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Abstra t.

This paper presents the design and evaluation of a text ategorization method
based on the Hierar hi al Mixture of Experts model. This model uses a divide and
onquer prin iple to de ne smaller ategorization problems based on a prede ned
hierar hi al stru ture. The nal lassi er is a hierar hi al array of neural networks.
The method is evaluated using the UMLS Metathesaurus as the underlying hierarhi al stru ture, and the OHSUMED test set of MEDLINE re ords. Comparisons
with an optimized version of the traditional Ro hio's algorithm adapted for text
ategorization, as well as at neural network lassi ers are provided. The results
show that the use of the hierar hi al stru ture improves text ategorization performan e with respe t to an equivalent at model. The optimized Ro hio algorithm
a hieves a performan e omparable with that of the hierar hi al neural networks.
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1.

Introdu tion

A system that performs text ategorization aims to assign appropriate
labels (or ategories) from a prede ned lassi ation s heme to in oming do uments. These assignments might be used for varied purposes
su h as ltering, or retrieval. Given the rapid growth of information,
automati text ategorization is an important goal. This task has been
explored by many resear hers in the Information Retrieval (IR), and
the Arti ial Intelligen e (AI) ommunities. Di erent approa hes su h
as de ision trees (ID3) [25℄, rule learning [1℄, neural networks [27, 39℄,
linear lassi ers [19℄, K-nearest neighbor (KNN) algorithms [43℄, support ve tor ma hine (SVM) [11℄, and Naive Bayes methods [17, 21℄
have been explored. Interestingly it is only re ently that resear hers
[14, 22, 24, 27, 38℄ have tried to take advantage of the hierar hi al stru ture available in ertain lassi ation s hemes, e.g. Medi al Subje t
Headings (MeSH), Yahoo! topi hierar hy.
The hierar hi al stru ture of a lassi ation s heme re e ts relations
between on epts in the domain overed by the lassi ation. The hierar hy typi ally en odes a set in lusion relation, also alled IS-A relation,
between ategory members. For example, in a lassi ation of living
things the set of animals in ludes the set of sh whi h in ludes the set of
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trouts. Thus a dire tional (IS-A) hierar hi al link onne ts the narrower
on ept of `trout' to ` sh' whi h in turn has a similar onne tion to `animal'. The IS-A relation is asymmetri (e.g. all dogs are animals, but not
all animals are dogs) and transitive (e.g., all pines are evergreens, and
all evergreens are trees; therefore all pines are trees). We believe that
given su h a hierar hi al lassi ation the properties used to ategorize
an entity as a `trout' must be more losely related to the properties
for the lass ` sh' in omparison to the properties orresponding to
the lass `evergreens'. We suggest that by ignoring the on eptual ongurations that a ompany lassi ation s hemes one may limit the
potential of text ategorization methods. Thus our primary resear h
goal is to explore the hypothesis that a text ategorization pro edure
apable of exploiting the on eptual onne tions between ategories is
more e e tive than a pro edure that is not designed to exploit su h
information.
More spe i ally, we explore a ategorization strategy designed to
exploit the hierar hi al stru ture underlying the UMLS (Uni ed Medi al Language System) Metathesaurus [26℄ and test its e e tiveness
using the OHSUMED test olle tion [9℄. Our hierar hi al lassi er is
inspired by the Hierar hi al Mixture of Experts model proposed by
Jordan and Ja obs [13℄. Built as a olle tion of neural networks, our
lassi er should s ale to larger olle tions of ategories and do uments
be ause it divides the ategorization problem into a set of related
sub-problems.
We present experiments that explore the value of our hierar hi al
lassi er in omparison to a non hierar hi al ( at) baseline lassi er
and a state-of-the-art implementation of the Ro hio lassi er. Part of
our resear h goal is to study feature sele tion as well as the sele tion
of training examples within the overall goal of exploring hierar hi al
lassi ers.
In se tion 2 we present the theoreti al ba kground of the Hierarhi al Mixture of Experts model and in se tion 3 the details of its
implementation. Se tions 4 and 5 explain the di erent methods used
for feature sele tion and training set sele tion while se tions 6 and 7
des ribe the experimental olle tion and the evaluation measures respe tively. Se tion 8 presents the details of the experiments performed.
Se tion 9 presents an analysis of results while se tion 10 ompares our
approa h with other work in hierar hi al text ategorization. Se tion
11 presents our on lusions and future resear h plans.
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2.

Theoreti al Framework

The Hierar hi al Mixture of Experts (HME) model is a supervised
feedforward network that may be used for lassi ation or regression
[13℄. It is based on the prin iple of \divide and onquer" in whi h a
large problem is divided into many smaller, easier to solve problems
whose solutions an be ombined to yield a solution to the omplex
problem. Various methods for subdividing large problems have been
proposed. The simplest approa h is to divide the problem into subproblems that have no ommon elements, also alled a \hard split"
of the data. The optimum solution of the smaller problems an then
be hosen on a \winner-takes-all" basis. Classi ation and Regression
Trees (CART) [3℄ are based on this prin iple. Sta ked Generalization
[40℄ also uses a hard split of the data and a weighted sum with weights
derived from the performan e of the smaller problems in their partition
spa e. In ontrast, HME divides the large problem into sub-problems
that an have ommon elements { a \soft split" of the elements into a
series of overlapping lusters. The outputs of the simple problems are
ombined sto hasti ally to obtain a global solution. The model has two
basi omponents: gating networks and expert networks. The gating
networks, lo ated at the intermediate level nodes of the tree, re eive
the input x(m) (a ve tor x of m input features representing a do ument)
and produ e s alar output that weights the ontribution of the hild
networks. The expert networks, lo ated at the leaf nodes, re eive the
input x(m) to produ e an estimate of the output. An example HME
with binary bran hing is shown in Figure 1. This HME may be seen as
a as ade of networks that works in a \bottom-up" fashion: the input is
rst presented to the experts that generate an output, then the output
of the experts are ombined by the se ond level gates, generating a new
output. Finally the outputs of the se ond level gates are ombined by
the root gate to produ e the appropriate result y(n) (a ve tor y of n
omponents where n is the number of outputs). The
nodes in the
tree represent the onvex sum of the output of the hild nodes whi h
is omputed as y(n) = j gj yj(n) where gj is the output of the gate and
yj(n) is the output of the orresponding hild node.
In the original model proposed by Jordan and Ja obs all the networks in the tree are linear (per eptrons). The expert network produ es
its output y as a generalized linear fun tion of the input x:

P

P

y

= f (U x)

(1)

where U is a weight matrix and f is a xed ontinuous non linear
fun tion. The ve tor x is assumed to in lude a xed omponent with
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value one to allow for an inter ept term. For binary lassi ation problems, f (:) is the logisti fun tion, in whi h ase the expert outputs are
interpreted as the log odds of \su ess" under a Bernoulli probability
model. Other models (e.g., multi-way lassi ation, ounting, rate estimation and survival estimation) are handled by making other hoi es
for f (:).
The gating networks are also generalized linear fun tions. The ith
output of the gating network is the \softmax" fun tion of the intermediate variable i [2, 23℄:

gi = P

e

i

j =1;:::;l e

j

(2)

where l is the number of hild nodes of the gating network, and the
intermediate variable i is de ned as:
= viT x
(3)
T
where vi is a weight ve tor and is the transpose operation. The
gi s are positive and sum to one for ea h x. They an be interpreted as
providing a \soft" partitioning of the input spa e.
The output ve tor at ea h nonterminal node of the tree is the weighted
sum of the output of the hildren below that nonterminal. For example,
the output at the ith nonterminal in the se ond layer of the two-level
tree in Figure 1 is:
i

