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Abstract. A current and important research issue is the retrieval of rel-
evant medical information. In fact, while the medical knowledge expands
at a rate never observed before, its diffusion is slow. One of the main rea-
sons is the difficulty in locating the relevant information in the modern
and large medical text collections of today. In this work, we introduce a
framework, based on Bayesian networks, that allows combining informa-
tion derived from the text of the medical documents with information
on the diseases related to these documents (obtained from an automatic
categorization method). This leads to a new ranking formula which we
evaluate using a medical reference collection (the OHSUMED collection).
Our results indicate that this combination of evidences might yield con-
siderable gains in retrieval performance. When the queries are strongly
related to diseases, these gains might be as high as 84%. This shows that
information generated by an automatic categorization procedure can be
used effectively to improve the quality of the answers provided by an
information retrieval (IR) system specialized in the medical domain.

1 Introduction

Today, we observe the development of the concept of medical informatics, which
presents itself as a new area in the medical field. In the broad sense, this con-
cept is also associated with the improval of the tasks of searching, synthesizing,
organizing, and disseminating medical information to doctors, patients, and peo-
ple interested in health related issues in general. These considerations indicate
the great importance of combining knowledge from the medical and information
sciences fields into modern information retrieval (TR) systems.

The biomedical literature grows at a rate of 6% to 7% a year, doubling in
size every 10 to 15 years. Most part of this literature is now available in some
electronic form and frequently accessible through the Internet. Such availabil-
ity facilitates the access to specialized medical information, but introduces new
problems in its own. While the medical knowledge expands at a rate never ob-
served before, its diffusion is slow. The barriers for the diffusion of the medical
knowledge are many and include: the limited time for bibliographical searching,
the limited access to the information sources, and the great difficulty of doctors
and others medical professionals in identifying the relevant information within
the vast medical collections of today [13]. In this work, we focus on this last issue
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i.e., on the problem of improving the quality of the answers returned to queries
focussed on medical topics.

A standard approach to this problem is to apply standard information re-
trieval (IR) thechniques to the medical domain. While this approach does pro-
vide a solution to the problem of finding relevant information in a large medical
collection, it does not take into account any specialized information from the
medical arena. This clearly seems to be a strong limitation.

An alternative approach is to develop a framework that allows combining
TR techniques with knowledge from the medical domain. This is the path we
follow here. We consider a specific form of medical knowledge, i.e., information
on the diseases related to the documents in a medical collection. Given a medical
collection, information on diseases can be generated through the assignment of
ICD (International Code of Diseases) codes to the documents of the collection.
This can be accomplished in fully automatic mode with great effectiveness, as
we later discuss. Given the information on the diseases related to the medical
documents (through ICD codes), we study the problem of how to improve the
quality of the answers generated (i.e., how to improve the retrieval performance
of the system).

To combine information on ICD codes with information derived from the text
of the documents (which is the information used by the standard IR ranking al-
gorithms), we adopt the framework of Bayesian networks [15]. Bayesian networks
are useful because they allow combining distinct sources of evidence in consistent
fashion. Also, they provide an intuitive modeling tool that facilitates capturing
(in the model) the influence of the key parameters of the problem being modeled.
The bayesian framework we adopt leads to a new ranking formula that takes into
account information about the text of the medical documents and information
about the diseases related to the documents. Through experimentation, we show
that this leads to improved retrieval performance. When only queries that are
strongly related to diseases are considered, the average improvement in retrieval
performance is as high as 84% (compared to a standard TR algorithm).

The paper is organized as follows. Section 2 discusses related work. Section 3
briefly describes a method for automatically categorizing medical documents
we developed and that we use to assign ICD codes to the documents of the
collection. Section 4 describes our ranking function based on the Belief network
model. In Section 5 we discuss our experimental results which are based on the
OHSUMED reference collection. In Section 6 we present our conclusions.

