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Abstract: In order to control the trade-off between sensitivity and specificity of MLP binary classifiers, we extended
the Backpropagation algorithm, in batch mode, to incorporate different misclassification costs via separation
of the global mean squared error between positive and negative classes. By achieving different solutions
in ROC space, our algorithm improved the MLP classifier performance on imbalanced training sets. In our
experiments, standard MLP and SVM algorithms were compared to our solution using real world imbalanced
applications. The results demonstrated the efficiency of our approach to increase the number of correct positive
classifications and improve the balance between sensitivity and specificity.

1 INTRODUCTION This occurs mostly because the global training er-

ror considers different errors as equally important as-
Binary classifiers based on Artificial Neural Networks suming that the class prior distributions are relatively
(ANNs) have two objectives related to the perfor- balanced (Provost and Fawcett, 2001). In addition,
mance of each class: one describes the classificatioraccording to (Elkan, 2001), the majority class natu-

accuracy for abnormal or positive examplegrsi- rally imposes higher misclassification costs invalidat-
tivity) whereas the other describes the accuracy foring the uniform cost assumption made by the global
normal or negative examplespecificity. In gen- error. Considering the case of most real world prob-

eral, the simultaneous maximization of both objec- lems, when the class imbalanced ratio is huge, (Wu
tives is achieved indirectly, through minimization ofa and Chang, 2005) observed that the separation sur-
cost function based on global training set error, such face learned by ANNSs is skewed toward the minority
as, the mean squared error (Haykin, 1994). This is class. Consequently, test examples belonging to the
the case of many learning algorithms designed for the small class are more often misclassified than those be-
Multi-Layer Perceptron (MLP) topology since the in- longing to the prevalent class.
troduction of the standaackpropagatiomlgorithm To overcome this problem, different methods have
(Rumelhart and McClelland, 1986). However, it is been proposed. One approach is based on the data
well explored in the literature that, when the global preprocessing in input space in order to balance the
error is minimized, the balance betwesensitivity class distributions (for a good review of these meth-
and specificityis affected by the difference between ods see, for instance, (Weiss, 2004)). In the context
the class prior distributions (Provost et al., 1998), of ANNs, (Japkowicz, 2000) evaluatedsampling
(Provost and Fawcett, 2001) and (Cortes and Mohri, techniques in MLP classifiers and concluded that they
2004). were effective. Similarly, (Zhou and Liu, 2006) in-
When training sets are imbalanced, classifiers usu-vestigated the use afndersamplingoversampling
ally present a good performance for the majority class threshold-movingndensemblenodels for the devel-
but their performance for the minority class is poor. opment of cost sensitive ANNs. Recently, in (Sun

484

Leite Castro C. and Padua Braga A. (2009).

ARTIFICIAL NEURAL NETWORKS LEARNING IN ROC SPACE.

In Proceedings of the International Joint Conference on Computational Intelligence, pages 484-489
DOI: 10.5220/0002324404840489

Copyright © SciTePress



ARTIFICIAL NEURAL NETWORKS LEARNING IN ROC SPACE

et al., 2007), the authors compared several cost sensision matrix gives the number of the examples, whose
tive boostingalgorithms to address the learning prob- true class wa€x and that were actually classified as
lem with imbalanced data sets. The main criticism of C;. Hence, the entries along the major diagonal repre-
the data preprocessing approach s the violation of the sent the correct decisions made: number of true pos-
randomness assumption of the sample (training set)itives (T P) and true negativesT(N); and the entries
drawn from the target population. From a statistical off this diagonal represent the errors: number of false
point of view, as long as the sample is drawn ran- negativesiEN) and false positivesHP).

domly, it can be used to estimate the population dis-

tribution. Once the sample distribution is changed, by Table 1: Confusion Matrix.
using resampling techniques, it can no longer be con-
sidered random. Nevertheless, these strategies have | predicted pog predicted neg
presented better results than the original methodol- actual pos| TP | EN
ogy.
9y actual neg| FP | TN

