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Abstract

its destination. Other applications of text classification include document organization, web page categorization, and
query classification. More recently, text classification has
been used for semantic analysis of documents such as review documents’ categorization as positive or negative and
word sense disambiguation. The scope and scale of text
classification applications is bound to increase in the future
as more text documents in digital formats become available.

Text classification is widely used in applications ranging from e-mail filtering to review classification. Many of
these applications demand that the classification method
be efficient and robust, yet produce accurate categorizations by using the terms in the documents only. We present
a supervised text classification method based on discriminative term weighting, discrimination information pooling,
and linear discrimination. Terms in the documents are assigned weights according to the discrimination information
they provide for one category over the others. These weights
also serve to partition the terms into two sets. A linear
opinion pool is adopted for combining the discrimination
information provided by each set of terms yielding a twodimensional feature space. Subsequently, a linear discriminant function is learned to categorize the documents in the
feature space. We provide intuitive and empirical evidence
of the robustness of our method with three term weighting
strategies. Experimental results are presented for data sets
from three different application areas. The results show that
our method’s accuracy is higher than other popular methods, especially when there is a distribution shift from training to testing sets. Moreover, our method is simple yet robust to different application domains and small training set
sizes.

The prototypical text classification problem can be defined as follows. Given a set of labeled text documents
|L|
L = {hxi , ci i}i=1 where ci ∈ C = {1, 2, . . . , |C|} denotes
the category of document xi and |C| and |L| are the total number of predefined categories and labeled documents;
learn a classifier that assigns a category label from 1 to |C|
|U|
to each document in the set U = {hxi i}i=1 . This is a supervised learning setting in which it is assumed that the
joint probability distribution of documents and categories
is identical in sets U and L (although this is not guaranteed in practice for some applications). In other words, the
task is to learn to approximate the unknown target function
′
Φ : U → {1, 2, . . . , |C|} by the classifier function Φ :
U → {1, 2, . . . , |C|} such that the number of documents in
′
U for which Φ(xj ) 6= Φ (xj ) is a minimum. A document is
represented as a 0/1 vector xi = hxi1 , xi2 , . . . , xi|T | i where
xij ∈ {0, 1} indicates whether the term (typically a word)
j exists in document i or not. The integer |T | is the number of terms in the dictionary of L and U (after standard
preprocessing of stop word removal and stemming). The
terms and categories are assumed to be just symbolic labels
without semantics and that no additional knowledge of a
procedural or declarative nature is available.

1 Introduction
Automatic content based text classification into predefined categories is becoming extremely useful with the increasing availability of text documents in digital formats
such as Web pages, e-mails, Web blogs, digital libraries,
and corporate text databases. A common application of text
classification is information filtering where a stream of documents (e.g. e-mails) is classified before or after reaching
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Text classification, as defined above, is challenging for
two reasons. First, the dimensionality of the term space
(|T |) is large and the set of documents L is sparsely represented in it. Second, selecting the relevant terms and their
weights (relative importance) for the classification. Different methods for text classification address these challenges
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in different ways. Besides these challenges, text classification methods must be efficient in order to handle large
volumes of data in various applications. Furthermore, text
classification methods must be robust to small sizes of labeled sets and differing distributions of labeled and unlabeled sets.
In this paper, we present a robust and efficient text classification method based on discriminative term weighting,
discrimination information pooling, and linear discrimination in a two-dimensional feature space. Three term weighting strategies are investigated for discriminating and partitioning the terms: odds, log-odds, and Kullback-Leibler divergence. These strategies weigh the terms based on the
discrimination information they provide for one category
over the others. A two-dimensional one-category-versusothers feature space is constructed as the weighted sum of
terms. This transformation is based on a technique for combining experts’ opinions known as linear opinion pool. The
classification is then learned in the feature space by a simple linear discriminant function. Our method is a hybrid
generative-discriminative method where the term weights
represent a generative model and the linear discriminant
represents a discriminative model of the classification problem. We evaluate our method on three data sets belonging to
three different application areas - spam filtering, movie review, and SRAA. The results are compared with four common text classification methods, demonstrating the overall
effectiveness of our method with improved classification accuracies.
The rest of the paper is organized as follows. We present
the motivation and related work in Section 2. Our text classification method, DTWC, is described in Section 3, including a comparison with the naive Bayes classifier. We describe the data sets and evaluation setup in Section 4. Section 5 presents the results of our evaluations and comparisons with other methods. We conclude in Section 6.

