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ABSTRACT

Most existing studies of text classi cation assume thattta@ing
data arecompletelylabeled. In reality, however, many informa-
tion retrieval problems can be more accurately describddaas-
ing a binary classi er from a set ahcompletelyabeled examples,
where we typically have a small nhumber of labeledkitive ex-
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1. INTRODUCTION

Binary classi cation of text is a fundamental problem inanf
mation retrieval, and occurs in several different formsr &mam-
ple, in text categorization, a collection of binary clagss (one
for each category) are often used to classify a documentonéo
or more categories. In information Itering, identifyingduments

amples and a very large number of unlabeled examples. In thisthat are interesting to a user is essentially an online ickassi -

paper, we study such a problem of performing Text Classiarat
WithOut labeled Negative datad C-WON. In this paper, we ex-
plore an ef cient extension of the standard Support Vectachne
(SVM) approach, called SVYMC (Support Vector Mapping Conver
gence) [17], for the TC-WON tasks. Our analyses show thanwhe
the positive training data is not too under-sampled, SVMfisi
icantly outperforms other methods because SVMC basically e
ploits the natural “gap” between positive and negative duenis

in the feature space, which eventually corresponds to inipgdhe
generalization performance. In the text domain there &sdylito
exist many gaps in the feature space because a documenal/usu
mapped to a sparse and high dimensional feature space. EQwev
as the number of positive training data decreases, the laoyiod
SVMC starts over tting at some point and end up generatiny ve
poor results. This is because when the positive training watioo
few, the boundary over-iterates and trespasses the ngtaalbe-
tween positive and negative class in the feature space ancbtids
up tting tightly around the few positive training data.

Categories and Subject Descriptors

1.7.m [Computing Methdologieg: Document and Text Process-
ing—Miscellaneous
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cation problem. Even in ad hoc retrieval, the goal is alsddssify
documents as either “relevant” or “non-relevant”, thougtaak-

ing of documents is often presented to the user; the corumeofi

ad hoc retrieval with binary classi cation is ampli ed inlevance-
feedback, where the task can be formulated as learning aybina
classi er based on an extremely small number of positivenexa
ples.

In most scenarios mentioned above, the binary classi cgiiob-
lem involves learning annbalancedclassi er, where the number
of documents in each of the two categories is extremely unbal
anced, with the interesting or “positive” category havirengrally
very few documents, while the other or “negative” categayihg
far many more documents. Moreover, we often do not have com-
plete judgments of positive documents in our set of trairdog-
uments, i.e., many unlabeled documents may actually beiymsi
In general, this may be because of the labor required to kabel
examples, but in some cases, the task setup makes it imfgosib
obtain complete judgments of positive documents. One suels@
is adaptive information lItering, where the system can ohbpe
to obtain judgments on any documents that the system hadedkci
to send to a user; it is impossible to obtain judgments on &tiyeo
“discarded” documents, in which the user will not have argrate
to see. This suggests the following interesting formutatié the
binary classi cation problem, which, we believe, repressemmore
realistic setup of the problem in many cases:

The positive class (e.g., the category of relevant docushent
is a coherent subset of all data, and the negative class-is “ev
erything else”.

In any random sample of documents, the number of posi-
tive documents and that of negative ones are seriously tunbal
anced, with the former signi cantly smaller than the latter

The training data is composed of a (small) set of labeled
positivedocuments and a (very large) set of unlabeled docu-
ments.

Although text classi cation has been extensively studiemst
existing studies, with only a few exceptions [10, 9], assuhat
the training examples are completely labeled. It appeatslittie



work has been done to address the binary classi cation protas of the boundary). OSVM has the same advantages as SVM such as
formulated above, which is arguably more realistic. ef cient handling of sparse feature spaces and nonlinessstica-

