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Purpose: The authors propose a new training method for artificial neural networks (ANNs) in two-
class classification tasks such as classifying breast lesions on a mammogram as malignant or benign.
Methods: Whereas the conventional binary training method uses binary training target values based
on the diagnostic truth of a lesion being malignant or benign, the authors use multiple training target
values based on more detailed histological diagnosis that presumably are related to the posterior
probability of a lesion being malignant. The authors performed Monte Carlo simulation studies in
which training target values were assigned based on posterior probability, and they also performed a
mammography study in which training target values were assigned according to histological subtypes.
Results: These studies showed that the multitarget training method produced less variability in the
ANN outputs than the binary training method. The simulation studies also showed that except for
when the number of training cases was extremely large, the multitarget training method produced
improved overall classification performance over the binary training method.
Conclusions: Therefore, the multitarget ANN training method is potentially useful for ANN appli-
cations in computer-aided diagnosis of breast cancer. © 2013 American Association of Physicists in
Medicine. [http://dx.doi.org/10.1118/1.4772021]
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I. INTRODUCTION

Artificial neural networks (ANNs) are frequently used in
computer-aided diagnosis (CAD) methods, which aim to help
radiologists detect cancers or classify malignant from benign
lesions.1–4 An ANN can be viewed as a multivariate math-
ematical function that consists of interconnected computa-
tional nodes (or neurons), in which the connections between
a particular node and nodes in the proceeding layer repre-
sent weighted linear combination of nodes in the proceeding
layer (usually accompanied by a nonlinear activation func-
tion). ANN weights are determined during ANN training, in
which the ANN is applied to a set of training cases and the
weights are adjusted, iteratively, in an attempt to match the
ANN output to known target value for each case. In CAD,
three-layer backpropagation networks (also known as mul-
tilayer perceptrons) are commonly used. These ANNs con-
sist of an input layer with an equal number of nodes as
the number of input image features, a hidden layer of an
empirically chosen number of nodes, and an output layer
of typically one node producing a continuous output. The
ANN output is compared with a binary outcome (e.g., tar-
get values of 0 and 1) if the ANN is used for classifica-
tion purpose, and it is compared with continuous outcomes
if the ANN is used for regression purpose. These ANNs
are typically fully connected between every node in adjacent
layers.

The universal approximation theorem states that the three-
layer ANN described above is capable of approximating
any multidimensional continuous function to any desired
accuracy.5 In a two-class classification problem, the optimal
classification performance is achieved by the ideal observer
who uses the likelihood ratio, or any monotonic transforma-
tion thereof, as the decision variable.1, 6 Therefore, the task for
the ANN is to approximate the likelihood ratio accurately. In
CAD applications, one often chooses to limit the number of
hidden nodes in favor of better generalizability due to limited
number of cases available for training.7, 8 Once the number of
hidden nodes is fixed, the ANN architecture or, equivalently,
the form of the multivariate mathematical function that trans-
forms the ANN inputs to its output is also fixed. In this situa-
tion, it is no longer true in general that the ANN can approx-
imate the likelihood ratio to arbitrary accuracy. Furthermore,
the usually limited number of training cases can prevent the
ANN from achieving full optimization of its weights. Under
these conditions, the ANN output only approximates the like-
lihood ratio and the ANN underperforms in comparison with
the ideal observer, especially when the number of training
cases is small and/or the dimensionality of the input features
is large.9 In addition, the stochastic nature of ANN training
implies that the ANN outputs are inherently variable.10

In CAD applications, one typically employs ANNs for
classification tasks that involves binary outcomes (e.g., ma-
lignant vs benign diagnosis), which are, therefore, represented
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by binary training target values (e.g., 0 and 1). However, his-
tological reports often provide more detailed information on
lesion subtypes than the malignant vs benign diagnosis. In
this paper, we investigate a method that uses lesion histolog-
ical subtypes in ANN training. We divide breast lesions into
six histological subtypes, which correspond to six ANN train-
ing target values. We refer to this method as multitarget train-
ing and the method of using binary target values (e.g., 0 vs 1
which corresponds to benign vs malignant) as binary training.
We compare these two training methods in terms of overall
classification performance, which is measured by the area un-
der the receiver operating characteristic (ROC) curve (AUC),
and in terms of variability in ANN outputs.