In the other approach, learning algorithms are
adapted to improve performance of the minority class. ) ) ) 'Y
In particular, in the case of ANNs, most of these  From this matrix, the metricsensitivity(true pos-
strategies are based on the cost function modifica- itive rate) andspecificity(true negative rate) can be es-
tions. In (Kupinski and Anastasio, 1999), (Sanchez timated by the Equations 1 e 2, respectively. The ROC
et al., 2005), (Everson and Fieldsend, 2006) and Space is defined as a graph which plots the true posi-
(Graening et al., 2006)' for instance, mu|ti_0bjective tive rate éGnSlthltv as a function of the false pOSitive
genetic algorithms (MOGA) have been proposed to rate (- specificity (Fawcett, 2004). After evaluating
directly optimizesensitivityand specificity In this @ data set, each classifier produces a singitivity
case, these algorithms produce a set of non-dominatedL— Specificity corresponding to a single pointin ROC
solutions describing the trade-off between these two SPace.
measures (pareto set). The drawbacks of the multi- TP
objective evolutionary algorithms are the high pro- sensitivity=
cessing time and the difficulty in setting the param- TP+FN
eters. Moreover, a decision algorithm is necessary
to select the solution (operation point) in the pareto specificity=
set. In the works mentioned earlier, the authors ob-
served that the choice criterion is quite dependent on

the problem to be solved.
The algorithm proposed in this paper is also based 3 MODIFIED

on the cost function modification. Using MLP bi- BACKPROPAGATION
nary classifiers, we extended the standBadkprop- ALGORITHM
agationalgorithm (inbatchmode) to incorporate dif-
ferent missclassification costs via separation of the
global mean squared error between the positive and
negative classes. The objective is to control the
trade-off betweersensitivity and specificityachiev-

ing different solutions in ROC space. Our experi-
mental results on both synthetic and real world data
sets (from UCI Repository (Asuncion and Newman
2007)) show that our modifieBackpropagatioral-
gorithm is effective to obtain robust solutions for im-
balanced problems.

1)

— 2
TN+FP @

In this Section, we describe our method to control the
trade-off betweemsensitivityandspecificityof Multi-
Layer Perceptron (MLP) binary classifiers. The ba-
sic idea behind it is the separation of the global mean
squared error and its gradient vector between the posi-
tive and negative classes. The theoretical foundations
' are based on the formulation of the standBwatk-
propagationalgorithm (Rumelhart and McClelland,
1986) inbatchmode, where the weights are updated
only after all examples have been presented once for
the network.

2 ROC SPACE 3.1 MLP Neural Network

According to ROC Analysis (Egan, 1975), the perfor- Our approach considekéulti-Layer Percetror(MLP)
mance of some binary classifier on a particular data neural networks witld inputs, one hidden layer with
set may be summarized by a confusion matrix (see h nodes (units) and one output layer containing a sin-
Table 1) (Fawcett, 2004). Each enky; of the confu- gle node, as shown in Figure 1.
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E(w) =

Sl

i e (w) (6)

p=1

3.2 Global Mean Square Error
Separation

The training sef can be redefined a&=T+TUT",
where Tk - {(Xiat]lf)v Tt (XI;(Jatl[()>a Ty (Xﬁkvth&}' for
k={+,-}. The vectorx‘g corresponds to the-th
example of the clasg. The target value for a posi-

tive examplex?; is alwayst; = +1. The number of

Figure 1: Multi-Layer Perceptron neural network topology

considered in this work. positive examples is given hy,. Equivalent defini-
tions hold for the negative class.
The activation of each hidden nodedue to the Given the data sef6 " andT", we can describe
by, E*(w) andE~(w) which represent the mean square
§ error for each class,
yj=f(uj)=f (Zoxiwji> : (3) E(w) =E*(W)+E (w) (7)
i=l

whereEX(w) is given by,
where eaclwj; corresponds to a weight between the

hidden node and the input unit. Similarly, the ac- " 1 M (k)
tivation of the output node is based on the outputs of Ef(w) = e > ePY(w) fork={+,-} (8)
the hidden nodes, p=1

h
z=f(v)=f (Z}ww,-) : (4) 3.3 Gradient Vectors
J:

where eachv; represents a weight between the output From the separation of the functioria(w) in E*(w)
node and the hidden unjit For the sake of simplicity, ~andE™(w), we can calculate the gradient vector for
thebiaswas considered as an extra (input/hidden) unit €ach cost functiofe*(w), using the following equa-

whose value is equal to 1. tion,
Since the scope of the method is limited to binary
classification problems, we considered only one sin- k ® ge(Pk
i : g : OE*(w) = Z fork={+,-} (9)
gle output node and use sigmoid activation functions & ow

(hyperbolic tangentj (-) for all nodes of the network.