Our problem is essentially Text Classi cation WithOut |édx tion using advanced kernel functions. However, OSVM rezpia
Negative data{C-WON. It can also be considered as the problem much larger amount of positive training data to induce ante
of text classi cation with noisy negativesince the unlabeled docu-  class boundary because its support vectors (SVs) of thedaoun
ments can be thought of as a good approximation of negatiee do come only from the positive data set and the small number &f po

uments with some noise. From the viewpoint of machine learni itive SVs can hardly cover the major directions of the boupda
the challenge is to learn from a set of unlabeled documertts wi  especially in high dimensional spaces. As a result, OSVMgen
only some positive documents explicitly labeled. Indeée, lack to overt and undert easily. Tax [13] proposed a sophistiz
of reliably judged negative documents may signi cantly cete method which uses arti cally generated unlabeled data torope
the classi cation performance. This is true especiallytfarse dis- the OSVM's parameters in order to “balance” between ovargt
criminative models such as the Support Vector Machines (SYM  and under tting. However, even with the best parameterirggtt
which are by far among the most effective text classi catimeth- its performance is still signi cantly worse than the origi'SVM
ods, since the inevitable noise (i.e,. unlabeled posita@icthents) with negative data due to the short of SVs to describe thedenyn
in the negative example set is often close to the decisiondemy, “completely”. Moreover, the proposed optimization metfirofL3]
and it would push the decision boundary away from the optimal is infeasibly inef cient in high dimensional spaces.

and toward positive documents undesirably. Positive Example-Based Learning (PEBL) framework has been

In this paper, we explore an ef cient extension of the stadda  proposed for Web page classi cation without labeled negagix-
Support Vector Machine (SVM) approach, called SVMC (Suppor amplesin[18]. PEBL runs SVM iteratively to induce a SVM-eds
Vector Mapping Convergence) [17], for the TC-WON tasks. Our boundary around positive data set. However, this methdohised

analyses show that when the positive training data is notiholer- to binary features due to the usage of monotone disjunctiam}
sampled, SVMC signi cantly outperforms other methods hesea ing at the initial stage, which is appropriate for Web pagessi -
SVMC basically exploits the natural “gap” between positard cations, where features about structural information (Brdks, url,
negative documents in the feature space, which eventuaihg tags, headings) are also often very useful. Another prolideimat
sponds to improving the generalization performance. Intéxé the training time of PEBL highly depends on the number of doc-
domain there are likely to exist many gaps in the featureespae uments, and can be signi cantly more complex than the stahda
cause a document is usually mapped to a sparse and high dimenSVM, whose training time is already at least quadratic tosize
sional feature space. However, as the number of positiveiriga of training data. This problem becomes more critical whensilze
data decreases, the boundary of SVMC starts over tting ateso  of unlabeled data set is very large.

point and end up generating very poor results. This is becatisn Support Vector Mapping Convergence (SVMC), which extends
the positive training data is too few, the boundary overaties and the PEBL approach to handle continuous features (e.g.,DF-I
trespasses the natural gaps between positive and neglzseeic value) and improves the ef ciency of PEBL, has shown superio
the feature space and thus ends up tting tightly around #ve f  performance over other methods on letter recognition, sbrean-
positive training data. Section 3 analyze this further andti®n cer classi cation, and Web page data sets [17]. However,esur
4.4.3 shows an example of the "over-iteration” problem. tensive analyses disclose that such method has an “ovatidte”

In the rest of the paper, we rst brie y review existing worko problem and thus needs further improvement for documeatirg
applying SVMs to text classi cation in Section 2. We then ana  or classi cation purpose.
lyze the Mapping Convergence (MC) and the SVMC algorithm in
Section 3. The experiments and results are discussed iiofdct 3. MAPPING CONVERGENCE (MC)

Finally, we summarize our work and discuss future work in-Sec

tion 5. In this section, we analyze the Mapping-Convergence (M€E) al
gorithm, which is the basis of the SVMC algorithm, to diselos
2 SVMS FOR TEXT CLASSIF'CAT'ON the preViOUS'y hidden properties of the MC and SVMC algmnl$h

; ) ] o For convenience of presentation, we use the following fmtat
Machine learning has been applied to text classi catioreext throughout this paper.

sively and has enjoyed a great deal of success [6, 3, 16, 15, 1,

12]. Among the many learning algorithms, Support Vector Ma- is the feature space for the universal set such that
chine (SVM)[14] appears to be most promising. Indeed, since where is the number of dimensions.
Joachims's pioneering work on applying SVMs to text clasak
tion [3], a number of studies have shown that SVMs outperform (unlabeled data set) is a uniform sample of the universal
many other text classi cation methods (e.g., [16, 3, 4]).[3h a set.
theoretical learning model of text classi cation for SVMsdevel-
oped, which provides some explanation for why and when SVMs is a data instance such that
perform well for text classi cation. In particular, it sugsgts that
text classi cation tasks are generally linearly separatité a large is a subspace for positive class within from which pos-
margin, which, along with a low training error, can lead tow | itive data set is sampled.
expected prediction error.

