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Abstract

A common problem in many medical organizations is the
categorization of medical documents, such as inpatient dis-
charge summaries, with the aim of facilitating their archiv-
ing and later retrieval. For this purpose, the medical organi-
zations usually adopt coding standards proposed by interna-
tional health organizations. In this paper, we first describe
a hierarchical model we proposed for the automatic catego-
rization of medical documents. Our model is based on the
International Code of Diseases (ICD) proposed by the World
Health Organization and takes advantage of the hierarchical
structure of the ICD to categorize the documents with high
precision. We then present two algorithms for categorization
of medical documents (i.e., the actual code assignment), one
based on the classic vector space model and the other based
on our hierarchical model, and discuss the results of a set of
experiments we carried out to compare their retrieval per-
formance. Our results show that the algorithm based on our
hierarchical model outperforms the algorithm based on the
classic vector space model and that it presents quite good
precision and recall figures for the problem of code assign-
ment to medical documents.

1 Introduction

A common problem in many medical organizations is the
categorization of medical documents, such as inpatient dis-
charge summaries, with the aim of facilitating their archiv-
ing and later retrieval. For this purpose, the medical orga-
nizations usually adopt coding standards proposed by inter-
national health organizations. In general, the categorization
is done by comparing terms extracted from the documents
with the terms that compose the vocabulary of the adopted
coding standard in order to determine the appropriate codes
that might be assigned to them. This procedure is usually
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carried out manually by coding specialists, and constitutes
a tedious and very costly task which requires attention and
careful interpretation, besides being error prone.

In this paper, we first describe a hierarchical model we
proposed [5] for the automatic categorization of medical doc-
uments. Our model is based on the International Code of
Diseases (ICD) [6] proposed by the World Health Organi-
zation and takes advantage of the hierarchical structure of
the ICD to categorize the documents with high precision.
Despite being based on the ICD, our model is quite general
and, we believe, could be equally applied to other hierar-
chical coding standards such as the Systematized Nomen-
clature of Medicine (SNOMED), the International Classi-
fication of Primary Care (ICPC), and the Read Clinical
Codes (RCC) [1]. We then present two algorithms for auto-
matic code assignment, one based on the classic vector space
model [8] and the other based on our hierarchical model, and
discuss the results of a set of experiments we carried out to
compare their retrieval performance. Qur experiments are
based on a medical database from a Brazilian hospital, and
therefore we use a Portuguese version of the International
Code of Diseases, version 9 (ICD-9) [6]. Our results show
that the algorithm based on our hierarchical model outper-
forms the algorithm based on the classic vector space model
and that it presents quite good precision and recall figures
for the problem of code assignment to medical documents.

Other approaches have been proposed in the literature
to address the problem of code assignment to medical docu-
ments but they differ from our work substantially. In [3, 4],
the problem is treated as a classification problem which is
solved by combining three classifiers based on probabilistic
models [7] for the code assignment task. In [9], the problem
is addressed through the usage of natural language process-
ing techniques. Both approaches present good precision and
recall figures in some situations but have some disadvantages
when compared to ours. 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 ex-
isting language. In addition, contrary to our work, in both
approaches the hierarchical structure of the coding standard
and the knowledge of the coding specialists are completely
ignored.

The remainder of the paper is organized as follows. Sec-
tion 2 presents an overview of the International Code of
Diseases, version 9, which is the coding standard adopted in
our experiments. Section 3 describes our hierarchical model



for automatic code assignment. Section 4 describes the two
code assignment algorithms we implemented in our experi-
ments. Section 5 describes the set of experiments we carried
out to compare the retrieval performance of the two code
assignment algorithms and analyzes their results. Finally,
Section 6 concludes the paper.

2 ICD: International Code of Diseases

In this section, we briefly describe the structure of the in-
ternational code of diseases, which we refer to as ICD. This
structure reflects the hierarchical nature of the ICD cod-
ing scheme which is important here because, distinctly from
previous approaches for automatic code assignment [3, 4, 9],
it heavily influences the code assignment algorithm we pro-
pose.

