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Abstract

This paper applieserror-correcting output cod-
ing (ECOC) to the task of documert cate-
gorization. ECOC, of recert vintage in the
Al literature, is a method for decomposing a
multiw ay classi cation problem into many bi-
nary classi cation tasks, and then combining
the results of the subtasksinto a hypothesized
solution to the original problem. There has
beenmuch recen interestin the machine learn-
ing community about algorithms which inte-
grate \advice" from many subordinate predic-
tors into a single classi er, and error-correcting
output coding is one sud technique. We pro-
vide experimertal results on seeral real-world
datasets, extracted from the Internet, which
demonstrate that ECOC can o er signi cant
improvemens in accuracy over convertional
classi cation algorithms.

1 Intro duction

Error-correcting output coding is a recipe for solving

multi-w ay classi cation problems. It worksin two stages:
rst, independertly construct many subordinate clas-
si ers, ead responsible for removing some uncertainty

about the correct class of the input; second, apply a
voting scheme to decide upon the correct class, given
the output of ead weak learner. Recert experimental

work has shown that ECOC o ers improvemens over
standard k-way classi cation methods in domains rang-

ing from cloud classi cation [Aha and Bankert, 1997

to speet synthesis [Bakiri and Dietterich, 1999, and a
number of theories have been proposed for its success
[James, 1994. In this paper, we explore the application

of error-correcting output coding to documert catego-
rization.

The idea of \classifying by consensus"using a large
number of independertly-constructed classi ers has ap-
pearedin a number of other guisesrecertly in the ma-
chine learning literature. The technique of bagging, for
instance, involves generating multiple training sets by
sampling with replacemer, learning a classi er from
ead generatedset, and allowing the learnedclassi ers to

vote on the correct classfor a unlabeledobject [Breiman,
1996d. Boosting can be viewed as a special case of
bagging where the sampling is adaptive, concenrating
on misclassi ed training instances[Freund and Schapire,
1997. Voting methods have alsobeenapplied to combin-
ing multiple neural networks trained on the same data
[Perrone, 1993 and applying di erent typesof classi ers
to the sameproblem [Quinlan, 1993.

Why consensusalgorithms work so well in practice
is still an open question. As a step in that direction,
theoretical work has recertly establishedthat combin-
ing multiple runs of a classi cation algorithm can re-
duce its variance [Breiman, 1996H. Unlike most voting
algorithms, the constituent classi ers in error-correcting
output coding aren't all solving the same problem; in
fact, they are eadh solving a distinct binary classi cation
problem. [Kong and Dietterich, 1999 have showvn that
this property of the ECOC algorithm bestows on it, in
addition to the variance-reduction property of all voting
methods, the ability to correct for biasin the constituent
classi ers.

This paper applies ECOC to the problem of text cat-
egorization: given a database of documerts, eath an-
notated with a label or set of labels, learn a mapping

:x ! fyg from documerts to labels. Text categoriza-
tion by computer|suc h asthe automatic assignmen of
index terms to medical researd papers[Yangand Chute,
1994|has been a certral concernin the eld of bib-
liometrics for many years, but the recert o od of on-
line text hasincreasedthe interest in and applications
for text categorization. Internet-related classi cation re-
seard has addressedthe problem of learning to collect
interesting postingsto electronic discussiongroupsbased
on auser'spredilections[Lang, 1999, automatically clas-
sifying web pagesby content [Craven et al., 1994, and
suggestingweb pagesto a user basedon his or her ex-
pressedpreferencedPazzaniet al., 1994.

We focus here on a restricted version of the general
classi cation problem|namely , we imagine documerts
have exactly one correct labeling, meaning that the
mapping is a function. The databaseswe employ for ex-
perimental purposesin Section 4 have this and an addi-
tional conveniert characteristic: ead label is well repre-
serted in the data. Under these conditions, the method



of Naive Bayesclassi cation is highly competitiv e. How-
ever, Section 4 demonstratesthat in this setting, error-
correcting output coding consisterly outperforms Naive
Bayes. Further experiments reported there suggestthat
ECOC will be of utility in the sparse-datadomain as
well.