Scholkopf et al. (1999) suggested a method of adapting #me st For an example of Web page classi cation, the universal set i
dard SVM to the so-called one-class classi cation problerere the entire Web, is a sample of the Web, is a collection of Web
only positive examples are available for learning. With s pages of interest, and is an instance of Web page.

mathematical foundation of SVM, the One-class SVM (OSVM) .

computes a boundary of positive data without negative aathe 3.1 Negative Strength

feature space [13, 8]. OSVM has two parameters (to control Here we introduce the notion of “negative strength”, whish i
the noise in the training data) and(to control the “smoothness”  key to the MC algorithm.



Input:
Output:

- positive data set, unlabeled data set
- a boundary function

. an algorithm identifying “strong negatives” from

e.g., Rocchio or OSVM

: a supervised learning algorithm that maximizes the margin
e.g.,, SVM

Algorithm:

1. Use toconstructaclassier from and which classies
only “strong negatives” as negative and the others as pesiti

2. Classify by

* := examples from classi ed as negative by
*  :=examples from classi ed as positive by
3. Set and
4. Do loop
4.1.
4.2. Use to construct from and
4.3. Classify by
* := examples from classi ed as negative by
* := examples from classi ed as positive by
4.4.
4.5. Repeat until
5. return

Figure 1: MC algorithm

Let be the boundary function of the positive class in
which outputs the distance from the boundary to the instanice
such that

DEFINITION 1 (STRENGTH OF NEGATIVE INSTANCEY17]).
For two negative instances and  such that and
,if , then isstrongerthan

ExamMPLE 1. Consider a resume page classi cation function
from the Web (). Suppose there are two negative data ob-
jects and (non-resume pages) in such that and
is “how to write a resume” page, and is “how to
write an article” page. In , is considered more distant from the
boundary of the resume class becaud®as more features relevant
to the resume class (e.g., the word “resume” in text) thoughnot
a true resume page.

3.2 MC Analysis

The MC algorithm is composed of two stages: ti@pping stage
and theconvergence stageln the mapping stage, the algorithm
uses a weak classier (e.g., Rocchio or OSVM), which draws
an initial approximation of “strong negatives” — the negatdata
located far from the boundary of the positive class if{steps 1
and 2 in Figure 1). Based on the initial approximation, theveo-
gence stage runs in iteration using a second base classi ée.qg.,
SVM), which maximizes margin to make a progressively betfer
proximation of negative data (steps 3 through 5 in Figurerhus

the class boundary eventually converges to the boundamdithe
positive data set in the feature space.

The MC algorithm is described in Figure 1. To illustrate th€M
process, consider an example of data distribution in onesim
sional feature space in Figure 2, in whichis composed of eight
data clusters, and the fth one from left is positive and thstrare
negative. If is completely labeled, a margin-maximization al-
gorithm such as SVM trained from would generate the optimal
boundary ,where maximizes the near and farther points
ofthe gap ( and ) between positive and negative clusters. Un-
fortunately, under the common scenarios of SCC, the onlgléab
data is assumed to be the dark center within the positivéariiend
the rest are unlabeled.

Figure 2: Example of data distribution in one dimensional fea-
ture space. The fth data cluster from left is positive and the
rest are negative.

(b) Zoomed-in center.

Figure 3: Example of the MC algorithm in the one dimensional
feature space.

Figure 3(a) illustrates the MC process given the labeledtipes
data (i.e., the dark center) with the unlabeled Let the strong
negatives that algorithm identi es be the data outside of and

to left and right side respectively, which are located famir
the positive data cluster in the feature space. (We wilifjushe
validity of algorithm later in this section.) At each iteration of
Step 4 in Figure 1, algorithm includes the data within into

as shown in Figure 3(a), wherés the number of iterations and

is the starting point ofth iteration in the feature space. Since
maximizes the margin at each iteration, has the half margin of
that between and , and will have the half margin of

However, if there exists no data before the boundary after
iteration, will retract to the point that there exists a data within

, because the data within merged into  will be the nearest



negative data points of the next boundary, andmaximized the

margin between the nearest data points (i.e., support ngctiéor

instance, in Figure 3(a), retracts a little from the boundary after
rd iteration.

