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We propose a maximal figure-of-merit (MFoM)-learning approach for robust classifier design, which
directly optimizes performance metrics of interest for different target classifiers. The proposed ap-
proach, embedding the decision functions of classifiers and performance metrics into an overall
training objective, learns the parameters of classifiers in a decision-feedback manner to effectively
take into account both positive and negative training samples, thereby reducing the required size
of positive training data. It has three desirable properties: (a) it is a performance metric, oriented
learning; (b) the optimized metric is consistent in both training and evaluation sets; and (c) it is
more robust and less sensitive to data variation, and can handle insufficient training data sce-
narios. We evaluate it on a text categorization task using the Reuters-21578 dataset. Training an
F1-based binary tree classifier using MFoM, we observed significantly improved performance and
enhanced robustness compared to the baseline and SVM, especially for categories with insufficient
training samples. The generality for designing other metrics-based classifiers is also demonstrated
by comparing precision, recall, and F1-based classifiers. The results clearly show consistency of
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performance between the training and evaluation stages for each classifier, and MFoM optimizes
the chosen metric.

Categories and Subject Descriptors: H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval; I.5.2 [Pattern Recognition]: Design Methodology

General Terms: Algorithms, Performance, Experimentation, Theory

Additional Key Words and Phrases: Text categorization, information retrieval, maximal figure-of-
merit, generalized probabilistic descent method, latent semantic indexing, decision tree

1. INTRODUCTION

Text categorization (TC) is the process of classifying a text document into prede-
fined categories. It is an important research problem in information retrieval
(IR), information extraction and filtering, and natural language processing.
In the past two decades TC has received much attention [Sebastiani 2002].
A number of machine learning approaches to TC have been proposed. They
are the Bayesian method [Lewis et al. 1994; Makoto et al. 1995; McCallum
et al. 1998], k-nearest neighbors (kNN) [Masand et al. 1992; Yang 1994; Yang
et al. 1999], Rocchio algorithm [Buckley et al. 1994; Joachims 1997] artifi-
cial neural networks (ANN) [Guo et al. 1992; Liu et al. 2001; Ng et al. 1997;
Ruiz et al. 1999; Schutze et al. 1995], support vector machines (SVM) [Cortes
et al. 1995; Joachims, 1998, 2002], boosting [Schapire et al. 2000], decision tree
(DT) [Breiman et al. 1984; Brodley et al. 1995; Guoet et al. 1992; Lewis et al.
1994; Quinlan 1993; Utgoff et al. 1991], and hidden Markov model (HMM)
[Denoyer et al. 2001; Miller et al. 1999]. Some software packages, such as C4.51,
CART2, and SVM3, are also widely available to researchers.

For a given classification problem, some metrics are often chosen to evalu-
ate the performance of the classifiers. These measures may be different from
one application to another. For instance, precision, recall, and F1 measures are
widely used in the TC and IR communities. For evaluating speaker verification
performance, a combination of false alarms and false detection errors, called
detection cost function, is commonly adopted. However, the aforementioned
metrics only measure the performance of classifiers at one chosen operating
point of the ROC (receiver operating characteristic) curve. To measure the per-
formance of classifiers on the overall operating points, the use of a full ROC
curve is a good candidate. Recently, there has been growing interest in ma-
chine learning community in studying the ROC-related metrics such as the
AUC (area under the ROC curve) for evaluation and classifier design [Fawcett
2003; Flach 2003; Yan et al. 2003]. One possible empirical estimation of the
AUC is mean average precision (MAP), which is a measure adopted in TREC
video retrieval evaluation4 to evaluate the ranking performance of classifiers
for semantic visual concept detection. In order to cater to different application
requirements and to the need to measure the performance of classifiers based

1http://www.cse.unsw.edu.au/∼quinlan/.
2http://www.salford-systems.com/.
3http://www.ece.umn.edu/groups/ece8591/software/svm.html.
4http://www-nlpir.nist.gov/projects/tv2005/tv2005.html.
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on different performance metrics, it is desirable for classifier designers to have
a flexible system-training tool that is geared to optimizing a given performance
measure based on the application requirements. However, most conventional
techniques train the classifiers using the same algorithms for all real-world ap-
plications, without concern for the required evaluation criteria. Instead, they
train the classifier by tuning a set of parameters empirically.

In this article we proposed a maximal figure-of-merit (MFoM) approach to
overcoming the preceeding problems by optimizing different performance met-
rics of interest directly [Gao et al. 2003]. MFoM works by: (a) optimizing a
given classifier for a chosen metric; (b) providing a unified framework to fa-
cilitate the formulation of the metric-oriented objective function; and (c) max-
imizing the margin between the decision boundaries for robustness. It has a
consistent learning objective for both training and testing with different per-
formance evaluation metrics of interest for a given application. Some smoothing
functions are defined to directly integrate the desired discrete quantities (e.g.,
recall, precision, and F1) into a continuous and differentiable objective func-
tion of the classifier parameters. The key lies in formulating a one-dimensional
quantity, called the class misclassification function, which measures the degree
of separation between the desired class and competing classes. The formula-
tion is flexible and applicable to both two-class and multiclass classification
problems. By embedding the overall training objective into the decision func-
tions used by the classifiers, MFoM is capable of learning the parameters of the
classifiers in a decision-feedback manner to effectively take into account both
positive and negative training samples, and therefore, reduce the required size
of the training set. A generalized probabilistic descent algorithm is applied to
solve the highly nonlinear optimization problem. Compared with other learning
approaches, MFoM has the following advantages: (a) it can be tailored to dif-
ferent performance metrics for text categorization, given the interest of users;
(b) it has consistency of the optimized metric on both training sets and evalu-
ation sets; and (c) it can deal with insufficient training data because of its re-
duced sensitivity to data variation. We evaluated MFoM on the Reuters-21578
text categorization task. In all the experiments, we adopted a binary decision
tree classifier with a linear discriminant function trained by MFoM at each
internal node. Moreover, to demonstrate the generality of MFoM for design-
ing classifiers for different metrics, we trained the MFoM classifiers based on
precision, recall, and F1, respectively. The results clearly show that the perfor-
mance of each classifier is consistent between the training stage and evaluation
stage, and that the classifier is able to get the best chosen metric on the testing
data.

The idea of directly optimizing performance metrics of interest is not only
important for researchers working in the area of text categorization, but is also
quite useful for a wider audience that is working on other problems, such as
spam filtering, automated workflow, document retrieval, insider threat detec-
tion, etc. Given a task, an appropriate metric can be chosen for it and an optimal
system can be designed accordingly using MFoM. In order to better study and
discuss the properties of MFoM, we particularly focus in this article on the
application of MFoM to text categorization on the Reuters dataset be to. We
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expect readers specific triggered by the methodology of the proposed approach
and apply it to their specific problems.