This paper will proceedas follows. The next section
intro ducesthe technique of error-correcting output cod-
ing and its application to text classi cation. An ECOC
classi er relies on a binary \coding matrix," and Sec-
tion 3 discussesomeconsiderationsin selectingthis ma-
trix. Section 4 describesa seriesof experiments to vali-
date the claim that ECOC o ers improvemerts on stan-
dard classi cation techniques. Section 5 relates ECOC
to Naive Bayes and k-nearest neighbor, another high-
performanceclassi cation algorithm, and Section6 con-
cludes by outlining some directions for future work in
ECOC-basedtext categorization.

2 Error-correcting  output coding

We describe the technique of error-correcting output
coding with a simple example: the task of classifying
newswire articles into the m = 4 categoriesf politics
sports , business, arts g. To begin, one assignsa
unique n-bit vector to ead label (where n > log, m):

lab el coding

politics 0110110001
sports 0001111100
business 1010101101
arts 1000011010

One can view the ith bitvector as a unique coding for
label i. For this reason (and others, which will soon
becomeapparert), we'll refer to the set of bitv ectors as
a code and denoteit by C. The ith row of Cwe will write
as G, and the value of the jth bit in this row asG; .

The secondstep in constructing an ECOC classi er is
to build anindividual binary classi er for eat column of
the code|10 classiersin all, in this case. The positive
instances for classi er j are documerts with a label i
for which G; = 1. The third classi er, for instance, has
the responsibility of distinguishing between documerts
whoselabel is sports or arts and those whoselabel is
politics  or business . Heedingto convertion, we refer
generically to any algorithm for predicting the value of
a single bit asa \plug-in classier" (PiC). A PiC, then,
is a predictor of whether a documert belongsto some
xed subsetof the classes.

To summarize,training an ECOC classi er consistsof
learningaset =f 1 2::: "gof independert binary
classi ers. With  in hand, one can hypothesizethe cor-
rect classof an unlabeled documernt x as follows. Eval-
uate eadh independert classi er on x, generatinga n-bit
vector ( x) = f 1(x); 2(x);::: "(x)g. Most likely, the
generatedbitv ector ( x) will not be a row of C, but it
will certainly be closer(in Hamming distance , say) to
somerows than to others. Categorizing the documert
x involves selecting argmin; ( G; ( x)), the label i for

Figure 1: Decision boundariesfor the rst three plug-in
classi ers corresponding to the code given above. Clock-
wise from upper left: all decisionboundaries, bit 1, bit
2, bit 3.

Algorithm 1
Training an ECOC document classier

Input: Documentsfxi;X2;:::XpQ;
Labelings fyi;y2;:::ypg (with m distinct
labels);
Desired code size n log, m

Output:  m by n coding matrix C;

f 1 %2 g
1. Generate a m by n 0=1 coding matrix C
2. Dofor j2[1;2:::n]

{ Construct two superclasses, S; and S;. S
consists of all labels i for which G = 1,
and S; is the complement set.

{ Construct a bhinary classifier I to
distinguish ~ S; from S;.

n classifiers

which G is closestto ( x). (If more than onerow of C
are equidistarnt to ( x), selectone arbitrarily .) For in-
stance, if the generatedbitvector ( x) = £1010111104,
the documert would receiwe the label business .

To the extent that rows of C are well-spacedin Ham-
ming distance, the classi er will berobust to a few errant
PiCs. This is the idea behind error-correcting codes as
well: to transmit a point in the m-dimensional cube reli-
ably over a noisy channel, map it to one of a set of well-
separated\ xed points" in a higher-dimensional cube;
to recover the original point, nd the closest xed point
to the point actually received and take its preimagein
the original cube.

In general, i (x) may not be a 0=1 value, but a real-
valued probability, measuring the classi er's con dence
that documert x belongsin the j'th superclass. In this
case,one can seart for the nearestneighbor according
to somel , distance, rather than Hamming distance. In



Algorithm 2
Applying an ECOC document classier

Input:  Trained ECOClassifier: m by n coding

matrix C and n classifiers f 1; 2::: "g;
Unlabeled document x

Hypothesized label y for x
1. Dofor j2[1;2:::n]
{ Compute !(x)---the confidence with which
PiC | believes x 2 Si,
2. Caleulate (( x);G) = ', i ') G
i2[12:::m].
3. Output argmin; (( x);G)

Output:

j for

the experiments reported in Section 4, the plug-in clas-
si ers output a probability, and we compute the nearest
neighbor accordingto L; distance.