resentation that has been shown to produce more accurate
classifiers in some settings [16].
Regardless of the document representation approach, the
dimensionality of the term space is very large for text classification problems. Feature selection and dimensionality
reduction for text classification has been studied extensively
[5, 11, 7]. Techniques for feature selection and dimensionality reduction can be supervised or unsupervised depending on whether they require class information. However, for the text classification problem setting discussed in
this paper, supervised techniques are more commonly used
[2, 8, 4, 9]. These techniques rely on class information and
information theoretic measures, such as entropy, to identify high relevance terms. Our term weighting and selection
technique belongs to this latter category of techniques. In
particular, we weigh each term by the discrimination information it provides for discriminating between one category
and the rest. The weights also serve to partition the terms
into two sets, and they can be thresholded for term selection
and dimensionality reduction. A novel information pooling
technique is adopted to aggregate the discrimination information of each set to form a two-dimensional feature space
in which a linear discriminant function is learned. The approach of learning terms’ weights from training data based
on their distributions in the two categories appears to have
been first proposed by [8]. They present information theoretic functions to replace the IDF component of the TFIDF
term weighting strategy and use these weights in the classification model. In this work, we focus on discrimination
information measures of weighting the terms for both selection and classification.
Supervised text classification methods can be based on
a generative or discriminative model of the problem. The
most common generative methods are naive Bayes and
maximum entropy [29, 17, 24]. The naive Bayes classifier
results from the application of the Bayes rule with the assumption that each term is independent of the others given
the category label, while the maximum entropy method estimates the class conditional distributions by maximizing
the entropy among them. The most popular discriminative method for text classification is support vector machine
(SVM) [14]. SVM, which is based on statistical learning
theory and structural risk minimization, learns a maximum
margin linear discriminant in a high dimensional feature
space. The balanced winnow method is another example
of a discriminative method that learns a linear discriminant
in the term space by minimizing the mistakes made by the
classifier [6].
There has been continuing interest in hybrid generativediscriminative methods [12, 26, 19, 21]. These methods
try to exploit the strengths of generative and discriminative methods by first learning the data distribution and then
building a discriminative classifier using the learned distri-

2 Related Work and Motivation
Text classification has been studied extensively in the
literature. A comprehensive review of text classification
methods is given in [28]. Here we focus on document
representation, feature selection, supervised methods, and
generative-discriminative methods. Many text classification methods use the ”bag-of-words” representation that
describes a document by a term vector where each term
(typically a word) is given a weight (term position information is not preserved). The common weighting techniques include term occurrence (binary), term frequency,
and term-frequency-inverse-document frequency [27, 23].
Our method can work with any weighting technique as long
as a term vector representation is used. In this paper, however, we restrict ourselves to the binary term vector rep-
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bution. Several variants of this general concept have been
explored with promising results. Our method can also be
categorized as a hybrid generative-discriminative method.
However, our method is simpler and efficient requiring
fewer parameters and learns faster.