To learn a classifier, most approaches aim at learning the parameters of the
joint distribution, P (X , C), between the observed feature vector, X , of a doc-
ument and its corresponding category, C. It is well known that if P (X , C) is
specified exactly, an optimal classifier can be designed to minimize the Bayes
risk [e.g., Duda et al. 2001; Lee et al. 2000]. Unfortunately, for most real-world
problems, the exact form is usually unavailable. Even if we are lucky enough to
be given the distribution form, its parameters would still need to be estimated
from a labeled training set. Two popular discriminative learning approaches to
training TC classifiers are ANN and SVM. They do not directly estimate the
joint distributions. Instead, SVM attempts to learn the hyperplanes that max-
imally separate the different categories and its estimation is usually based on
a structural risk-minimization principle, while the ANN framework attempts
to map the input feature vectors provided by the training samples to some
desired category labels through minimizing the mean-squared error between
the designated labels and the network outputs. In contrast to ANN and SVM,
the Bayesian learning principle tries to learn the joint distribution,P (X , C). To
reduce the complexity of the design, P (X , C) is usually decomposed into two
learning components, P (X |C) and P (C), known as the conditional class and
prior class distribution, respectively. In most pattern recognition scenarios, the
latter is assumed to be equally probable and is ignored [Lewis et al. 1994;
Makoto et al. 1995; McCallum et al. 1998]. The former is generally assumed to
be a distribution with a known form, for example, multinomial densities in naı̈ve
Bayes approaches for text applications [Lewis et al. 1994; Makoto et al. 1995;
McCallum et al. 1995] and mixture Gaussian densities in HMM for automatic
speech and speaker recognition [Lee et al. 1996]. Maximum likelihood (ML)
techniques are then used to estimate the corresponding distribution parame-
ters. When the actual testing data does not support this assumed conditional
class distribution, system performance is often degraded. To overcome this de-
ficiency, a new minimum classification error (MCE) framework [Juang et al.
1997; Katagiri et al. 1998; Kuo et al. 2003; Lee et al. 2000] was proposed to di-
rectly minimize the empirical error of the training set. Nonlinear optimization
techniques such as generalized probabilistic descent (GPD) algorithms [Katagiri
et al. 1998] were used to solve classifier parameters in an iterative manner. The
MCE techniques attempt to estimate the decision boundaries between compet-
ing classes without the need to estimate the distribution forms and their param-
eters. They are therefore applicable to any classifier and any class conditional
distribution. This is similar to the ANN and SVM approaches discussed earlier.
Furthermore, a measure of the expected separation between competing classes
is also explicitly maximized in the optimization process, and therefore, classi-
fier performance and robustness are both enhanced. The MCE and related tech-
niques have been successfully applied to many speech and speaker recognition
problems [Juang et al. 1997; Katagiri et al. 1998]. Recently, it has been extended
to the vector-based call routing and document retrieval [Kuo et al. 2003].

There are plenty of TC studies available in the literature. The reader
is referred to a recent tutorial [Sebastiani 2002] for an in-depth look at
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state-of-the-art TC techniques. The remainder of the article is organized as
follows. The next section introduces the theory of MFoM. Section 3 lays out
the iterative GPD algorithm for training MFoM tree classifiers. In Section
4 we show the experimental results based on the Reuters-21578 task and
their detailed analyses. Brief discussions on nonlinear classifiers and con-
vexity are presented in Section 5. Finally, we summarize our findings in
Section 6.

2. MAXIMAL FIGURE-OF-MERIT LEARNING APPROACH

Most evaluation metrics of interest in classification are the discrete functions of
error counts and they are often not differentiable from the classifier parameters,
so some smooth approximation is needed to embed the given classifier decision
rules into the overall objective functions for optimization. Motivated by the
previous observation, we propose the maximal figure-of-merit (MFoM)-learning
approach that can optimize different performance metrics of interest, given
different target classifiers.

2.1 Performance Metrics

A set of metrics is needed to evaluate the performance of classification systems.
To achieve the best performance for different applications with different re-
quirements, it is important to take into account the effect of these metrics on
the design of the classifier. Here, we only discuss three measures (precision, re-
call, and the F1 measure) widely used in TC. They are denoted byPj , R j , and F j

for a class Cj , respectively (the subscript j here is the category index), and de-
fined as

P j = TP j

TP j + FP j
(1)

R j = TP j

TP j + FN j
(2)

F j = 2Pj R j

R j + Pj
= 2TP j

FP j + FN j + 2TP j
(3)

TP j (true-positive): number of documents correctly assigned;
FP j (false-positive): number of documents falsely accepted;
FN j (false-negative): number of documents falsely rejected.

From these definitions it is clearly seen that these metrics are discrete quan-
tities for counting errors. It is well known that the preceeding performance
measures are closely related to the classifiers. However, this relationship is im-
plicit without any explicit continuous and differentiable function. Therefore, it
is impossible to estimate the parameter of the classifier by optimizing these
measures directly. Here, we will discuss some approximation functions to fix
the aforementioned problems.
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Fig. 1. The setting of sigmoid function parameters.

2.2 Approximating Overall Performance Metrics

To formulate a continuous and differentiable performance metric, a class loss
function, l j (X ; W ), is defined for each class, Cj , to approximate the error counts.
Its value should be close to 0 for correct, and 1 for incorrect classification, re-
spectively. Clearly, this loss is a function of the document feature vector, X ,
and the classifier parameters, W . We can then estimate the true-positive, false-
positive, and false-negative functions for Cj by summing over all samples in
the training set, T , as follows:

TP j ≈
∑
X∈T

(1 − l j (X; W )) · 1(X ∈ Cj ) (4)

FP j ≈
∑
X∈T

(1 − l j (X; W )) · 1(X /∈ Cj ) (5)

FN j ≈
∑
X∈T

l j (X; W ) · 1(X ∈ Cj ) (6)

where 1(A) is an indicator function of any logical expression, A. As for the choice
of an appropriate loss function, any smooth 0-1 function of a one-dimensional
variable approximating a step function at the origin will be sufficient. The
sigmoid function shown in the following is often adopted [Juang et al. 1997;
Katagiri et al. 1998; Kuo et al. 2003; Lee et al. 2000]:

l j (X ; W ) = 1
1 + e−[αd j (X ;W )+β]

, (7)

where d j (X ; W ) is a class misclassification function as defined in Eq. (8), α is a
positive constant that controls the size of the learning window and the learning
rate, and β is a constant measuring the offset of d j (X ; W ) from 0. For simplicity,
we refer to the value of d j (X ; W ) as d-value in what follows.

Figure 1 illustrates the three sigmoid function curves in Eq. (7) with three
different settings for α and β. Also shown is the adjusted area (known as the
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learning window near the decision boundary) for the parameter setting, α = 1
and β = 0. Only training samples with a d -value falling in this area can be
effectively used to update the classifier parameters in MFoM. For the others,
the gradient of Eq. (7) is close 0 (see Section 3 for further discussion). This
property is similar to SVM, where only the support vectors affecting the decision
boundary are adjusted. Since the range of variation for the d -value is different
for various real-world classification problems, it is necessary to select a suitable
α empirically, so that αd j (X ; W )+β falls in the adjusted area for most training
samples. If α is set very high, the curve in the learning window will become very
steep, thus the adjusted area becomes too narrow. The setting for β is related
to finding the location of the decision boundary between the two competing
classes. Their values can be set according to the distribution of d j (X ; W ) in the
training set. With more samples located in the adjusted area, better learning
is achieved.

To complete the definitions in Eq. (4)–(7), the final step is to define the class
misclassification function, d j (X ; W ), that is negative for a correct decision and
positive, otherwise. In binary tree classifiers, and with linear discriminant func-
tion (LDF) decision rules at every internal node (see Section 3), we have the
following natural choice (note: j ∈ �, the set of all classes, with � = {C+, C−})
for the binary case:

{
d j (X; W ) = − f (X, W ) for X ∈ C+
d j (X; W ) = f (X, W ) for X ∈ C− (8)

and

f
(
W, X

) =
R∑

k=1

wkxk − w0 = W T · X , (9)

where R is the feature dimension, W = [w0, w1, . . . , wR]T is the augmented
weight vector (which should be learned from the training data), and X =
[−1, x1, x2, . . . , xR]T is the augmented feature vector for a document.

For a single-level binary tree classifier, the measure in Eq. (8) serves as a
simple way to embed the classifier into the performance metrics of interest.
However, in the multilevel binary tree classifiers we are designing, there are
no simple ways to of define an overall misclassification measure in a global
manner. Instead, we repetitively use the function in Eq. (8) in every internal
node of the tree. This results in the need to optimize node-level performance
metrics in a recursive manner. Although a local optimization at each individual
node does not necessarily lead to a global optimization of the entire tree, such
a node-by-node optimization process of the performance metrics has produced
satisfactory results, just like in the case of designing multilevel binary tree
classifiers.