2.1 The Naiv e Bayes classi er

The PiC werelied most heavily onin constructing ECOC
classiers is the Naive Bayes classier [Lewis, 199§.
Naive Bayes assumesthat a documert is generated by
selectinga label y accordingto a prior distribution p(y),
and then independertly selectingwords w for the docu-
ment accordingto a distribution p(w jy). The probabil-
ity of generatinga documert W = fwy;wy:::wygof N
words from label y is thus

W
p(W jy) =

i=1

p(Wi j y) 1)

Usedfor prediction, the Naive Bayesclassi er selectsfor
an unlabeled documert W the most likely label, given

by
argmax p(y j W) =
y

arggnaxp(y)p(w iy)

arg;nax p(y) _ p(wi jy) (2)

i=1

wherethe rst equality follows from Bayes' Law.

2.2 Why should ECOC classication work?

Some standard classi cation algorithms such as back-
propagation [Rumelhart et al., 198€¢ are best suited to
distinguishing betweentwo outcomes. A natural way to
combine such algorithms to predict from amongk > 2
outcomesis to construct k independert predictors, as-
signing predictor i the task of deciding whether the ith
outcome obtains. To build the classi er, construct m
individual classi ers, where the positive examples for
classier ' are those documerts with label i. To ap-
ply the classier to an unlabeled documert x, select
i” = argmax, '(x)|[the label whoseclassi er produces
the highest score. This is what somecall the one versus
rest strategy. This method is a special caseof ECOC
classi cation where Cis the m by m identity matrix.

To seewhy one might expect ECOC classi cation to
outperform a one-vs.-restapproac, considerthe prob-
lem of learning to classifying fruit. Imagine that within
the labeled set of examplesusedto train the individual
one-vs.-restclassi ers, the only yellow fruit are bananas.
So Panana il |earn a strong assaiation betweena yel-
low color and bananas. Now provide a yellow grape-
fruit to the trained one-vs.-restclassi er. The value of

grap efruit () will likely be closeto one|after all, the ob-
ject in questionis round and grapefruit-sized, despite not
being red like all the grapefruits encourtered in training.
But the value of P2 (x) will be very closeto one,
and the systemwill misclassify the object as a banana.
ECOC classi cation is less\brittle" than the one-vs.-rest
approach: the distributed output represenation means
one errant subordinate classi er won't necessarilyresult
in a misclassi cation. This is a circuitous way of saying
that ECOC reducesvariance of the individual classi ers.

Many classi cation algorithms, including decision
trees, exponertial models, and neural networks have the
capability to directly perform multiway (k > 2) classi -
cation. A reasonableclassi cation strategy with these
algorithms is to construct a single, monolithic classi-
er. But the monolithic classi er facesa dicult task.
Imagining the classesas clouds in a large-dimensional
feature space,a single classi er must learn all the deci-
sion boundaries simultaneously, whereasead PiC of an
ECOC classi er learnsonly a relatively small number of
decision boundaries at once. Moreover, (assumingn is
su cien tly large) an ECOC classi er learns eac bound-
ary many times, and is forgiving if a few PiCs place the
input x on the wrong side of somedecision boundaries
[Kong and Dietterich, 1995.

3 Choosing a good code

Early work on error-correcting output coding looked to
algebraic coding theory, and in particular to the family
of linear codes, for a coding matrix C. An n-bit lin-
ear error-correcting code, a subspaceof the vertices on
a n-dimensional cube, can be de ned as the span of an
n-column binary matrix G, called a geneator matrix.
Error-correcting codes are often measuredon the mini-
mum distance betweenany two linear combinations of G.
BCH codes [MacWilliams and Sloane, 1977, a popular
classof linear algebraic error-correcting codes, have the
useful property that their codewords (all dierent linear
combinations of rows of G) are well separated. Using
such a matrix for ECOC classi cation is for this reason
an attractiv e possibility, and someECOC classi cation
work has usedBCH codesas a coding matrix.