If there exists no data at all within , the convergence will stop
because nothing will be accumulated intoand thus more itera-
tions after that will not affect the boundary. For instaricgrigure
3(a), will be the nal boundary of MCto the left siddbecause
there exists no data within and thus nothing will be accumu-
lated into  from that point. As we see from Step 4.5 of Figure
1, the MC algorithm will stop the convergence when nothingads
cumulated into . The nal boundary of MCto the right sidein
the gure tightly tsaround (i.e., ) because there is no gap be-
tween positive and negative clusters and thus the conveegsiil
not stop until MC will include every unlabeled data beyondnto

From the above example, we see that MC will stop the conver-
gence and locate the boundary close to the optimum if thesesex
large gap between positive and negative data clusters, (e.gis
close to in Figure 3(b).) equally divides the margin between

(i.e., farther point of the gap) and (nearer point of the gap)
whereas  does between and . However, if there is no wide
gap between those (e.g., the right side of Figure 3(a)) qodkédive
labeled data is very few, the MC boundary will “over-itefasad
end up converging into the tight boundary (e.g.in Figure 3(a)).

How wide gaps or how many positive labeled data are needed

to avoid the “over-iteration” problem?To provide an intuitive an-
swer, we assume that the feature space has only one dimemgion
negative data exist only to one side (e.g., the left side glife
3(a)). We denote for the margin between two pointsand

. Let be the gap between and where and are
the two ending points of the gap respectively near and fan fitee
positive class as shown in Figure 3(b). Then we have thevfitip
lemma.

LEMMA 1. If MC stops the convergence ah iteration, there
must exists agap such that and ,
where is the starting point ofth iteration.

PrROOF First, if MC stops the convergence dh iteration,
will be the starting point of the gap (i.e.,), because if is farther
than from , retractsto , and if there exist data on, MC
will not stop the convergence and continue to accumulatelte
to such that . Second, MC includes the half margin of
from at thiteration since maximizes the margin. If
MC stops the convergence dh iteration, there must exists a gap

at least from to the half point to , i.e.,

. Then, )
O

since
Thus

THEOREM 1. MC locates the boundary within the rst gap
it confronts such that , during the iterations.

PrROOF From Lemma 1, we know that if MC do not see a gap
such that during the iterations, it will not

stop the convergence. Let us assume that MC confronts a gap of

at th iteration. Then, MC tries

is farther from
. Since

such that

to include the margin of—— from . If
than . If isfarther from than ,

Thus, nothing will be added to at th iteration, and the iteration
will stop then. [

From Theorem 1, we can deduce the following observations:

MC is not likely to locate the boundary exorbitantly far from
the boundary of unless is extremely sparse, because a
larger gap ( ) is needed to stop the convergence as
(i.e., the nearer ending point of the gap) is becoming farthe
from (or increases).

The more is under-sampled, the larger gaps between posi-
tive and negative classes are needed to avoid the “ovetital
problem, because would increase as is more
under-sampled.

From the above observations, we see that MC is likely to gen-
erate the boundary close to the optimum wheis not too much
under-sampled and wide gaps exist betweeand in the feature
space.

In text classi cation or Itering tasks, each document ipiyally
mapped to a sparse and high dimensional space, and thusthere
likely to exist visible gaps among different groups of daltbow-
ever, for some ltering tasks where the positive trainingeda very
few, the MC algorithm might not work well since the boundanjl w
not fall into the gap. Section 4 provides the experimentalewces
of such cases.

Note that the MC algorithm is quite general, as long as the-com
ponent algorithms and  satisfy the following requirements:

1. identi es strong negatives excluding false negatives.

includes false negatives, they are likely to stay on the
false negatives during the iterations which will deteriera
the boundary accuracy. We can use any reasonable classi er,
such as Rocchio or OSVM, and adjust the threshold so that
it makes near 100% recall by sacri cing precision. We use
OSVM for for our research, and set the biasery low
to achieve a high recall. The precision of does not affect
the accuracy of the nal boundary as far as it approximates
a certain amount of negative data because the nal boundary
will be determined by . Figure 4 shows an example of the
boundary after each iteration of SVMC. The mapping stage
only identi es very strong negatives by covering a wide area
around the positives (Figure 4(a)). Although the precision
quality of mapping is poor, the boundary at each iteration
converges (Figures 4(b) and (c)), and the nal boundary is
very close to the ideal boundary drawn by SVM onand
true  (Figure 4(d) and 4(e)). Our experiments in Section
4 also show that the nal boundary becomes very accurate
although the initial boundary of the mapping stage is very
rough by the “loose” setting of the threshold of .