Now we are ready to formulate an overall objective function to serve as a
figure-of-merit for a given application. For example, using the class F1 measure
defined in Eq. (3), we can easily define an overall approximate F1 measure, as
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follows (|�|: the total number of categories):

F (T ; W ) = 1
|�|

∑
j∈�

F j = 1
|�|

∑
j∈�

2TP j

FP j + FN j + 2TP j
. (10)

The optimal classifier can be obtained by optimizing Eq. (10). In this article,
we study the binary tree classifiers for multiple category classification, where
N binary classifiers are trained independently. However, it is difficult to si-
multaneously learn a set of LDF classifiers. A feasible solution used in our
experiments is to train each LDF classifier in each node independently, max-
imizing its F1 measure using only the partial training samples entered into
it.

Other metrics, such as recall and precision of both positive and negative
samples, can also be used when training the LDF classifier. One example is
to define the following approximated error rate at each node using the MCE
objective function (L: the total number of samples in the training corpus, T ),

L(T ; W ) = 1
L

∑
X∈T

∑
j∈�

l j (X ; W ) · 1(X ∈ Cj ). (11)

Minimizing the preceeding equation will generate a classifier that optimizes
the minimal classification error rate.

Similarly, interested readers can design their objective functions with re-
spect to other metrics, such as AUC, MAP, etc. Furthermore, MFoM also can
be exploited to solve the regression problem. Since the loss function can be
used to explain how much of the probability of the target is mispredicted by the
model, it is feasible to apply it to the regression problem. For example, when the
regression error is mapped using a loss function such as Eq. (7), an objective
function for regression errors can be defined as Eq. (11), and is solved using
the MFoM algorithm. Similarly, in the case of a KL-divergence as a distance
measure between the correct distribution and the predicted one, this distance
can also be mapped using the loss function and then the MFoM can be used
to solve the model estimation. However, further study should be done on the
efficiency and effectiveness of MFoM learning in other domains. It is out of our
discussion in this article.

2.3 From Binary to Multiple-Category Classifiers

The MFoM formulation for training binary classifiers can be extended to more
complex cases, for example, designing discriminative multiple-category clas-
sifiers. For a decision rule that classifies a given document X into one of N
categories, a popular choice is to maximize over all class scores, that is,

C (X ) = arg max
j∈�

[g j (X ; W )], 1 ≤ j ≤ N , (12)

where C(X ) is the class label assigned by the decision rule, g j (X ; W ) is a class-
discriminant function to compute the score for class j , and W is the entire set
of parameters of all the classifiers. Such rules have been used extensively in
other applications such as automatic speech recognition, in which one out of
many possible sentences is chosen as the most likely recognized string. This,
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of course, cannot be easily accomplished by conventional binary classifiers. In
multiple-category classification, a correct classification decision is made for a
document X coming from the class Cj if C(X ) = Cj , that is, ∀i

g j (X ; W ) > gi �= j (X ; W ) X ∈ Cj . (13)

One way to embed the discrete decision rule in Eq. (12) into an optimization
objective function is to define a one-dimensional class misclassification function,
d j (X ; W ), such that Eq. (13) is equivalent to d j (X ; W ) < 0 in the case of a
correct decision. This can be accomplished, as follows from Juang et al. [1997],
Katagiri et al. [1998], Kuo et al. [2003], and Lee et al. [2000]:

d j (X ; W ) = −g j (X ; W ) +
[

1
|�| − 1

{∑
i,i �= j

gη

i (X ; W )
}]1/η

, (14)

where η is a positive constant. The second term of the previous RHS is the
geometric average of all the scores from other competing classes. It is noted
that when η approaches ∞, the term converges to the highest among the com-
peting scores. In general, Eq. (14) <0 if Eq. (13) is true, but not vice versa.
Intuitively, the absolute value of the quantity in Eq. (14) characterizes the
separation between the correct and competing classes. We can maximize this
separation by minimizing the expected value of d j (X ; W ) or any nondecreas-
ing function of it. Again, the same loss function as defined in Eq. (7), can be
used to approximate the error. As an illustration for the MCE case, the to-
tal error could be approximated similarly as is shown in Eq. (11). This is also
the overall objective function to be optimized. Then, GPD algorithms can be
used to find the solution. There are no other known formulations capable of di-
rectly solving this type of discriminative multiple-category classification prob-
lem. We have developed such an MFoM learning approach to multiple-category
TC. This new framework and some experimental results have been reported in
Gao et al. [2004].

3. ALGORITHMS FOR LEARNING MFoM CLASSIFIERS

We select the binary tree classifier as the baseline classifier in the article and
focus on training the binary tree classifiers by optimizing each internal node
of the tree using MFoM. Readers can choose other classifiers of interest to
implement the corresponding MFoM classifiers, using the same methodology
discussed earlier. We start from the binary tree generation algorithm.

3.1 Learning the Baseline Binary Tree Classifier

In the community of TC, the multiple-category classification problem is often
solved by independently designing a set of N binary classifiers, each only deter-
mining if a document is relevant to a specific category. Each binary classifier
is trained from a category-based training set, which is obtained by relabeling
each document in the training corpus, T , with either the positive class, C+, if
it is relevant to the category or the negative class, C−, if irrelevant. Figure 2
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Fig. 2. A multilevel binary tree classifier.

shows an example of the binary tree classifier. Each leaf node is given a rel-
evance label (positive or negative). All training samples that enter into it are
classified according to the node label. Recursive splitting is then performed to
build the tree node-by-node.

For each node a decision rule is defined. In this study we use an LDF (see
Eq. (9)) that can be learned from these samples corresponding to the node. The
tree generation algorithm is briefly outlined as follows. First, the decision rule
is applied to split the samples at the root node into two child nodes, the Yes
node (the node pointed to by a solid arrow line, the left branch of a node in
Figure 2) and the No node (pointed to by a dashed arrow line, the right branch
of a node in Figure 2). For any document with the feature X , if f (W, X ) > 0, it
is assigned to the Yes node. Otherwise, it is assigned to the No node. A similar
decision rule is also applied at each internal node. If a decision will be made
at the internal node, then the Yes node corresponds to the positive class (C+)
while the No node refers to the negative class (C−). The optimal parameters,
W , are learned using the MFoM algorithm discussed in the following. This
procedure runs recursively until there are no more nodes left to be split. At
this point, a binary tree classifier is finally established. In testing for a given
document with the feature X , the learned tree classifier assigns the document
to either the positive class or the negative. The process starts from the root. If
f (W, X ) > 0, it enters the Yes node (left branch). Otherwise, it enters the No
node (right branch). It continues until a leaf is reached, and the label at the
leaf is then assigned to the document.

Many algorithms are proposed to find the weights of LDF [Breiman et al.
1984; Brodley et al. 1995; Quinlan 1993; Utgoff et al. 1991]. In this article, we
use a conventional gradient descent algorithm based on the perceptron crite-
rion function, L(T ; W ), defined now [Duda et al. 2001] for training the linear
classifier at each internal node to obtain the baseline tree classifier,

L(T ; W ) =
∑
X∈T

− f (W, X ). (15)
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By minimizing the perceptron criterion, the parameters can be updated itera-
tively using the batch perceptron algorithm [Duda et al. 2001],

Wt+1 = Wt + εt ·
∑
X∈Tt

X , (16)

where Tt is the set of incorrectly classified samples and εt is the learning con-
stant at the t-th iteration.

