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ABSTRACT

Classification requirements for real-world classification problems are often constrained by a given true positive or false
positive rate to ensure that the classification error for the most important class is within a desired limit. For a
sufficiently high true positive rate, this may result in the set-point being located somewhere in the flat portion of the
ROC curve where the associated false positive rate is high. Any further classifier design will then attempt to reduce the
false positive rate while maintaining the desired true positive rate. We call this type of performance requirements for
classifier design the constrained performance requirement. This type of performance requirements is different from the
accuracy maximization requirement and thus requires different strategies for classifier design. This paper is concerned
with designing classifier ensembles under such constrained performance requirements. Classifier ensembles are one of
the most significant advances in pattern recognition/classification in recent years and have been actively studied by
many researchers. However, not much attention has been given to designing ensembles to satisfy constrained
performance requirements. This paper attempts to identify and address some of design related issues associated with the
constrained performance requirement. Specifically, we present a design strategy for designing neural network ensembles
to satisfy constrained performance requirements, which is illustrated by designing a real-world classification problem.
The results are compared to those from conventional design method.
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1. INTRODUCTION

Classifier design is the task of developing a classification system with performance that satisfies the specified
performance requirements. Two primary factors determine how difficult a classifier design problem is. They are: 1) the
complexity of the problem itself and 2) the required classification performance for the problem. These two factors are
interrelated (not independent). Any classification problem, no matter how difficult it is, can be simple if the required
classification performance is low. On the other hand, if the required classification performance is significantly high, an
otherwise simple classification problem can become a difficult one.

Many factors contribute to the complexity of a classification problem. In particular, design data with low class
separability in the feature space may be the main attribute of complexity. In addition, high dimension of feature space
and limited size of available training data may further complicate the classification problems.

Performance requirements posed to a classification problem vary from application to application. While classification
accuracy is the most widely used performance measure in specifying performance requirements, in the field of computer
aided diagnosis (CAD) and as well mechanical diagnostics (MD), where misclassifying one class may have much more
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severe cost consequences than others, classifier performance is typically specified by minimizing one type of error while
maintaining another type of error to a pre-determined level. We call this type of performance requirements for classifier
design the constrained performance requirements. Misclassification cost is another performance measure typically used
in this situation '. However, misclassification cost requires knowledge of explicitly defined cost for each of the classes,
which often time is not available and is difficult to estimate in many applications.

Traditionally, design of classification systems is to empirically choose a single classifier through experimental
evaluation of a number of different ones. The parameters of the selected classifiers are then optimized so that the
specified performance is met. It has been well recognized that single classifier systems have limited performance. Thus
for certain real-world classification problems, this single classifier design approach may fail to meet the desired
performance even after all parameters/architectures of the classifier have been fully optimized. In these cases, using
classifier ensembles, one of the most significant advances in pattern classification in recent years, proves to be more
effective and efficient 2. An ensemble of classifiers is a set of individually trained classifiers whose individual decisions
are combined in some way >. By taking advantage of complementary information provided by the constituent classifiers,
classifier ensembles offer improved performance, i.e., they are more accurate than the best individual classifier.

Current practice in ensemble design focuses on generating modestly accurate but diverse individual classifiers.
Numerous empirical studies have demonstrated that such a design strategy ensures an improved performance when the
performance is measured as classification accuracy *. However, not much attention has been devoted to classification
problems with constrained performance requirements. We argue that constrained performance requirements are distinct
from the conventional accuracy maximization requirement and thus require different design strategies. Studies on
identifying and addressing the design related issues associated with constrained performance requirements are necessary.
Specifically, we want to know whether generating accurate and diverse classifiers for ensembles, which proves to work
well for accuracy improvement, guarantees that an ensemble performs better with respect to the constrained performance
requirements. More importantly, we need strategies on how to design an ensemble for such classification problems. This
paper is an attempt towards addressing some of these issues.