In the above and subsequent equations, the conditioning on
the labeled set L has been omitted for brevity. We would
like to quantify the discriminative information that a term
j provides regarding category k over categories C\k. One
way of doing this is to weigh the term by its odds of occurring in documents belonging to category k over documents
of categories C\k:

aj /bj when aj > bj
wjk =
(2)
bj /aj otherwise

3 DTWC – Our Text Classification Method
In this section, we describe our text classification method
based on discriminative term weighting and linear discrimination. Our method, subsequently referred to as DTWC, addresses the key issues of high dimensionality, term weighting and selection, and feature enhancement faced by supervised text classification methods. DTWC uses statistical and probabilistic techniques in a hybrid generativediscriminative model of the classification problem. DTWC
is efficient and robust – characteristics much desired for
today’s text classification applications. And, as demonstrated by our evaluations, DTWC’s classification accuracy
is higher than other well-known methods for text classification. In the remaining subsections, we present our discriminative term weighting strategies, term space partitioning and term selection strategy, discrimination information
pooling, linear discriminant learning in the feature space,
and relation of DTWC with the naive Bayes classifier.

3.1

where aj = p(xj = 1|c = k) and bj = p(xj = 1|c =
C\k). Notice that the discrimination information that term
j provides for categories C\k over category k is bj /aj .
Thus, the smallest weight assigned by Eq. 2 is one.
A second strategy for discriminative term weighting is
to use the log-odds for the term. Using this strategy, the
weight for term j is defined as

log(aj /bj ) when aj > bj
wjk =
(3)
log(bj /aj ) otherwise
Following this strategy, the smallest weight is zero which
is consistent with no discrimination information. Nonetheless, Eqs. 2 and 3 are monotonically related with Eq. 2
always giving a larger value than Eq. 3. This difference in
values becomes greater with increasing difference between
aj and bj .
A third strategy for discriminative term weighting is to
use the information theoretic measure known as KullbackLeibler (KL) divergence. The KL divergence of probability
distribution p(x) from q(x) is defined as

Discriminative Term Weighting

In the literature, term weighting has often been employed for effective document representations whereby the
frequency of the term or a derived measure like termfrequency-inverse-document-frequency (TFIDF) is used to
weigh the term. In this paper, we represent a document as a
term occurrence binary vector x = hx1 , . . . , x|T | i and view
term weighting as a measure of the relevance of the term for
the classification problem. As such, term weights are properties of the individual terms and are derived from the training data L and not from an individual document only. This
view will also help us in term space partitioning and term
selection, as described in the next subsection. Each term is
weighed by the discrimination information it provides for a
specific category over the others. We present three discriminative term weighting strategies: odds, log-odds, and KL
divergence.
If a document x contains a term j (i.e. xj = 1) then it is
more likely to belong to category k if p(xj = 1|c = k, L)
is greater than p(xj = 1|c = C\k, L), where notation C\k
denotes all categories but k. Equivalently, a document x is
likely to belong to category k if the odds for category k are
greater than one:

DKL (p(x)kq(x)) =

X
x

p(x) log

p(x)
q(x)

The KL divergence can also be interpreted as the expected
discrimination information for p(x) over q(x). In our context, the two probability distributions are p(xj |c = k) and
p(xj |c = C\k) where xj can take on values of zero and
one. Then, the expected discrimination information provided by knowledge of term j for category k over other categories is given by the KL divergence as
wjk

=
=

DKL (p(xj |c = k)kp(xj |c = C\k)
aj
1 − aj
aj log
+ (1 − aj ) log
bj
1 − bj

(4)
(5)

Unlike the previous two strategies, this term weighting
strategy considers both the occurrence and the absence of
a term. Eq. 4 is also monotonically related with Eqs. 2 and
3. However, unlike Eqs. 2 and 3, Eq. 4 is not symmetric.
In any case, all three equations quantify the discrimination
information provided by term j for discriminating between
category k and categories C\k with larger weights signifying larger discrimination information.

p(c = k|xj = 1)
p(xj = 1|c = k)p(c = k)
=
> 1,
p(C\k|xj = 1)
p(xj = 1|c = C\k)p(c = C\k)
(1)

325

The probabilities aj and bj are estimated from the training data L by maximum likelihood estimation. A Laplacian
prior is used for each event for smoothing (add-one smoothing).

