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Abstract. Previous studies have shown that one-class SVM is a rather
weak learning method for text categorization problems. This paper points
out that the poor performance observed before is largely due to the fact
that the standard term weighting schemes are inadequate for one-class
SVMs. We propose several representation modifications, and demon-
strate empirically that, with the proposed document representation, the
performance of one-class SVM, although trained on only small portion of
positive examples, can reach up to 95% of that of two-class SVM trained
on the whole labeled dataset.

1 Introduction

Like most multi labeled classification problems, text categorization problems are
usually converted to binary classification problems in “one versus rest” fashion,
where examples that belong to the category of interest are labeled as positive,
and the others as negative In a number of recent empirical studies [3, 15], Sup
port Vector Machines (SVMs) have been shown to be among the most effective
methods for such binary text categorization problems Applying one class SVM
[11] on text categorization, which uses only the positive examples in the training
phase, is worthy exploring for the following three reasons:

First, since negative examples are from many different categories, they are
generally not as representative It is logical to hypothesize that the resulting
binary problems can be characterized mostly by their positive examples And
ideally, the classifier learned from positive examples should perform reasonably
close to the classifier learned from fully labeled dataset To the best of our
knowledge, there is no empirical evidence for such conjecture Applying one
class SVM on text categorization is one way of testing such hypothesis

Second, the problem of learning with positive examples commonly arises
in many real world applications, particularly in information retrieval domain
For example, to learn a user’s preference, pages in his bookmarks are readily
available as positive examples, but it will be difficult to come up with enough
representative negative examples Effective learning methods that rely on only
positive examples thus are of great practical interest

Third, one characteristic for these binary problems is the skewness in the
dataset, since frequently there are only a small number of positive examples but
a very large number of negative examples The time complexity of typical SVM
training methods like sequential minimal optimization (SMO) is super linear
in the number of examples in the dataset [9] The training of one class SVMs
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should be much more efficient than that of two class SVMs since a large number
of negative examples are ignored In the case where there is a stringent constrain
on the training time, highly effective one class SVM can serve as an alternative
to its two class courter part

A previous study [7] showed empirically that performance of one class SVMs
is nowhere near that of two class SVMs In this paper, we reveal that standard
document representation is inappropriate for one class SVMs We propose three
modifications of document representation, including removing negative features,
scaling dimensions and length normalization We further demonstrate that the
category statistics needed to tailor the document representation for one class
SVMs can be reliably estimated from both the fully labeled dataset and also
the datasets with only positive and unlabeled examples Experiments show that
one class SVM with the proposed representation modifications is effective for
text categorization problems

The rest of the paper is structured as follows Section 2 gives the background
of one class SVMs, the problems of using the standard document representation
with one class SVMs and their respective fixes are detailed in section 3 Section
4 lists the proof that the same modification is valid in learning with positive
and unlabeled examples Section 5 provides the empirical results We conclude
in section 6 with some discussion of the results

2 Introduction to One-Class SVMs

One class SVMs [11] are closely related to the so called minimum volume esti
mators which try to find a small region containing most of the positive examples
The goal is to find the boundary function that can be used for discrimination
purposes Avoiding the density estimation problem, this region estimation ap
proach is in line with Vapnik’s principle of never solving a problem which is more
general than the one that actually needs to be solved Similar to the two class
SVMs, regularization is also used to balance the training errors
plexity for better generalization Since text categorization problems are generally
considered as linearly separable even in original feature space [15], we will focus
on hyperplane based one class SVMs and use only dot product (linear) kernel in
this paper

Hyperplane based one class SVMs seeks a hyperplane that pushes positive
examples away from origin as much as possible without leaving too many pos
itive examples behind Given a set of positive examples: S = (z1, ,z,,), the
hyperplane (w, p) is given by solving the following primal quadratic optimization
problem:
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Here, w is the weight vector for decision hyperplane, p is the functional distance
from origin to hyperplane (w, p) The slack &; is defined by how far a data point
fails to stay away from origin with respect to boundary hyperplane (w,p) Like
their two class counter part [11], there are two goals sought by its objective
function: larger geometric distance defined by p/||w|| and smaller training errors
approximated by > &;

Parameter v € (0, 1] is used to control the trade off between these two pos
sibly conflicting goals It is an upper bound on the fraction of training margin
errors and lower bound on the fraction of support vectors With probability ap
proaching 1, asymptotically, v equals to both the fraction of support vectors and
fraction of training margin errors A training margin error occurs & >0
We choose to work with this v formulation because it is intuitive to pick the
parameter v due to its property