The ICD code scheme, which has been proposed by the
World Health Organization (WHO), defines a vocabulary of
medical terms for describing diseases, injuries, and death
causes. This vocabulary is largely used by health organi-
zations throughout the world for assigning ICD codes to a
large variety of medical documents. The ninth version of the
ICD, called ICD-9, is the one most widely used throughout
the world and is adopted in our study (as in [3, 4]). Since
our experiments are based on a medical database from a
Brazilian hospital, we use a Portuguese version of the ICD-
9 [6].

The ICD-9 is organized hierarchically in two documents:
a tabular list of codes and an alphabetical index of vocab-
ulary terms. The first ICD-9 document, the tabular list of
codes, is divided in four parts called section, grouping, cat-
egory, and subcategory. Figure 1 illustrates a small portion
of the ICD-9 tabular list of codes. The level I is a sec-
tion, the level I.1 is a grouping, the level 001 corresponds
to the category cholera, and the level 001.1 corresponds to
the subcategory cholera due to the cholerae vibrio el Tor.
Despite these four parts, in general, only the levels of cate-
gory and subcategory are used as reference codes. The other
two levels are too generic and do not provide proper code
descriptions. Thus, in this study we focus on the automatic
assignment (to inpatient discharge summaries) of ICD-9 cat-
egory and subcategory codes only (as in [3, 4]).

| Infectiousand Parasiic Diseases
.1 Intedtinal Infectious Diseases

001 Cholera
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Figure 1: ICD-9 tabular list of codes (translated to English).

Complete descriptions of category and subcategory codes
are found in the second ICD-9 document, the alphabetical
indez of vocabulary terms, as shown in Figure 2. An entry
point in this index is marked by a term which is not pre-
ceded by a dash mark. For instance, in Figure 2, cholera is
an entry to which a classification code might be assigned to.
In this case, the code 001.9 is assigned to the entry point

cholera. Dash marks are used to indicate terms which are
hierarchically dependent of an entry. For instance, antimo-
nial is a hierarchical descend of cholera in Figure 2. To the
combination cholera antimonial is assigned the code 985.4
which is more specific than the code 001.9. For simplicity,
we refer to a combination of hierarchically depend terms
which starts at an entry point as a codepath. In Figure 2,
the code 001.0 is associated to the codepath classic cholera
while the code 001.1 is associated to the codepaths cholera
el Tor and cholera vibrio cholerae el Tor. Notice that a same
code might be associated to two or more codepaths.

Furthermore, notice that the alphabetical index in Fig-
ure 2 includes a subcategory code 001.0 relative to classic
cholera which is not present in the tabular list of codes.
Also, the entry point for the category cholera includes not
only the code category 001 but also the subcategory 001.9
which corresponds to cholera due to a non-specified (or un-
known) cause. This subcategory code does not necessarily
appear explicitlv in the tabular list of codes.

Cholera (0019

- Antimonl %54
-Classc (010
-ATor 0011
-\io
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- Tor Q0L

Figure 2: ICD-9 alphabetical index (translated to English).

Thus, since the ICD-9 alphabetical index is more com-
plete, our automatic code assignment algorithm is based on
it.

3 A Hierarchical Model for Automatic Code Assignment

In this section, we describe a hierarchical model we pro-
posed [5] for automatic code assignment. This model takes
advantage of the hierarchical topology of the code structure
which provides for high precision in the code assignment
task as demonstrated in Section 5. In this study we focus
on ICD-9 codes. However, our model is equally applicable
to other hierarchical coding schemes such as the System-
atized Nomenclature of Medicine (SNOMED), the Interna-
tional Classification of Primary Care (ICPC), and the Read
Clinical Codes (RCC) (see [1] for details). Since medical
classification schemes tend naturally to be hierarchical, our
model is quite general for coding of medical documents.
The model includes several components as follows.