Specifically, through designing a real-world classification problem for illustration, we demonstrate that neural network
ensembles can be effective in improving classification performance for problems with low class separability. More
importantly, we present a design strategy for designing neural network ensembles to satisfy constrained performance
requirements. The rest of this paper is organized as follows. Section 2 provides an overview of classifier ensembles in
general and neural network ensembles in particular. Section 3 formulates the constrained performance requirements.
Details of the proposed design strategies are discussed in Section 4. Section 5 shows the experimental results where a
real-world classification problem is designed using the proposed approach. The results are compared with those from
using conventional approach. Section 6 concludes the paper with a few final thoughts.

2. CLASSIFIER ENSEMBLES

Classifier ensembles have been considered as one of the most active research directions in machine learning *. An
ensemble of classifiers is a set of classifiers whose decisions or outputs are combined to arrive at a final classification
decision. The individual classifiers, also called component classifiers, constituent classifiers, and base classifiers, in the
ensemble can be any type of classifiers, preferably “unstable” classifiers like neural networks and decision trees.
“Unstable” here means the leaning algorithms that a small change in the training samples will lead to a classifier with
different classification performance °. Neural network ensembles where neural network classifiers are used as component
classifiers are one of the ensembles that have been actively studied in recent years 7%,

Many studies (both theoretical and empirical) have proved that classifier ensembles are more accurate than the individual
classifiers in the ensemble >, As a result, classifier ensembles have been used for various application domains ranging
from optical character recognition (OCR) ™ to seismic signal classification 2. One of the recent findings is that in order
for ensembles to be more accurate than the constituent classifiers in the ensemble, individual classifiers need to be
modestly accurate, but, most importantly, need to be diverse (making classification errors on different examples) °.
Therefore, one of the most active areas of research in ensembles has been centered on how to generating accurate and
diverse individual classifiers for ensembles. Obviously, combining methods also play an important role in improving



performance, however, studies > '® have shown that a simple average of the outputs of individual classifiers is an
effective combining scheme.

There are many methods to generate diverse individual classifiers for ensembles. These methods can be broadly
categorized into three groups as follows.

1) Using different structure or architecture for individual classifiers. For neural network ensembles, the individual
networks can have different number of hidden layers and different number of hidden neurons, and/or are trained
with different initial weights and biases. For decision tree ensembles, different number of nodes may be used.

2) Using different training samples for individual classifiers. The two most popular methods in this group are
bagging and boosting. In bagging (short for “bootstrap aggregating”) *, training set for each classifier is a
bootstrap replicate of the original training set, which is obtained by uniformly sampling, with replacement, the
original training data. In boosting ' **, individual classifiers are trained sequentially (in a series). The training
set for a k™ classifier in the series is chosen based on the performance of classifiers 1 through k-1. The

probability of selecting an example for k" classifier depends on how often that example was misclassified by
all k-1 classifiers before it.

3) Using different subsets of features for individual classifiers. Each individual classifier is trained with a different
subset of features. The feature subsets can be obtained by random selection '®, or input decimation 7, or using
genetic algorithms (GA) ',

3. CONSTRAINED PERFORMANCE REQUIREMENTS

Overall classification accuracy (or alternatively overall classification error) is the most popular measure of classifier
performance. Accuracy has been almost exclusively used in design and evaluation of classifier ensembles. The
underlying assumption of the accuracy as a classifier performance measure is that the classification errors for all classes
have equal cost consequences, which rarely holds for real-world applications. In real applications, there are a great
number of problems, especially in CAD and MD fields, which have different misclassification costs for different classes.
However, exact costs associated with different misclassification are rarely known and are difficult to estimate. As a
result, these types of problems typically have the performance requirements being specified in the form of specific level
of error for one or both types of errors which we called “constrained performance requirements” in this paper. In
decision-making, this type of design requirements is called the Neyman-Pearson decision criterion *.

Before formulating the constrained performance requirements, we first define the two types of classification errors (false
positive and false negative) and ROC curves that show tradeoffs between the two types of errors for a classifier. We
restrict our discussion to two-class classification problems where the two classes are referred to as the positive and
negative classes.
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Figure 1 - A typical confusion matrix for 2-class classification problems



Consider a classification problem specified by a test set, {X;,y;}, i =1,2,..], where X, R " is the i" input vector and
v, 0{0,1} (“0” stands for negative class and “1” for positive class) is the corresponding class label. Outputs of the

classifier to the test data set are typically summarized in a confusion matrix (also called contingency table) as shown in
Figure 1.