Due to the nonsmoothness introduced by £ in primal cost function, it is a
common practice to solve the dual problem to find the coefficients as Using dot
product as kernel, both one class and two class SVM training result in a linear
decision function in the same form of:

f(@) = sign((w ) p) = sign(d_w*z*  p) (1)
Where the kth component of the weight vector w is defined as:
wb =Y aigiaf, i >0 (2)

While y; € ( 1,+1) for two class SVM, we have y; € (+1) for one class SVM
since there are only positive examples available for one class SVM training

3 Document Representation Issues

Most text categorization studies use the term weighting scheme that is devel
oped for information retrieval applications [10] Such representation includes
three components: term frequency, document frequency, and normalization com
ponent Let 2¥ denote the k component for ith document z;, we have z¥ > 0 for
the standard term weighting scheme However, the following analysis holds for
zh <0

The document representation based on term weighting scheme reportedly
works well with two class SVM classifiers [3] However, due to the lack of negative
examples, such standard representation does not bring out the full potential
of one class SVMs Our discussion on document representation in this section
is based on a fully labeled dataset with both positive and negative examples
Document representation issues for partially labeled dataset with positive and
unlabeled examples are addressed

3.1 Using Positive Features Only

In feature selection research, it is commonly known that there are two types
of features: positive and negative features [16] Positive features are positively
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correlated with the category of interest; occurrences of such features in a doc
ument basically add more support for the document belonging to the category
Similarly, occurrences of negative features in a document should decrease the
probability of the document belonging to the category When working with lin
ear decision functions, one typically expects that weights for positive features
stay positive and weights for negative features stay negative This is because a
positive weight for a negative feature is deemed to degrade the performance of
the linear classifier

From expression (2), for one class SVM, one easily has w* > 0 since y; =
+1 So if there is a negative feature contained in one of the support vectors,
its influence on decision hyperplane will be positive instead of negative This
suggests that, for one class SVMs, the document representation should only use
positive features Inclusion of negative features will only degrade the performance
of the learned classier

Table 1. Contingency table for feature category correlation, where category absent
implies either not in class or lack the label information

category present|category absent
feature present a b
feature absent C d

In this paper, we use correlation coefficient (CC) to determine whether a
feature is positively correlated with the category of interest It is first used as a
feature selection measure in [8] and is defined as:

(ad  be)VN/\/(a+b)(a+c)(b+d)(c+d)

where a, b, ¢, d are defined in table 1, and N = a4+ b+ c+d The sign of a feature
can thus be easily decided based on the feature category correlation contingency
table if one works on fully labeled dataset

It is the common knowledge that negative features are potentially useful for
discrimination purpose However, from expression (2), one needs Zyi: Lok >
> yimt1 @iz to have w® <0 This suggests that importance of negative features
is mainly characterized by negative examples It is difficult to model negative
features with one class SVMs since its training involves only positive examples
Luckily, as we will reveal later, the categories are largely characterized by their
corresponding positive features

3.2 Relative Importance of Features

With both positive and negative examples, two class SVMs are generally capa
ble of determining the importance of each feature However, with only positive
examples, one class SVMs lack some of the information needed to determine the
importance of features To see this, assume that there are two positive features,
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f1 and f>, and these two features always occur together in the positive dataset
But feature f; occurs a lot more in negative examples Although there is evi
dence for two class SVMs to give feature fo» more weight, for one class SVMs,
there is no reason to treat them differently

Clearly, for one class SVMs to work better, the relative importance of fea
tures, usually measured by feature selection metric, has to be embedded in doc
ument representation We propose in this paper to scale each dimension based
on correlation coefficient The basic idea behind this proposed solution is sim
ple: we want training process pay more attention to these important features In
another word, cost rooted from the less important feature should be penalized
less

Scaling features using feature weight is equivalent to modifying the similarity
measure, or equivalently, distance metric, kernel function Appropriate scaling
can bring all positive examples closer thus make training discriminant model
easier For example, it is shown that performance of Nested Generalized Exam
pler(NGE) can be greatly improved when the Mutual Information (MI) is used
to reweight features [12] In general, it is hard to justify picking one feature selec
tion metric over another theoretically We choose correlation coefficient based on
empirical evidence, since preliminary experiments show that it is more effective
comparing to other feature selection metric such as x? and information gain