2. must maximize margin.

SVM and Boosting are currently most popular supervised
learning algorithms that maximize margin. We use SVM for
for our research. With a strong mathematical foundation,
SVM automatically nds the optimal boundary without a val-
idation process and without many parameters to tune. The
small numbers of theoretically motivated parameters atsgw
well with an intuitive setting. In practice, the soft corsstit
of SVM is necessary to cope with noise or outliers. However,
in the SCC problem domains, is unlikely to have a lot of
noise since it is usually carefully labeled by users. Thus we
can use a very low value for the soft margin parameter
In our experiments, a low setting (i.e., or )of
(the parameter to control the rate of noise in the trainirig)da
performed well for this reason. (When , it becomes the
hard margin.) (We used-SVM for the semantically mean-
ingful parameter [11, 2].)



(a) Boundary after the map- (b) Boundary after the rst

ping stage iteration ond iteration

Figure 4: Intermediate results of SVMC.

3.3 Support Vector Mapping Convergence (SVMC)

The classi cation time of the nal boundary of MC with
is equal to that of SVM because the nal boundary is a

boundary function of . However, the training time of MC can
be very long if  is very large because the training time of SVM
highly depends on the size of data s«t ), and MC runs iter-
atively. Indeed, assuminghe number of
iterations and where s the training
time of a classier . ( is known to be at least quadratic to

and linear to the number of dimensions; More discussion en th
complexity of SVM can be found in [2].) However, decreasihg t
sampling density of to reduce the training time could hurt the ac-
curacy of the nal boundary because the density ofvill directly
affect the quality of the SVs of the nal boundary. Forturgté is
possible to prevent the training time from increasing drizcaly
as the sample size grows, and this leads to the SVMC algarithm
which implements the MC algorithm with the training time i
independenbf the number of iterations and asymptotically equal
to that of a SVM.

The basic idea of SVMC is to use a minimally required datatset a
each iteration such that the data set does not degrade thmegc
of the boundary. In this way, it saves the training time ofheac
SVM maximally. To illustrate how SVMC achieves this, coresid
the point of starting the third iteration (when= 2) in MC (Step
4.1 in Figure 1). After we merge into , in order to construct

, we may not need all the data from since the data far from

will not contribute to the SVs. The set of negative SVs of
is the representative data set for and , so we only keep the
negative SVs of and the newly induced data set to support
the negative side of .

CLAaiM 1 (MINIMALLY REQUIRED NEGATIVE DATA [17]).
, the minimally required negative data at th iteration is
, which, along with , can generate a
that is as accurate as one constructed from and

Refer to [17] for the rationale for Claim 1.

However, Claim 1 only applies for the hard margin cases, (i.e.
when ). In practice, due to the soft margin, the negative SVs
of  may not totally represent especially in high dimen-
sional spaces. In our experiments, MC performed a littleebétan
SVMC for this reason.

For the minimally required data set for thesitiveside, we can
never be sure whether we can exclude any data object froan
each iteration, because with the negative SVs differentiah é-
eration, it is hard to predict which positive data will not 8%s
independent of the number of iterations.

Surprisingly, adding the following statement between <tep
and 4.5 of the original MC algorithm of Figure 1 completes the
SVMC algorithm.

(c) Boundary after the sec- (d)

is big dots, and

Final boundary of (e) The ideal boundary
SVMC from and drawn by SVM from and
true

is all dots (small and big).

Reset with negative SVs of

THEOREMZ2 (TRAINING TIME OF SVMC [17]). Suppose
, and . Then,

Refer to [17] for the proof of Theorem 2.

Theorem 2 states that the training complexity of SVMC is ggym
totically equal to that of SVM. Our experiments in Sectionlgoa
show that SVMC trains much faster than MC with very close ac-
curacy. As we show in Figure 4, under the certain conditidims,
nal boundary of SVMC becomes very close to the ideal bougdar
drawn by SVM with and true (Figure 4(d) and 4(e)).