Definition 1 A linguistic vocabulary V is a set V' = {t1, t2,
.oy tno}, v > 1, which defines all terms t; of the uni-
verse of discourse of an specialized area of study. Usually,
V =V, UV, where Vs is a vocabulary of specialized terms
and Vy is a vocabulary of generic (or non-specialized) terms.

Definition 2 A set C' of classification codes is given by
C = {c1,c2,...,¢nc}, nc > 1, where each ¢; is a classifi-
cation code.



A hierarchical coding structure CS is a direct acyclic
graph (DAG) in which the following conditions are verified:
(a) to each node of this DAG is associated a term of the
specialized vocabulary V, and (b) to each edge of this graph
is associated a set of synonyms and a set of classification
codes. Synonyms and classification codes are associated to
edges (instead of nodes) because their utilization in the code
assignment process is dependent on the terms associated to
the pair of nodes for that edge. Definition 3 formalizes this
concept.

Definition 3 A hierarchical coding structure CS is a direct
acyclic graph given by CS = (N, E) where N = {n1,na,...}
s a set of nodes (i.e., vertices) and E is a set of directed
edges connecting nodes of N. We use the notation e;; =
(ni,n;) to refer to the edge e;; pointing from the node n; to
the node n;. The nodes n; and nj are said to be the end-
points of e;;. The node n; is said to be a parent node of
nj. Nodes without parents are called root nodes. For con-
venience, we define a node mo which is used as a (false)
parent of all root nodes. To each node n;, n; € N, is asso-
ciated a single term from the specialized vocabulary Vs. Let
t(n;) be the term associated to the node n;. To each edge
eij are associated two sets: a set Si; of synonyms and a set
Ci; = {c1,c2,...} of classification codes, where ¢; € C. The
set Sij specifies all synonyms of the term t(n;) in the context
of the term association (t(n;),t(n;)). The set C;; specifies
a set of classification codes associated to the term t(n;) in
the context of the term association (t(n;),t(n;)).

Notice that synonyms and classification codes for a node n;
depend on the parent node which is traversed to reach n;.
That is the reason for associating synonym and classifica-
tion code sets to the edges in the graph. Notice also that
synonyms and classification codes associated to a root node
ny are given by the sets Sor and Cor. Further, if neither
synonyms nor classification codes are associated to an edge
eij then Sq;j = {} and C'L'j = {}

Definition 4 A path P in the hierarchical coding structure
CS is a sequence of edges €k ks, Chokss - - -5 Chy_1kp N Which
(a) the first node my, in the sequence is a root node and
(b) consecutive edges share a common endpoint (as indicated
by the notation we adopt). The number p of nodes in the path
P is its path length. Further, the edge ey, is called the
terminal edge of P.

p—1kp

Definition 5 An acronym dictionary is a set A = {a1, a2,
...yGna}, na > 0. Each element a; is a pair given by
(acroni, str;) where acron; is an acronym of the linguistic
vocabulary V' and str; is a string (composed solely by terms
of the specialized vocabulary Vs) which can be referred to by
acromn; .

Acronyms are useful because doctors use them frequently
when writing down medical documents.

Definition 6 A synonym dictionary is a set S = {s1, 52, ...,
Sns}, ns > 0. Fach element s; is a pair given by (sin;, str;)
where sin; and str; are synonym strings. Further, the string
sin; is composed of terms of the linguistic vocabulary V while
the string str; is composed of terms of the specialized vocab-
ulary Vs.

As acronyms, synonyms are useful because they are popular
among doctors.

A query in our model is simply a medical document to
which a classification code has to be assigned. This medical
document is usually composed of sections as follows.

Definition 7 A specialized query is a medical document rep-
resented by a set Q@ = {q1,92,...,qnq}, nq > 1. Each ele-
ment q; s a section of the medical document Q and is repre-
sented by a tuple (1;, str;) where l; is a section label and str;
18 a string composed of terms of the linguistic vocabulary V.

Notice that, in our model, the ordering among the sections
of a medical document is not important.

Definition 8 A classification code assignment to a special-
1zed query Q is a set of tuples R; = (Q, ¢;,7;) wherec; € C 1is
a classification code assigned to the query @Q and r; is a rank
which quantifies a degree of confidence in this classification.
In our model, 0 < r; <1.