(n)

yi

=

Xg
j

(n)
i:j yi:j

(4)

where j = 1; :::; l, l is the number of hild nodes onne ted to the
(n)
gate, yi:j
is the output of expert j whi h is a hild of gate i, and gi:j is
the j th output of the gate i. Note that sin e both the g's and the y's
depend on the input x, the output is a nonlinear fun tion of the input.
The general HME model is very exible. One may hoose a fun tion f (equation 1) for the gate and expert de ision modules that
is appropriate for the appli ation. Moreover, sin e gates and experts
depend only upon the input x, one may hoose either bottom-up or
top-down pro essing whi hever is appropriate for the problem. In our
variation of the HME model we use a binary lassi ation fun tion at
the gates. Also, we train and use our model top-down. The hoi e of
this dire tion was made based upon the number of ategories. As will
be des ribed in detail later, we have a olle tion of 119 ategories in the
dataset and moreover aim towards a s alable ategorization pro edure
that an handle large lassi ation s hemes. The UMLS lassi ation
presently has more than 350; 000 on epts while the full OHSUMED
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Figure 1. Hierar hi al Mixture of Experts model

dataset has about 14; 000 on epts. A bottom-up approa h would be
very ineÆ ient given that there is an expert module for ea h ategory.
The omputational requirements are espe ially severe when the de ision
module at ea h expert node is a neural network. In ontrast our topdown approa h along with a binary lassi ation at ea h gate restri ts
the number of expert networks to be a tivated for a given do ument. It
may be observed that in studies using the bottom-up HME approa h
the number of ategories was small as for example 26 for handwriting
re ognition and 52 for spee h re ognition [36℄. In this study we hoose
the more eÆ ient dire tion and postpone the exploration of bottom-up
pro essing for future resear h.
In our model, given a binary fun tion a gate is trained to yield a value
of 1 if the example do ument is ategorized with any of its des endent
on epts. For example, in our domain the gate for the general on ept
of \Heart Disease" is trained to yield a 1 if the do ument is ategorized
by any of its spe i
ategories su h as \Coronary Thrombosis".
During testing, the ategorization task starts at the root node and
its gate de ides whether the most general on ept is present in the
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Figure 2. Modi ed Hierar hi al Mixture of Experts model

do ument. If this is true, then all the se ond level nodes make their
de isions and the pro ess repeats until it rea hes the leaf nodes. Observe
that only the experts onne ted to gates that output the value 1 are
a tivated thus redu ing the response time during lassi ation1. Figure
2 presents our modi ed HME lassi er model. A key di eren e depi ted
is at the gating networks whi h use binary fun tions.
To give a statisti al interpretation of our model we de ne Z1 ; : : : ; Zj
as the path of gates from the root node to the gate j that is the
parent of an expert "k that assigns ategory k. Let x(m) be the input
features that represent a do ument, and y(n) the output ve tor of the
ategories assigned to the do ument. The probabilisti interpretation
of our hierar hi al model is as follows:
1 Hybrid neural trees have been proposed by D'Al he{Bu et al. [7℄ using a
method alled Trio-Learning to build a de ision tree whose nodes are neural networks. Trio-learning uses a de ision tree algorithm to partition the examples into
positive and negative lasses and re ursively builds the hierar hy. Similar to CART
this method performs a \hard split" of the set of examples at ea h level. Observe
that our model uses a prede ned hierar hi al stru ture. Another di eren e is that
we use a \soft split" of the data that allows overlapping lusters.
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P (y(n) jx(m) ) =

Xn P (Z

k=1

1

= 1jx(m) )P (Z2 = 1jZ1 = 1; x(m) ) : : :

P (Zj = 1jZ1 = 1; : : : ; Zj

1

= 1; x(m) )P ("k = 1jx(m) )

The hierar hi al stru ture in a HME model is prede ned2 in our
ase by the hierar hy of the \Heart Disease" subset of the UMLS
lassi ation system. Moreover, the HME hierar hy is generally limited
to the lasses that appear in the training set. Given our training set
(des ribed later) we are able to use only 103 on epts of the 119 in the
\Heart Disease" subset.
There are several alternatives for training a HME model. Jordan
and Ja obs [13℄ and Waterhouse [36℄ use a method based on expe tation maximization. They assume that the lassi ation follows a
multinomial model, whi h implies that an obje t an be assigned to
one and only one of the multiple ategories available for lassi ation. This is a 1-of-K lassi ation task whi h may be viewed as a
ompetition problem. In ontrast, we are interested in a k-of-K (multiway) lassi ation problem whi h is equivalent to k independent 1-of2 lassi ations[23, 29℄. To allow for multi-way lassi ation we use
ba kpropagation neural networks in both gates and experts and use a
gradient des ent method for training. The gates are trained to re ognize
whether or not any of the ategories of their des endants is present in
the do ument. The experts are trained to re ognize the presen e or
absen e of parti ular ategories.
The ba kpropagation networks that we use have three layers (see
Figure 3). We have tested several on gurations and these results will
be dis ussed in detail later. In general, our neural networks have m
nodes in the input layer orresponding to the set of m features sele ted
for ea h expert (or gate), the middle layer has n nodes, and the output
layer is a single node. In this ase the sigma nodes are responsible for
ombining the outputs of the gate i and expert j to obtain the kth
omponent yk = gi yi:j (where k = 1::n) of the output Yi(n) at ea h
intermediate node of the HME. Observe that the general model allows
for experts to have an output ve tor of size n. Our impli it assumption
for this paper is that ea h ategory assignment is independent.
Given an appropriate set of features and a training set of manually
ategorized do uments, the ba kpropagation network learns to make
the appropriate de isions. Observe that for experts and gates the set
of positive examples is di erent. The set of positive examples for the

2 It should be noted that Waterhouse has proposed a HME model that
dynami ally generates the hierar hi al stru ture [36℄.
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Figure 3. Example of a ba kpropagation network with 5 inputs

experts is a subset of the positive examples of any an estor gate. As
a onsequen e, two identi al neural networks trained with these di erent subsets learn di erent probabilisti fun tions. The ba kpropagation
neural network as an expert node learns to use the input to estimate
the desired output value ( ategory), while as a gate it omputes the
on den e value of the ombined outputs of its hildren.
3.

Implementation of the HME

We want to build a lassi er that is able to e e tively use the stru tured
knowledge ontained in the UMLS Metathesaurus [26℄. In parti ular
we are interested in the hierar hi al relationships whi h link general
on epts to the more spe i ones. The 1999 UMLS Metathesaurus
ontains about 350; 000 on epts olle ted by ombining 79 vo abularies for the health s ien es. In this study we limit ourselves to MeSH
(Medi al Subje t Headings)3 whi h is one of the 79 vo abularies. Sin e
do uments in the OHSUMED test olle tion are a subset of MEDLINE,
they have been manually ategorized with MeSH terms. Ea h MEDLINE do ument is assigned between 8 and 10 MeSH on epts. Thus our
ategorization task is a multi-way lassi ation problem. In our model
the gates represent the general on epts of this hierar hy.
Interestingly, the manual assignment of a high level MeSH ategory
is not automati ally determined by the assignment of its lower level
3 Observe that we ould have used the MeSH hierar hy dire tly. We de ided to
use the UMLS hierar hy be ause it provides a on eptual mapping that has been
extended to many areas of the health s ien es.
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ategories. That is, the fa t that a do ument is assigned the ategory
\angina unstable" does not automati ally grant it the assignment of any
of the an estors in the tree (\Heart diseases", \Myo ardial Is hemia",
\Coronary Diseases", or \Angina Pe toris"). In fa t the manual assignment of su h high level ategories is usually done when the MEDLINE
do ument is about the topi at the asso iated level of generality or abstra tion. Therefore in our model, ea h nonterminal node is represented
by two networks. The rst is the expert network for the node's ategory
while the se ond is a gating network representing the general on ept
at that level of the lassi ation s heme. Thus at the \Heart Diseases"
node there is a gate that learns to re ognize the general on ept (representing all the do uments that are about any of its des endants), and
an expert network that learns to assign this spe i
ategory \Heart
Diseases". Note that from this point on unless expli itly spe i ed, we
mean both ategories and on epts when we use the word ` ategory'.
For the purpose of omparing results with other studies we will show
the results obtained using only the MeSH subtree of \Heart Diseases".
(Figure 4 shows a part of this hierar hy). However, our method espeially given its top-down pro essing, is general and an be applied to
the whole set or to any other subset of the UMLS.
4.

Feature Sele tion

In text ategorization the set of possible input features onsists of all
the di erent words that appear in a olle tion of do uments. This is
usually a large set sin e even small text olle tions ould have hundreds
of thousands of features. Redu tion of the set of features to train the
neural networks is ne essary be ause the performan e of the network
and the ost of lassi ation are sensitive to the size and quality of
the input features used to train the network [41℄. A rst step towards
redu ing the size of the feature set is the elimination of stop words,
and the use of stemming algorithms. Even after that is done the set of
features is typi ally too large to be useful for training a neural network.
Two broad approa hes for feature sele tion have been presented in
the literature: the wrapper approa h, and the lter approa h [12℄. The
wrapper approa h attempts to identify the best feature subset to use
with a parti ular algorithm. For example, for a neural network the
wrapper approa h sele ts an initial subset and measures the performan e of the network; then it generates an \improved set of features"
and measures the performan e of the network. This pro ess is repeated
until it rea hes a termination ondition (either a minimal value of
performan e or a number of iterations). The lter approa h, whi h
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Figure 4. A part of the UMLS hierar hy for the heart diseases subtree.

is more ommonly used in text ategorization, attempts to assess the
merits of the feature set from the data alone. The ltering approa h
sele ts a set of features using a prepro essing step, based on the training
data. In this paper we use the lter approa h, but we plan to explore
the wrapper approa h in future resear h. We sele t three methods that
have been used in previous works: orrelation oeÆ ient, mutual information, and odds ratio. During feature sele tion we rst delete all
instan es of 571 stop words from the MEDLINE re ords, and then use
Porter's algorithm to stem the remaining words. We eliminate those
stems that o ur in less than 5 do uments in the training olle tion.
Sin e feature sele tion is done for ea h ategory, based on its zone
(explained later) we also remove stems that o ur in less than 5% of
the positive example do uments. We then rank the remaining stems by
the feature sele tion measure and sele t a pre-de ned number of top
ranked stems as the feature set.
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4.1.