Thus, the classification of a given examples based Where"s‘;@k) is the gradient vector over all weights of

on the signal of the output the networkw, calculated due to thp-th example of
Consider also a training setT = the clasCk.
. K
{(X1,t1),- - (Xp,tp), -+ (Xn,ta)} cONtaining n  ex- Each component of the vect8ke— corresponds

amples. The error obtained in the output node due to a scalar gradient calculated for a given weight of
to the presentation of the-th training example is  the network. These values are estimated using the ba-

defined as follows, sic formulation established in the stand&akckprop-
1 2 agation algorithm and proposed by (Rumelhart and

eP(w) = 5 (1P —27) (5)  McClelland, 1986):
wherezP) andt(P) correspond to the output and target 1. for each weighty; of the output layer, the scalar
values for the examplp, respectively. The vectaw gradient due top-th example of the clas€* is
denotes the collection of all weights of the network. obtained using the following chain rule,
From the definition of the error for thp-th training
example, the cost function mean squared error can be 0e(PR) gg(PK) gz(PK) gy(PK) (10)
calculated according to the following equation, ow;  azZ(PK) gu(PK)  ow;
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_ (tmk) _ z(uk)) f/ (\,(p.,k)) yiPo
(11)

2. Similarly, the scalar gradient for each weight
of the hidden layer is given by,

GWJ'

9Pk ge(Pk) ay§p=k> auﬁp,lo
(PR 5 (PK) (12)
awji ayjp7 anp7 aWJ'i
de(P.k)
— _ (+(pK) _ HAPK) £/ (\/(PK) .
aWji (t z ) f (V ) Wi
K kK
() K (13)

3.4 Weight Update

The weight update of the standaBéckpropagation
algorithm (inbatchmode) at iteration (epochy, is
defined as follows,

wm) — WM _qOE (W<m>)

wherew(™ is the weight vector at iteratiamandn is

a positive constant (learning rate). The update/®?

occurs in opposite direction of the gradient vector.
From the global mean squared error separation,

we can describe the gradient vectdE(w) as a

weighted sum of the gradient vectorsBf (w) and

E~(w),

(14)

1
_ +
= )\—+|]E
where the parameteds™ and A\~ with values vary-
ing from 1 too, are used to constrain (penalize) the
gradient vector magnitudes for the positive and neg-

OE(w) (w) + )\i_ OE~ (w) (15)

ative classes, respectively. These parameters are in

troduced to assign different misclassification costs for
each class and, therefore, to control the trade-off be-
tweensensitivityand specificityof the solutions dur-
ing the learning process.

Note that, whei* andA~ assume values equal to
1, the weight update equation from the gradient vec-
tor OE(w) leads to the standard solution which min-
imizes the global training error. Otherwise, we can
try to find solutions in different areas of ROC Space
(sensitivityx 1— specificity according tox™ andA .

4 EXPERIMENTSAND RESULTS

In this Section, we conducted experiments that illus-
trate our approach. Using a two-dimensional syn-
thetic data set, we show that it is possible to control

the MLP learning, obtaining different separation sur-
faces in input space. Moreover, in order to improve
the MLP classifier performance on real world imbal-
anced problems, the parametarsand\~ were ad-
justed to balance the costs imposed by the difference
between the number of class examples.

4.1 Synthetic Data

This experiment illustrates the effect caused by the
parameters\™ and A~ in the separation surfaces
learned by a MLP classifier (topology 2:5:1). A train-
ing set was generated from two-dimensional Gaussian
distributions with mean vectof6,0]" and[2,2]" and
covariance matrices corresponding to the identity ma-
trix. The ratio between the number of negative (cir-
cles) and positive (plus) examplesis 10: 1.

Figure 2 shows the separation surfaces obtained in
three different situations:

1. Standard solution (dotted line) which minimizes
the global error wittA\™ andA~ equal to 1. Per-
formance on the training set sensitivity= 0.58
andspecificity= 0.98.

. Solution (bold solid line) which aims to achieve a
balance between treensitivityand thespecificity
with AT = n, andA~ = n_. Performance on the
training set= sensitivity= 0.90 andspecificity=
0.89.

. Solution (solid line) with highsensitivityby set-
ting the parameters™ = 1 andA~ = 100. Perfor-
mance on the training set sensitivity= 1.00 and
specificity= 0.68.

-2

-3

X1

Figure 2: The effect caused by paramefersandA ™~ in the
separation surfaces learned by a MLP classifier with topol-
ogy 2:5:1.

The analysis of these results, led to the following
conclusions: the bad performance of the standard so-
lution 1 (dotted line) is due to minimization of the
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global mean squared error from an imbalanced train- Table 3: MLP parameters: number of hidden nodes
ing set. By constraining the magnitude of gradient (#nodes) and training epochs (#epochs); and SVM param-
vectors according to the number of class examples, eters: regularization term (C) and radius of Gaussian func-

the solution 2 (bold solid line) achieved a better bal- tion (0) for RBF kernel.

ance betweesensitivityand specificity Finally, the
solution 3 (solid line) obtained maximum sensitivity
by having a very high cost for the positive class. How-
ever, its performance for the negative class was not
good.