Thus, a code assignment is simply the association of a sorted
list of classification codes to a medical document (which is
treated as a query). In Section 4 we discuss how to apply
the above specialized hierarchical model to the ICD-9 code
assignment problem.

4 Automatic Code Assignment Algorithms

In this section, we describe two algorithms for the automatic
assignment of ICD-9 codes to medical documents. The first
one is based on the classic vector space model [8] and not
considers the hierarchical structure of the ICD-9 alphabeti-
cal index. The second one takes into account the hierarchical
topology of the ICD-9 index and is based in our hierarchical
model described in Section 3.

4.1 Code Assignment based on the Vector Space Model

The vector space model considers that documents and queries
are indexed by keywords. To each keyword k; in a document
d is assigned a weight w;q which is usually based on a tf-
idf (i.e., term frequency and inverse document frequency)
scheme [8]. To each keyword k; in a query q is also assigned
a weight wi,. The similarity (or rank) sim(d, q) of the doc-
ument d with respect to the query ¢ can be computed, for
instance, by the cosine of the angle between the two vectors
as given by Equation 1.

- Wiq X W;
E\ﬁ id iq (1)

\/Zw wiy X \/ 2 vi Wi

Sim(d: Q) =

We can apply the vector space model to the ICD-9 code
assignment problem as follows:

1. Each medical document is interpreted as a query Q
while the ICD-9 codes are viewed as documents to be
retrieved. Thus, our document collection is the set of
all ICD-9 codes.

2. To each medical document is assigned a vector of terms
extracted from its text. Each acronym is replaced by
its respective term string. All stop words are filtered
out.

3. To each classification code ¢; in the ICD-9 alphabetical
index is associated a set of vectors of terms. Each of
these vectors is composed by the terms in a codepath
(see Section 2) for the code ¢;. Again, all stop words
are filtered out.



4. The weights are computed as tf-idf (i.e., within- docu-
ment frequency and inverse document frequency) fac-
tors in standard fashion [8].

Since more than one vector of term weights might be as-
signed to a same classification code ¢; (because, as discussed
in Section 2, the ICD-9 alphabetical index might associate
more than one codepath to ¢;), we compute the similarity
sim(c;, @) between the code c¢; and the medical discharge
summary @ as the maximum of all similarities between Q
and each of the term weight vectors associated to c;.

4.2 Code Assignment based on the Hierarchical Model

The hierarchical model can be used to model the assignment
of ICD-9 codes as follows:

1. As for the vector model, each medical document is
interpreted as a query @ while the ICD-9 codes are
viewed as documents to be retrieved.

2. The ICD-9 hierarchical alphabetical index is modeled
as a hierarchical coding structure which we refer to
as CS-9=(N,E). The mapping in this case is done as
follows:

(a) The specialized vocabulary V; is the set of all dis-
tinct terms in the ICD-9 hierarchical alphabetical
index excluding stop words. The generic vocab-
ulary V; is the set of all terms in the medical
documents excluding stop words. The linguistic
vocabulary is given by V = V; U V.

(b) The set of classification codes C is composed of all
the category and subcategory codes in the ICD-9
alphabetical index.

(c) The hierarchical coding structure CS-9 is built as
follows: (i) each appearance of a term t; € Vs in
the ICD-9 alphabetical index is modeled as a node
n; € N unless it is a synonym term (indicated by
acomma), (ii) a directed edge e;; is created from a
node n; to a node n; whenever ¢t(n;) and t(n;) are
consecutive terms in a codepath (see Section 2),
(iii) a code ¢y, is inserted into the set C;; whenever
it is associated to a codepath which ends in #(n;)
and has t(n;) as the last but one term, (iv) a
synonym Sj is inserted into the set S;; whenever
it is associated to the term t(n;) (i.e., sk appears
immediately after t(n;) and they are separated by
a comma) and is preceded by #(n;) in a codepath.