Correlation Coeffi ient

Correlation oeÆ ient C is a feature sele tion measure proposed by Ng
et al. [27℄ and is de ned as:

p

(Nr+ Nn
Nr Nn+ ) N
C (w; ) =
(Nr+ + Nr )(Nn+ + Nn )(Nr+ + Nn+)(Nr + Nn )
(5)
where Nr+ (Nr ) is the number of positive examples of ategory in
whi h feature w o urs(does not o ur), and Nn+ (Nn ) is the number
of negative examples of ategory in whi h feature w o urs(does
not o ur). This measure is derived from the 2 measure presented
by S hutze et al. [32℄, where C 2 = 2 . The orrelation oeÆ ient
an be interpreted as a \one-side" 2 measurement. The 2 measure
has been reported as a good measure for text ategorization by Yang
and Petersen [43℄. The orrelation oeÆ ient promotes features that
have high frequen y in the relevant examples but are rare in the non
relevant do uments. When features are ranked by this method, the
positive values orrespond to features that indi ate presen e of the
ategory while the negative values indi ate absen e of the ategory. In
ontrast, the 2 ranks features higher if they more strongly indi ate the
presen e or the absen e of a ategory. That is, more ambiguous features
are ranked lower. We ompared the 2 and orrelation oeÆ ient for
feature sele tion using neural networks with the same ar hite ture. We
found that the neural networks trained with features sele ted using
orrelation oeÆ ient outperformed those trained using 2 in 78 out of
103 ategories. This on rms similar results reported by Ng et al. [27℄.
Note that Yang and Pedersen [43℄ use an average of the 2 value a ross
ategories to measure the goodness of a term in a global sense, while
we use it for lo al ( ategory-level) feature sele tion.
In ontrast with mutual information, both 2 and orrelation oeÆ ient produ e normalized values be ause they are based on the 2
statisti . However, the normalization does not hold for low populated
ells in the ontingen y table. This makes the s ores of 2 and orrelation oeÆ ient for low frequen y terms unreliable. This is one reason
for removing rare features as des ribed before.

p

4.2.

Mutual Information

Mutual information is a measure that has been used in text ategorization by several resear hers [32, 43℄. This method is based on the mutual
information on ept developed in information theory. For a feature w
and a ategory it is de ned as:
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P (w ^ )
(6)
P (w)  P ( )
where P (w) is the probability of the term w o urring in the whole
olle tion, P ( ) is the probability of the ategory o urring in the
whole olle tion, and P (w ^ ) is their joint probability.
I (w; ) = log

Yang and Pedersen [43℄ used mutual information4 to measure the
goodness of a term in a global feature sele tion approa h by ombining
the ategory spe i s ores of a term in two ways:

Iavg (w) =

Xn P (
i=1

i )I (w; i )

n
Imax (w) = max
fI (w; i )g
i=1

(7)
(8)

where n is the number of ategories.
In ontrast, we use feature sele tion to evaluate the goodness of
a term with respe t to individual ategories. In other words, we do
not average the values of mutual information over multiple ategories.
This variation may be suÆ ient to produ e the di erent results that
we obtain (des ribed later). Yang and Pedersen also point out that
the s ore produ ed by mutual information is strongly in uen ed by
the marginal probabilities of terms. This is evident from the following
equivalent formula:

I (w; ) = log P (wj ) log P (w)
(9)
For terms with equal onditional probability P (wj ), rare terms will

have higher s ores than ommon terms. This implies that the s ores
of terms with extremely di erent frequen ies might still not be omparable. Our frequen y threshold des ribed earlier, ompensates for this
e e t.
4.3.

Odds Ratio

Odds ratio was proposed originally by van Rijsbergen et al. [35℄ for
sele ting terms for relevan e feedba k. Odds ratio is used for the binaryvalued lass problem where the goal is to make a good predi tion for
one of the lass values [35℄. It is based on the idea that the distribution
of features on the relevant do uments is di erent from the distribution
of features on the non-relevant do uments. It has been re ently used

4 There is some onfusion with the term \mutual information". For instan e,
it has been used by other resear hers [22℄ to refer to the measure that Yang and
Pedersen [43℄ present as \information gain".
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by Mladeni [24℄ for sele ting terms in text ategorization. The odds
ratio of a feature w, given the set of positive examples pos and negative
examples neg for a ategory , is de ned as follows:

OddsRatio(w; ) = log

P (wjpos)(1 P (wjneg))
(1 P (wjpos))P (wjneg)

(10)

Observe that this formula an also be interpreted as the sum of the
logarithm of the ratios of the distribution of the feature on the rele)
vant do uments (log (1 PP(w(wjpos
jpos)) ) and on the non-relevant do uments
jneg)) ). If a do ument appears in more than half of the rele(log (1 PP(w(wjneg
)
vant do uments the logarithm of the ratio on the relevant do uments
is positive. In ontrast a feature is penalized if it appears in more
than half of the non-relevant do uments. In other words, a feature
that appears frequently in the relevant do uments and infrequently in
the non relevant do uments will have a high s ore. Figure 5 shows a
graph of the odds ratio. The fun tion presents singularity points when
P (wjpos) = 1 or when P (wjneg) = 0 (we map this ase to the highest
positive value). Also the logarithm is not de ned when P (wjpos) = 0 or
when P (wjneg) = 1 (we map this ase to the smallest negative value).
Mladeni [24℄ report that odds ratio was the most su essful feature sele tion method for a hierar hi al Bayesian lassi er ompared
to mutual information, ross entropy, information gain, and weight of
eviden e.
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In this study we sele t features for both expert and gating networks using orrelation oeÆ ient, mutual information and odds ratio
methods.
5.

Training Set Sele tion

A supervised learning algorithm requires the use of a training set in
whi h ea h element has already been orre tly ategorized. One would
expe t that the availability of a large training set (su h as OHSUMED)
will be bene ial for training the algorithm. In pra ti e this does not
seem to be the ase. The problem o urs when there is also a large
olle tion of ategories with ea h assigned to a relatively small number
of do uments. This then reates a situation in whi h ea h ategory has
a small number of positive examples and an overwhelming number of
negative examples. When a ma hine learning algorithm is trained to
learn the assignment fun tion with su h an unbalan ed training set,
the algorithm will learn that the best de ision is to not assign the
ategory. The overwhelming amount of negative examples hides the
assignment fun tion. To over ome this problem an appropriate set of
training examples must be sele ted. We all this training subset the
\ ategory zone". This notion of ategory zone is similar to the lo al
regions des ribed in Wiener et al. [39℄ , and Ng et al. [27℄ but is inspired
by the query zone proposed by Singhal et al. [34℄ for text routing. Their
\query zoning" is based on the observation that in a large olle tion a
query will have a set of do uments that onstitutes its domain. Nonrelevant do uments that are outside the domain are easy to identify, but
it is more diÆ ult to di erentiate between relevant and non-relevant
do uments within the query domain. Singhal et al. [34℄ de ne a pro edure that tries to approximate the domain of the query and then they
use this domain to train their routing method. We suggest that in text
ategorization, ea h ategory also has its own domain. It will be easier
to train a learning algorithm with those do uments from the ategory
domain and also potentially a hieve better ategorization performan e.
We explore two di erent methods for building the ategory zone. The
rst method reates the ategory zone using a method similar to that
presented by Singhal et al. [34℄. This rst ategory zone that we all
entroid-based is reated as follows:
1. Take all the positive examples for a ategory and obtain their
entroid.
2. Using this entroid as a query perform retrieval and obtain the top
10; 000 do uments. This subset will ontain most if not all of the
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positive examples and many negative examples that are at least
\ losely related" to the domain of the ategory.
3. Obtain the ategory zone by adding any unretrieved positive examples to the set obtained in the previous step.
This method reates ategory zones that have at least 10; 000 do uments and the size in reases for ategories that have positive examples
outside the retrieved set.
The se ond method for reating the ategory zone uses a Knn approa h in whi h the ategory zone onsists of the set of K nearest
neighbors for ea h positive example of the ategory. This method will
produ e variable sized ategory zones. We explored several values of
K (10, 50, 100 and 200). Our main on ern with this method was to
obtain a training set large enough to train a neural network without
over tting.

6.