However, subsequeh ECOC work hasestablishedthat
ECOC classi cation should perform well when the cod-
ing matrix C is constructed randomly|sp eci cally, by
choosingead entry G; uniformly at random from f 0; 1g.
This section provide somestatistical and combinatorical
argumerts for why this should be the case. Section 3.1
summarizes some results from [James, 199§ and Sec-
tion 3.2is new.



3.1 A statistical perspective

De nition: Given a datalase D of (document, la-
bel) pairs (x; yx) with empirical distribution p(y;x), the
Bayes classier is (x) argmax p(yx = i X).

The Bayesclassi er assignsto a documert x the label
which appears most often in the databaseD with x. In
terms of classi cation accuracyon D, the Bayesclassi er
is the best possible strategy. In the presen setting, it
is reasonableto assumedocumerts don't occur multiple
times with dierent labelsin the collection, and so the
Bayesclassi er simply selectsthe label of the documert
in D. During the training phase,all documert labelsare
available and so we have accessto the Bayes classi er.
But in applying the classi er we do not. Yet the Bayes
classi er will still turn out to be a useful concept, as
the following de nition and theorem from [James, 1994
suggest.

De nition: A classi cation algorithm  built from
sutordinate classiers f 1; 2;:::gis Bayes consisten t
if, wheneverthe ' are Bayesclassiers, sotoo is

Loosely speaking, a Bayes consistert classi er con-
structed from accurate PiCs will be accurate. This is
a property onewould like to achieve in an ECOC classi-
er. The next theorem statesthe conditions under which
this is achievable.

Theorem 1 Assuming Cwasconstructed randomly, the
ECOC classi er becomesconsistentasn! 1 .

This theorem is not saying that with enough bits, an
ECOC classi er will do arbitrarily well. Consistency of
an ECOC classi er doesn't guarantee correctness|since
the PiCs aren't themseles producing Bayes estimates.
Still, this theorem suggestswhy a random construction
of C performs well.

3.2 A combinatorial perspective

The example code preserted earlier has the unfortunate
property that the third and tenth columns are equal.
Therefore, the corresponding classi ers will learn pre-
cisely the sametask. This is a permissible situation,
though hardly desirable. Not permissible is when two
rows of C are equal, for then the code cannot distin-
guish betweenthe corresponding labels. Fortunately, for
arandomly-generatedbinary code with su cien tly many
columns, the probability of such an evert is miniscule:
for a code with m labels and n bits, the probability is

ny 1 i

which is onefor n = log, m but approacheszero quickly
thereafter asn increases.

More generally, if two rows in C are close in Ham-
ming distance, an ECOC classi er built from Cis apt to
confusethe corresponding labels. We'll write ( G; Go)
as the Hamming distance between rows i and i° of C,

and min (O asthe minimum distance betweenany two
codewords. If the PiCs produce binary outputs, then
the ECOC classier can always recover from at least
b min (O=2c incorrect PiC outputs. The following theo-
rem is a statement about how much row separation one
can possibly hope for in a coding matrix.

Theorem 2 For any m by n binary matrix C, there ex-

ist two rowswhich dier in at most 5 -™ bits.

Pro of Let H be the minimum distance between any
two rows of one such matrix C. Select two rows
i;] 2 [1;2:::m] with replacemen. Selecta column
k 2 [1;2:::n]. The probability that G« 6 Gy is
m 1 H
Pi m n
Now selecta column k 2 [1;2:::n], and then selecttwo
rowsi; j 2 [1;2:::m] with replacemen. The probability
that Gx 6 G is no greater than 1=2. Combining these
inequalities to solve for H givesthe result. 2
This shaws that, asm becomesdlarge, a relative spac-
ing of one half is optimal. If we consider only square
matrices, there exists an explicit construction which
achievesthis bound; namely, the Hadamard matrix. For
general0=1 matrices we are not aware of an explicit con-
struction meeting this bound, but the following result
suggeststhat a random construction is likely to have
good separation.

Theorem 3 De ne a well row-separatedm by n binary

matrix asonein which all rowshavea minimum relative
Hamming seration at least

r

1 logm

1 , logm

2 n

The probability that a randomly-mnstructed binary ma-
trix is not well row-se@rated is at most 1=m*.