3. The acronym dictionary A and the synonym dictionary
S are obtained from a specialist in assignment of ICD-9
codes.

4. The assignment of an code ¢ to a medical document Q
is modeled as a classification code assignment (Q, ¢, r)
whose computation is detailed below.

Given that we have represented the ICD-9 codification
problem in the framework of our hierarchical model, clas-
sification code assignments to a given medical document
Q ={q1,92,--.,4qnq} are computed as follows:

For each section ¢; € Q do

1. substitute each acronym in the text of ¢; by its respec-
tive term string;

2. traverse the text of ¢; sequentially looking for terms
associated to root nodes in CS-9;

3. for each root node found, determine the largest length
path among all paths which satisfy the following condi-
tion: for each edge e;; in the path, the terms ¢(n;) and
t(n;) appear both in a same text window (belonging
to the text of ¢;) of size W centered around ¢(n;);

4. given the set of all largest paths found, let pmin be
the smallest path length and pmq.. be the largest path
length;

5. for each largest path P found of root node, let p be its
path length and C; be the set of codes associated to
its terminal edge; then, to each code ¢ € C; generate
the code classification assignment (Q,c,r) where the
rank r is given by

p=_LTPmin L (3_08)+08 (2)

Pmaxz — Pmin

The adoption of a text window of size W ensures that
paths traversed in our code hierarchy are formed by edges
whose endpoint terms are closely related in the medical doc-
ument (i.e., the endpoint terms are near one another in the
text). For the test collection used in our experiments, a
good value for W is 7. In the computation of the rank r, the
threshold 0.8 is used to ensure that all ranks generated here
are in the range [0.8,1.0]. The reason is that, as discussed
in Section 5, we also evaluate variations of our retrieval al-
gorithm (which consider synonyms and approximate string
matching) which are less precise and thus, retrieve a larger
number of classification codes. To these codes, we assign
ranks whose values are smaller than 0.8. Notice, however,
that the threshold value 0.8 could be changed to 0.7 or some
other value without affecting our results. All that is required
is a separation in numerical ranges.

We observe that our computation of the r ranks is quite
simple (the complexity is in finding the appropriate largest
paths) and does not take into account characteristics of the
terms in the coding path such as their idf factors. This is a
next step which we plan to evaluate in the near future. How-
ever, despite the simplicity of the formula for the r ranks,
our ranking computation procedure is quite effective as il-
lustrated in our experiments.

5 Experimental Results

In this section, we describe a set of experiments which com-
pare the retrieval performance of the ICD-9 code assignment
algorithm based on the vector model and the ICD-9 code
assignment algorithm based on the hierarchical model we
proposed. For simplicity, we refer to the first one as the
vectorial algorithm and to the second one as the hierarchical
algorithm. The evaluation measures used are the standard
precision and recall figures [2].

5.1 Test Collection and Characterization of the Experi-
ments

Our test collection is composed of 2,424 ICD-9 distinct clas-
sification codes extracted from [6]. It does not include yet
all classification codes in [6] due to the following reasons.
First, we were unable to obtain a digital version of the ICD-
9 document in Portuguese which forced us to digitize the
text ourselves. Second, the digitization of the ICD-9 hierar-
chical alphabetical index required an OCR scanning phase



followed by a manual phase of syntax corrections which are
both time consuming. Third, the Sarah Hospital Network
deals mostly with orthopaedics and rehabilitation which im-
plies that only a portion of the ICD-9 codes is required for
classifying its medical documents. For the 2,424 codes we
digitized, the largest codepath (see Section 2) has size 18 and
the number of distinct terms in the specialized vocabulary
is 4,700.

The reference queries used in our experiments are a set of
82 inpatient discharge summaries (in Portuguese) obtained
from the Sarah Hospital in Belo Horizonte. Despite its small
size, this set of reference queries was carefully seleced from
a much larger pool and, according to the specialists, is a
representative sample of the discharge summaries produced
by the hospital. To each of these summaries is assigned a
set of category and subcategory codes (a task carried out by
specialists in codification of the Sarah Hospital). We refer
to the set of codes for a given inpatient discharge summary
as its ideal code set.