Experimental Colle tion

We use the OHSUMED olle tion reated by Hersh and his ollaborators [9℄. This olle tion has 348,543 re ords from the MEDLINE
olle tion from 1987 to 1991. Ea h re ord from this olle tion has
several elds (see Figure 6). We use the following: title (.T), and abstra t (.W). In the training set we also use the MeSH (.M) eld whi h
represents the manual ategorization de isions for the MEDLINE do uments. We sele ted the 233,455 re ords that have titles, abstra ts and
MeSH ategories (the remaining do not have abstra ts). The rst four
years of data dated 1987 through 1990 (183,229 re ords) are used for
training, and the year 1991 (50,216 re ords) is used for testing. This
orresponds to the same split as used by Lewis et al. [19℄. We also use
the 119 ategories from the Heart Disease subtree of the Cardiovas ular
Diseases tree stru ture of the UMLS5 . However, only 103 of these 119
ategories have positive examples in the training set. Thus we limit our
experiments to these 103 ategories. We further divide this set of 103
ategories into three sets:
High frequen y ategories (HD-49): This in ludes all ategories
with at least 75 examples in the training set. This set ontains 49
ategories (whi h is the same as the set of high frequen y ategories
used by Lewis et al.).
5 We use the 1994 version of the UMLS.
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.I 55402
.S
Heart Lung 8801; 16(5):584-9
.M
Adult; AIDS-Related Complex/*DI; Cardia Tamponade/DI/ET;
Case Report; Ele tro ardiography; Endo arditis, Suba ute
Ba terial/DI/ET; Female; Heart Diseases/DI/*ET/RA; Heart
Failure, Congestive/DI/ET; Heart Valve Diseases/DI/ET;
Human; Male; Myo ardial Diseases/DI/ET; Support, Non-U.S.
Gov't.
.T
The Miami vi es in the CCU. Part II. Cardia manifestations
of AIDS.
.W
Cardia manifestations of AIDS probably o ur more frequently
than is appre iated --despite autopsy reports indi ating that
more than 50\% of de eased AIDS patients had myo arditis.
A high index of suspi ion and the e ho ardiogram will help in
revealing the true in iden e of ardia involvement in AIDS.
.A
Valle BK; Lemberg L.
Figure 6. Example re ord from OHSUMED

Medium frequen y ategories (HD-28): This set in ludes all ategories with frequen ies between 15 and 74 in the training set. This
set ontains 28 ategories (this is equivalent to the se ond set of
ategories used by Lewis et al.).
Low frequen y ategories (HD-26): This set in ludes all ategories
with frequen ies between 1 and 14 in the training set. This set
ontains 26 ategories.
We report results on these three subsets as well as on the omplete
set of ategories (HD-119)6 . The rst two subsets allow us to analyze
performan e separately for di erent levels of positive eviden e and also
allow us to ompare results with other published resear h with the same
olle tion [19℄.
The 119 \Heart Diseases" ategories form a 5 level tree where the
rst level orresponds to the root node and the fth level has only leaf
6 We label this set HD-119 in order to stay onsistent with the labeling in [42℄
even though there are a tually only 103 ategories with positive examples in the
training set.
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Heart Deseases

10 experts

Heart Valve
Deseases

Endocarditis

Myocardial
Diseases

8 experts

2 experts
4 experts

Heart Defects,
Congenital

Arrhythmia

7 experts

Myocardial
Ischemia

6 experts

Heart Septal
Defects

Tachycardia

Coronary
Deseases

2 experts

2 experts

Myocardial
Infarction

2 experts

6 experts

Figure 7. Tree for the 119 ategories of the heart diseases sub-tree

nodes. The number of gates in ea h level starting from the root is 1,
11, 9, and 3 (see Figure 7).
7.

Evaluation Measures

In order to evaluate a binary de ision task we rst de ne a ontingen y
matrix representing the possible out omes of the lassi ation as shown
in Table I. Several measures in the IR and AI ommunities have been
de ned based on this ontingen y table. Table II shows the formulas of
these measures and the orresponding names used in ea h ommunity.
In IR measures that ombine re all and pre ision have been dened: break-even point (BEP), and F measure. BEP was proposed by
Lewis [18℄ and is de ned as the point at whi h re all equals pre ision.
van Rijsbergen's F measure [35℄ ombines re all and pre ision into a
single s ore:

F =

(

2

+ 1)P  R
=
2P + R
(

( 2 + 1)a
2 + 1)a + b +

2

(11)
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Table I. Contingen y table for binary lassi ation
Class Positive (C +)
Assigned positive (A+)
Assigned negative (A )

Class Negative (C )

a

b

(True Positives)

(False Positives)

(False Negatives)

(True Negatives)

d

Table II. EÆ ien y measures for binary lassi ation de ned in the Information Retrieval (IR) and
Arti ial Intelligen e (AI) ommunities
IR
re all

AI

(R)

pre ision

(P )

f allout

error rate

Sensitivity

a
a+

Predi tive value(+)

a
a+b

Predi tive value(-)

b
b+d

A ura y

a+d
a+b+ +d

Spe i ity

d
b+d

b+
a+b+

+d

F0 is the same as pre ision, F1 is the same as re all. Intermediate
values between 0 and 1 are di erent weights assigned to re all, and
pre ision. The most ommon values assigned to are 0.5 (re all half
as important as pre ision), 1.0 (re all and pre ision equally important)
and 2.0 (re all twi e as important as pre ision). If a, b and are all 0,
F is de ned as 1 (this o urs when a lassi er assigns no do uments
to the ategory and there are no related do uments in the olle tion).
None of the measures are perfe t or appropriate for every problem.
For example, re all (sensitivity), if used alone might show de eiving
results, i.e. a system that assigns the ategory to every do ument will
show perfe t re all (1.0). A ura y, on the other hand works well if the
number of positive and negative examples are balan ed, but in extreme
onditions it too might be de eiving. If the number of negative examples
is overwhelming ompared to the positive examples then a system that
assigns no do uments to the ategory will obtain an a ura y value
lose to 1.
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As pointed out by S hapire et al. [31℄, BEP also shows some problems. Usually the value of the BEP has to be interpolated. If the values
of re all and pre ision are too far then BEP will show values that
are not a hievable by the system. Also the point where re all equals
pre ision is not informative and not ne essarily desirable from the user's
perspe tive.
van Rijsbergen's F measure is the best suited measure, but still
has the drawba k that it might be diÆ ult for the user to de ne the
relative importan e of re all and pre ision. We report F1 values beause it allows us to ompare results with other resear hers who have
used the same dataset [16, 19, 42℄. In general the F1 performan e is
reported as an average value. There are two ways of omputing this
average: ma ro-average, and mi ro-average. With ma ro-average the
F1 value is omputed for ea h ategory and these are averaged to get
the nal ma ro-averaged F1 . With mi ro-average we rst obtain the
global values for the true positive, true negative, false positive, and
false negative de isions and then ompute the mi ro-averaged F1 value
using the mi ro-re all and mi ro-pre ision ( omputed with these global
values). The results reported in this paper are ma ro-averaged F1 . This
allows us to ompare our results with those of other resear hers working
with the OHSUMED dataset.

8.

Experiments

There are two main questions that we address in this resear h (1)
Does a hierar hi al lassi er built on the HME model improve performan e when ompared to a at lassi er? (2) How does our hierar hi al
method ompare with other text ategorization approa hes? With these
two resear h questions in mind we present a series of experiments using
the OHSUMED olle tion.
8.1.

Baselines

Our rst baseline represents a lassi al Ro hio lassi er whi h is des ribed in the next se tion. Our se ond baseline is a at neural network
lassi er. Comparing the performan e of the HME lassi er against the
at lassi er will allow us to answer our rst resear h question. Comparing the HME method with a Ro hio lassi er as well as with other
published results will allow us to answer our se ond resear h question.
Thus we have implemented a Ro hio lassi er, a HME lassi er, and
a at neural network lassi er whi h are detailed next.
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8.2.

Ro

hio Classifier

Ro hio's algorithm was developed in the mid 1960's to improve queries
using relevan e feedba k. It has proven to be one of the most su essful feedba k algorithms. Ro hio [28℄ showed that the optimal query
ve tor is the di eren e ve tor of the entroid ve tors for the relevant
and the non-relevant do uments. Salton and Bu kley [4℄ in luded the
original query (Qorig ) to preserve the fo us of the query, and added
oeÆ ients ( , and ) to ontrol the ontribution of ea h omponent.
The mathemati al formulation of this version is:
1 X ~
d
Q~ new = Q~ orig +
R d2rel

N

1

X d~

R d=2rel

(12)

where d~ is the weighted do ument ve tor, R = jRelj is the number
of relevant do uments, and N is the total number of do uments. Any
~ new are set to zero. Several
negative omponents of the nal ve tor Q
te hniques have been proposed to improve the e e tiveness of Ro hio's
method: better weighting s hemes [33℄, query zoning [34℄, and dynami
feedba k optimization [4℄.
As pointed out by S hapire et al. [31℄ most of the studies that use
Ro hio as a baseline have onstru ted a weak version of the lassi er
[16, 19, 42, 44℄. They also show that a properly optimized Ro hio's
algorithm ould a hieve quite ompetitive performan e. We have noti ed that Ro hio's lassi ers bene t from an optimal feature sele tion
step. To make a fair omparison between the neural networks and the
Ro hio lassi ers we use the set of features sele ted using orrelation
oeÆ ient and the same ategory zones used to train the neural network
lassi ers for ea h ategory. Observe that this is an important di eren e
with respe t to previously published resear h that use Ro hio lassiers (in all these studies the ve tor is omputed over the whole set of
features). Sin e we use feature sele tion measures that sele t features
indi ative of presen e of the ategory, ea h lassi er has its entroid
ve tor de ned in a di erent subspa e (the sub-spa e of the sele ted
features) generated from the ategory zone.
We build a Ro hio lassi er by presenting training examples from
the ategory zone and omputing the weights of the lassi er using
Ro hio's formula. We then rank the full training olle tion a ording to the similarity with this lassi er ve tor. A threshold ( ) on
the similarity value that maximizes the F1 measure (des ribed in the
evaluation measures se tion) is sele ted. The optimal Ro hio lassi er
for a ategory is then a weighted ve tor of sele ted features along with
a similarity threshold.
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During the evaluation phase we ompute similarity between the
optimal Ro hio lassi er ve tor and the test do ument ve tors and
assign the lass to all do uments above the threshold  .
8.3.