3.2

This equation follows from a linear opinion pool or an ensemble average, which is a statistical technique for comk
bining experts’ opinions [13, 1]. Each opinion (w
j ) is
P
weighted by the normalized term occurrence (xj / xj )
and all weighted opinions are summed yielding an aggregated discrimination score for category k (Scorek (x)) of
the document. If a term i does not occur in the document
(i.e. xi = 0) then it does not contribute to the pool. Also,
terms that do not belong to set Z k do not contribute to the
pool. Similarly, an aggregated discrimination score can be
computed for all terms j ∈ Z C\k as

Term Space Partitioning and Term Selection

The discriminative term weighting strategies described
in the previous section can be used for term space partitioning and discriminating term selection. Our weighting
strategies naturally partitions the terms into two sets: one
set, identified by the index set Z k , contains terms for which
aj > bj and the other set, identified by the index set Z C\k ,
contains the remaining terms. All terms j ∈ Z k provide
evidence for category k over the rest, and this evidence is
quantified in their weights in the form of discrimination information. In the next subsection, we describe how we use
this partitioning to create a discriminative model of the classification problem.
Our weighting strategies also provide a natural way of
selecting highly discriminating and relevant terms. A term
j is selected as relevant for the k versus C\k classification
problem if
wjk ≥ t

Score

(x) =

P

C\k

j∈Z C\k

P

j

xj wj
xj

.

(7)

The two-dimensional feature space is defined by the two
scores Scorek (x) and ScoreC\k (x). In this space, documents are well separated and discriminated, as illustrated
for a spam classification data (Figure 1). We learn the categorization in this space by a linear discriminant function:
f k (x) = αk · Scorek (x) − ScoreC\k (x) + α0

(8)

where αk and α0 are the slope and bias parameters, respectively. The discriminating line is defined by f k (·) = 0. If
f k (·) > 0 then the document x is likely to belong to category k (Figure 1). For a |C| category classification problem,
we learn |C| − 1 discriminant functions each with two parameters. In practice, however, the bias parameter set to
zero often yields better results, leaving only the slope parameter to be learned. The discriminative model parameters
are learned by minimizing the classification error over the
labeled training set L. This represents a straightforward optimization problem that can be solved by any iterative optimization technique [20]. DTWC’s overall classifier function is defined as

where t is a positive valued threshold. All terms that do not
satisfy this condition are discarded from the classification
model. By increasing the value of t, the number of relevant
terms can be reduced by eliminating terms that provide little
discrimination information.
DTWC does not require term selection and dimensionality reduction as it transforms the input terms to a twodimensional feature space (described in the next subsection). However, term selection may be necessary for large
scale applications like personalized spam filtering by e-mail
service providers [16]. For such applications, DTWC’s accuracy can be traded off with its space complexity by varying the value of t.

3.3

C\k

Φ(x) = argmaxk f k (x).

Linear Opinion Pool and Linear Discrimination in Feature Space

(9)

DTWC derives its strength from the discrimination information based term weighting, discrimination information
pooling to form a two-dimensional feature space, and a simple linear discriminative model for classification. These
characteristics make DTWC efficient, in terms of both time
and space, and robust to noise and changing data distributions. DTWC contains three key steps: (1) discriminative term weight computation, which can be done in
one pass over the labeled data set, (2) forming the twodimensional feature space, and (3) learning the parameters
of the discriminating line which can be done efficiently using straightforward optimization algorithms. The DTWC
algorithm is given in Algorithm 1.