Evaluation of our classification algorithms is done through
recall and precision figures. These figures are generated
by traversing the ordering of codes generated (by our al-
gorithms) and verifying whether these codes are in the ideal
code set. At any given point of this traversal, recall is the
fraction of ideal codes which have been seen while precision
is the fraction of traversed codes which are in the ideal code
set.

Our set of experiments is characterized by three basic
cases. In the first case, the hierarchical algorithm is com-
pared with the vectorial algorithm. Two situations are con-
sidered: (a) take into account all queries and (b) take into
account only the queries which return a non-empty code set.
In the second case, approximate string matching is used for
term matching both for the hierarchical and vectorial algo-
rithms. In the third case, besides approximate string match-
ing, synonyms are used with the hierarchical algorithm. In
the immediately following, we discuss the effects of these
variations in the retrieval performance of our algorithms and
comment our results.

5.2 The Results

Figure 3 illustrates the curves of recall and precision for the
vectorial and hierarchical algorithms described in Section 4.
As in [3, 4], separate curves are plotted for the codifica-
tion at the category and the subcategory levels. The results
show that, for this set of queries, the hierarchical algorithm
outperforms the vectorial algorithm for the codification at
both the category and the subcategory levels. The reasons
are twofold. First, the hierarchical algorithm takes advan-
tage of the hierarchical topology of the index which is not
done by the vectorial algorithm. Second, the largest path
strategy adopted by the hierarchical ranking computation
mimics a procedure which is common among specialists in
code classification assignment.

‘We observed that 15% of the queries return an empty an-
swer set and that another 10% of the queries return answer
sets with no relevant codes (i.e., they yield 0% of precision at
all recall levels). Furthermore, for the vectorial algorithm,
such queries return poor answers. In Figure 4, we recom-
pute the above precision and recall values considering only
the queries which return a non-empty answer set for the
hierarchical algorithm. The number of queries considered
is now 69 i.e., there are 13 queries which return an empty
answer set.

‘We observe that precision improves at all recall levels

Humbers of Queries = 82

= ==Hierarchical
(subcategories;

——Vectorial
(subcategories:

-+« & - - Hierarchical
(categories)

--&. - Vectorial
(categories)

Precison

Figure 3: Basic hierarchical and vectorial algorithms. All
queries considered (in number of 82).

Numbers of Queries = 82 - 13

===Hierarchical
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Precision

Figure 4: Precision and recall figures considering only
queries with a non-empty answer set. Number of queries
considered is now 69.

particularly for the category codes. Figure 5 illustrates the
relative improvements obtained in precision figures. As ob-
served, the improvement is as high as 22% at 30% of recall
for subcategory coding and as high as 44% at 60% of recall
for category coding.

‘We also notice that removing the queries with no answers
from our set of test queries is reasonable because the algo-
rithm might signal the specialist indicating which are those
queries (and thus, which have to be classified entirely by the
specialist). Thus, all of our remaining experiments consider
only queries which return a non-empty answer set.

The results in Figure 5 can again be improved. We dis-
cussed this problem with the group of specialists in docu-
ment codification at the Sarah Hospital and obtained from
them the following insights. First, inpatient discharge sum-
maries include misspellings and incomplete term specifica-
tions due to the short time doctors spend in writing them
down. We deal with this situation through the adoption of
a strategy of approximate string matching and through the
introduction of synonyms as discussed below. Second, some
summaries do not provide enough information for a proper
codification. In these cases, the specialists discuss the case
separately and might recur to documents other than the
ICD-9 code structure. Further, the history of document cod-
ification in the medical institution might lead to the adop-



Recall Subcategory Category
Vectorial | Hierarchical | Improvement (%) | Vectorial | Hierarchical | Improvement (%)