Pro of Given is a randomly-constructed C. Fix two
dierent rowsr; and r,. Fori 2 [1;2:::n], de ne the
random variable x; as

. +1 i rafi] = rafi]
e 1 otherwise

Let S= P Xj. For arandomly-constructed C, E[S] = 0,
which correspondsto an n=2 Hamming distance between
the rows. We are interestedin the probability that S

0. Using Cherno bounds,

1

p__
Pr(S> 4 nlogm) < e 8°9m = 5

Thereare 7 rowsin C, and sothe probability that no
pair of rows is too closeis
m 1 1
Pr —= =
2 m8 m4



Although attention in the ECOC literature has gen-
erally concerrrated on nding a C with good row sep-
aration, a perhaps equally important desideratum is a
large separation between columns. Columns that are
closegive rise to classi ers which are performing nearly
the sametask|in the extreme case,two equal columns
corresponding to two identical classi ers. With only a
slight change, Theorem 3 shaws that random matrices
are likely to have good column separation as well, pro-
viding another justi cation for constructing a code ran-
domly.

In practice, a large column separationin Cis not quite
sucien t to ensuregood performance, becauseof a de-
generacyinherert in binary classi cation. Many classi -
cation algorithms treat 0 and 1 symmetrically, and so if
two columns of C are complemeriary (or nearly so), the
corresponding PICs will learn identical (or nearly iden-
tical) classication tasks. What we really want, then,
is a matrix whoserows are pairwise well-separated, but
not too well-separated. The following corollary to Theo-
rem 3 shows that a randomly-selectedmatrix is, asymp-
totically, very likely to have this property.

Corollary: De ne a strongly well-separatedm by n
binary matrix asa matrix any two rows of which havea
relative Hamming segration in the range
" " o
logm
; 4
2 n 2 n

r—
1 Iogm_}+

The prokability that a randomly-cnstructed binary ma-
trix is not strongly well row-segrated is at most 2=m*.

4 Exp erimen tal results

We applied error-correcting output coding classi cation
to four real-world text collections, all extracted from the
Internet®. All corpora were subject to the sameprepro-
cessing: remove punctuation, corvert dates and mone-
tary amounts and numbers to canonical forms, map all
words to uppercase,and remaove words occurring twice
or less. Table 1 summarizessomesaliert characteristics
of these datasets.

20 Newsgroups : This is a collection of about
20;000 documerts, culled from postings to 20
Usenet discussiongroups [Lang, 1995. The docu-
mernts are approximately evenly distributed among
the 20 labels.

Four univ ersities : This (misnamed) dataset con-
tains web pagesgathered from a large number of
university computer science departments [Craven
et al., 1999. The pages were manually clas-
sied into the categories fcourse, department,

faculty, staff, student, project, other g.

Yahoo science: Following [Baker and McCallum,
1999, we automatically extracted the entire Yaho

1The 20 newsgroups and four universities datasets are
publicly available at www.cs.cmu.edu/~textlearning

collection documents labels words
20 newsgroups 19997 20 60915
4 universities 8263 7 29004
Yaha science 10158 41 69939
Yaha health 5625 36 48110

Table 1: Particulars on the four training datasets used.
Each dataset was partitioned v e separatetimes into a
3=4 1=4training/test split, and the numbers are statis-
tics from the last of thesetrials. The last column reports
the number of distinct words in the collection, excluding
those appearing onceor twice.

sciencehierarchy in early 1999, and formed a la-
beled collection corntaining 41 classesby collapsing
the hierarchy to the rst level.

Yahoo health : This corpus was collected in
the same way as the science collection, but has
rather di erent characteristics. In particular, many
of its 36 classesare highly confusable, presert-
ing a dicult task for classication algorithms.
For instance, three of the labels in this collec-
tion are Health Administration , Hospitals And
Medical Centers, and Health Care.

Figure 2 plots ECOC classi cation accuracy against
code sizen for thesefour corpora. The codesCwerecon-
structed by selecting entries uniformly at random from
f0; 1g, exceptin the caseof the 4 universitiesdataset, for
which the columns of C were a random permutation of
the 126 unique, non-trivial 7-bit vectors. The plots also
display the results of standard Naive Bayesclassi cation.