3.3 Document Length Normalization Issue

Document length normalization is important for one class SVM since only posi
tive features are correctly modeled To see this, assume we are to determine the
class label for a long document d; which contains multiple copies of a not in class
document ds (thus (w ds) < p) For one class SVM, we always have (w ds) >0
So, the long document d; with [p/ds] copies of ds will be considered as in class
since one have (w d;) > p Here, [ ] denote the ceil function For two class
SVM, since both positive and negative features are modeled, typically we will
have (w ds) <0, which makes (w dg) <0 as expected

To address this issue, we propose to apply the cosine normalization in test
phase Although the above analysis also holds when such normalization is applied
in training phase, preliminary results show that normalization in training phase
hurts the performance of one class SVM This is because length normalization
in training stage makes values of positive features depend on values of negative
features, while the negative features are not correctly modeled by one class SVM

Normalization in test phase will only make the learned threshold value un
usable However, it is not a big issue since a separated thresholding component
is needed for one class SVM anyway To see this, note that the default threshold
returned by one class SVMs training tends to be too high as it touches all the
positive support vectors
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4 Learning with Positive and Unlabeled Examples

Except for the document length normalization, the modifications we proposed
in the last section are based on the assumption that we have access to the fully
labeled dataset We now show that the category statistics needed for proposed
document representation modification can also be estimated from datasets with
positive and unlabeled examples

Learning with Positive and Unlabeled examples (LPU) itself is interesting
research topic for both theoretical [2,5] and practical [14,5,4, 6] reasons For
mally, learning with positive and unlabeled examples can be modeled as follows:
positive examples are randomly labeled positive with probability 1 3, and are
left unlabeled with probability # With this model, if we label all unlabeled ex
amples as negative, we will never make an error on a negative example but will
label positive examples as negative with probability 5 In practice, 8 is gener
ally unknown, effective solutions to this problem thus should not depend on the
knowledge of 3

We have following proposition that characterizes the expectation of the qual
ity of correlation coefficient estimated from positive and unlabeled examples

Proposition 1 Leta*, b*, ¢* and d* be corresponding entries in the contingency
table for feature category correlation with positive and unlabeled data, where pos
itive examples are left unlabeled with probability 5 Assume that feature occur
rences are independent of the labeling process We have, first, the sign of a feature
is then expected to be the same as that of the expression a*d* b*c* Second, let
CC* be the correlation coefficient defined on table 1, the ratio between C'C and
CC* is expected to be a constant that is feature independent

Proof sketch For first part, from the independent assumption, we have
E(a*)=a pa, E(b*)=0b pa, E(c*) =c fcand E(d*)=d pa Here E()
denotes the expected value of a random variable It is not difficult to see that
E(a*d* b*¢*) = (ad be)(1  B) When 8 < 1, a*d*  b*c¢* and (ad be) is
thus expected to have the same sign For second part, using the expected value
for a*, 0", c*,d* as before, it is not difficult to see:

E(CC*/CC)=+/(b+d)(1 B)/(b+d+ Ba+ Bc)

Note that both a + ¢ and b + d are fixed for all features for each category, and
[ is also feature independent

The proposition states that, on average, CC* is a good replacement of CC
since the ratio between them is expected to stay constant for each feature The
probability of such statement to hold, however, depends on both the dataset
and feature In general, the more positive examples labeled and the higher fre
quent of a feature, the higher the probability for these statements to stay true
Moreover, less frequent word tend to have smaller impact on text categorization
applications, as noted in [13]

Since both the quality of the representation modifications based on CC* and
the training for the one class SVMs are independent of the percentage of the
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positive examples left unlabeled, the performance of the one class SVM with
proposed representation modifications is arguably also independent of the per
centage of the positive examples left unlabeled This is a highly desired property
for obvious reasons For example, to get an exact value for g for quality control
purposes, one has to label the entire dataset Note however, more positive exam
ples are beneficial for both the estimating of CC* and the training of one class
SVM