3.2 Learning MFoM Binary Tree Classifiers

In Section 2 we discussed how to approximate performance measures. Using the
definitions in Eqs. (4)–(9) for a class j , an objective function can be formulated.
For example, the loss function is defined as L(T ; W ) = −F (T ; W ) in Eq. (10) in
the case of using the F1 measure as the performance metric, while it is set to
L(T ; W ) = F (T ; W ) in Eq. (11) in the case of employing the classification error
as the metric. From the aforementioned definitions, the objective function is a
continuous and differentiable function of the parameter vector, W . As discussed
in Section 2.2, we do not try to jointly train N binary tree classifiers for opti-
mizing the overall performance metric in our experiments. Instead, the binary
tree classifier for each category is independently built by splitting a node using
the learned LDF for optimizing the chosen metric (e.g., F1 or the classification
error). Therefore, for each nonleaf node, n, a metric-oriented objective function,
Ln(T ; W ), is designed and a classifier is trained using the training samples as-
signed to it. In this article, we are interested in designing the optimal classifier
for each node using the MFoM approach rather than training a global tree clas-
sifier. So without any confusion, we will ignore this node superscript and use
the notations, L(T ; W ), for this objective function of each nonleaf node in the
following discussions.

Generally speaking, the objective function is a highly nonlinear function of
the classifier parameters, W . It is difficult if not impossible to find its closed
form solution. To solve the optimization problem numerically, a GPD algorithm
is employed to seek an optimal W ∗ that can minimize L(T ; W ). Denoting its
gradient as ∇L(T ; W ), W ∗ can then be found by the following iterative method,
which has been proven to converge to a local minimum [Katagiri et al. 1998]

Wt+1 = Wt − κt∇L (T ; W ) |W=Wt , (17)

where κt = k0(1 − t/mCycles), Wt is the parameter vector at the t-th iteration, κ0
is the initial learning rate, mCycles is the number of predefined maximum iter-
ation cycles, and κt is the updated step size or learning rate, which is a linearly
decreasing function of the iteration index in our experiments. The GPD algo-
rithm assures that with more iterations, the value of the objective function,
L(T ; W ), decreases in a probabilistic sense until it reaches a local optimum.
Therefore, the F1 measure increases and the classification error decreases with
the iteration index. We will demonstrate this property empirically in the next
section. It is interesting to note the similarity between Eqs. (17) and (16). The
components of the gradient vector, ∂L(X ; W )/∂Wi, of the overall objective func-
tion in Eq. (17) can be computed using the chain rule.
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In the binary classification for TC we are more concerned with the perfor-
mance of the positive classes (C+). For the F1 measure, we take into account
the effects of both positive and negative training samples, and the overall loss
for a class is defined as:

L (T ; W ) = − 2TP+
FP+ + FN+ + 2TP+

= − 2TP+
FP+ + TP+ + L+

, (18)

where the constant L+ is the size of the positive training set. The gradient of
its objective function in Eq. (18) can be derived as

∇L(T, W )|W=Wt = 2
(FP+ + TP+ + L+)

[
(FP+ + L+)

(FP+ + TP+ + L+)
∂FN+
∂W

|W=Wt

+ TP+
(FP+ + TP+ + L+)

∂FP+
∂W

|W=Wt

]
(19)

with the two gradient terms on the positive and negative samples evaluated as
follows:

∂FN+
∂W

∣∣W=Wt =
∑
X∈T

α l+(1 − l+) · (−X ) · 1(X ∈ C+) (20)

∂FP+
∂W

∣∣W=Wt =
∑
X∈T

α l−(1 − l−) · (X ) · 1(X ∈ C−) (21)

with l+ and l− being the values of the positive and negative loss functions at
the current value of Wt (in Eq. (7)), and X is the augmented vector in Eq. (9).
The term l+(1 − l+) or l−(1 − l−) indicates the significance of a sample in the
learning update, which has a maximal value at the point α · d j (·) + β = 0. It is
clear that only the training samples located within the learning window have
much effect (see Eq. (7) and Figure 1). The final updated value in Eq. (19) is
a linear combination of the contributions from both the positive and negative
samples.

For measures concerning classification accuracy such as recall, only the pos-
itive samples contribute information to the evaluation metric. In the following
we rather define the classification error as the average error over all positive
and negative training samples:

L (T ; W ) = 1
L+

∑
X∈T

l+ (X ; W ) 1 (X ∈ C+) + 1
L−

∑
X∈T

l− (X ; W ) 1 (X ∈ C−), (22)

where L− is the size of the negative training sets. The gradient of the objective
function in Eq. (22) can similarly be derived as

∇L (T ; W )
∣∣W=Wt = 1

L+

∑
X∈T

α l+(1 − l+) · (−X ) · 1 (X ∈ C+)

+ 1
L−

∑
X∈T

α l−(1 − l−) · (X ) · 1 (X ∈ C−). (23)
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3.3 Parameter Initialization

The classifier parameters should be initialized properly for any iterative
algorithms in order to reduce the training time and speed up convergence.
In Section 3.2, we introduced the GPD-based MFoM-learning algorithm. Now
we discuss two ways to initialize the parameters. One is to choose a value
randomly or based on some expert knowledge. Another is to set the initial
parameters equal to the model parameters estimated by traditional learning
methods (e.g., maximum likelihood-based estimation of the classifiers, as in
Juang et al. [1997]).

In this study the initial parameters of LDF, W , are empirically set equal to the
mean of the training samples of the class whose number of training documents
is less, while the offset term, w0, is initialized at the minimum value of the
function

∑
wkxk . In practice, this initialization strategy works reasonably well

for both batch perceptron algorithm (BPA) and GPD-based MFoM-learning.
For GPD initialization, it is also fine to use the parameter set of the baseline
classifiers obtained with BPA.

3.4 Latent Semantic Indexing (LSI) for Feature Extraction

We have not discussed document representation until now. In most information
retrieval tasks, a document is often represented by a feature vector with a di-
mension equal to the size of the lexicon. Each component of the feature vector
corresponds to the contribution of a term occurring in the document. In a typi-
cal application the lexicon usually has more than ten thousand entries. Many
techniques, such as feature selection [Sebastiani 2002], have been proposed to
reduce the dimension. We have adopted latent semantic indexing [Deerwester
1990; Bellegarda 2000] for document representation in this article, which is an
efficient way to achieve both feature extraction and reduction. Hofmann [1999]
proposed the probabilistic LSI. One good property of LSI or PLSI is that word
clustering has some semantic meaning. In this study, singular value decom-
position (SVD)-based LSI is used to get a lower dimension than the original
by decomposing the term-document matrix, H, into a multiplication of three
matrices:

H = USVT , (24)

where : U : M × R left singular matrix with rows ui, 1 ≤ i ≤ M
S : R × R diagonal matrix of singular values s1 ≥ s2 ≥ . . . ≥ sR > 0;
V : N × R right singular matrix with rows vj , 1 ≤ j ≤ N .
M : the size of the lexicon.
N : the number of the documents in the corpus.

Both left and right singular matrices are column-orthogonal. If we retain only
the top Q singular values in matrix S and zero-out other (R − Q) components,
the LSI feature dimension could be effectively reduced to a Q that could be
much smaller than R. By doing so, the three matrices are much smaller in size
than those in Eq. (24) and are greatly reduced the computation requirements.
We will explore some possibilities in Section 4.
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The (i, j )-th element, H(i, j ), of matrix H describes the association between
the i-th term and the j-th document, which is defined as

H (i, j ) = (1 − εi) · ci, j /nj , (25)

where ci, j is the number of times the i-th term occurred in the j-th document,
nj is the total number of words which appear in the j-th document, and εi is the
normalized entropy of the i-th term in the corpus which is further defined as

εi = − 1
log N

N∑
j=1

ci, j

ti
log

ci, j

ti
, (26)

where ti = ∑
j ci, j denotes the occurrence times of the i-th term in the corpus.