From an implementation standpoint, a larger value of
n incurs a penalty in speed. (This may be an issuein
high-throughput systemssud asatext ltering systems
designedto route relevant news articles to many users,
ead with their own preferences.However, Figure 2 sug-
geststhat, to a point, larger valuesof n o er more ac-
curate classi cation. And beyond that point, accuracy
doesn't tail o, asis the casein many other learning al-
gorithms for classi cation, which are prone to over tting
when the number of parametersbecomeslarge.

The four universities dataset was the only collection
on which ECOC classi cation didn't signi cantly out-
perform Naive Bayes one-vs.-rest classi cation. The
ECOC classi er's performance on this collection is al-
most poignant: error rate steadily decreaseauntil n =
126, at which point there simply are no more unused,
non-trivial 7-bit columnsto add to C.

In the collectionswe are considering,ead label is well-
represerted in the data and models p(w j y) can be well
estimated. In this setting the standard Naive Bayes
method is highly competitive [Lewis, 1999. For this
reason,we usea Naive Bayesclassi er asthe PiC in the
ECOC classi ers corresponding to Figure 2. However,
on datasetswith poorly-represerted labels, Naive Bayes
can starve for a lack of data. With an eye towards such
collections, we explored using a feature-basedclassi ca-
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Figure 2: Performanceof ECOC classi cation asa function of code size. Naive Bayesclassi ers served as the PiCs.
Each point re ects an averageover v e randomizedtraining/test splits, and the bars measurethe standard deviation
over thesetrials. The horizontal line is the behavior of standard one-vs.-restNaive Bayes. All points are averaged
over v e trials with a randomized C and randomized 3=4 1=4 training/test split of the data.

tion approach asthe ECOC PiC. Speci cally, we trained
binary decisiontreesto predict the individual bits in an
ECOC code; the questionsat the nodesof eac tree were
of the form Did word w appear in the document? We do
not expect such a classi er to match the best reported
performance on this dataset, since this algorithm only
considerswhethera word occursin a documert and not
how often. However, Figure 3 does suggestthat for suf-
ciently high n, combining decisiontreesinto an ECOC
classi er improves performanceover a one-vs.-restdeci-
sion tree approad, which augurswell for the application
of ECOC to larger, sparsedatasets.

Truly meaningful values of n lie in the range
[log, m; 2™]. A code of sizen < log, m cannot even
assign a distinct bitvector to ead label; at the other
extreme, a code of sizen > 2™ must contain duplicate
columns, which corresponds to two PiCs learning the
sametask. (A tighter upper bound is actually (2™ 1)=2:
the 1 comesabout sincethe all-zero vector corresponds
to atrivial classi er, and the denominator arisesfrom the
0=1 degeneracymertioned above).

20 Newsgroups (Tree)
100 . . .

80 r

60 r

% error

40 -

20 -
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1 5

Figure 3: Performanceof ECOC classi cation asa func-
tion of code size,for a decisiontree PiC with a Bernoulli
event model which takesno account of multiple appear-
ancesof a word in a documert. Each point re ects a
single trial using a randomized 3=4  1=4 training/test

partition of the 20 newsgroupscollection. The horizontal
line is the one-vs.-restdecisiontree performance.



5 Discussion

The results of the previous section suggestthat up to a
point, classier performanceimproveswith n. A simple
calculation shaws why this should be so.

Assumefor the momert that the PiCs only output bi-
nary values, and the errors committed by any two PiCs
are independert of one another. Denote by p; the prob-
ability of error by the ith PiC, and let p max; p;. If
the minimum distance of Cis min, then classi cation
is robust to any b min =2c or fewer errors, and so the
probability of a correct classi cation, asa function of n,
is

b 0 =2c n
p(n) P o 3)
k=0

The quartity on the right|the  rst b i, =2c terms of
the binomial expansionof p+ (1 p)lis monotoni-
cally increasingin  min, which itself increaseswith n
for a randomly-constructed code. Section 4 shows that
in practice, p(n) eventually plateaus, which meansthat
the assumptionthat the errors are uncorrelated is false.
This is hardly surprising: after all, the individual classi-
ers were trained on the samedata. One would expect
a correlation between, for instance, the secondand third

columns of the code preseried in Section 2.