4. EVALUATION

To study the effectiveness of the SVMC algorithm for TC-WON,
we test it on two commonly used text categorization data $&es
compare it with the standard SVM trained by assuming all -unla
beled examples as negative examples to see if the MC algorith
can effectively handle noise in negative examples. We abso-c
pare it with SMC to see how well SVMC improves the ef ciency.
Finally, we compare it with alternative approaches to legyfrom
positive and unlabeled examples, including OSVM and S-EM [7

4.1 Performance Measures

To evaluate a TGNVON system, we use the measure, which is
a commonly used performance measure for text classi cadiuh
also used in [7] — one of the most recent works onWON. This
measure combines precision and recall in the following way:

We also report the classi cation accuracy, even though itasa
good measure for the T@/ON task because always predicting
negative would give a high accuracy.

4.2 Data sets

We used the two commonly used corpora for text classi cation
tasks — Reuters-2157&nd Webk®.

http://www.daviddlewis.com/resources/testcollecsibauters21578

2http://www-2.cs.cmu.edu/afs/cs.cmu.edu/project/theo
20/www/data/



We used the ModApte version of the Reuters corpus, which has be poorer than those reported in our experiments since varlynf

9603 training documents and 3299 testing documents. Each do

ument was represented as a stemmed, TFIDF weighted word fre-

quency vectof. Each vector had unit modulus. A list of stop words
were removed, and words occurring in less than three dodismen
were also ignored. Using this representation, the docurestors
had around 10000 dimensions.

The Webkb data set contains 8282 Web pages gathered from uni-We set

versity computer science departments. Each web page was rep
seted as a binary feature vector. A feature (i.e., an eleofentec-
tor) is a predicate indicating whether each term or spebiatacter
occurs in each part. (e.g., " 'in URL, a word “course' in {iti’e

joint subsets and

performed the optimization only for OSVM.

For each experiment, we divided the full positive set into tlis-
is to generate a set of positive examples

, while is to provide positive examples that can be added to
as noise. For instance, the ModApte split of the Reuterslds/the
entire set into two subsets — 9603 training and 3299 testdents.
and to the positive data from the training and testing
set respectively. For the WebKB data, we setto a half of the
full positive set and the other half. Note that ISVM trains from

, with true  manually classi ed from , which implies that the
same negative data are used for both the training and tesgirig

considered the most commonly used features for web pagés suc ISVM. We vary the amount of positive examples (controlled by

as URL, title, headings, links, anchor text, regular tetd, ¥/e did
not perform word stemming or a stoplist because it usuallyshu
performance in Web page classi cation. For example, a commo
stopword, “I” or “my”, is a good indicator of a student homepa

4.3 Experiment Methodology

To fully test the effectiveness and ef ciency of SVMC, we com
pare seven methodsSMC, SVMC, OSVM, SVIMN, S-EM, NBNN,
ISVM

SMC is “Simple” MC described at the beginning of Section 3.3.

OSVM is described in Section 2.

SVM_NN is standard SVM trained using positive examples and
unlabeled documents as a subsititute for negative docwm&hts

as well as the amount of noise (i.e., positive examples) énutf
labeled data (controlled by). Speci cally, the positive example
set is composed of fraction of , and the unlabeled datais
composed of fraction of and all the negative data. For exam-
ple, if and ,then % of are used as positive
examples, and % of are added to U as noise. Performance is
measured on ; we are essentially testing each method's ability of
identifying the positive examples in. We believe that this corre-
sponds to how a method would actually be used for TC-WON in
real applications.

4.4 Results and Discussion

is not unreasonable, as the unlabeled documents can behthoug 4.4.1 Overall results

of as a good approximation of negative documents. Howeker, t
small number of false positives are likely to affect the sarppec-
tors (SVs) of the boundary, which hurts the recall perforoeqras
shown in our experiments.

S-EM is a recent extension of the EM algorithm for text classi
cation from positive and unlabeled documents [7]. Basediun
EM algorithm, S-EM has the fundamental limitations of gener
tive models, the attribute independent assumption whistltgin
linear separation, and the requirement of good estimatigior
probabilities. This is con rmed in our experiments.

NB_NN (Naive Bayes with Noisy Negatives) also uses the unla-
beled documents as negative documents.

ISVM is the Ideal SVM trained from completely labeled docu-
ments ( , withtrue whichis manually classi ed from ). ISVM
shows the ideal performance when the unlabeled documents-ar
beled.