II. BACKGROUND AND THEORY

II.A. Posterior probability as an optimal
decision variable

In a two-class classification task, one can define a likeli-
hood ratio (LR) that can be used as a decision variable to
obtain the optimal classification performance, which can be
measured with AUC.11–13 Let x represent an arbitrary case
(i.e., a vector of feature values), we define LR(x) as

LR (x) = P (x|positive)

P (x|negative)
. (1)

According to the Bayes theorem, the posterior probability of
x being positive is

P (positive|x)

= P (x|positive)P (positive)

P (x|positive)P (positive) + P (x|negative)P (negative)

= P (positive)

P (positive) + P (negative)/LR(x)
, (2)

where P(positive) and P(negative) are the prevalence of pos-
itive and negative cases, respectively, and are unknown con-
stants. Because the posterior probability is a monotonic trans-
formation of the LR, it is also an optimal decision variable.

II.B. Neural network prediction of posterior probability

Theoretically, the output of a classification ANN is an es-
timate of the posterior probability, provided that the num-
ber of training cases is sufficiently large and the ANN ar-
chitecture is sufficiently “complex.”5, 14, 15 We describe briefly
here the proof provided originally by Rojas.14 For a set of n-
dimensional feature vector s{x} of ANN inputs, the space of
the input data can be partitioned into a lattice of differential
volume s{dx}. Let Npx and Nnx denote the number of posi-
tive and negative training cases, respectively, in the differen-
tial volume dx, then the sum-of-square error function of the
ANN output y(x) can be written as

� =
∫

[Npx(tp − y(x))2 + Nnx(tn − y(x))2]dx, (3)

where tp = 1 and tn = 0 are the training target values for posi-
tive and negative cases, respectively. Because the integrand is

non-negative, minimizing the error function � is equivalent
to minimizing the integrand. From setting the first derivative
of the integrand with respect to y(x) to zero, one obtains the
ANN output that minimizes the sum-of-square error

y(x) = Npx tp + Nnx tn

Npx + Nnx
= Npx

Npx + Nnx

, (4)

which is the fraction of positive cases in the differential vol-
ume dx. As the size of the training dataset becomes suffi-
ciently large, the fraction of positive cases converges asymp-
totically to the posterior probability; therefore, the ANN out-
puts converge to posterior probabilities. Consequently, assum-
ing that the ANN architecture is sufficiently “complex,” ANN
outputs do not show variability.10 However, if the number of
training cases is not sufficiently large, ANN output maybe
a poor estimator of the posterior probability because the ra-
tio Npx/(Npx + Nnx) in each differential volume dx cannot be
guaranteed to equal the posterior probability. Furthermore, the
common practice of limiting the number of hidden nodes to
avoid over training also limits the ability of the ANN to min-
imize its cost function, i.e., the sum-of-square error. There-
fore, with finite training data, ANNs often do not achieve the
classification performance of the ideal observer9 and, due to
the stochastic nature of ANN training, ANNs trained from
different initial random weights, or with different numbers of
training epochs, will not converge to unique output values but,
rather, exhibit variability in their outputs.10

We hypothesize that, with finite training data, ANN train-
ing using posterior probability as target values instead of the
binary target values will help the ANN output to better ap-
proximate the posterior probability. If this is true, then it fol-
lows that ANNs trained with posterior probability as target
values will in general produce better classification perfor-
mance than ANNs trained with the binary target values. How-
ever, the obvious problem is that the posterior probability is
generally unknown and, therefore, cannot be used to train the
ANN. We observe that, in some situations, certain surrogate
information that is strongly correlated with the posterior prob-
ability maybe available. For example, diagnostic information
on histological subtypes of breast lesions may correlate more
strongly with the continuous quantity of posterior probabil-
ity than the binary malignant/benign designation. This infor-
mation could be used to train ANNs. However, information
on histological subtypes is usually discarded in CAD appli-
cations in favor of the binary malignant/benign training tar-
get values. In this paper, we study the performance of ANNs
trained with six target values based on histological subtypes of
breast lesions as presumed surrogate of the posterior probabil-
ity and compare the performance of these ANNs with that of
ANNs trained with the binary target values based on the ma-
lignant/benign diagnostic information. Note that we assume
histological data correlate strongly with the posterior prob-
ability, but we do not assume that the histological data rep-
resent, or are good estimates of, the posterior probability. It
is not possible to evaluate the latter assumption without ac-
cess to the actual posterior probability. There are also cases
in which histological data clearly do not agree with the poste-
rior probability. For example, if a malignant case and a benign

Medical Physics, Vol. 40, No. 1, January 2013



011908-3 B. Liu and Y. Jiang: CAD, ANN multitarget training 011908-3

case share the same feature values, then their posterior proba-
bilities are identical, but their histological data are not. How-
ever, strong correlation between histological data and the pos-
terior probability may reveal enough information contained in
the posterior probability to improve ANN training.