Hierar hi al Mixture of Experts

Our HME approa h is represented in Figure 2. First a zone of domain
do uments is identi ed for ea h ategory as explained before. Next
feature sele tion is applied within ea h ategory zone to extra t the
\best" set of features. We tested all three feature sele tion methods
in our experiments. Then for ea h expert network a ba kpropagation
neural network is trained using the orresponding ategory zone and
the sele ted set of features. Similarly, ea h gating network is also a
ba kpropagation network. However a gate's training subset is the ombined ategory zones of its des endants in the lassi ation hierar hy.
Feature sele tion for the gate is then performed on its ombined subset.
This strategy of ombining zones from des endent nodes for a gate
is reasonable if we onsider the fa t that gates represent hierar hi al
on epts and not parti ular ategories as des ribed before in se tion 3.
The input feature ve tors for do uments are weighted using tf  idf
weights where tf is the frequen y of the term in the do ument, and idf
is the inverse do ument frequen y de ned as:

idf = log

N
n

(13)

where N is the total number of do uments in the training olle tion,
and n is the number of do uments that ontain the term in the training
olle tion.
Experts and gates are trained independently using the following parameters: learning rate = 0:5, error toleran e = 0:01, maximum number
of epo hs = 1; 000. These parameter values are xed for all our experiments. The training of ea h network takes between 15 to 30 minutes for
an expert (depending on the number of examples), and around 60 to
90 minutes for a gating network using a HP-700 workstation. Using 15
workstations and a dynami s heduling program spe i ally designed
for this task we trained the 103 experts and the 21 gating networks in
about 8 hours.
On e experts and gates have been trained individually we assemble
them a ording to the UMLS hierar hi al stru ture. Sin e the output of
ea h network is a real value between 0 and 1, we need to transform ea h
output value into a binary de ision. This step is alled thresholding.
We do this by sele ting thresholds that optimize the F1 values for
the ategories. We use the omplete training set to sele t the optimal
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thresholds. Sin e we are working with a modular hierar hi al stru ture
we have several hoi es to perform thresholding. Our approa h is to
make a binary de ision in ea h of the gates and then optimize the
threshold on the experts using only those examples that rea h the leaf
nodes.
Observe that omputing the optimal thresholds for binary de isions
at the gates and the experts is a multidimensional optimization problem. We de ided to optimize the gates by grouping them into levels
and nding the value of the threshold at ea h level that maximizes the
average F1 value for all the experts. Ea h expert's threshold is then
optimized to maximize the F1 value of the examples in the training set
that rea h the expert. In order to onstrain the potentially explosive
ombination of parameters we de ide to x the thresholding for the
gates a ross all our experiments. For this purpose we ondu ted a
preliminary experiment in whi h we sear h the best ombination of
thresholds per level varying ea h threshold on xed values and omputing performan e on the whole training set. The optimal thresholds
were set to 0:01, 0:005, 0:01 and 0:01 for levels 1(root), 2, 3 and 4
respe tively. These values were obtained by sele ting the best results
over 1; 764 threshold ombinations (0.005, 0.01, 0.05, and 0.10 for level
1, 0.005, 0.01, 0.05, 0.10, 0.15, 0.20, ... 0.95 for levels 2, 3 and 4)7 . This
experiment was run using orrelation oeÆ ient for feature sele tion
and a standard on guration of 25 input nodes and 50 hidden nodes.
The best threshold are xed a ross all runs.
The test set is pro essed using the trained networks assembled hierar hi ally with the established thresholds for ea h level of gates and
ea h expert network.
8.4.

Flat Neural Network Classifier

In order to assess the advantage gained by exploiting the hierar hi al
stru ture of the lassi ation s heme, we built a at neural network
lassi er. We de ided to build a at modular lassi er that is implemented as a set of 103 individual expert networks. This is similar to our
Ro hio model where the training phase results in a set of 103 lassi er
ve tors. In this model the experts are trained independently using the
optimal feature set and the ategory zone for ea h individual ategory.
The thresholding step is performed by optimizing the F1 value of ea h
expert using the entire training set. These are the values that we report
in the next se tion for the at neural network lassi er. Observe also
7 Sin e we only have two gates in level 4 we set their optimal values to the same
values of the gates in level 3. This gives us 4  21  21 = 1; 764 possible ombinations
for the thresholds in the gates.
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that the use of this model allows us to assess the ontribution of adding
the hierar hi al stru ture, i.e., our rst resear h question.
9.

Results

As stated before, we report results on the \Heart Diseases" sub-tree.
We present results on this set of 103 ategories (HD-119) and on three
frequen y-based subsets of ategories HD-49, HD-28 and HD-26 as
de ned in se tion 6.
9.1.

Effe t of feature sele tion and the Neural Network
Ar hite ture

It may be observed that network ar hite ture and feature sele tion
methods must be studied in ombination. In fa t, at a basi level
feature sele tion is one of the fa tors that de ne the on guration of
the network. Given the many omplex ombinations in terms of feature
sele tion methods and numbers of nodes in the di erent layers for both
the expert and gating networks we approa h the problem in stages.
We follow a top-down approa h that optimizes the gates and then the
experts.
First we fo used our attention on the gating networks. We used
experts with 25 input features and 50 nodes in the hidden layers. We
then explored 5, 10, 25, 50, 100, and 150 input features for the gating
networks with hidden layer that had twi e the number of input nodes.
We also tried all three di erent feature sele tion methods (Mutual
Information, Odds Ratio and Correlation CoeÆ ient). This experiment
was done only on the \high frequen y ategories" (HD-49) be ause they
allow appropriate training of the neural networks and also be ause the
varian e between di erent training runs is smaller than the varian e
for lower frequen y ategories.
Interestingly the di eren es between the three feature sele tion methods on the gating networks are not signi ant. Thus we only report
results on the 18 di erent ombinations obtained using orrelation oefient in the gates. Table III shows an in rease in performan e between
5 and 25 features and a slight de rease for networks with larger number
of input nodes. It is possible for this slight de rease to be aused by the
limit in the number of iterations (1; 000) that a network was allowed to
run during training. Usually a larger network needs more iterations on
the training set to onverge to an optimal value. Observe that all the
three feature sele tion methods show no signi ant di eren es either
for the gates or for the expert networks. This was somewhat surprising
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sin e Yang and Pedersen [43℄ reported that mutual information does not
perform well ompared to other methods. As noted before, instead of
averaging values a ross multiple lasses to nd the merit of the features
from a global perspe tive, we use mutual information for lo al feature
sele tion. We also dis ard rare terms that will in general be ranked very
high by mutual information.
We further explored feature sele tion using mutual information by
running our experiments without dis arding rare terms and sele ting
the top 25 features. The average pre ision for the HD-49 subset was 0:05
and 0:20 for the at neural network and the HME model respe tively.
This is signi antly lower than the performan e obtained when we
dis ard low frequen y terms and shows on lusively that mutual information alone is not a good feature sele tion measure unless we address
its major weakness and dis ard low frequen y terms. This might also
be addressed by sele ting a larger number of input features. However,
this will go against our goal of redu ing the number of input features
to improve training and pro essing time for the neural networks.
After optimizing the gates we address the number of input nodes for
the expert networks by exploring them individually, i.e., independent
of the hierar hi al stru ture. We tested expert networks with 5, 10, 25,
50, 100, and 150 input features. In ea h ase we used twi e the number
of input nodes for the hidden layer and three feature sele tion methods.
The best result was obtained using 25 input features with 50 nodes in
the hidden layer.
Having determined the optimal number of inputs, next we explore
the e e t of the size of the hidden layer for our networks. (Note that
so far we have only explored the simple strategy of having twi e the
input nodes in the middle layer.) Table IV shows the variations in
performan e with di erent sizes of the middle layer. In this ase all
networks have 25 inputs and a single output node. The best performan e is obtained with expert networks that have 6 nodes in the hidden
layer. The di eren e between 6 and 10 nodes is relatively small. We
ran similar experiments on the gating networks varying the size of the
middle layer (6, 10, 25, 50) and found that the best size of the hidden
layer was 25 (Table V). However, the di eren e between these runs is
very small. Observe also that the at neural networks have their best
performan e when the number of nodes in the hidden layer is 6. This
is not surprising sin e a smaller hidden layer tends to produ e a better
generalization of ea h ategory.
In the following se tions we present results using neural networks
with 25 inputs, 6 hidden nodes and 1 output for the experts and 25
inputs, 25 hidden nodes and 1 output for the gating network.
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Table III. E e t of the number of input nodes to the gating
networks and the feature sele tion methods for the expert networks (the feature sele tion method for the gating networks
is orrelation oeÆ ient). All expert networks have 25 input
features sele ted by the indi ated feature sele tion method, 50
nodes in the middle layer, and 1 output. The last row shows
performan e of the at lassi er. (Performan e is measured in
ma ro-averaged F1 on the HD-49 set)
Gating Networks
# of inputs