5.1 Relation to Naiv e Bayes

We have already seenthat the one-vs.-reststrategy is a
special caseof ECOC classi cation. It is not dicult to
seethat the standard Naive Bayes approad is an im-
plemertation of ECOC classi cation. Notice that Naive
Bayesis clearly a one-vs.-resttechnique: predicting from
amongm classegequiresconstructing m classi ers (each
consisting of a prior p(y) and a class-sgeci ¢ distribution

p(w j y)), and selectinga label y? via (2). But this just
amourts to using asacode Cthe m by m identit y matrix,

and then applying Algorithm 2 using an L, norm.

5.2 Relation to k-nearest neighbor

A popular approac to text classication, particularly
competitive for very large and sparse datasets, is k-
nearestneighbor (KNN). KNN reliesonamap :x! ¥
from documerts x to N -dimensional vectors¥. The en-
tries of the latter may be word counts or, more gen-
erally, a list of feature values. A kNN classi er stores
the imagesof all training set documerts in a database
V = fwi;¥%,;:::0. To classify an unlabeled documert X,
kKNN nds the k vectorsin V closestto (x), and takes
a weighted vote of their labels.

kNN and ECOC have some super cial similarities.
Both usefor classi cation a data structure consistingof a
set of vectors, and both seard this data structure using
a nearest-neigloor algorithm, linear in the size of the
data structure. One distinction|of particular impor-
tance when the sizeof the training setbecomedarge|is
that while ECOC's data structure consists of a single
vector for ead label, KNN must store a vector for each
documert in the training set.

6 Conclusion

We have described an application of error-correcting out-
put coding to the problem of automatic text categoriza-
tion. The recent explosionin availability of online text
lends an extra importance, if not urgency, to this prob-
lem, and also suggestsa source of experimental data.
In fact, the experiments reported in Section 4 were all
conducted on data gathered from the Internet. Those
experiments o er compelling empirical evidencefor the
e ectivenessof ECOC in text categorization.

This paper reports just someinitial proof of concept
experiments. There is yet much unexplored terrain,
and it is our belief that coding theory has more to say
about classi cation. For instance, a useful classof error-
correcting codesfor digital transmissionis erasure codes
which arerobust to somefraction of lost bits. If the PiCs
produce probabilities, then one could view a classi er
which is su cien tly indecisive ( (x)  1=2) as a \lost
bit"; an ECOC classi er containing could ignore in
attempting to recover the label of the documert.

Although we preserted evidence suggestingthe ben-
ets of random codes, there are settings in which one
would expect a structured code to be preferable. For
instance, performing a nearest-neiglbor seard in high
dimensional spacecan be expensiwe, prohibitiv ely so for
high-throughput systems. However, one might still be
able to reap the bene ts of high-n error-correcting out-
put coding without actually conducting the full seard.
Using a deterministic code with some structure, like a
BCH code, may allow the userto replace the ( nm)
exhaustive searh with a ( n) searh at a slight cost
in accuracy For just this reason,real-world digital en-
coding/decoding systems|suc h as modems, CD play-
ers, satellites, and digital cell phonesi|rely on structured
codes.

Furthermore, the theoretical argumerts which argue
in favor of random codesare predicated on the assump-
tion, untenable in most real-world data, that the er-
rors made by the individual predictors are uncorrelated.
In fact, textual data often cortain strong correlations,
which a classi er ignoresat its own peril. For instance,
the astronomy and space classesin the Yaho science
category have a strong overlap in word usage|evidenced
by the confusion matrices of classi ers we have con-
structed on this data. A promising direction for im-
provemert is to combine the ECOC approach with some
form of word or documert clustering, by designinga code
which capturesthe inherent \clumpiness" of the data. In
particular, a well-engineeredcode could re ect a hierar-
chical decomposition of the problem: rst determine if
the documert belongsto either astronomy or space, and
only then decidewhich of theseclasseds most appropri-
ate.
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