4.2 UCI Data Sets

In this Section, we used seven real world datasets
from the UCI Repository (Asuncion and Newman,
2007) with different levels of imbalance (see Table
2). In order to have the same negative to positive ra-
tio, stratified 7-fold crossvalidation was used to obtain
training and test subsets (ratio 7:3) for each data set.

Table 2: Characteristics of the seven data sets used in-exper
iments: number of attributes, number of positive and nega-
tive examples gnd class rati%_. Fpr some data sets,
the class label in the parentheses indicates the targst clas

Data Set | #attrib | #pos| #neg| ratio

Diabetes 08 268 | 500 | 0.35
Breast 33 47 | 151 | 0.24
Heart 44 55 212 | 0.21

Glass(7) 10 29 185 | 0.14
Car(3) 06 69 | 1659| 0.04

Yeast(5) 08 51 | 1433| 0.035

Abalone(19)| 08 32 | 4145 0.008

To obtain balanced solutions betwesensitivity
and specificity the parametera™ and A\~ were set
according to the number of class examples &€ n,
andA\~ =n_). We named this strategy as Balanced
MLP classifiers (BaIMLP) and compared it with Sup-
port Vector Machines (SVM) (Cortes and Vapnik,
1995) and standard MLP classifiers (StdMLP) which

Data Set| #nodes| #epochs) C | o
Diabetes 5 7000 1.10 | 1550
Breast 1 5000 | 7250 | 1950
Heart 2 3000 0.30 | 7.20
Glass 2 5000 3.40 | 040
Car 2 7000 0.60 | 1510
Yeast 5 7000 0.1 | 1630
Abalone 3 7000 1.00 | 1.00

higher imbalance degree. The separation surfaces
learned in the input space were set to maximize the
number of correct positive classifications. A bet-
ter balance between sensitivity and specificity was
achieved.

However, note that the attempt to achieve a bal-
anced solution based on the number of examples in
training set does not necessarily ensure a balanced
performance for the test set (see, for instance, Breast
and Glass data sets in Table 4).

5 CONCLUSIONSAND FUTURE
WORK

By separating the global training error between the
positive and negative classes, our method achieved
different solutions in ROC Space in order to circum-
vent the problem of lack of representativeness such as
sparse and imbalance of class distributions in training
sets.

In the results obtained with real world applica-
tions, we demonstrated that it is possible to increase
the number of correct positive classifications and im-
prove the balance betwesensitivityand specificity

minimize the global training error. The parameters However, our approach does not consider complexity
of these classifiers were selected through grid-basedcontrol techniques such as minimization of the mag-
search method (Van Gestel et al., 2004) and were keptnitude of parameters, maximization of the separation

equalin all runs for each data set. The optimal choices
of these parameters are in Table 3.

margin and use of regularization terms. Our future
efforts will focus on the relationship between the so-

Table 4 compares the results obtained for the testlutions obtained with our method and those that aim

set usingsensitivityandspecificityneasures. For each

metric, the mean and standard deviation were calcu-

lated from 7 runs with different training and test sub-
sets obtained from stratified 7-fold crossvalidation.
As shown in Table 4, our BalMLP strategy pro-
duced bettesensitivityvalues for all data sets. Com-
pared to the StdMLP and SVM classifiers, BalMLP

to achieve maximum generalization by controlling the
complexity of models. We believe that the union of
these strategies will help to direct the search for the
optimal solution to the learning problem with imbal-
anced classes.

Furthermore, it is necessary to establish a precise
relation for the adjustment of andA~ and the de-

performance was superior especially for data sets with sired solution in ROC Space. So far, we have ob-
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Table 4: Mean and standard deviatiorsehsitivity(in %) andspecificity(in %) metrics on UCI data sets.

| StdMLP | SVM |  BalMLP
DataSet| sens | spec | sens | spec | sens | spec

Diabetes| 61+07 | 81+£06 | 70£10| 77+04 | 73+09 | 73+ 04
Breast | 42+15| 86+08 | 60+26 | 77+08 | 6623 | 74+11
Heart | 4719 | 83+£05 | 61+10| 964+09 | 73+15| 75+09
Glass | 84+16| 98+02 | 87+26 | 100£00 | 90+ 13 | 98+03

Car 00+00 | 100+00 | 44+21 | 98+03 | 80+15| 77+17
Yeast | 06+16 | 100+£00 | 29+27 | 99404 | 82+ 14 | 85+ 03
Abalone | 00+00 | 100£00 | 00£00 | 100+00 | 73+12 | 79+ 03
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