2 Related Work

Several approaches have been proposed in the literature to address the prob-
lem of automatic categorization of medical documents. In [9,10], the problem
is treated as a classification problem which is solved by combining three clas-
sifiers based on probabilistic models [12] for the code assignment task. In [18],
the problem is addressed through the usage of natural language processing tech-
niques. Both approaches present good results in some situations but have some
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disadvantages. In the first case, good results are dependent on a large number
of medical documents which have been previously classified and can be used as
a training set. In the second case, an excessively complex approach is adopted
to address a problem whose domain vocabulary is clearly small when compared
to the vocabulary of any existing language. In addition, in both approaches the
hierarchical structure of the coding standard and the knowledge of the coding
specialists are completely ignored. In [?,?] !, a method for automatic categoriza-
tion of medical documents that takes advantage of the hierarchical topology of
coding schemes such as the International Code of Diseases (ICD) to generate
high precision results.

Automatic text categorization has been used in different applications such as
text classification, text filtering, and text retrieval. Applications in text retrieval,
in particular, have received special attention. Methods such as decision trees [1],
linear classifiers [11], context-sensitive learning [5], and learning by combining
classifiers [10] have been proposed to address this problem.

Yang and Chute propose a method, known as Linear Least Square Fit (LLSF)
[22], to perform automatic text categorization and text retrieval. The LLSF
method uses a training set of manually categorized documents to learn word-
category associations which are then applied to predict the categories of arbitrary
documents. Similarly, this method uses a training set of queries and their related
documents to obtain empirical associations between query words and indexing
terms of documents, and then applies these associations to predict the related
documents of arbitrary queries. Another method, called Expert Network [21],
also needs a training set to categorize information. According to this method,
the terms in a document are linked with its categories by means of a network in
which there is a weight in each link. However, this method is preferable because
it is simpler and computationally more efficient than the LLSF method.

Another approach, proposed in [8], also consists in a method for automatic
categorization and a method for text retrieval. The categorization method de-
rives from a machine-learning paradigm known as instance-based learning and
an advanced document retrieval technique known as retrieval feedback. The text
retrieval method computes two rankings: one for the free-text portion of the
documents and another one for the category portion of the documents. The
categories are generated according to the categorization method. The method
proposes to sum both rankings and control the relative emphasis of each one
through a parameter.

Our work is related to these approaches but we use different techniques for
automatic categorization and text retrieval. The automatic categorization is sup-
ported by the method we proposed [?,7] and we use Bayesian networks [15,20]
to merge the rankings generated for the free-text and category portions of the
documents. Bayesian networks supply the formalism for representing, quantify-
ing, and combining two or more sources of evidence to support a ranking for the
documents in the answer set. In this work, we use this method to represent and

1 . .
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combine concept-based and text-based evidential information in a similar way
as discussed in [15,19].

In spite of the differences in the above related works, all of them demonstrate
that the categorization process, being it automatic or manual, is effective because
it can be used to improve the retrieval performance when compared with a system
that uses no categorization.

3 The Automatic Categorization Method

In this section, we briefly describes our method for automatic assignment of ICD-
9 codes to medical documents. The method uses the hierarchical structure of the
ICD-9 alphabetical index to guide the coding task and attains levels of precision
comparable to the codification provided by medical specialists [14]. While in
here we focus on the ICD-9 alphabetical index, we notice that the method can
be used with other medical coding schemes such as SNOMED and MeSH.
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Fig. 2. Example of the categorization

Fig.1. An example of the terms hier- process.

archy for the ICD-9 vocabulary.

Fig. 1 shows some fragments of the ICD-9 alphabethic index. As we can see,
the code 001.9 is associated with the term C'holera, the code 985.9 is associated
with the seguence of terms C'holera + Antimonial, and so on.