We use the two set partitioning of the term space, which
is based on discrimination information, to form a twodimensional feature space. Consider a document x. Each
term j ∈ Z k in the document expresses an opinion regarding the document’s categorization. This opinion is captured
by the discriminative term weight wjk . The aggregated opinion of all these terms is obtained as the linear combination
of individuals’ opinions:
P
k
j∈Z k xj wj
k
P
Score (x) =
(6)
j xj
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Algorithm 1 DTWC
Input: set of labeled documents L, set of unlabeled documents U
Output: labels for documents in U

15000
Spam Emails
Non−Spam Emails

On training data L
for k = 1 to |C| − 1 do
for j = 1 to |T | do
C\k
compute wjk and wj (Eq. 2, 3, or 4)
end for
compute Scorek (x) and ScoreC\k (x) (Eqs. 6 and 7)
learn parameters αk and α0
end for

Scorek(x)

10000

k

k

C\k

α * Score (x) − Score

0

(x) + α

5000

0

0

0.5

1

1.5

On test data U
for k = 1 to |C| − 1 do
compute Scorek (x) and ScoreC\k (x) (Eqs. 6 and 7)
compute f k (x) (Eq. 8)
end for
output k = argmaxk f k (x) (Eq. 9)

2

ScoreC\k(x)

4

x 10

Figure 1. The two-dimensional feature space
and the linear discriminant function for a
spam classification problem

3.4

Relation to Naive Bayes Classifier
that the structure of the discrimination score computation
(Eqs. 6 and 7) is similar to the summation in Eq. 10 and
the bias parameter α0 corresponds to the first term in Eq.
10. The log-odds for term j in Eq. 10 corresponds to the
log-odds discriminative weighting strategy in DTWC.

In this section, we develop the naive Bayes classifier and
show its relation to DTWC. The odds that a document x
belongs to category k rather than categories C\k can be
written as
p(c = k|x)
p(x|c = k)p(c = k)
=
p(c = C\k|x)
p(x|c = C\k)p(c = C\k)

However, there are also significant differences between
DTWC and naive Bayes. (1) The discrimination scores in
DTWC are normalized (for each document) using the L1
norm. Document length normalization is typically not done
in naive Bayes classification, and when it is, the L2 norm is
used. Recently, it has been shown that performing L1 document length normalization improves the precision of naive
Bayes for text classification [17]. (2) DTWC partitions the
summation into two, based on discrimination information,
and then learns a linear discriminative model of the classification. Naive Bayes, on the other hand, is a purely generative model with no discriminative learning of parameters.
(3) DTWC allows the use of different discriminative term
weighting strategies as long as they quantify the discrimination information that a term provides for one category
over the others. (4) DTWC does not require the naive Bayes
assumption of conditional independence of the terms given
the category.

Assuming that the occurrence of each term is independent
of others given the category, the document odds on the righthand side becomes a product of terms’ odds. The naive
Bayes classification of document x is category k when

xj
p(c = k) Y
p(xj |c = k
>1
p(c = C\k) j
p(xj |c = C\k)
Equivalently, taking the log of both sides, the above expression can be written as
log

X
p(c = k)
p(xj |c = k)
+
xj log
> 0 (10)
p(c = C\k)
p(x
j |c = C\k)
j

This equation computes a non-negative score, and when this
score is greater than zero the naive Bayes classification for
the document x is k. Notice that only those terms are included in the summation for which xj = 1.
Comparing the naive Bayes classifier, as expressed by
Eq. 10, with DTWC yields some interesting observations.
The discriminative model of DTWC is similar to Eq. 10 in

DTWC will be identical to naive Bayes when the logodds term weighting strategy is used, discrimination scores
are not normalized, and the slope parameter αk is equal to
one.
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4 Evaluation Setup

[22]. We holdout 400 examples of each class for testing and
randomly select different numbers of examples for training.
The SRAA (Simulated/Real/Aviation/Auto) data set 1 is
a collection of 73,218 documents from four newsgroups
(simulated-aviation, simulated-auto, real-aviation, and realauto), representing a 4 category classification problem. We
remove the HTML header and the stop words using the Mallet toolkit [22]. We holdout 1000 examples of each class for
testing and randomly select different numbers of examples
for training.