With the preceeding definitions, any document represented by a vector, d̃ T ,
in the original M-dimensional space can be described with an R-dimensional
vector, ṽ:

ṽ = d̃ T US−1
. (27)

4. RESULTS AND ANALYSIS

4.1 Experimental Setup

In the following, we report our experiments on the ModApte version of the
Reuters-21578 TC task.5 Many evaluations have been documented based on
this corpus [Denoyer et al. 2001; Joachims 1998; Lewis et al. 1994; Liu et al.
2001; Wu et al. 2002; Yang, et al. 1999]. The original format of the text docu-
ments in this corpus is in SGML. We first removed all unlabeled documents, and
performed some preprocessing on the remaining documents to filter out the un-
used parts of the documents by preserving only the title, the alphabetical parts
of the dates (excluding the digits), and the body text. We then retained only the
categories that had at least one document in both the training and testing sets.
This process gave rise to a collection of 90 categories. Altogether, 7,770 training
and 3,019 testing documents were left. A set of 319 stop words and terms that
occurred less than 4 times were then removed. This gave a lexicon with 10,118
unique entries. The distribution of documents over the 90 categories was very
unbalanced [Yang et al. 1999]. For example, the most frequent category ‘earn’
had 2,877 training documents. On the other hand, some categories, such as
‘sun-meal,’ ‘castor-oil,’ and ‘lin-oil,’ had only one training document. This incon-
sistency has to be considered in evaluating the robustness of the classifiers.
Figure 3 shows the document frequencies of the 90 categories in the training
(Figure 3a) and testing (Figure 3b) sets, respectively.

To evaluate the classification performance for each category, precision, recall,
and F1 measures in Eqs. (1)–(3) were used. To measure the average performance
for the 90 categories, the macroaveraging F1 and microaveraging F1 were used

5http://www.daviddlewis.com/resources/testcollections/reuters21578/.
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Fig. 3. Document frequencies of 90 categories in the training (left) and testing sets (right).

[Sebastiani 2002; Yang et al. 1999]. They are respectively defined as follows:

F M
1 = 2

∑N
i=1 Ri

∑N
i=1 Pi

N
(∑N

i=1 Pi + ∑N
i=1 Ri

) (28)

and

F μ

1 = 2
∑N

i=1 TPi∑N
i=1 FPi + ∑N

i=1 FNi + 2
∑N

i=1 TPi
. (29)

The microaveraging method calculates the global measures by giving the cate-
gory’s local performance measures different weights based on their numbers of
positive documents. The macroaveraging method treats every category equally,
and calculates the global measure as the mean of all categories’ local measures.
It is clear that the overall objective function defined in Eq. (10) resembles the
microaveraging F1 defined in Eq. (29). It will be shown later that the F1-based
MFoM approach formulated accordingly also works better when using the mi-
croaveraging F1 for the comparison.

4.2 Setting Parameters for MFoM Learning

A 10,118 by 7,770 term-document matrix was first built from the training set
using the LSI feature extraction method as discussed in Section 3. After per-
forming singular value decomposition (SVD6 [Berry et al. 1993]), the full rank
of the matrix was found to be 1,613; the independent dimension of the feature
vector in the latent semantic space. As compared to the original dimension
of 10,118, there was already a substantial feature reduction. Further feature
reduction may be carried out by retaining only the top few feature components.

In this study, the F1-based MFoM-learning algorithm as defined in Eq. (18)
was applied to train the linear classifiers. We carried out a series of initial
studies to select the parameters for MFoM-learning. The initial learning rate
κ0 in Eq. (17) was set by observing the changes in values of objective functions
based on the first k (k was set to 50) iterations on a few chosen categories. A
good setting for κ0, is one such that the value of the objective function changes

6http://www.netlib.org/svdpack/.
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Table I. Microaveraging F1 (for all 90 categories) as a Function of
LSI Feature Dimensions and GPD Iterations

Dimension /Iteration 500ite 1000ite 2000ite 3000ite
100 0.833 0.826 0.827 0.825
200 0.854 0.856 0.854 0.854
400 0.870 0.872 0.870 0.870
800 0.878 0.879 0.882 0.880

1200 0.880 0.882 0.882 0.883
1613 0.881 0.882 0.884 0.883

Table II. Macroaveraging F1 (for all 90 categories) as a Function
of LSI Feature Dimension and GPD Iterations

Dimension /Iteration 500ite 1000ite 2000ite 3000ite
100 0.472 0.464 0.464 0.461
200 0.504 0.506 0.504 0.505
400 0.532 0.532 0.530 0.528
800 0.541 0.540 0.540 0.538

1200 0.556 0.566 0.565 0.565
1613 0.556 0.555 0.556 0.554

more drastically for the initial few iterations and stabilizes with monotonically
increasing or decreasing value after that. Based on our initial studies, we set
κ0 to 0.05, empirically.

The value for α for the sigmoid function in Eq. (7) will influence the conver-
gence rate as well as the smoothing of MFoM-learning. As can be deduced from
Eq. (7), a larger α value implies less smoothing in learning, while a smaller
α value will slow down the rate of convergence. We carried out an initial set
of experiments with k iterations to set a suitable value for α. The value was
adjusted by comparing the value of the objective function (the approximated
metric) with the correct metric for the training set. If they are very close, it
means that the value for α is too big. If their difference is too large and the
convergence is slow, it means that the value for α is too small. In this article,
we empirically set the value for α to 20.

The value of β will affect the decision boundary. It is also observed that adjust-
ing its value may influence precision and recall. In this article, we dynamically
adjusted the value of β and set it to the average of the class misclassification
function values of all training samples, using Eq. (14). However, it was found
that a constant value for β also works well.

4.3 Properties of MFoM Learning

4.3.1 Performance as a Function of LSI Feature Dimension. First, studied
the effects of varying the dimensions of the LSI feature space and the iteration
cycles in the GPD algorithm on the performance of F1-based MFoM-learning.
We varied the dimension from 100 to its full rank of 1,613, and the maximum
iteration number of the GPD algorithm from 500 to 3,000. The overall perfor-
mance measures for all 90 categories in these experiments are shown in Tables I
and II for the microaveraging and macroaveraging F1s respectively.
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Fig. 4. GPD convergence for category ‘Acq’ (feature dimension: 1613).

In both tables, the first column is the selected dimension of the LSI feature
space and the first row gives the maximum iteration number for the GPD train-
ing. From the tables, we can see that both the microaveraging and the macroav-
eraging F1 values increased in most cases as the dimension varied from 100 to
its full rank of 1,613. For example, in the case of 500 GPD iterations, the mi-
croaveraging F1 value improved from 0.833 to 0.881 and the macroaveraging
F1 value reached 0.556 from 0.472. It is also noted that when the dimension
was beyond 800, only a slight improvement in the respective F1 measure was
observed. The values shown in bold in each column of Table I indicate the best
microaveraging F1 achievable for a given dimension with a fixed number of
iterations. Since the GPD only attains a local optimum in a probabilistic sense,
we could only set the maximum iteration number empirically. In principle, we
want to keep this number small so as to speed up training. However, it should
not be too small so that we ensure convergence. Since the full rank dimensional
feature with 2000 iterations gave the best overall performance, we used these
settings for the rest of the experiments.

4.3.2 Convergence Behavior of the GPD Algorithm. The convergence prop-
erty of the GPD algorithm is illustrated in Figure 4, based on the category
‘Acq’ using the “equal weight” parameter initialization strategy, as discussed
in Section 3.3. From Figure 4, we observe some fluctuations in the F1 values
at the beginning of the algorithm (with about less than 80 iterations). This is
because the GPD learning step size was initially set too high. The step size was
then reduced linearly after the initial iterations, and the F1 value increased
smoothly from 0.372 until it reached a stable value of 0.985. It is interesting to
note that this convergence value for the training set is similar to the F1 value of
0.968 for the testing set (as shown in Table V), indicating a close match in the
actual performance. This is an important feature for MFoM learning: To pre-
dict a desired performance measure in training without the need for running
testing experiments or collecting a large amount of testing data, which can be
very expensive in some situations.