Fig. 2 illustrates the categorization process. This process can be represented
by a function codes(d) that, given an input document d, returns a list of codes C
related to d. This function scans the document d searching for terms or sequence
of terms that lead to codes in the ICD-9 alphabetic index. For instance, for
the document in Fig. 2 the function codes(d) returns the codes 276.2, 001.9,
273.8 and 276.2 which are related, respectively, to the terms Acidosis, Cholera,
hyperproteinemia, and acidemia. For more details on our categorization method
we refer the reader to [?,7].

4 The Ranking Fusion Model

In this work, one of our main goals is to investigate whether knowledge derived
from the diseases associated with a medical document (i.e., information about
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its ICD codes) can be used to improve retrieval performance. Our approach is
to combine evidence from the vector model with evidence from the ICD cat-
egorization and to investigate whether gains in retrieval performance can be
attained.

To combine these two sources of evidence, we use a framework based on
Bayesian networks. Bayesian networks are useful because they allow combining
distinct sources of evidence in a consistent fashion and also provide an intuitive
modeling tool that facilitates capturing (in the model) the influence of the key
parameters of the system. Further, they have been used successfully with various
reference collections and for distinct purposes in the past [3,4,6, 15,19, 20].

In here, we extend the evidence provided by the classic vector model in the
belief network [16, 19], to include evidence from ICD categories. Fig. 3 illustrates
the extended network.

Fig. 3. Bayesian network expanded with evidence from ICD categories.

The right part of the network models ICD codes (represented by the ¢; nodes)
and their relationships with the query (represented by the g.os node) and with the
medical documents (represented by the d., nodes). In the left part of the network,
the query node is renamed as ¢ye. and the documents nodes are renamed as
dg, to allow distinguishing between the representations for the query and for
the documents in the right and left parts of the network. An extra node ¢ is
inserted at the top of the network to represent the fact that the query now
considers evidence from the vector model (through the ¢,. node) and evidence
from the TICD categories (through the ¢ ., node). Extra nodes d; are inserted
at the bottom of the network to represent the fact that a document d; now
considers evidence from the vector model (through the dk; node) or evidence
from the ICD categories (through the dec; node). Notice that evidence at the
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query side of the network is combined through a conjunctive operator, while
evidence at the document side of the network is combined through a disjunctive
operator. This works better as discussed in [15,19].

Let u represent the state of the set of the k; root nodes, and let v represent
the state of the set of ¢; root nodes. For the k; root nodes, we consider only the
states u; such that

u=u < g;(u) = 1Agjzi(u) =0

In Fig. 3, the rank P(d;|q) associated with a document d; is computed
through basic conditioning on the root nodes and application of Bayes’ rule
as follows.

P(dj Ag)

P(q)

=nY_ P(dj|u,v) P(qlu,v) P(u) P(v)

P(djlq) =

=1y _[1 = (P(dk;[w))(P(de;[v))] Plaveclu) Pgeoslv) P(u) P(v) (1)

where 7 is a normalizing constant.

Consider the situation in which two documents, d, and dy, contain exactly
the same set of query terms. Assume that the query terms in document d, lead
to an ICD code and that this does not occur for document dy (i.e., no codes
are assigned to document d, ). Fig. 4 illustrates a situation in which this might
happen. In this case, we expect the document d, to have a combined final ranking
that is higher than the ranking for d, (because P(d|v) > P(dy|v)).

gquery q: 11, 12
Y

et 1CD code
Y wICDcode oy

b

o oy

Fig. 4. Two documents, d; and d,, contain the query terms but only one of them d, leads
to an ICD code.

However, this is not guaranteed by Equation (1) because P(dg|u) and P(d,|u)
might differ due to: (a) the frequencies of ¢; and ¢5 in the two documents might
differ and (b) the normalization factors |d;| and |d,| might also differ. To avoid
these side effects, we adopt a ranking that consider only the idf factor of the
classic vector model [17] at the left side of the network. As a result, we define
the probabilities P(qyec|u) and P(dk;|u) as follows:
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Tif u = ugyec
0 otherwise

Plarecli) = {

log% lo nﬂ

P(dkjlu) == {Zk’ieuqvec [dkpmaz] X |QVecmaJ,| if u= Ugvec (3)
0

otherwise

where n; is the number of documents in which the keyword k; appears. N is the
total number of documents in the collection.