We used LIBSVM version 2.36for SVM implementation of
SVMC, SMC, SVMNN, OSVM, and ISVM. We used linear ker-
nel for our experiments because it is simple and powerfulgho
for text classi cation problems [3, 5]. For S-EM and NBN, we
used the recent implementation released by the author ol S-E

Note that for a conventional T@8/ON system, one cannot per-
form a validation process to optimize the parameters becaos
negative data is available. For SVMC, SMC, SN, and ISVM,
we used a theoretically motivated xed parameter ( ).
We also used the default parameter for S-EM and-NI®. For
OSVM, Tax proposed a sophisticated method to optimize the pa
rameters without negative data [13]. However, their metisod
infeasibly inef cient especially in high dimensional sgsc We
linearly searched for the best parameter for OSVM based en th
testing data set in order to simulate the results after thienara-
tion. Note that the true performance of OSVM in practice woul

SWe used Rainbow (http:/ww-
2.cs.cmu.edu/mccallum/bow/rainbow/) for text processing.

http://www.csie.ntu.edu.tw/cjlin/libsvm
Shttp://www.cs.uic.edu/ liub/S-EM/readme.html

Table 1 shows the performance results in realistic sitnat{o
) where:

for the WebKB, is a randomly sampled half of the full
positive set, and is the other half, with a randomly sampled
half of the full negative set.

for the Reuters, is all the positive data in the training set,
and is all the negative data in the training set, with all data
in the testing set.

We observe the following from Table 1.

SMC and SVMC have the highest performance among all
methods trained from positive and unlabeled documents.

SMC and SVMC have very similar performance, but SVMC
always trained much faster than SMCThe difference of
the training time between them could vary depending on the
number of iterations they undergo.

The optimized OSVM still performs worse than SMC or SVMC
due to the “incomplete” SVs in high dimensional spaces.

SVM_NN gives very low  scores due to the low recall.
The small number of false positives in SVNN are likely

to affect the support vectors (SVs) of the boundary, which
hurts the recall performance.

S-EM shows the same performance as.NH. As noted in
[7], S-EM outperforms NBNN only when the positive doc-
uments form a signi cant fraction of the entire documents.
(i.e., when is signi cantly large compared to .)

SWe ran our experiments on a linux machine of Pentium IlI
800MHz with 384 MB memory.



Here we vary and
observations can be made from Table 2:

to create different environments. Several

SMC and SVMC perform worse than S-EM or N8N when

is very low meaning that the positive training data are se-
riously under-sampled. The reason that the performance of
SMC and SVMC is susceptible to a lowis that when the
positive training data are too few, the nal boundary of SMC
and SVMC would trespass the true boundary and result in
tting around the under-sampled data. In this case, the in-
termediate boundaries of SMC or SVMC generated in the
middle of the iterations give better results. (See Figubg.h(
However, we are not able to optimize the best number of it-
erations because a T@WON system is assumed to have no
labeled negative data available for training or optimizati
Optimizing the number of iterations of SVMC with positive
and unlabeled data would be an interesting further work to
improve the performance of SVMC in case of a low