10 | %73 63.21 1549 69.95 86.35 2345
0 | 5257 62.37 18.64 67.66 85.85 26.88
30 | 4851 50.3 210 61.48 81.62 3216
0 | 402 4718 1730 53.00 5.1 42.63
5 | 390 45.65 1493 53.4 1450 30.93
60 | 3174 351 873 4384 63.24 4425
0 | 238 2835 11 3859 49.96 20.46
80 | 2601 %28 -6.29 35.19 46.98 3350
0 | 2580 1.8 -5.89 35.03 4589 3100
100 | 2580 1.8 -5.89 35.05 4589 30.93

Figure 5: Relative improvements in precision due to the
hierarchical algorithm.

tion of coding rules which are in conflict with the ICD-9
coding strategy. To deal with this problem, we ask the spe-
cialists to review the ideal code set for each of our 82 queries
according to the coding rules of the ICD-9 document. The
results are discussed later on.

In our first variant, we modified our coding algorithms
(both the hierarchical and the vectorial) to include an ap-
proximate string matching strategy. In this variant, a query
term ¢; retrieves all ICD-9 terms which differ from ¢; by 0,
1, or 2 characters As a result, more ICD-9 terms match any
given query term. In our experiments, we used the soft-
ware package Agrep [10] for performing approximate string
matches. The computation of a rank r for a code ¢ whose
path length p includes terms with approximate matches (i.e.,
terms with mismatches of 1 or 2 characters) is now given by
Equation 3 as follows

r=—LTPmin_ o 0.8-0.6)+0.6 (3)

Pmaxz — Pmin

This ensures that codes obtained using approximate term
matching appear after the codes obtained using solely exact
term matching. Figure 6 illustrates average precision and
recall figures. Only queries with a non-empty answer set are
considered.

From Figure 6, we first notice that the precision figures
are lower than before both for category and subcategory
coding. The reason is that the use of approximate term
matching yields too many extra classification codes. The
only advantage comes from the fact that more queries have
now a non-empty answer set. In fact, the number of queries
answered increased from 69 (Figure 4) to 72 (Figure 6). De-
spite this gain, the drop in average precision for the vectorial
algorithm is excessive because this algorithm does not han-
dle well the “noise” generated by the extra terms. Thus, in
all our remaining experiments, we consider only the basic
vectorial algorithm used in Figure 4. For the hierarchical
algorithm, we continue to use approximate term matching
because the drop in average precision is quite small and this
drop in precision is compensated by the increment in the
number of queries effectively answered.

In our second variant, we further modified the hierarchi-
cal algorithm to use synonyms (which, in this case, also in-
clude morphological variations such as feminine, masculine,
and plural forms) in conjunction with approximate term
matching. In this variant, a query term ¢; also retrieves

Humber of Queries = §2 - 10
Subcategories

==Hierarchical

—L—~Vectorial

-+~ i - Hierarchical +
Approximate

Precision

—- 2. Vectorial +
Approximate

0 2 W 4 5 60 {60 w0 100
Recall

Categories - -
——Hierarchical

—0—Vectorial

-+~ fe -~ Hierarchical +
Approximate

- -5 - VYectorial +
Approximate

Precision

Figure 6: Precision and recall figures considering approxi-
mate string matching. Number of queries considered (only
those with non-empty answer sets) is now 72.

all of its ICD-9 synonym terms. For the vectorial algorithm,
the usage of synonyms does not yield good results and thus,
as already commented, we stick to the vectorial algorithm
of Figure 4. Figure 7 illustrates our results when synonyms
are used in conjunction with approximate string matching.

From Figure 7, we observe an increment in average pre-
cision both for category and subcategory coding. We also
observe that the number of queries with non-empty answer
sets increases to 74. Furthermore, we included in Figure 7
the results for a heuristic variant of the hierarchical algo-
rithm which we call hier-approz-syn-near. In this heuristic,
besides adopting approximate term matching and synonyms,
the algorithm also attempts to determine a nearby subcat-
egory code whenever no subcategory code was found but a
category code ccqt was. In this case, a nearby subcategory
code is determined by looking at the set of all of subcategory
codes associated to the category code ccq: and selecting one.
The subcategory code selected is either the most frequently
assigned one (a statistics obtained by observing the query
set) or the default subcategory for the category code ceqt
(whenever such default code exists in the ICD-9 alphabet-
ical index). The results indicate an additional (small) gain
in average precision for subcategory coding.