4.3.3 Margin Analysis of Decision Boundaries. The decision margin mea-
sures the degree of separation between two classes. Now we will analyze how
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Fig. 5. The d-value distributions of the positive and negative classes at the beginning of F1-based
MFoM-training for category ‘Acq’.

Fig. 6. The d-value distributions of the positive and negative classes after 2000 iterations of F1-
based MFoM-training for category ‘Acq’ .

the MFoM algorithm influences the decision boundary between the positive and
negative classes. This analysis will reveal a nice property of MFoM: that it is a
robust discriminative learning algorithm. To illustrate this property, we plotted
the distributions of the class misclassification value defined in Eq. (8) for the
positive and negative classes, respectively.

Figures 5–8 illustrate how MFoM maximally separates the decision mar-
gin between the positive and negative classes. Here, the categories “Acq” with
1,650 positive samples, and “Oat” with only 8 positives are chosen as the ex-
amples. Figures 5–7 are for “Acq” and Figure 8 for “Oat.” Due to insufficient
positive samples to plot the curves for the positive class for the “Oat” category,
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Fig. 7. The d-value distributions before and after F1-based MFoM-training for category ‘Acq’
(merging Figures 5 and 6).

Fig. 8. The d-value distributions before and after F1-based MFoM-training for category ‘Oat’ with
small positive samples (note: curves only for the negative class due to insufficient samples for
plotting curves for the positive class).

only the two curves for the negative class are illustrated in Figure 8. Figure 5
shows the distributions for the positive and negative classes at the beginning
of the F1-based MFoM-learning, while Figure 6 gives their distributions af-
ter 2000 iterations of MFoM-learning. Figure 7 combines Figures 5 and 6 to
clearly show the changes of the distribution curves and the effects of MFoM-
learning on the decision margin. The arrows in Figure 7 clearly indicate the
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meaning of each curve. Intuitively, an improvement in the separation between
positive and negative classes over the original classifier was observed after the
MFoM-training.

We pointed out in Section 2 that the value of the class misclassification func-
tion is a good indication of whether or not a correct classification decision has
been made and how far it is from the decision boundary (a good measure of
robustness), and that the area of overlap is proportional to the classification
error. At the beginning of MFoM-learning, there is a large overlap between the
distributions of C+ and C− samples (see Figure 5). This implies that there
will be higher false-positive and false-negative rates, and a lower F1 measure
of the positive class, as indicated in the beginning of the GPD iterations in
Figure 4. After 2000 iterations of MFoM-learning, the curve of the positive class
moves left while that of the negative class moves right. This results in a signif-
icant reduction of their overlap areas (see Figure 6) and an obvious reduction
of classification errors because of the lower numbers false-positives and false-
negatives. It explains the increase of the F1 measure of the positive class, as
indicated at the end of the GPD-iteration in Figure 4. Figure 6 also shows that
the curves of the distribution become ‘flat’ after MFoM-training, which implies
that the resulting classifier is able to accommodate samples with more vari-
ance. A similar observation is also shown in Figure 8 for the topic “Oat,” with
a few positive samples. This is a clear indication that MFoM-trained classifiers
are more robust and less sensitive to data variation.

4.4 Performance and Robustness Analysis

From our analysis in Section 4.3.3, we have shown that MFoM can maximally
separate the decision margin between competing classes. This property makes
MFoM more robust and less sensitive to data variation than conventional learn-
ing approaches. We expect MFoM-learned classifiers to give better performance,
especially for learning classifiers for the categories with only a few positive
training samples. In the following subsections, we address this important issue
and compare the performance and robustness of MFoM with the SVM approach.

4.4.1 Robust Text Categorization with MFoM Learning. Learning classifier
parameters with a set of sparse training data is a challenging problem in many
real-world applications. Most of the conventional learning methods (e.g., SVM,
k−NN) can work well when a sufficient amount of training samples is available.
But they usually fail in the sparse training cases. Here, we will show that MFoM
works much better than the most popular SVM algorithms, especially when
there is an insufficient amount of training data to learn the complex classifiers.

The first set of experiments analyzes the effects of the performance of clas-
sifiers on different subcollections of categories by varying number of positive
training samples. Starting with all 90 categories in one collection, we succes-
sively split the categories into two collections, according to the sizes of positive
training samples sizes of less than 150, 100, 30 (and 10, respectively). Table
III summarizes the micro- and macroaveraging results of these cases, together
with the microsign test (s-test) and macrosign test (S-test) [Yang and Liu 1999]
for MFoM and linear SVM classifiers. For example, in the last row of Table III,
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Table III. Comparison of Performance of Classifiers on the Various Category Collections with
Different Training Sample Sizes

Category Split
(threshold of
training sizes) Microaveraging F1 Macroaveraging F1

LSI-SVM- LSI-SVM- LSI-SVM- LSI-SVM-
DEF OPT F-MFoM s-test DEF OPT F-MFoM S-test

All 90 0.866 0.883 0.884 ∼ 0.433 0.492 0.556 

Top 10 (≥150) 0.926 0.937 0.933 ∼ 0.861 0.883 0.883 ∼
Other 80 (<150) 0.645 0.691 0.720 ∼ 0.377 0.439 0.512 

Top 16 (≥100) 0.916 0.928 0.925 ∼ 0.841 0.862 0.869 ∼
Other 74 (<100) 0.589 0.646 0.679 ∼ 0.340 0.406 0.483 

Top 39 (≥30) 0.890 0.904 0.902 ∼ 0.757 0.799 0.800 ∼
Other 51 (<30) 0.340 0.429 0.537 
 0.181 0.251 0.361 

Top 60 (≥10) 0.875 0.891 0.891 ∼ 0.650 0.700 0.734 >

Other 30 (<10) 0.000 0.108 0.310 > 0.000 0.075 0.198 >

Note: “
” means MFoM is much better than linear SVM with P-value <0.01. “>” means MFoM is better than
linear SVM with 0.01 ≤ P-value ≤ 0.05 and “∼” means MFoM performs equally as well as linear SVM with
P-value > 0.05.

we have two collections: one containing categories with greater than or equal
to 10 training samples, and the other for categories with less than 10 train-
ing samples. Here, we only compare the linear SVM (labeled LSI-SVM) with
the F1-based MFoM classifier (labeled F-MFoM) using full rank (i.e., 1613) LSI
features. The linear SVM was trained based on the SVM-light7 package. The
optimal configuration of parameter C (tradeoff between training error and mar-
gin) for SVM-light is found empirically by seeking an optimal C (= 1.0) based
on some randomly selected categories (referred to as LSI-SVM-OPT). For com-
parison, we also included the performance of SVM-light with the default con-
figuration (LSI-SVM-DEF) in Table III. We can see that its performance of
LFI-SVM-DEF is worse than the optimal configuration in all cases. Thus, we
evaluated the significant test by comparing only F-MFoM to LSI-SVM-OPT.