5 Experiments

We conduct all our experiments on the standard text categorization dataset:
Reuters 21578 compiled by David Lewis from Reuters newswire The ModApte
split we used has 90 categories After removing all numbers, stop words and low
frequency terms, there are about 10,000 unique
selection is done Words occurring in the title are simply counted three times
Baseline document representation is log(1 + ¢ f), where ¢ f is the term frequency
defined by the number of occurrences for that term We use libSVM [1] to train
both one class and two class SVMs in this paper To compare the performance
of linear classifiers based on the orientation of their decision hyperplane, and to
stay comparable with [15], we use both the micro average F1 and macro average
F1 over Break Even Point(BEP) as performance measurement

Experiments are organized in two different parts In the next subsection,
we examine effectiveness of the three representation improvements on the fully
labeled datasets In the subsection that follows, the effectiveness of the improve
ments on the positive and unlabeled dataset is studied

5.1 Effectiveness of Representation Improvements

To test the effectiveness of the proposed modifications to document represen
tation, we run both one class SVMs (oc) and two class SVMs (tc) on baseline
document representation We then modify the document representation for one
class SVMs by incorporating the following representation changes one at a time:
removing negative features based on the sign of correlation coefficient (p), scal
ing dimensions based on the magnitude of correlation coefficient(s), and also
normalization (m) Note the correlation coefficient is computed here based on
the contingency table 1 To make our results comparable with previous reported
results, we report results on both the first 10 most frequent categories and all
90 categories From table 2, our results on all 90 categories with two class SVMs
are comparable with that of [15], and our results on first 10 most frequent cat
egories with one class SVMs are comparable with that of [7] Table 2 suggest
that these three modifications for document representation can provide signifi
cant performance improvements for one class SVM Using all three modification
together, on all 90 categories, the performance gap between one class and two
class is reduced from 0 364 to 0 048 measured in micro average F1 that is an
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Table 2. Performance of different document representation methods on one class and
two class SVMs, measured in micro average F1(miF1) and macro average F1(maF1)
over BEP on both all 90 categories and first 10 most frequent categories on the Reuters
25718 dataset Here, oc(tc) corresponds to one(two) class SVM

90 categories|10 categories
miF1] maF1 [miF1] maF1

oc 0516| 0293 |0 583| 0460

oc pos 0599| 0340 |0 676| 0 538

oc scale 0 745| 0 641 |0 767| 0 710

oc norm 0715 0493 |0 784| 0 681

oc pos scale |0 763| 0651 |0 792| 0 755
oc norm scale [0 834| 0 685 |0 872| 0 810
oc norm pos [0 750| 0499 (0 823| 0 722
oc norm pos scale|0 835| 0 686 |0 873| 0 817

tc 0880| 0679 |0924| 0858
tc scale 0880 0679 |0924| 0858
tc pos 0 840| 0 650 |0 878| 0 829

tc norm 0866| 0662 |0917| 0844

87% reduction At same time, macro average F1 is reduced from 0 386 to 0 006,
which suggests that one class SVMs are more effective on the rare categories

It is interesting that with appropriate representation, using only positive ex
amples can result in a performance that is close to 95% of that of using both
positive and negative examples It suggests that binary text categorization prob
lems reduced from multi label problems in one versus rest fashion are mostly
characterized by its positive examples Moreover, if one works on positive fea
tures only, one class SVMs with proposed document representation (oc m p s) is
as effective as two class SVMs (tc p) This provides the empirical evidence that
the importance of positive features can mostly be modeled by positive examples
For two class SVMs, the performance difference between using all features and
using only positive features is rather small, again 5% difference This is rather
surprising, but it suggests that, for the purpose of discrimination, the additional
information embedded in negative features is really small

While the feature scaling can greatly improve the performance of one class
SVM(oc vs oc s), their influence on two class SVM is not observable at all(tc
vs tcs) This suggests that two class SVM has all the information needed to
learn the importance of each feature and one class SVM does not Note that
the identical performance of two class SVM measured in average F1 before and
after feature scaling is misleading, because stronger h as AUC (Area
Under Curve)reveals that scaling does provide some marginal improvement for
two class SVM Both one class and two class SVM training return a different set
of support vectors after the feature scaling Furthermore, the number of support
vectors decreases noticeably in the scaled feature space for both one class and
two class SVM training For example, at v = 0 01, for category “earn”, feature
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scaling reduces the number of positive/negative support vectors from 260/436
to 169/263 for two class SVM training and from 99/0 to 44/0 for one class
SVM training Due to the high dimensionality of the problem, it is difficult to
understand exactly how the scaling influences the training process But the fewer
support vectors seems to suggest that data is easier to separate after feature
scaling