Let us now turn our attention to the right side of the network. The probability
P(geos|v) quantifies the relationship between the ICD categories and the query
q. Larger the coverage of the query concept ¢ provided by the ICD categories,
more related to diseases the query is. This is important because we should not
expect gains in retrieval performance (i.e., in the quality of the ranking) due to
ICD categories, if the query is not related to diseases. To quantity this coverage
relationship, we use the number of terms in common between the query ¢ and
the ICD codes, as follows.

Let codes(q) be a function that returns the set of codes generated by our
coding method for the query g. Consider the 2P possible states for the set v of
root nodes. Instead of using the states in which a single node ¢; is active at a
time (as done for the left side of the network), we use only a single state that
includes all ¢; codes in the set codes(q). We do so because this simplifies the
computation of the coverage relationship. Define the state v, of the set v of root
nodes, as follows:

. 91(v) = 1 Vl|e; € codes(q)
v=vgiff {glgvg =0 ot|herwise g (4)
Equation (4) defines vy as the state of » that contains the nodes ¢; € codes(q)
active and the nodes ¢; ¢ codes(q) inactive.

For each ¢; € codes(q), let ¢; be a vector of binary term weights, where each
term weight is 1 to indicate that term is associated with the code ¢ (according
to the ICD hierarchy), and 0 otherwise. Also, let qeos be a vector of binary
term weights, where each term weight 1s 1 to indicate that the term occurs in
the query ¢, and 0 otherwise. The product c] @ qeos provides a measure of the
coverage relationship between the concepts ¢ and ¢cos. We intend to identify
the code ¢; that best covers the query ¢ (and thus, which is more likely to define
the central disease associated with the query ¢). To accomplish this effect, we

define:

Plgeoso) = { OP00)=1 e Tfacr 1 V= v (5)
Qeos]V) = 0 otherwise

P(Ecosh)) =1- P(q005|v)

Notice, that we use |¢maz|, instead of |¢|, because we want to measure the
coverage relationship with regard to the query ¢ only.
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For the probabilities P(d;|v), we are interested in a slightly distinct form of
coverage relationship. Instead of simply looking at common terms, we look at
the coverage relationship between the codes associated with the query ¢ and the
codes associated with a document d;. This is an important point because a code
¢, ¢ € codes(q), might have terms in common with a document d; even if this
code is not associated with d; (as illustrated in Fig. 4). Thus, we must focus on
the coverage relationship between codes(q) and codes(d;). For this, we define:

vq : vector of code weights associated with ¢; € codes(q),
dcj: vector of code weights associated with ¢ € codes(d;);

The code weights here do not take into account code frequencies but do have an
idf component (computed over the set of all codes assigned to all documents in
the collection). This leads to a ranking form which yields:

log 5 logd- .
P(dCJ|U) = Zczeqcos |dcma;| x |quSml{m| ifv = Vqcos (6)
0 otherwise

P(decjlv) =1 — P(d.;|v)

where C; is the number of documents in which the code ¢; appears. N is the
total number of documents in the collection.
As a result of the definition of P(g,ec|u), we have:

P(djlg) = n[1 = (P(dk;luguec)) (P(de;lvgeos))] P(geos|v) Pu) P(v) — (7)

Finally, the prior probabilities P(v) and P(u) are set to constants.

5 Experimental Results

We first present the medical reference collection we used in our experiments.
Following, we discuss our results.

