are
positive examples, which were divided into two groups: 500 for test (rating) and
the remaining examples for training. Then for test, 4,500 negative examples were
randomly collected so that the test set contains 10% (500) of positive articles and
90% (4,500) of negativesc . We repeated the division for positives ten times randomly
and averaged the results over the ten runs.
We conducted the above experiment five times using five different keyword patterns.
Table 1 shows the five keyword patterns we used and the number of articles retrieved
from PubMed.

c The

reason why we used this setting is that a biologist must be interested in probably only 10%
or less articles out of all articles.
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marker
structure
rheumatoid
cancer
solubility
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Five datasets used in our experiments.

Keyword pattern
cancer AND marker AND gene AND expression
protein AND compound AND structure
(autoimmune OR rheumatoid) AND drug
cancer AND compound
(compound OR small molecule OR drug) AND solubility

# articles
1593
1360
5618
5167
3729

Precision at the 10% Recall
1

Precision

0.8
0.6
marker
structure
rheumatoid
cancer
solubility

0.4
0.2
0
0

Fig. 5.

100

200
300
Training Data

400

500

Precisions at 10% recall with various training datasets

Table 2. Average precisions at 10% recall with changing the size of
training articles.
Training Articles
Average Precision (%)

10
59.0

20
69.6

50
68.7

100
72.6

200
78.2

500
76.4

3.2.2. Results
Fig. 5 shows the precision at 10% recall for five datasets, which was obtained by
increasing the number of training (positive) articles. Although the precision values at
the same number of training articles were different depending on keyword patterns,
we can see that the precisions were saturated at a relatively small number, e.g.
twenty, of training articles. This result implies that nearly the best performance will
be obtained simply by inputting a relatively small number of articles as preferred
articles. Table 2 shows the average precision at 10% recall over the five datasets,
when the number of training articles varied. This result indicates that our method
can achieve an accuracy of roughly 70% when the top 10% articles are recommended,
even if the number of training articles is only twenty. From these results, we can
say that PURE must be useful for automatically finding articles which are relevant
to the interests of a biologist.
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4. Conclusions
We developed a PubMed article recommendation system, PURE, based on a
content-based filtering. The results obtained by our various experiments imply that
this system is useful in automatically finding articles which are relevant to a user’s
interest. A key feature of this system is an easy handling of preferred articles. That
is, a user only has to input preferred articles into the system, which then captures
the preference of this user from the inputs. Then by using the captured preferences,
the system recommends the articles, which are, as shown in our experiment, highly
ranked among the new articles downloaded from PubMed daily. Thus, this system
will be helpful for finding preferred articles without using any other information
such as keywords. PURE is downloadable under GPL license, via www.bic.kyotou.ac.jp/pathway/mami/out/PURE.tar.gz.
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