A classifier can make two types of errors, namely, false positive error and false negative error. In the field of statistical
hypothesis testing, they are referred as Type I and Type II errors. P(false positive) = P(classified positive|negative) ,

and P(false negative) = P(classified negative| positive) . From the confusion matrix defined above, the error rates, false
negative rate (FNR) and false positive rate (FPR), can be calculated as follows.

NIO

__ N b
FPR = N® + N* (1.6)

It is worthwhile to note that, for a given classifier, the two types of errors defined above vary with decision actions. In
fact, by varying the decision threshold, one can reduce one type of errors to any arbitrarily small number through
sacrificing another type of errors.

The tradeoff between the two types of errors for a classifier can be better depicted by ROC curves. ROC (short for
Receiver Operating Characteristic or Relative Operating Characteristic) curves represent the behavior of a classifier
without regard to class distribution or error cost. Hence ROC curves are a true representative of classifier performance.
In ROC space, the true positive rate, TPR (TPR=1-FNR), is plotted on the Y-axis and the false positive rate, FPR, is
plotted on the X-axis, where the TPR is commonly referred to as “sensitivity” while (1-FPR) is called “specificity”. A
point in ROC space corresponds to a (FPR, TPR) pair of a classifier. Typical ROC curves are shown in Figure 2 where
the three ROC curves represent three different classifiers. Classifiers with ROC curves located in the upper-left corner in
ROC space are better because they represent classifiers that have lower false positive rate and higher true positive rate
than the classifiers below them '. ROC curves are typically generated by varying either some parameters of the classifier
(e.g. threshold in neural networks) or costs (e.g. in decision trees).
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Figure 2 - Typical ROC curves

Constrained performance requirements can be specified in different forms, depending on which rate (FPR or FNR or
both) needs to be set to a predetermined level. For presentation convenience, for the rest of this paper, we only consider



the constrained performance requirement as being to minimize FPR while maintaining TPR (= 1-FNR) to a
predetermined large number. Let the predetermined large number be @, the constrained performance can then be
expressed as

min(FPR) subject to TPR > a @
Alternatively, the constrained performance requirement is to minimize the quantity [Therrien (1989)]
X=FPR+A[(TPR-0q) 3)
where A is a Lagrange multiplier.

Mathematically, the constrained performance requirement is a constrained optimization problem that is somewhat
difficult to solve. As a result, a practical approach to design a classifier to satisfy a constrained performance requirement
is to generate a ROC curve first for the classifier by varying either the decision threshold, or some classifier structure
parameters. Then find the corresponding FPR from the ROC curve based on the predetermined TPR number.

The constrained performance requirement (Equation 2) can be graphically represented in ROC space as shown in Figure
3. With this requirement, the designer will attempt to obtain a better classifier by moving the interception point of the
ROC curve and the line defined by TPR = a towards the Y-axis along line TPR = ¢ (i.e., from point A to point B in
Figure 3). This design strategy is different from that when accuracy maximization is the performance requirement. In the
latter case, the designer is trying to obtain a better classifier by moving the ROC curve as close to point [0,1] as possible
in the ROC space. As can be seen in Figure 3, if the predetermined TPR, a, is significantly high (close to 1.0), the
interception will occur in the “flat” portion of the ROC curve, which implies that a great amount of accuracy increase is
needed to achieve even a small amount of reduction of FPR.