5.1 The Medical Reference Collection

The reference collection used in our experiments was the OHSUMED collection
[7] which has been widely used for experimentation in the medical domain. The
OHSUMED collection contains 348,566 references, which are derived from the
subset of 270 journals found in the KF MEDLINE Primary Care session, cov-
ering the years from 1987 to 1991. The collection includes 106 example queries
that were generated by actual physicians in the course of patient care. For each
example query, at least one definitely relevant document is indicated. Each query
is formed by a brief statement about the patient, followed by a description of
the information need. The collection also includes relevance judgments for the
example queries. Each relevance judgment indicates a document as definitely
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relevant, possibly relevant, or irrelevant. In our experiments, we used only doc-
uments with an abstract. This generated a new subcollection having 233,445
documents and 93 queries with relevant documents.

Fig. 5 quantifies the relationship between the ICD categories and each of
our 93 test queries, according to Equation (13). This relationship indicates the
support provided to each query by the ICD categories and is here referred to
as the “query icd relation factor” (or simply, icd-relation-factor). As we can see,
14 of such queries are not related to diseases (icd-relation-factor = 0) and 69
queries have some relationship with diseases (icd-relation-factor > 0). From these
69 disease-related queries, 55 have a good focus on diseases (icd-relation-factor
> 0.5) and 10 are highly related to diseases (icd-relation-factor > 0.8). The 69
disease-related queries are the focus of our experiments.

query icd relation factor 100 vector j
1 Vector+ICD -
sor icd-relation-factor > 0 |
08+ Ica-relation-factor
S 60r
06 @
(%]
o
04| .
0.2
0 T e 0 —_—
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90 100
Queries Recall
Fig.5. Variation of the icd-relation- Fig. 6. Average precision figures for the
factor for our 93 test queries. The queries vector and vector+ICD rankings. Only
are sorted by decreasing values of the icd- the 69 disease-related queries are consid-
relation-factor. ered.
5.2 Results

In this section, we present our experimental results. Fig. 6 illustrates the re-
trieval performance, in terms of precision-recall figures [2], for the vector and
vector+1CD rankings in our belief network model. We consider only the 69 ex-
ample queries that are effectively related to diseases (i.e., those queries for which
icd-relation-factor > 0). This is appropriate because we should not expect gains
in retrieval performance due to evidence from ICD categories, whenever the
query is not related to diseases.

In Fig. 6, we observe that the vector+ICD ranking is always superior for our
reference collection. Table 1 details these results, which show that adding a new
source of evidence, based on the ICD categorization, to the vector-based evidence
leads to superior results. Another important observation is that the average recall
(computed over all queries) for the vector+ICD model is 7% higher than for the
vector model. This is because the ICD categories allow finding new documents,
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which are related to the user query, and which are not retrieved when only the
term evidence is used.

Average precison figures for 69 queries(icd-relation-factor > 0

Recall |Vector|Vector+I1CD Gain
0% |49.28 52.39 06.31%
10% | 42.68 48.82 14.38%
20% | 36.05 43.74 21.34%
30% |32.66 38.95 19.27%
40% | 30.82 34.09 10.63%
50% | 23.54 28.57 21.39%
60% | 20.67 27.64 33.75%
70% |16.75 24.69 47.45%
80% | 14.89 20.74 39.34%
90% |12.72 18.37 44.42%
100% | 05.55 10.85 95.63%

Average| 25.96 31.72 22.16%

Table 1. Average precison figures for the 69 disease-related queries.

Let us now focus on the queries that are more closely related to diseases. Fig. 7
illustrates the retrieval performance of the vector and vector+ICD rankings,
when only queries with an icd-relation-factor > than 0.5 are considered (i.e.,
55 example queries). Table 2 details these results. Again we observe that the
vector+ICD ranking always yields higher precision figures than those obtained
by the vector model. Further, the relative gain in precision is higher for these
55 queries than for the complete set of 69 disease-related queries. The reason
for this better result is the higher relevance of the diseases for these 55 queries.
This suggests that more related to diseases a query is, higher is the improvement
provided by our extended network ranking. Our following set of results confirms
this interpretation.