Expert Networks
Corr. Coef. Odds Ratio Mutual Inf.

5

0.4455

0.4531

0.4589

10

0.4604

0.4695

0.4712

25

0.4984

0.4961

0.4956

50

0.4894

0.4903

0.4900

100

0.4894

0.4929

0.4840

150

0.4827

0.4890

0.4850

Flat

0.4449

0.4488

0.4548

Table IV. E e t of the number of hidden
nodes on the expert networks. All expert
networks have 25 input features sele ted
with the orrelation oeÆ ient feature sele tion method. (Performan e is measured
by ma ro-averaged F1 on the HD-49 set)
# of hidden nodes

Flat NN

HME

6

0.5033

0.5241

10

0.4807

0.4975

25

0.4320

0.4824

50

0.4479

0.4867
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Table V. E e t of the number
of hidden nodes on the gating
networks. All expert networks
have 25 input features and 6
hidden nodes. The gates have
25 inputs sele ted with Correlation oeÆ ient(Performan e
is measured by ma ro-averaged
F1 on the HD-49 set)

9.2.

# of hidden nodes

HME

6

0.5219

10

0.5202

25

0.5241

50

0.5158

Comparing the Category Zone Methods

As mentioned before, we explore two di erent types of ategory zones:
The entroid-based ategory zone and the Knn-based ategory zone. We
ompare these two zoning strategies with respe t to their zone sizes as
well as lassi er performan e.
The entroid-based ategory zone generates zones that have at least
10; 000 examples. For our training set of 103 ategories we found that
this type of ategory zone has an average size of 10; 027 with a maximum of 10; 778 while 75% of the zones are below 10; 010. The Knnbased ategory zone generate zones with sizes proportional to the number of positive examples in the ategory. We found that \ ompa t"
ategories have in general small ategory zones. We explore di erent
values of K (10, 50, 100, and 200). Small values of K are problemati
for low frequen y ategories be ause they tend to generate a very small
training set that the neural network over ts easily. Thus we settled
for K=200 be ause it produ es ategory zones large enough for the
rare ategories as well as zones of reasonable size for the more frequent
ategories. For our 103 ategories we found that the average size of the
Knn-based ategory zone is 6; 098 examples with a maximum of 35; 917,
and a minimum of 200. 75% of the ategory zones generated by this
method are below 6; 814. As mentioned before the ategory zone for a
gate is the union of the individual ategory zones of its des endants in
the hierar hy.
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To measure the impa t of ea h zoning method we trained both gating
and expert networks with the do uments of the orresponding zones.
The ategorization results on the test set are shown in Table VI. There
are small di eren es in performan e a ross zones for lassi ers in the
high frequen ies (HD-49) set and for those lassi ers in the medium
frequen ies (HD-28) set. However, these di eren es are not statisti ally
signi ant.
The low frequen y ategories (HD-26) show a statisti ally signi ant di eren e in favor of the entroid-based zones for both at and
hierar hi al lassi ers. A detailed analysis showed that the high value
of this di eren e is due in part to the ontribution of some ategories
that have one or zero examples in the test set. For these ategories the
fun tion be omes more of a hit or miss fun tion8. Sin e these ategory
zone training sets have at least 10; 000 examples the lassi er learns to
reje t most of the do uments and in onsequen e it gets an F1 value of
1:0 for most of them. In ontrast, the Knn-based zones for low frequen y
ategories generate a smaller zone and the neural networks trained with
them tend to assign at least a few do uments. The lassi ers trained
with entroid-based zones outperform the Knn-based lassi ers on 13
ategories, while the lassi ers trained on Knn-based zones outperform
the entroid-based lassi ers only on 5 ategories (in the remaining 8
ategories there is no di eren e between them).
On the whole set HD-119 the lassi ers trained with entroid-based
zones outperform those trained with the Knn-based zones. However this
di eren e is statisti ally signi ant only for the HME lassi ers. Given
our results with these two zoning methods we suggest that entroidbased ategory zones are the most appropriate for training hierar hi al
lassi ers that span ategories of varying frequen ies. The same onlusion may be made for at lassi ers but with somewhat redu ed
on den e.
9.3.

Comparing HME, Flat NN, and Optimized Ro

hio

Table VII shows the performan e of our at neural network, the HME
model and the optimized Ro hio lassi er, all trained using the entroidbased zoning method and features sele ted using orrelation oeÆ ient.
The HME lassi er onsistently outperforms the at neural network
lassi er in all ategory sets. The di eren e is statisti ally signi ant for
HD-29, HD-28 and HD-119. Another important feature that we must
point out is that our HME model has lower varian e in performan e
in all the ategory sets. This result on rms the theoreti al laim by
8 ategories with no examples in the test set will have F1 = 0 if a do ument is
assigned to the lass or F1 = 1 if no do uments are assigned to the lass.

hme4art l.tex; 14/01/2002; 22:58; p.27

28
Table VI. Comparison of ategorization performan e
using the entroid-based and Knn-based ategory
zones. Values are ma ro-averaged F1 over the respe tive set of ategories on the test set (50; 216
do uments).
entroid-based zone
HD-49
HD-28
HD-26
HD-119

Knn-based zone

Flat NN

HME

Flat NN

HME

0.5033
0.3589
0.5653
0.4797

0.5241
0.4304
0.5794
0.5126

0.5042
0.3613
0.4599
0.4542

0.5150
0.4159
0.4828
0.4798

Jordan and Ja obs that soft splitting is a varian e redu tion method
[13℄. This is in general a desirable property of a lassi er sin e this
indi ates performan e that is more stable a ross ategories. Comparing the HME against the optimized Ro hio lassi er we note that
Ro hio signi antly outperforms the HME on the HD-49 and HD-28
ategories while the HME signi antly outperforms Ro hio for the
HD-26 ategories. However, there is no signi ant di eren e between
both lassi ers on the HD-119 set. As suggested by a reviewer, the good
performan e of the Ro hio lassi er may in part be due to the parti ular ombination of ategory zoning and feature sele tion methods used
for our lassi ers. To remind the reader, rst a entroid-based ategory
zone is identi ed for ea h ategory. This zone of do uments is then
used for feature sele tion. Although this approa h is a \ lter" approa h
(des ribed in se tion 4) the spe i s of the entroid-based ategory
zoning te hnique suggests that the approa h is more of a \wrapper" for
the Ro hio lassi er while it is de nitely a \ lter" for the neural net
models. Unfortunately the expense of a wrapper approa h for the neural
net models prohibits us from further exploration of this aspe t. This
is one of the limitations of the neural net models. Our Ro hio results
also emphasize the on lusion by S hapire et al. that when the Ro hio
lassi er is properly trained, it performs as well as other methods [31℄.
This result is in ontrast with the performan e of Ro hio lassi ers
observed by other resear hers [16, 19, 44℄.
A detailed analysis of the behavior of the HME with respe t to the
at neural network shows that the threshold for the hierar hi al lassi er is less than or equal to the threshold for the at lassi er in 95 of
the 103 ategories. This is an expe ted result be ause the intermediate
layers perform a pre- ltering of \bad andidate texts" hen e the experts
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Table VII. Comparison between the at NN, HME and the
optimized Ro hio lassi ers.
Flat NN

HME

Opt-Ro hio

Ma ro
Avg F1

HD-49
HD-28
HD-26
HD-119

0.5033
0.3589
0.5653
0.4797

0.5241
0.4304
0.5794
0.5126

0.5491
0.5176
0.4524
0.5161

Varian e

HD-49
HD-28
HD-26
HD-119

0.02589
0.06746
0.17879
0.08000

0.02298
0.06773
0.14583
0.06754

0.02470
0.05467
0.16775
0.06877

re eive a smaller number of examples. Sin e the optimization pro ess
sets these thresholds to maximize the F1 values in the training set,
when the \bad mat hes" have been ltered the algorithm is able to set
a lower threshold that in reases the number of true positives without
signi antly in reasing the number of false positives. The idea is to
have a hierar hy that is good at ltering false positives.
Table VIII shows the number of do uments that pass through ea h
gate in the test set. The number of do uments in the test olle tion is
50,216. The root node lters most of the do uments sin e only 9; 238
pass through it. Observe that gates 1.11, 1.11.8, and 1.11.9 allow a big
portion of the do uments to pass to the lower levels. This is be ause
they ontain two of the ategories with the highest number of training examples (\Coronary Diseases", and \Myo ardial Infar tion"). We
expe ted this to harm the performan e of the rest of the ategories in
these subnodes but in pra ti e this did not happen. For example, only
2 of the 8 ategories in the Coronary Diseases subtree (not shown in
the table) have a slightly lower performan e in the HME model than
in the at lassi er.
9.4.