In summary, the constrained performance requirement has it own characteristics and is distinct from the accuracy
maximization requirement, which deserves different design strategies in classifier design.
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Figure 3: Graphic illustration of constrained performance in ROC space



4. DESIGNING NN ENSEMBLES FOR CONSTRAINED PERFORMANCE REQUIREMENTS

At this time, a systematic method for designing classifier ensembles is still an open topic *'. Neural network ensembles,
and other classifier ensembles alike, are typically designed heuristically in two steps: first generating individual
classifiers, and then combining the outputs of the individual classifiers, for example, by simply averaging. In the
classifier generation step, the designer focuses on generating individual classifiers that are modestly accurate but as
diverse as possible. The underlying hypothesis is that as long as the individual classifiers are reasonably accurate and
diverse, the resulting ensemble will be more accurate. Although general relationship between ensemble accuracy and the
diversity is still not clear, numerous studies have proved that such design approach (generating accurate and diverse
individual classifiers) can often time yield an ensemble that is more accurate than individual classifiers . For
classification problems with constrained performance requirements, however, our goal is to minimize one type of error
while maintaining another error to a pre-defined level. Simply generating diverse individual classifiers may not result in
an ensemble that optimally meets the performance requirements. Instead, we argue that the individual classifiers need to
be designed by directly targeting to meet the constrained performance requirements in addition to having the normal
properties, i.e., reasonable accuracy and high possible diversity. To that end, we embed constrained performance
requirements into the feature selection process to ensure that individual classifiers have performance bias towards the
requirement.

FORi=1:m
1. Random sampling with replacement n times

2. Run GA-base feature selction Feature selection
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Figure 4: Overall structure of the proposed method



We take the following three diversity-promoting measures in designing individual neural networks:
1) Each neural network in the ensemble has a different number of hidden neurons.
2) Each neural network in the ensemble is trained with a subset of data that is randomly sampled from the original
training data.
3) Each neural network in the ensemble uses a different subset of features, which is selected using one run of
genetic algorithms (GA) based feature selection.
Unlike conventional GA-based feature selection for ensembles ® 19, where the fitness function is either accuracy or some
combination of accuracy and diversity of the classifiers, we set the fitness function of GA to be exactly the constrained
performance requirement, that is, to min(FPR) subjectto TPR = @ during feature selection process.

The idea is that such performance-seeking features will help the individual networks that are trained based on the
selected features to perform bias towards the constrained performance requirement. Hence, the ensembles of these
individual networks will be better in meeting the constrained performance requirement. The overall architecture of our
approach in designing neural network ensembles with constrained performance requirements is illustrated in Figure 4,
where m individual neural networks are shown in the ensemble. The design consists of three main steps: 1) GA-based
feature selection, 2) network training, and 3) classifier testing. In the feature selection step, we run GA-based feature
selection m times to obtain m sets of features, each of which is used for one individual neural network. Each GA run
uses a different data set in addition to using a different random initial population. The data sets are obtained by randomly
sampling, with replacement, the original data set n times, where n is the number of examples in the training set. This
data-generating scheme for each GA run is similar to “bagging”. In the training step, each neural network with different
number of hidden neurons is trained independently using the entire training data. The number of inputs for each
individual neural network is the number of features that GA selected. The trained networks are then tested using the
testing data set. The outputs of the networks for each case are averaged to arrive at the output of the ensemble
corresponding to the case. By varying decision threshold and applying against the ensemble outputs, a set of TPR-FPR
pairs is obtained, thus the ROC curve can be generated.

S. EXPERIMENTAL RESULTS AND DISCUSSION

The real-world application concerned in this paper is an automated data analysis system for non-destructive inspection.
To perform classification, 370 features from different domains were extracted. For classifier design, 5600 examples
representing different conditions of the target object are used. Of the 5600 examples, 2600 are for defected condition
while 3000 are for normal condition. The classification performance requirement is less than 50% false positive rate with
the true positive rate of greater than or equal to 98%.

During our preliminary design, we tried several single classifier systems including neural networks, support vector
machine, and decision tree for the classification problem concerned. The false positive rates for those single classifier
systems are around 75% with corresponding true positive rate of 98%, which does not meet the design requirement.

The neural network ensemble for this application is designed in two methods, namely, the conventional accuracy
maximization method and the proposed constrained performance maximization method. In both methods, ten (10) neural
networks are used as the base classifiers. By using 10 networks we followed the suggestion of Opitz and Maclin (1999)
22 who reported that ensembles with as few as 10 base classifiers are adequate to sufficiently reduce error. The networks
are fully connected feedforword type with a single hidden layer. To increase the diversity of those individual classifiers,
each network uses different number of hidden neurons. Additionally, each network uses different training data that are
obtained by randomly sampling, with replacement, from the original data set. Furthermore, each network uses different
features that are selected through a GA-based feature selection process.