We evaluate DTWC on three commonly-used text classification data sets – personalized spam filtering, movie
review, and SRAA – and compare its performance with
four other classifiers – Naive Bayes (NB), Maximum Entropy (ME), Balanced Winnow (BW), and Support Vector
Machine (SVM). The performance of DTWC with odds
(DTWC-O), log-odds (DTWC-LO), and KL divergence
(DTWC-KL) discriminative term weighting strategies is reported. For naive Bayes, Maximum Entropy, and Balanced
Winnow we use the implementation provided by the Mallet
toolkit [22]. For SVM, we use the implementation provided
by SV M Light [15]. We report the classification accuracy
for spam data set, and the mean and standard deviation of
classification accuracy for movie and SRAA data sets calculated over 5 runs of the algorithms.

4.1

4.2

Tuning the Algorithms

Documents are represented by term frequency vectors
for the NB, ME, BW, and SVM classifiers. For DTWC,
however, we use term occurrence vectors for document representation. An extensive evaluation of DTWC with different document vector representations is beyond the scope
of this paper, although we do find that the term occurrence
representation outperforms the term frequency representation on the Spam data set. The default algorithm settings
provided by Mallet are adopted for NB, ME, and BW.
The SVM (using SV M Light ) is tuned for each data set
by evaluating its performance on a validation set that is a
30% holdout of the training set. The SV M Light parameter C that controls the trade-off between classification error
and margin width is tuned for each data set. Similarly, we
evaluate the performance of SVM with both linear and nonlinear kernels and find the linear kernel to be superior. This
observation is consistent with that reported in the literature
[18, 10, 30]. We perform document length normalization
using L2 (Euclidean) norm. This improves performance
slightly from the non-normalized case, as observed by others as well [25, 10, 30]. We keep the remaining parameters
of SV M Light at default values. There are no tunable parameters in DTWC (we keep the threshold t = 0, unless
mentioned otherwise).

Data Sets

In all three data sets, documents are represented as bagof-words/terms. We convert them to formats in which documents are represented by term frequency vectors and term
occurrence vectors. Where applicable stop words, HTML
tags, and message headers are removed from the data sets.
The personalized spam filtering data set, henceforth
identified as the Spam data set, captures the e-mail classification problem in which individual user’s e-mails are labeled as either spam or non-spam (2 categories) after learning from a general labeled training set. This data set corresponds to data set A provided by the 2006 ECML/PKDD
Discovery Challenge [3]. It contains a labeled training set
of 4000 e-mails and three unlabeled users inboxes of 2500
e-mails each. The composition of the training set is: 50%
spam e-mails sent by blacklisted servers of the Spamhaus
project (http://www.spamhaus.org), 40% non-spam e-mails
from the SpamAssassin corpus, and 10% non-spam e-mails
from about 100 different subscribed English and German
newsletters. The composition of e-mails in users inboxes is
more varied with 50% non-spam e-mails of distinct Enron
employees from the Enron corpus and 50% spam e-mails
from various sources. Low frequency terms have already
been removed. A key characteristic of this data set is that the
distribution of e-mails in the training set is different from
those in the users’ inboxes (test sets).
The movie review data set, henceforth identified as
the Movie data set, captures the sentiment classification problem in which movie reviews from IMDB (Internet Movie Database) are labeled as either positive
or negative (2 categories). This data set is obtained
from http://www.cs.cornell.edu/people/pabo/movie-reviewdata. It consist of 2000 positive and 2000 negative reviews.
We remove the stop words/terms using the Mallet toolkit

5 Results and Discussion
5.1

Classification Accuracy

Tables 1, 2, and 3 show the classification accuracies
of DTWC, naive Bayes (NB), maximum entropy (ME),
balanced winnow (BW), and SVM on Spam, Movie, and
SRAA data sets, respectively. The results for DTWC with
odds, log-odds, and KL divergence discriminative term
weighting strategies are identified by DTWC-O, DTWCLO, and DTWC-KL, respectively. For Movie and SRAA
data sets, we give the mean and standard deviation of the
classification accuracies over five runs of the classifiers with
1 http://www.cs.umass.edu/
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mccallum/code-data.html