Comparing Results with other Published Works

The OHSUMED olle tion has been used by very few resear hers for
text ategorization. Moreover, to the best of our knowledge only two
studies have used its entire set of 14; 000 MeSH ategories [15, 42℄. The
main reason for this is that many text ategorization methods do not
s ale to su h a large dataset. Yang [42℄, Lewis et al. [19℄, and Lam and
Ho [16℄ have published results using the subset of ategories from the
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Table VIII. Number of do uments that pass ea h gate in the test set.
Level 1

# of do .

 threshold

(root) Heart Diseases
Level 2
1.1 Arrhythmia

1.2 Endo arditis
1.4 Heart Defe ts Congenital
1.6 Heart Failure,Congestive
1.7 Heart Rupture
1.8 Heart Valve Diseases
1.9 Myo ardial Diseases
1.10 Peri arditis
1.11 Myo ardial Is hemia

9,238
Level 3
1.1.1 Heart Blo k
1.1.2 Pre-Ex itation Syndromes
1.1.3 Ta hy ardia
1.2.4 Endo arditis, Baterial
1.3.5 Heart Septal Defe ts
1.3.6 Transposition of Great Vessels

1.9.7 Cardiomyopathy, Hypertrophi
1.11.8 Coronary Diseases
1.11.9 Myo ardial Infar tion

1,464
176
45
583
293
216
1,187
277
57
1,591
377
1,592
4,281
102
447
5,769
3,343
2,570

\Heart Diseases" sub-tree (HD-119). This has be ome a standard set for
omparing results for text ategorization in the OHSUMED olle tion.
However, when reading these three works arefully we found that ea h
paper uses a di erent test set and report results on a di erent number
of ategories.
Lewis et al. use the set of 183; 229 do uments from 1987 to 1990 for
training and all the 50; 216 do uments from the year 1991 as a test set.
Our experiments follow exa tly this partition with a further redu tion
for training (using zoning te hniques) but the test set is the same. Table
IX shows that our at neural network model performs at the same level
for HD-49 and slightly worse for HD-28, as the Exponentiated Gradient
(EG) algorithm in Lewis et al. [19℄. EG is the se ond ranked and the top
ranked algorithm for HD-49 and HD-28 respe tively in [19℄. (Note that
the last three rows of the table show results from our work that are most
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omparable). The HME model on the other hand shows a performan e
slightly lower (4.7%) than the top ranked Widrow-Ho (WH) for HD-49
but signi antly higher than the best (10.2%) performan e for HD-28.
Both the at NN and HME outperform the Ro hio lassi er reported
as a baseline by Lewis et al. [19℄. Interestingly, our optimized Ro hio
lassi er performs at the same level as WH for HD-49 but signi antly
better than all other lassi ers for HD-28.
Yang [42℄ ondu ts a very di erent experiment by redu ing the
olle tion to only those do uments that are positive examples of the
ategories of the HD-119. This limits the training set to 12; 284 do uments and the test set to 3; 760 do uments. She explains that the reason
for su h redu tion is the s alability of the LLSF method whi h needs
to ompute a Singular Values De omposition, a pro edure that annot
be performed eÆ iently on a large matrix. However, this simpli ation
reates a partition of the OHSUMED olle tion that is stru turally
di erent from the one originally proposed by Lewis et al. In order to
explore di eren es we used our trained lassi ers on this redu ed test
set (with the same thresholds as before). The results obtained are 0:525,
0:521 and 0:530 for the at neural networks, the HME and optimized
Ro hio respe tively. Observe that for our hierar hi al model, Yang's
redu tion is equivalent to having a perfe t lassi er at the root node
of the tree and thus using only gates at levels 2, 3 and 4. We then
ran a se ond experiment where although we did not retrain the neural
networks or Ro hio lassi ers on the redu ed training set, threshold
sele tion was done only on the set of 12; 824 positive examples in the
training set (instead of using the whole set of 183; 229 do uments of the
training set) and the gates in levels 2, 3 and 4 were used. The results for
our at neural networks, HME and optimized Ro hio lassi ers on this
redu ed subset are 0:564, 0:557, and 0:558 respe tively, s ores whi h are
signi antly higher than those we found using the Lewis et al. partition.
These s ores are about the same as the ones reported by Yang for the
LLSF and ExpNet lassi ers, and signi antly above Yang's baseline
STR lassi er. Interestingly the HME model does not outperform the
at neural network model in this onstrained experiment. We looked
losely at ea h ategory and found that this was due to the fa t that
our originally trained gates dis ard do uments that are relevant to their
des endants whi h then impa ts the nal performan e of the lassi er.
Although performan e may be improved if we train the gates using only
the set of positive examples9 , we believe that our original ategoriza9 In fa t, in experimentation with Knn zoning whi h uses a smaller training set
that more losely resembles the positive examples, HME was better than the at
neural network lassi er.
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Table IX. Performan e omparison between
the at NN, HME and Ro hio lassi ers, and
lassi ers in Yang [42℄ (Y) and Lewis et al. [19℄
(L).
Method

Yang [42℄
HD-119

Lewis et al. [19℄
HD-49 HD-28

Y:LLSF
Y:ExpNet
Y:STR

0.55
0.54
0.38

{
{
{

{
{
{

L:Ro hio
L:EG
L:WH

{
{
{

0.44
0.50
0.55

0.33
0.39
0.39

Flat NN
HME
Opt-Ro hio

0.564
0.557
0.558

0.503
0.524
0.549

0.358
0.430
0.518

tion task is more realisti sin e we in lude both positive and negative
examples in the test set.
Lam and Ho [16℄ report results of experiments using the Generalized Instan e Set (GIS) algorithm. They use the do uments from 1991
and take the rst 33,478 do uments for training and the last 16,738
do uments for testing. In ontrast to Yang's redu tion, this is more
onsistent with the partition proposed by Lewis et al. be ause it retains
all do uments from the olle tion (not just the positive examples). Lam
and Ho report results using mi ro averaged BEP on the set of 84 ategories that have at least one example in both training and test sets. We
tested our previously trained HME model in this redu ed test set and
obtained a mi ro-averaged BEP value of 0.502 whi h is signi antly
lower than their performan e of 0.572 for their GIS algorithm with
Ro hio generalization. In future resear h we will train and test our
HME model using their data set.
Joa hims [10℄ has also published results for the OHSUMED olle tion using support ve tor ma hines. His work uses the rst 20; 000
do uments of the year 1991 dividing it into two sets of 10; 000 do uments ea h that are used for training and testing respe tively. He
reports impressive results but his text ategorization task is very di erent from the ones in the previously dis ussed works. Joa hims assumes
that if a ategory in the UMLS tree is assigned then its more general
ategory in the hierar hy is also present. Although this is similar to
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our de nition of gates, the di eren e is that he uses only the high level
disease ategories. This simpli es the ategorization task onsiderably
and probably explains the good results obtained in the reported SVM
experiments. The fo us on general disease ategories alone prevents
omparison of Joa hims' results with any of the previously published
results. We did not run our experiments limited to high level disease
ategories. However, we onsider that the use of SVM an be a good
hoi e for building an ar hite ture like the one we have proposed, and
we plan to explore this in our future resear h.
We believe that the ombination of ategory zoning and feature
sele tion gives a signi ant boost to Ro hio performan e. Optimized
versions of the Ro hio lassi er in previous work have fo used on
query zoning and dynami feedba k optimization [31℄. We are not
aware of any previous work on redu ing the set of features used in
the entroid ve tor for text ategorization purposes10. Observe that
our feature sele tion method favors features indi ative of the presen e
of the ategory and dis ards features that indi ate the absen e of the
ategory. Feature sele tion has an important impa t be ause similarity
omputation between the do ument and the entroid ve tor are made
only on the subspa e formed by the sele ted features.
10.