Finally, to counterbalance the fact that there are medical
summaries which are incomplete (and yield no ICD-9 code)
and the fact that the specialist sometimes adopts coding
practices which violate ICD-9 coding rules, we asked our
specialists to review the ideal code sets for our 82 queries.
In this revision, they looked at all codes in each ideal code
set and determined whether such code satisfied the ICD-9
coding rules. With the revised set of ideal code sets, we
rerun our last set of experiments. The results are illustrated



===Hierarchial + Approsmate
+ Synonyms
(subcategories)

HNumber of Queries =82 -8

==D==Hierarchial + Approzimate
+ Synongms « Near
(subcategories)

=tr=—Yectorial
(subcategories)

Precision

— - - —Hierarchial + Approzimate
+ Synongms [cateqories)

---¥--- Yectorial  [categovies)

Figure 7: Precision and recall figures considering approx-
imate string matching and synonyms. Number of queries
considered is now 74.

in Figure 8.
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Figure 8: Precision and recall figures considering approxi-
mate string matching, synonyms, and a review of codes by
the specialist. Number of queries considered is now 77.

As we can observe, average precision results improve af-
ter the review of the ideal code sets. Furthermore, the hier-
archical algorithm presents a nice curve of average precision
for subcategory coding and a very nice curve of average pre-
cision for category coding. Figure 9 illustrates the relative
improvements in precision obtained by the hierarchical al-
gorithm. We notice that average precision at high recall is
now quite good and that the relative improvements in pre-
cision at high recall are considerable (both for category and
subcategory coding). Furthermore, the number of queries
answered is now 77 (out of 82).

6 Conclusions

In this paper, we described a hierarchical model we proposed
for the automatic categorization of medical documents, and
presented a comparative analysis of two algorithms for au-
tomatic assignment of ICD-9 classification codes. The first
algorithm is based on the classic vector space model, while
the second one is based on our hierarchical model and takes
advantage of the hierarchical structure of the ICD coding
scheme. The analysis is based on experiments carried out

Recall Subcategory Category
Vectorial | Hierarchical | Improvement (%) | Vectorial | Hierarchical | Improvement (%)

10 | 6L14 80.74 32.06 1447 91.24 25
0 | 590 19.09 39.00 10.18 89.74 081
0| a0 1480 5044 62.92 87.0 3841
4 | 4.0 1445 118 53.64 LN 63.52
50 | 4189 1435 1149 538 87.89 63.30
60 | 3231 64.05 9.24 491 5.9 1.9
0 | 2889 5111 7691 39.00 68.53 7531
80 | 249 5096 92.00 35.50 66.60 §7.61
0 | B 4991 9751 35.05 06.47 80.64
100 | 2527 49.91 9751 35.06 06.47 89.59

Figure 9: Relative improvements in precision obtained by
hierarchical algorithm (includes approximate string match-
ing and synonyms) with revised ideal code sets. Number of
queries considered is now 77.

using a medical database from a Brazilian hospital. Our
results show that the algorithm based on our hierarchical
model outperforms the algorithm based on the classic vector
space model and that it yields quite good precision and re-
call figures for the problem of ICD-9 code assignment. The
reasons are twofold: (1) our model incorporates the hier-
archical structure of the ICD-9 index and (2) it captures
knowledge from the coding specialist. It is also important
to point out that, despite being based on the ICD, our model
is quite general and is equally applicable to other hierarchi-
cal medical coding standards.

In the near future, we plan to extend our study in two
directions. First, we intend to carry out new experiments
introducing other components proposed in our model (e.g.,
a vocabulary of generic medical terms [5]). Second, we are
implementing an interactive Web interface for ICD-9 code
assignment that will be used at the Sarah Hospital to assess
the impact of our approach on a real environment.
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