Here, we discuss the robustness of MFoM-and SVM learning with these dif-
ferent selections of positive training samples. It is clear that the overall per-
formance measures are the function of training sample size. Although only a
slight improvement of LSI-SVM-OPT over the F1-based MFoM was observed
while evaluating categories with large training sample sizes, a significant gain
was found for those categories with a small number of training samples. For
example, the MFoM-learned classifier gave a microaveraging F1 value of 0.310
for all categories with less than 10 training samples, while the LSI-based lin-
ear SVM classifiers could only achieve 0.108. The aforementioned performance
difference is more pronounced when comparing macroaveraging F1 values. For
instance, we see that such an F1 value improved from 0.251 for LSI-SVM-OPT
to 0.361 for F-MFoM classifiers for the collection of 51 categories with less than
30 training samples. In contrast, the improvement in the macroaveraging F1
value was only one of 0.799 to 0.800 for the collection of 39 categories with
more than 30 training samples. In terms of macroaveraging F1 measures for

7http://svmlight.joachims.org/.
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Table IV. F1 Values of MFoM and SVM as a Function of the Size of the Positive Samples for 4
Selected Categories

Positive
Training
Sample
Sizes Acq (1,650) Wheat (212) Grain (433) Money-fx (550)

LSI- LSI- LSI- LSI- LSI- LSI- LSI- LSI-
F- SVM- SVM- F- SVM- SVM F- SVM- SVM- F- SVM- SVM-

MFoM OPT DEF MFoM OPT DEF MFoM OPT DEF MFoM OPT DEF
10 0.008 0.000 0.00 0.368 0.132 0.000 0.326 0.013 0.000 0.151 0.000 0.000
50 0.347 0.128 0.006 0.781 0.765 0.566 0.716 0.732 0.138 0.541 0.393 0.074

100 0.663 0.565 0.218 0.824 0.797 0.660 0.824 0.827 0.608 0.693 0.641 0.434
200 0.842 0.840 0.732 — — — 0.886 0.876 0.794 0.760 0.710 0.671
400 0.914 0.915 0.890 — — — — — — 0.821 0.825 0.785
800 0.953 0.959 0.938 — — — — — — — — —
All 0.968 0.971 0.953 0.870 0.861 0.797 0.906 0.919 0.885 0.826 0.838 0.830

Note: the total available training samples for the categories are shown in parentheses.

the 90 categories overall, MFoM significantly outperforms the SVM. For those
categories with a small number of training samples (e.g., < 30), MFoM clearly
outperforms SVM in terms of the microaveraging and macroaveraging F1.

To further investigate relationship between classifier performance and the
training set size, we performed a second set of experiments to study the vari-
ation of F1 performance for MFoM-and SVM-based classifiers on a fixed cate-
gory with varying numbers of positive training samples. Here, four categories,
“Acq,” “Wheat,” “Grain,” and “Money-fx,” were chosen. For each category, the
size of the training set was increased from 10 to its maximum by randomly
picking a subset of positive samples to train the classifiers. In all experiments,
all the available negative training samples were used. Table IV compares the
performance difference between the F1-based MFoM and the LSI-based linear
SVM classifiers (optimal configuration, LSI-SVM-OPT, and the default config-
uration LSI-SVM-DEF) for each category. It can be seen that the F1 value is
improved with the increasing size of positive training samples in all cases for the
two learning algorithms. Again, the SVM with the optimal configuration per-
forms consistently better than that with the default. The advantage of MFoM is
clearly demonstrated when only a small number of positive samples (e.g., less
than 100) are available. In cases with very sparse training sets (e.g., less than
10), MFoM still works while the SVM classifier fails to produce any correct
results for the two categories “Acq” and “Monet-fx.” Regarding the other cate-
gories, the MFoM achieves an F1 value of 0.368 for the “Wheat” category, for
example, as compared to the value of 0.132 achievable by SVM (optimal config-
uration) when only 10 positive samples were used for training the classifiers.

4.4.2 Overall Performance Comparison. For TC, the top performance in
most datasets was often achieved with SVM-based classifiers. In Table V we
compare the performance of our binary tree classifiers, both with F1-based
MFoM-learning and without (labeled “Baseline”). We also report the new re-
sults using the linear SVM based on LSI features (SVM-light with optimal
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Table V. Performance Comparison in F1 Among the Baseline, LSI-SVM-DEF,
LSI-SVM-OPT, J-SVM, and F-MFoM

Binary Tree SVM
Category Baseline F-MFoM LSI-SVM-DEF LSI-SVM-OPT J-SVM
Earn 0.979 0.979 0.982 0.984 0.982
Acq 0.953 0.968 0.953 0.971 0.956
Money-fx 0.784 0.826 0.830 0.838 0.785
Grain 0.889 0.906 0.885 0.919 0.931
Crude 0.887 0.897 0.899 0.898 0.894
Trade 0.730 0.807 0.802 0.802 0.792
Interest 0.743 0.792 0.771 0.788 0.748
Ship 0.853 0.878 0.850 0.886 0.865
Wheat 0.829 0.870 0.797 0.861 0.868
Corn 0.821 0.891 0.800 0.863 0.878
Microavg (all 90) 0.854 0.884 0.866 0.883 0.875
Macroavg (all 90) 0.519 0.556 0.433 0.492 NA*

∗The result for J-SVM on macroaveraging F1 is not available.

LSI-SVM-OPT, and default configurations LSI-SVM-DEF, respectively). Here,
the experimental setting was the same as that we described in Section 4.3.1. As
a reference, we also include the state-of-the-art results obtained with the linear
SVM from Joachims [2002] (labeled “J-SVM,” with C=1.0, full 9,600 features,
and no feature selection).

With F1-based MFoM-learning, we obtained microaveraging and macroaver-
aging F1 values of 0.884 and 0.556, respectively. When compared to the base-
line and LSI-SVM-OPT, we observed a significant improvement in the results
in terms of the macroaveraging F1 (the significance test is shown in the row
labeled “All 90” in Table III). When compared with J-SVM, only a slight im-
provement in the results was observed. However, a closer look at the top 10
categories showed that the F1-based MFoM classifier produces better F1 values
than those obtained with J-SVM classifiers for most categories (except for the
two categories “Earn” and “Grain”).

It is worth noting that in the past, we only reported results for collections
with the top 10 categories and with all 90 categories, like the ones listed in
Table V. We also need to pay attention to robustness issues and performance
variation in the training set sizes, especially for categories with sparse training
data, and report the results in a style similar to those of Tables III and IV, or
use other, more meaningful indicators.

4.5 Flexibility in Designing Metric-Oriented Classifiers

As discussed in Section 2, one advantage of MFoM is its ability to integrate
different performance metrics of interest into an overall objective function and
to learn the parameters of the classifier by optimizing this function. This makes
feasible the approach to design an optimal classifier in terms of the preferred
metric. For example, following the principle of MFoM-learning for objective
function design, it is simple to formulate the classifier learning algorithm for
optimizing the precision, recall, or even the AUC metric discussed in Fawcett
[2003]; Flach [2003], and Yan et al. [2003]. The performance of the MFoM
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Table VI. Overall Performance Measure vs. the Optimized Metrics

Recall Precision F1
Microavg (all 90) MaxRe 0.876 0.848 0.862

MaxPr 0.641 0.973 0.773
MaxF1 0.857 0.914 0.884

Macroavg (all 90) MaxRe 0.613 0.619 0.616
MaxPr 0.133 0.367 0.195
MaxF1 0.483 0.655 0.556

Table VII. Significant Test at the Microlevel for Three Types of Metric-Oriented
Classifiers

Recall Precision F1
Significant test MaxRe 
 MaxF1 MaxPr 
 MaxF1 MaxF1 
 MaxRe


 MaxPr 
 MaxRe 
 MaxPr

Note: “
”: P-value <0.01.

classifier for optimizing the F1 measure has been investigated in the previous
sections, so here we will compare its performance with other MFoM classifiers
based on recall and precision measures for the overall 90 categories.