The main difference between the two methods is the use of the different fitness functions for GA feature selection. In the
conventional design, the fitness function of GA is the training set accuracy. The proposed design, on the other hand, uses
the very performance requirement, i.e., the false positive rate corresponding to true positive rate of 98%, as the fitness
function for GA feature selection.
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Figure 5: Comparison of ROC curves from 2 designs

The ROC curves of the two design methods are shown in Figure 5 where the dashed curve is for the conventional design
method while the solid curve is for the proposed method. For better appreciating the difference between the two ROC
curves at TPR level of 98%, a small window of the curves is magnified as shown in the shaded box of Figure 5. At TPR
level of 98%, the false positive rates for conventional and proposed design methods are 49.7% and 44.2%, respectively.
In other words, the proposed method yields approximately 6% less false positive rate than the conventional method does.

Table 1: Comparison of individual accuracy and ensemble performance

. Individual classifier accuracies Ensemble performance
Design methods min max mean std accuracy | diversity | FPR @ TPR of 98%
Conventional 0.8156 | 0.8549 | 0.8348 | 0.0137 | 0.8555 | 0.4281 0.497
(accuracy maximization)
Proposed
(constrained performance | 0.8077 | 0.8509 | 0.8290 | 0.0166 | 0.8509 0.5735 0.442
maximization)

To further compare the two design methods and to identify what contributes to the difference, we calculate the
accuracies and diversities of the 10 individual networks. The accuracy for each individual classifier is determined based
on individual ROC curves. The diversity of individual classifiers is calculated based on ambiguity defined by . That is,

the ambiguity of i”classifier on k" example is a (k) =V, (k) -V (k) * where V (k) and V (k) are the outputs of i”

classifier and the ensemble, respectively, on k" example. Instead of showing accuracies for all 10 networks, we
calculate and show in Table 1 the min, the max, the mean, and the standard deviation of accuracies of the 10 networks
from the two designs. The calculated accuracies and diversity of each of the design methods are summarized in Table 1.
For completion, the false positive rates obtained from ROC curves for both design methods are also shown in the last
column of Table 1.

From Table 1 we can see that, even though the two design methods use the identical network architecture for individual
classifiers and use the same strategies (feature selection) for promoting diversity, the two design methods yield different



accuracy and diversity. That is, while the conventional method yields more accurate classifiers (both individual and
ensemble), the proposed method creates individual classifiers with higher diversity. The difference comes solely from
the different fitness functions used in GA-based feature selection of the two design methods. It seems that the proposed
method sacrifices accuracy for high diversity.

Also from Table 1, we can see that the proposed method is better in meeting the constrained performance goal since it
shows lower false positive rate at TPR level of 98% comparing to the conventional design. Had accuracy maximization
been our performance requirement, we would have taken the classifier designed using conventional method as the better
design. We suggest this supports our claim that different design strategies/methods are required to better satisfy different
performance requirements.

6. CONCLUSIONS

In this paper, we attempt to address issues associated with designing NN ensembles to satisfy constrained performance
requirements. We point out that constrained performance requirements are distinct from the conventional accuracy
maximization requirement and that the common design strategy for neural network ensembles, which focuses on
generating modestly accurate but diverse individual classifiers, may not be sufficient for designing an classifier ensemble
to optimally satisfy the constrained performance requirements. We proposed a new design strategy for designing neural
network ensembles with constrained performance requirements. We also illustrate the new design strategy by designing
a complex, real-world classification problem.

The experimental results of the real-world problem seem to indicate that the proposed design strategy can be a promising
one for designing NN ensembles with constrained performance requirements. Much more work is needed before we can
fully understand and address the issues discussed in this paper.

Specifically, future work should include investigating the feasibility of using cost-sensitive learning to design individual

classifiers so that the resulting ensembles will better meet the constrained performance requirement. Ultimately, a
systematic approach for designing ensembles to satisfy constrained performance requirements is needed.
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