Table 1. Accuracy results for Spam data set. The training set and each user’s inbox contain 4000 and
2500 e-mails, respectively.
Inbox

DTWC-O

DTWC-KL

DTWC-LO

NB

ME

BW

SVM

Inbox 1
Inbox 2
Inbox 3
Avg

91.00
92.36
87.52
90.29

79.88
82.24
68.88
77.00

91.12
91.80
88.60
90.56

81.24
83.80
87.88
84.30

62.20
68.16
78.92
69.76

61.00
64.76
73.44
66.40

64.40
69.56
80.24
71.40

Table 2. Accuracy results for Movie data set. Means plus/minus standard deviations are computed
from 5 runs with randomly drawn training sets of sizes specified in the first column and randomly
selected test sets of size 800.
Ex.

DTWC-O

DTWC-KL

DTWC-LO

NB

ME

BW

SVM

600
500
400
300
200
Avg

80.90 ± 1.13
82.47 ± 1.50
79.84 ± 1.94
79.64 ± 1.00
78.02 ± 1.46
80.17

82.32 ± 0.83
83.24 ± 1.14
81.52 ± 0.79
82.27 ± 1.36
80.87 ± 1.28
82.04

81.35 ± 0.83
82.40 ± 1.21
81.42 ± 0.80
80.07 ± 0.91
79.30 ± 1.90
80.91

79.25 ± 1.15
80.74 ± 0.37
79.17 ± 1.08
77.57 ± 1.01
76.42 ± 1.57
78.63

82.14 ± 0.50
81.32 ± 0.50
79.62 ± 1.28
77.97 ± 1.56
76.32 ± 0.92
79.47

78.89 ± 0.86
77.92 ± 2.31
78.34 ± 1.58
76.09 ± 1.36
74.12 ± 1.86
77.07

81.85 ± 0.91
81.35 ± 1.78
79.65 ± 1.07
78.52 ± 1.33
76.10 ± 1.22
79.49

each run using randomly chosen examples for training and
testing. For Spam data set, we give classification accuracies
for each user inbox.
The results show that for all the runs, DTWC outperforms all the other classification algorithms. This is also
true for averaged results. The average performance of
DTWC on the Spam data set is impressive (90.56% by
DTWC-LO) with the second best performance being over
6% lower. The personalized spam filtering problem is challenging because the distributions of e-mails in the training
set and the users’ inboxes are quite different. As such, although ME, BW, and SVM can achieve a high accuracy on
the training set, their generalization onto the unseen data is
very poor. Usually for such differing distribution classification problem settings, techniques that make use of the users’
inboxes (unlabeled data) during learning, i.e., transductive
or semi-supervised learning, will achieve better results [16].
Nonetheless, DTWC, which uses supervised learning, appears to be little affected by this change in distribution of
the two sets. The naive Bayes classifier appears to be second
least affected by this change. The SVM performs poorly on
this data set. The superior performance of DTWC can be
attributed to the discriminative term-based model of spam
and non-spam and the simple and generalized discriminative model. An interesting observation for the Spam data
set is that DTWC-KL’s performance is significantly lower
than that of DTWC-O and DTWC-LO. DTWC-KL uses the
KL divergence as the discriminative term weighting strategy as opposed to the odds and log-odds strategies used by

the other two. This observation needs further investigation.
Here we only conjecture that this may be related to the consideration of both presence and absence of terms in the context of personalized spam classification.
The distribution of training and testing sets are similar
for the Movie and the SRAA data sets. For these data sets
also, DTWC outperforms the other algorithms. The improvement, however, is less significant as compared to that
for the Spam data set. DTWC-KL is the best performer
for the Movie data set, while DTWC-O is the best performer for the SRAA data set. The results obtained by NB,
ME, and SVM are comparable to those reported in [10, 21].
DTWC’s performance appears slightly lesser than that of
multi-conditional learning reported in [21]; however, their
exact evaluation and data set up is not known so a direct
comparison is not possible. Notice that the performance of
DTWC degrades gracefully as the number of examples in
the training set is reduced.