Dataset) Class T e,
cam | 2077 100zs | 10w | %553 D902 0EeT 0002 | 087 0357 | 9% g7 | 11962
an | a2 | 10| a0 | QUS| DL USSEZ |0y [ 0y 0T DS 750 | o
Reuters | wheat | 212 | 12690 | 71 | o676 | ag73 | 0oo61 | 0.9047 | 0.0623 | 0.9623 | 0goga| ©75 | 2245
com | 181 | 12721) 6 | a0 | 00977 | 0io94n| 0.9961 | 09595| 09895 | 0ogss| 9% | 2219
Gude | 99 | 12513 1o | 0708 DI 0S| OO | DOTIo| DTS 00T 57 | sace
course | 482 | 4179 | 448 | (ccia| 0.oaa0 | 03650 | 08930 | 08411| 08411 | 0o7se| OO0 | 14329
Webko | faculty | 532 | 4209 | 592 | goss| gora | os01t| 0605 | 08s32| 0852 | 0.o7es| (% | 21789
Suden| s1o | 4154 | o2 | QB3| DISEE DI 00000 | O OSETE | 0SZD) 15159 29650
Table 1: Performance results ( ). : # of positives in ; t-time: training time
Class settings SVIC T SVRIC [0SR SV VN L e T KBRSV
2877 9513 | 575 | 603 | 0.9921| 09695 | 09250 | 0.9709| 09709 | 09990
2677 | o7 | 720 | DT DS O A oue | DA 0By Do
— 2677|9289 | 351 | 5010 | 0.9924| 09656 | 09624 | 0.0775| 09779 | 09994
oo [ 0025 | 107 | Q20%E] 0SB DBTZ 00T | OUIIS O BTIE | 0o
1420 | 10025 | 1087 | oo | 00917 | 09674 | 08920 | 09583 | 09583 | 09962
soo | 10075 | 087 | 03T OTE  OmES | 00037 0ees | Dt Do7re
846 | 3891 | 552 | o565 | 09530 | 03418 | 06561 | 07176 07176 | 09812
sac | o753 | ana [ DT ORIET | 07T D00 04TEe DT DTS
846 | 3563 | 224 0.7524] 0.7273] 0.1253 | 0.0000 | 0.2855[ 0.2855 | 0.9224
“student” 0.9638 | 0.9579 | 0.6290 | 0.9396 | 0.7023| 0.7023 | 0.9907
in Webkb 602 | 4134 | 795 | 0-7932[ 0.7914 [ 0.3363 | 0.0000 | 0.5916| 0.5916 | 0.8947
0.9289| 0.9269 | 0.3449 | 0.8077 | 0.7579| 0.7579 | 0.9632
s14 | 34 | 705 | D32 DS DT D000 O oAy owe
276 | 4134 | 795 0.0840| 0.3810| 0.3353| 0.0000 | 0.5767[ 0.5767 | 0.7411
0.8153 | 0.8491 | 0.3220| 0.8077 | 0.7512| 0.7512 | 0.9209
Table 2: Performance results for different settings. : # of positives in
4.4.2 Results for different settings does not seem to in uence the performance of SMC and

SVMC signi cantly, as long as the positive data is not under-
sampled because the false negatives iwill be excluded in
the training of the nal boundary.

OSVM shows stable performance less affected bgr
However, the stable performance is achieved by the unfairly
performed optimization, which is impossible to do in prac-
tice in high dimensional spaces.

As expected, SVMNN suffers from very low recall perfor-
mance, and almost always gives a nearly zerscore.

S-EM still shows the same performance as_NR, which
implies that S-EM might not be useful for common positive
classes as in our experiments. ([7] gives an example of “the
class of movies we may enjoy watching” as a dominant pos-
itive class where S-EM might outperform NBN.)
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Figure 5: SVMC performance convergence on the “earn” class
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4.4.3 Performance convergence of SVMC

Figure 5(a) shows the SVMC performance convergence on the
“earn” class when the positive documents are fairly largdterA
the rst iteration, the recall was very high, but the pregisiwas
very low because the initial class boundary covers a wida sre
cluding many false positives in the feature space. As iates, the
precision and the overall performance increases rapidly aviittle
decrease of the recall. Our experiments on all other clasSeble
1 also show similar shapes of the convergence graph.

Figure 5(b) shows the SVMC performance convergence when
the positive documents are seriously under-sampled. Theeco
gence happens after 30 iterations, but the highest perfarenes
actually achieved at 5th iteration. This suggests that wahenof-
ciently large number of positive documents are availal3¥MC
is more robust; otherwise, it may “over-iterate” and regulpoor
performance. How to improve SVMC's performance with veny fe
positive examples is clearly an important direction forufet re-
search.

(6]

(8]

[10]
5. CONCLUSIONS AND FURTHER WORK

We study text classi cation from positive and unlabeled raxa
ples, which is a fundamental task related with several diffein-
formation problems, such as text categorization, inforomatter-
ing, and relevance feedback. We explore the MC and SVMC al-
gorithms which compute an accurate classi cation bounddithe
positive documents without relying on labeled negativeutioents
by iteratively applying a margin maximization classi erich as
SVM, to progressively improved negative documents. Weteval
ate MC and SVMC using the commonly used data sets Reuters-
21578 and WebKB. Experiment results show that with a reason-
able amount of positive documents, the MC algorithm gives th
best performance among all the existing_WION methods that
we compared with. When the positive training data is sehjous
under-sampled, the boundary of MC or SVMC tends to be over-
conservative and much tighter than the true optimal boyndar
such a case, the intermediate boundaries of them beforepng
give much better results. It would be interesting to ingse an
optimization technique to uncover the best number of ii@natof
the MC and SVMC algorithms given positive and unlabeled docu
ments.

[11]
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[13]
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