The classifier was still the binary decision tree discussed in Section 3.1. The
only difference was that the parameters of LDF function at each nonleaf node
were estimated by maximizing the precision or recall. From the definitions of
precision, recall, and F1 in Eqs. (1)–(3), maximizing recall would cause the clas-
sifier to highly bias towards the positive class since no negative training sample
was used in the GPD estimation. The classifier, by maximizing the precision,
had less bias than that maximizing the recall because there were some neg-
ative samples (i.e., false-accepted) that were used. We used the experimental
settings utilized in Section 4.3. The resulting MFoM classifiers are denoted by
MaxPr, MaxRe, and MaxF1 (all designed to maximizing the average precision),
average recall, and F1, respectively. The results for the 90 categories overall
for the three classifiers are listed in Table VI. For each type of metric, the best
classifier is highlighted. To compare the systems using the precision and re-
call, the p-test was preferred, as discussed in Yang and Liu [1999], which is an
evaluation at the microlevel. Similarly, we also used the microlevel evaluation
when comparing the F1 score for the three types of classifiers. The results for
the significant test at the microlevel are shown in Table VIII. From Tables VI
and VII, we can then draw the following observations:

(a) The MFoM approach is flexible to design the classifier by optimizing dif-
ferent preferred metrics. By following the principle of MFoM-learning, the
objective function for different metrics and different classifiers can be easily
formulated and solved using the GPD algorithm.

(b) The classifiers learned by optimizing different metrics have distinctive
properties. Each classifier is able to produce the optimal result in the eval-
uation set for the chosen metric that it is designed for. For example, the
classifier trained by maximizing the F1 metric in the training set also had
the best F1 performance for the test set. Similarly, the classifier trained
by maximizing the recall (or precision) produced the best results in the
recall (or precision) metric. This desirable property is expected for many
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real-world applications in which the user designates a performance metric.
(c) Among the three classifiers, the MaxF1 classifier, besides being the best

for the F1 measure, also performs well in terms of recall and precision.
This is because the F1 measure balanced the positive samples and negative
samples better than the other two did.

5. DISCUSSION

5.1 Learning Nonlinear Classifiers Using MFoM

We have discussed the MFoM learning approach for designing the linear clas-
sifier, experimentally analyzed its good properties, and compared then with
state-of-the-art results. However, the proposed approach is not limited to the
linear classifier. It can also be used to optimize other kinds of classifiers with
the preferred metric. It is easy to derive the corresponding training algorithm,
given a specific classifier (such as the hidden Markov model, Gaussian mixture
model, etc.) and a metric, as long as the gradient with respect to the classifier pa-
rameters can be computed. For example, if we define the classifier as a weighted
summary of some kernel functions, similar to the SVM-based classifier for the
training samples, the same nonlinear transformation can also be incorporated
into MFoM. In this article we only focus on the discussion of MFoM formula-
tion and the GPD algorithm. Its extension to nonlinear transformation using
these kernel functions can easily be derived. Interested readers can design their
specific classifiers using this methodology.

5.2 The Convexity of the Objective Function

The proposed approach is a generic method for designing classifiers. It is inde-
pendent of the selected classifier. Because of the nonlinearity of the loss func-
tion discussed in the article and the characteristics of the used classifier, the
objective function is often nonlinear and there is not an analytic solution for it.
Although in some cases the objective function is convex and an analytic solu-
tion exists, it is out of our range in this article. Here, we only provide a way to
design the metric-oriented objective function and a possible method for finding
its solution. If the readers know their objective function is convex, they can
apply other algorithms for convex optimization to find its global optimum, not
necessarily using the gradient algorithm introduced in the article.

5.3 Regularized Linear Classification and MFoM-Learning

Robustness is one of the central issues to consider when designing classifiers
for real-world classification problems. In many cases collecting enough training
data is too costly, if not impossible. To alleviate the data sparseness problem,
some penalty terms, such as the minimum description length (MDL) [Duda
et al. 2001], which measures the complexity of the model, are often appended
to the objective algorithm. This family of techniques includes linear SVM and
regularized logistic regression linear classifiers [Zhang and Yang 2003]. The
objective function of the family of the regularized linear classification
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algorithms is defined as

L (W ) = 1
N

N∑
k=1

f
(
zkW T X k

) + λ ‖W‖ , (30)

where N is the size of the training set, and λ is a constant. The first term in the
righthand side is a measure of the regression error in the training set, and the
second is a penalty weighed by a constant. For ridge regression, regularized
logistic regression, and linear SVM the embedding function, f (zkW T X k), is
accordingly defined in the following:

f
(
zkW T X k

) = (
1 − zkW T X k

)2 (31)

f
(
zkW T X k

) = log
(
1 + exp

(−zkW T X k
))

(32)

f
(
zkW T X k

) = max
{
0, 1 − zk

(
W T X k + b

)}
(33)

Linear SVM can be considered a special case of the general regularized
linear classification. In both approaches, the objective functions are closely
related to the empirical risk in the training set. Their differences are in the
definitions of their loss functions. To get a bounded solution of the objective
function in Eq. (30), a penalty defined by the two-norm regularization term
is appended. Finding the decision boundary is formulated as a constrained
linear optimization problem. The classifier can be trained by minimizing the
objective function, which also implies minimizing an approximation of the
empirical classification errors.

In contrast, MFoM formulates the learning of classifiers using a consistent
objective function for training and testing, and embeds the classification deci-
sion rules into the performance measure of interest. Optimizing this function
directly optimizes the performance metric and class separation simultaneously.
The performance improvement can be attributed to a joint and explicit opti-
mization of the classifier parameters and their performance, making MFoM
different from other existing learning frameworks, for example, SVM, ANN,
and regularized linear classification methods.

6. CONCLUSION

In this article we proposed a maximal figure-of-merit (MFoM)-learning ap-
proach to classifier design and experimentally verified its effectiveness. This
training strategy explicitly relates different classifiers of interest to different
preferred performance metrics by formulating a consistent overall objective
function. To embed the discrete decision rules into the objective function, a
smooth approximation of the discrete error counts was used. This decision-
feedback learning framework is attractive because it offers a novel way to di-
rectly optimize the desired performance figure-of-merit. The measures obtained
in the training stage can also be used to predict the same level of performance
of the chosen metric on a similar testing dataset. This makes it easier for the
designer to estimate classifier performance without the need to run an exten-
sive set of experiments or to collect a large set of evaluation data, which can be
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very expensive. To further highlight the characteristics of MFoM, we showed
that the MFoM-learning approach maximizes the class separation of training
data. All these factors indicate that the MFoM-learned classifiers are robust,
and insensitive to training data variation and unseen testing conditions.

We applied MFoM to text categorization and reported the experimental re-
sults using the ModApte version of the Reuters-21578 corpus. We compared the
MFoM-learned classifiers with baseline binary classifiers, linear SVM classi-
fiers trained on the same set of 1,613-dimension LSI features used in the binary
tree classifiers, and state-of-the-art linear SVM classifiers with all 9,600 fea-
tures without feature selection. Our results showed that the F1-based MFoM is
able to achieve high performance for the TC task, and that it outperformed most
competing methods on a wide variety of categories and experimental settings.

To demonstrate the robustness property, we split the 90 categories into
two collections, and compared the performance differences of categories with
different training sizes. A significant improvement was observed in categories
with less positive training samples, while no pronounced enhancements were
observed in cases with more training samples. It can be concluded that MFoM
can tolerate insufficient training data. We also observed the same robustness
improvement by splitting the training samples into smaller sets on some
categories with a large number of training samples. We suggested that this
type of experimental analysis be included in future experimental studies for
TC and IR applications.

Moreover, we experimentally studied the relationship between the perfor-
mance measure and the optimized metric used in the MFoM-learned classifier.
Our experiments demonstrated that the optimized metric on the training set
for MFoM is also best on the evaluation set. This is a good property, expected in
many real-world applications. Since the classifiers learned from different met-
rics have different properties, the decision fusion through combining them is a
good topic for future work. We will also explore new multiple-category classifi-
cation paradigms that go beyond the currently prevailing binary classification
approaches to TC. Our preliminary results already indicate that the MFoM-
trained multiclass classifiers give better and more robust performance than the
MFoM-trained binary tree classifiers. We will also apply MFoM methodology to
other interesting classification and verification problems in natural language
processing, text categorization, information retrieval, and data mining.
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