5.2

Parameter Estimation

DTWC uses a set of generative model parameters – the
discriminative term weights – and |C| − 1 discriminative
model parameters – the slope αk and bias α0 . The weights
are computed from the labeled training set by maximum
likelihood estimation. This is a straightforward computation requiring a single pass over the training set. The discriminative model parameters are learned by minimizing
the classification error over the labeled training set. This
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Table 3. Accuracy results for SRAA data set. Means plus/minus standard deviations are computed
from 5 runs with randomly drawn training sets of sizes specified in the first column and randomly
selected test sets of size 4000.
Ex.

DTWC-O

DTWC-KL

DTWC-LO

NB

ME

BW

SVM

1500
1000
500
250
150
Avg

93.41 ± 0.30
92.94 ± 0.14
91.26 ± 0.51
88.88 ± 0.42
86.63 ± 0.22
90.62

88.61 ± 0.66
88.50 ± 0.37
87.50 ± 0.81
85.52 ± 0.72
83.74 ± 0.96
86.77

91.93 ± 0.10
91.14 ± 0.37
88.48 ± 0.61
83.60 ± 1.41
78.12 ± 1.31
86.65

92.72 ± 0.31
92.10 ± 0.67
90.59 ± 0.67
88.05 ± 0.92
85.69 ± 0.69
89.83

90.53 ± 0.58
89.12 ± 0.26
86.75 ± 0.60
83.28 ± 0.17
81.87 ± 1.02
86.31

88.23 ± 0.46
87.54 ± 0.37
85.01 ± 0.82
81.94 ± 0.54
79.97 ± 1.01
84.54

91.54 ± 0.36
89.34 ± 0.30
86.73 ± 1.36
84.52 ± 0.37
83.58 ± 1.17
87.14

4

4

x 10

92
90

3.5

88
3

Accuracy (%)

Number of terms

86
2.5
2
1.5

84
82
80
78

1
76
0.5
0

74
0

0.02

0.04
0.06
Threshold t

0.08

72

0.1

0

0.02

0.04
0.06
Threshold t

0.08

0.1

Figure 2. Number of terms selected versus
threshold t for Spam data set (DTWC-O)

Figure 3. Average accuracy versus threshold
t for Spam data set (DTWC-O)

is a convex optimization problem, as empirically verified
from the error versus slope parameter graph (Figure 4). The
bias parameter, which is usually close to zero in our evaluations, can be determined after learning the slope parameter.
The optimization problems can be solved efficiently by an
iterative optimization technique or by grid search.

average accuracy (averaged over the 3 inboxes) of DTWCO for Spam data set. It is seen that even when the number of
terms is reduced by one-eighth (from 40516 to 4913 terms)
the average accuracy value for DTWC is still higher than the
second best performer, i.e., naive Bayes. This result demonstrates the robustness and scalability of our algorithm, and
its suitability for application like personalized spam filtering by e-mail service providers.

5.3

Term Selection

The threshold t can be used to trade-off DTWC’s space
requirement and accuracy performance. This is evident
from Figure 2 which shows the variation of the number of
selected terms with threshold t for the Spam data set (using DTWC-O). The number of selected terms drops significantly with only a small increase in t. Remarkably, however, the classification accuracy does not decrease drastically (Figure 3). Table 4 shows the number of terms and the

6 Conclusion
In this paper, we describe a new text classification
method, named DTWC, based on discriminative term
weighting, discrimination information aggregation, and linear discrimination in a two-dimensional feature space. Each
term in the classification problem is assigned a weight that
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mance is substantially better in situations where the training
and testing sets follow different distributions. We also discuss the efficiency and robustness characteristics of DTWC
by evaluating its performance against term selection.
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