All the three document representations provide some meaningful performance
gains when used alone, with scaling as the most effective factor and negative
feature removing the least Furthermore, it seems that the discrimination power
contained in the negative feature removing is mostly contained in scaling This
is because scaling can greatly reduce e features, since the
absolute value of feature selection metric such as correlation coefficient is often
much smaller than that of positive features, as noted [16]

There is no known close form time complexity analysis for SVM training as
it depends on the dataset, termination criteria and parameter choices To get a
rough idea, we timed libSVM java implementation using a Pentium M 1 3Ghz
Linux PC with 512M memory Including the feature scoring for all 10 categories,
it takes 90 minutes for two class SVM training, and 2 minutes for one class SVM
This is mostly because one class SVM training only uses positive examples

5.2 Learning from Positive and Unlabeled Examples

To test whether the performance of one class with proposed modifications de
pends on [, the fraction of positive examples left unlabeled, we intentionally
hide the label for 19, 36, 51, 64, 75, 84, 91, 96, and 99 percent of randomly
selected positive examples One class SVMs are trained on the remaining posi
tive examples For the document representation, we removed negative features,
scale features based on magnitude of correlation co t computed from the
contingency table 1 Document representation is normalized in the test phase

Figure 1 reports both the micro and macro F1 (based on BEP) for first 10
most frequent categories Notice that the performance of one class stays virtually
constant until there is only 4% (8 = 0 96) positive examples left labeled The
significant performance drop of both micro and macro F1 at g = 099 is under
standable, as 8 out of 10 categories are left with less than 6 positive examples
We believe that the performance of one class SVMs on positive and unlabeled
dataset depends only on the number of positive examples used, not the frac
tion of positive examples used To test this argument, we also report F1 (over
BEP) on the most frequent category “earn”, which has 27 positive examples at
8 =099 From figure 1, the performance of the category “earn” stays almost
untouched even when only 1% of positive examples are used in the training The
results thus conform elegantly to the analysis we had in section 5

We are able to compare the result directly with biased two class SVM ap
proach in [6] since we are using the same 10 categories from the same dataset
Note that when f increased from 0 3 to 0 7, the micro F1 stayed around 0 87 for
one class SVMs, the macro F1 dropped from 0 856 to 0 785 for biased wo class
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Fig. 1. performance of one class SVMs versus (3, the fraction of positive examples left
unlabeled

Table 3. Performance of one class and two class SVMs on different 3 value on 10 most
frequent categories on Reuters 25718, measured in micro average F1

15} 00(03]07
ocn ps|0873|0 867(0 881
tc |0 924(0 856|0 785

SVMs It appears from this direct comparison on macro F1 that one class SVM
is a more effective method, particularly when f is approaching to 1 0

6 Conclusion and Discussion

In this paper, we identify the “incompatibility” between the standard document
representation and one class SVMs We propose several modifications to docu
ment representation that use the correlation coefficient, which can be estimated
from not only the fully labeled dataset but also the dataset with positive and
unlabeled examples The experiments show that the proposed representation
modifications can greatly improve the performance of one class SVMs

As a case study on text categorization, this paper provides quantitative em
pirical evidence that for binary classification problems  verted from multi label
problem, the category is mostly characterized by positive examples Furthermore,
we also reveal through experiment that the nature of category is mostly embed
ded in the feature space spanned by positive features It is thus interesting to
see whether these trends exist in other binary classification problems that are
converted from multi label problems

In practice, it is usually difficult to obtain labeled data, but unlabeled data is
often abundantly available This means that learning with positive and unlabeled
examples is a much more realistic problem when 3 approaches to 1 0 than when
it approaches to 0 0 Most previous studies assume at least some of unlabeled
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examples as negative examples so that they can use standard two class learning
methods The probability for such assumption to hold is thus negatively corre
lated with # These previous methods usually perform reasonably well when
is small and the performance degrades with an increasing § [5,6] However, the
performance of one class SVM with proposed document representation is inde
pendent on # While not impressive when S is small, it is very competitive when
[ is large This makes one class SVM a very useful method in many real world
applications

Although the example application used in this paper is text categorization
problems, the only requirement for the proposed representation modifications is
the sparseness of the data representation, which makes computing the correlation
coefficient possible In general, we believe that one class SVM with the proposed
modification can be directly used with any sparse data with appropriate data
preprocessing
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