Comparison with Related Work in Hierar hi al
Categorization

We now fo us on methods exploring the hierar hi al stru tures of lassi ation s hemes.
Koller and Sahami [14, 30℄ proposed a hierar hi al approa h that
trains independent Bayesian lassi ers for ea h node of the hierar hy.
The lassi ation s heme then starts at the root and greedily sele ts
the best link to a se ond level lassi er. This pro ess is repeated until
a leaf is rea hed or until no hild node is a good andidate. Observe
that their method sele ts a single path (the one with highest probability) and assigns all the ategories in the path to the do ument.
A ording to their approa h, the hierar hi al stru ture is used as a
lter that a tivates only a single best lassi ation path. Also errors in
lassi ation at the higher levels are irre overable in the lower levels.
They tested their results in the Reuters olle tion de ning as higher
nodes in the hierar hy those ategories that subsume other ategories.
Although similar in spirit, our approa h di ers in the lassi ation
assignment model. We separate the identi ation of general on epts
10 During the review of this arti le two works that use feature sele tion in the
ontext of a Ro hio approa h have been published [5, 8℄
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from the assignment of general ategories. Our approa h also a tivates
more than a single path in the hierar hy in ontrast to their \the
winner takes all" approa h. There is also an obvious di eren e in the
ma hine learning algorithm sin e they use Bayesian lassi ers while
we use neural networks. However in future work we plan to explore
Bayesian lassi ers within the HME approa h.
Ng et al. [27℄ build their hierar hi al lassi er using per eptrons.
Ea h node of the hierar hi al tree is represented by a per eptron.
They distinguish two types of nodes, leaf nodes and non-leaf nodes.
They apply this to the Reuters orpus where the ategories re e t a
geographi al/topi al hierar hy. Their hierar hy has as a rst level all
the possible ountries, and for ea h ountry di erent topi s are de ned,
e.g., e onomi s and politi s. The leaf nodes are spe i
ategories of the
se ond level (e.g., for e onomi s they have ommuni ations, industry,
et .). The hierar hi al lassi er re eives a do ument and he ks whether
it belongs to any of the rst level nodes (the root node only onne ts
to the di erent ountry nodes). If the tested do ument a tivates any
of the rst level nodes, then the des endant ategories of that node are
tested re ursively. If at any of the non-leaf nodes the pro ess nds that
none of its hildren is a good andidate, then the ategorization stops
at that bran h of the re ursion. The output of the lassi er is the nal
set of leaf nodes rea hed in the re ursion (zero, one or more). This is
similar to the Pa hinko ma hine proposed by Koller and Sahami [14℄
but with multiple outputs instead of a single output. Our approa h is
similar to Ng et al. [27℄ in that we also use a top-down approa h. The
di eren e is in the type of lassi er. We use non-linear lassi ers in
ea h node while they use linear lassi ers. Although the ombination
of the linear lassi ers in the hierar hy reates a non-linear lassi er
some studies have shown that this overs a limited number of non linear
problems11 [13, 36℄. Our approa h also di ers signi antly in the way
feature sele tion and subset training sele tion is done. Although their
experiments also use orrelation oeÆ ient for feature sele tion their
results for the hierar hi al lassi er are well below other methods that
use the Reuters olle tion. They report F1 values of 0.52 for the best
automati feature sele tion method and 0.728 for the manually sele ted
features (whi h is onsiderable lower than 0.85 [44℄). Their best results
with the hierar hi al lassi er are obtained using manually sele ted
features. We believe that their good results may be a onsequen e of
manual feature sele tion. Furthermore, our approa h based on ategory
zones ombined with exploiting the hierar hy is more robust and allows
11 This is due to the fa t that the high level nodes an only reate linear boundaries
between adja ent expert regions in the input spa e.
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us to get results similar to some of the best methods reported in the
literature.
M Callum and his ollaborators have been working in text ategorization spe i ally targeting the problem of lassifying web pages
[22℄. Their approa h is based on Bayesian lassi ers. They use the
hierar hi al lassi ation stru ture to improve the a ura y of Bayesian
lassi ers using a statisti al te hnique alled shrinkage that smoothes
parameter estimates of a hild node with its an estors in order to obtain
more robust estimates. The Bayesian lassi ation s hemes involve estimating the parameters of the model from the training olle tion and
then applying the shrinkage method to improve the estimates using
the prede ned hierar hy of ategories. The lassi ation of the test
set is performed by omputing the posterior probability of ea h lass
given the words observed in the test do ument, and sele ting the lass
with the highest probability. Their experiments show that shrinkage
improves the performan e when the training data is sparse, redu ing
the lassi ation error by up to 29%. Our approa h is totally di erent
from M Callum's approa h in terms of the lassi ation method used,
as well as the assumptions in the ategorization task. Observe that
their approa h assumes that a do ument belongs to a single ategory
and their model re e ts it by sele ting the most probable lassi ation.
Mladeni [24℄ also explored hierar hi al stru tures using the Yahoo!
hierar hy to lassify web pages. Her approa h builds a Bayesian lassier. For ea h node in the subje t hierar hy a lassi er is indu ed. To
train ea h of the non-leaf lassi ers a set of positive examples is de ned
as all the positive examples of the node (the intermediate nodes are
also valid ategories) plus the positive examples of any des endants.
These examples are weighted a ording to their position in the tree.
The lassi ation pro ess works as des ribed before for the Bayesian
lassi ers with the set of ategories with predi ted probability  0.95
are assigned. Our approa h di ers from Mladeni's work in terms of
the lassi er algorithms used, as well as the way in whi h the hierar hy
is used for feature sele tion. Her main e ort is in reating a weighting
s heme for ombining probabilities obtained at di erent nodes of the
tree.
The work on topi spotting by Wiener et al. [39℄ inspired us to try
our approa h using HME. During the review pro ess of this arti le
they published a sequel to their work applied to hierar hi al lassi ers
[38℄. They use a meta-topi network using a two level hierar hy for
the Reuters olle tion and present results that are ompetitive with
those of other methods. Our work di ers from theirs in the de nition
of the gates (our gates behave like binary lters while their meta-topi
network helps more to weight the ontribution of the experts). Our
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work also extends the hierar hi al model to more than two levels an
idea that is suggested but not developed in [38℄. Finally, our evaluation
on the OHSUMED olle tion instead of the Reuters olle tion allows us
to test the bene t of exploiting a real hierar hi al lassi ation s heme.
We think that our main ontribution is a general method for ombining the hierar hi al stru ture of a lassi ation with feature sele tion
and ategory zones. The zones ontain small but optimal subsets of
do uments that yield features suitable for training neural networks.
Our approa h shows that even with a set of only 25 features per node,
we an get results that are omparable with other methods that use
larger feature sets12 .

11.

Con lusions

This paper presents a ma hine learning method for text ategorization
that takes advantage of pre-existing lassi ation hierar hi al stru tures. In response to our rst resear h question we nd that exploiting
the hierar hi al stru ture via the HME model in reases performan e
signi antly. In response to our se ond resear h question we nd that
although the HME approa h is equivalent in performan e to an optimized Ro hio approa h for the full set of ategories, the Ro hio
approa h is better for medium and high frequen y ategories while
HME is better for the remaining low frequen y ones. In omparison
with previous results with the Ro hio lassi er we nd that the approa h bene ts from ategory zoning for training set sele tion followed
by feature sele tion. These results on rm the results published by
S hapire et al. [31℄ that a arefully trained Ro hio algorithm might
perform as well as other more sophisti ated methods.
Our method should s ale to large test olle tions and vo abularies
be ause it divides the problem into smaller tasks that an be solved
in shorter time. The top-down pro essing approa h tested here was
sele ted spe i ally with s alability in mind. Category zoning is also
very valuable for large olle tions sin e it ounters the overwhelming
presen e of negative examples.
With respe t to the feature sele tion methods tested, we found no
signi ant di eren e in performan e between orrelation oeÆ ient,
odds ratio, and mutual information when they are used for lo al feature
sele tion. In parti ular our results with mutual information, whi h has
been reported before as a poor method when used for global feature se12 Most [27, 39, 38℄ have used feature sets of 200 or more features per ategory.
In [19℄ the authors have used all features present in the olle tion.
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le tion [43℄, point towards the importan e of addressing the weaknesses
of feature sele tion methods on low frequen y terms.
To lose, the results obtained by the HME model are omparable
with those reported previously in the literature, and signi antly better
than our at neural network lassi er. For future work we would like to
try di erent ways to onstru t the hierar hi al stru ture su h as using
support ve tor ma hines. We would also like to hange the training
strategy to use a variation of boosting adapted to the hierar hi al
approa h. We also hope to improve the performan e of our lassi er
by adding ri her features (i.e., n-grams, or phrases) that have been
reported to help in the text ategorization pro ess [24℄. Finally, we
plan to explore whether the use of di erent lassi ers, su h as linear
lassi ers and SVM show the same improvements obtained using neural
networks.
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