Fig. 8 provides precision-recall figures for the 10 queries with an icd-relation-
factor > 0.8. Table 3 details these results. For these 10 queries, the vector+icd
ranking yields a gain of 84,92% in the average precision, relative to the vector
ranking. The average recall for the vector+ICD model is now 12,5% higher than
for the vector model. Table 4 shows the average recall figures for each of our 3
query pools (selected by the icd-relation-factor).

6 Conclusions

We have described a framework for combining evidence derived from the text
of medical documents with evidence provided by diseases related to these doc-
uments. The information on diseases is generated by a fully automatic catego-
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Table 2. Average precison figures for the 55 queries (icd-relation-factor > 0.5)

Average precison figures for the 55 queries

Recall |[Vector|Vector4I1CD Gain
0% 38.78 49.98 28.89%
10% | 35.33 47.71 35.06%
20% | 31.20 43.09 38.13%
30% | 29.27 37.14 26.89%
40% | 25.46 30.68 20.51%
50% | 21.52 26.66 23.93%
60% | 20.34 25.76 26.66%
70% | 17.87 23.61 32.12%
80% 15.47 19.91 28.72%
90% | 14.37 18.32 27.47%
100% | 07.82 10.34 32.28%

Average| 07.82 30.29 29.45%

Average precison figures for 10 queries (icd-relation-factor > 0.8)

Recall |[Vector|Vector4+ICD Gain
0% 30.52 49.91 63.56%
10% |22.77 53.75 136.02%
20% | 25.35 51.29 102.29%
30% |18.39 42.10 128.88%
40% | 20.45 37.46 83.20%
50% | 17.60 32.08 82.25%
60% |17.25 29.64 71.80%
70% | 16.16 28.49 76.37%
80% | 15.08 24.95 65.46%
90% |15.13 20.71 36.89%
100% | 09.84 15.22 54.68%

Average| 18.96 35.05 84.90%

11

Table 3. Average precison figures for the 10 queries with icd-relation-factor > 0.8.

Average recall for each query pool.

icd-relation-factor| Vector |Vector+1CD| Gain
> 0.0 82.60% 88.40% 7.00%
> 05 R1.81%| 87.27% |6.67%
> 0.8 80.00% 90.00% 12.50%

Table 4. Average recall for each query pool.
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Fig. 8. Average precision figure for the
vector and vector+ICD rankings, re-
stricted to the 10 queries for which icd-
relation-factor > 0.8.

rization method we developed, which assigns ICD codes to the documents in a
medical collection.

Our framework is based on Bayesian networks. Bayesian networks are useful
because they allow combining distinct sources of evidence in a consistent fashion.
The Bayesian framework we proposed leads to a new ranking formula that takes
into account information about the text of the medical documents and informa-
tion about the diseases related to these documents. Through experimentation
with a medical reference collection (the OHSUMED collection), we evaluated
the effectiveness of our approach. We considered 3 distinct pools of test queries:
queries that mention diseases, queries related to diseases, and queries focussed
on diseases. In all three cases, our new ranking formula yielded improved re-
trieval performance when compared to a standard IR ranking algorithm (the
vector model, which we have adopted as our baseline). When only queris that
are strongly related to diseases were considered, the average improvement in
retrieval performance was as high as 84%. Our results show the importance of
taking into account specialized medical information in medical retrieval systems.

Besides providing improved retrieval performance, our method for the auto-
matic assignment of ICD codes generates a categorization hierarchy that includes
more than 5,000 diseases (those included in the ICD hierarchy). This is a fine
hierarchy which aggregates knowledge to large medical collections such as the
Medline. This hierarchy can be used, for instance, to naturally design an in-
terface based on a large directory of diseases. In the near future, we intend to
experiment with such a hierarchy and evaluate its effectiveness in facilitating the
access of medical information of relevance.
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