III. MATERIALS AND METHODS

We studied two-class classification problems with both
Monte Carlo simulations and an example classification task
in a CAD application. In our simulation study, posterior prob-
ability can be calculated from the underlying distributions of
positive and negative cases; therefore we trained ANNs with
either the continuous quantity posterior probability or its dis-
crete version as training target values. However, in our mam-
mography CAD study, as in other real-world classification
tasks, both the underlying distributions of the two classes of
cases and the posterior probability are unknown. In this paper,
we used six training target values based on lesion histological
subtypes as presumed surrogates of the posterior probability.

We compared both overall classification performance and
variability in the ANN output between the binary and mul-
titarget training methods. Overall classification performance
was measured with ROC analysis and with AUC as a sum-
mary index. Variability in ANN outputs that originates from
the stochastic nature of the ANN training process was mea-
sured with the standard deviation of the outputs in a sin-
gle given test case from eight ANNs with identical archi-
tecture and trained on a common set of cases but with
different initial random weights, which was then averaged
across all test cases.10 We used three-layer feedforward and
error-backpropagation neural networks,16 which are used
commonly in CAD applications. The number of input nodes
was equal to the number of input features, the number of hid-
den nodes was chosen empirically, and there was a single out-
put node. Generally, the number of hidden nodes increased as
the number of input nodes increased. We use the notation n1-
n2-n3 to denote an ANN with n1 input nodes, n2 hidden nodes,
and n3 output nodes.

III.A. Simulation study

We studied two-class classification tasks. Examples of
two-class classification tasks in medical diagnostic applica-
tions include classifying positive cases from negative cases
for a particular disease and classifying malignant from benign
breast lesions in mammograms. We carried out Monte Carlo
simulations, in which simulated negative and positive cases
were drawn randomly from two distinct and known distribu-
tions. We considered only the situation in which the training
and testing cases contain equal numbers of positive and neg-
ative cases. The total number of training cases was varied be-
tween 10 and 2000, but the total number of test cases was
fixed at 2000 to minimize the effect of the finite number of
test cases on the estimation of classification performance.

We calculated the posterior probability according to Eq. (2)
from the known underlying distributions of positive and neg-
ative cases. Because we simulated the situation in which pos-

TABLE I. Assignment of five target values according to the posterior proba-
bility in the simulation study.

Range of posterior probability 0–0.2 0.2–0.4 0.4–0.6 0.6–0.8 0.8–1.0

Assigned target value 0.0 0.25 0.5 0.75 1.0

itive and negative cases had equal prevalence, i.e., P(positive)
= P(negative), it follows that for an arbitrary case x:

P (positive|x) = P (x|positive)

P (x|positive) + P (x|negative)
. (5)

We constructed training target values based on Eq. (5) as fol-
lows. Given a particular number of training target values, n,
we partitioned the range of the posterior probability, i.e., the
interval [0, 1] evenly into n equal subintervals: [(i − 1)/n,
i/n], where i = 1, 2, . . . , n. Then, for a training case with
posterior probability within the subinterval [(i − 1)/n, i/n],
we set the training target value to be (i − 1)/(n − 1). Table I
shows the training target values for n = 5. For the special case
n = ∞, the continuous quantity posterior probability was used
as training target values.

We simulated two types of classification tasks. In the first
classification task, negative and positive cases follow multi-
variate isotropic normal distributions. Although normal distri-
butions are idealized compared with real-world classification
problems, they have been used previously in ANN simulation
studies and their results often agree, at least qualitatively, with
results of real-world ANN applications.10, 17, 18 Furthermore,
an advantage of these simple distributions is that one can cal-
culate the theoretical performance of the ideal observer and
compare that with the ANN performance.

We simulated both 2D and 8D input feature dimensions
because 2D classification problems are easy to visualize and
our mammography CAD classification task was an 8D classi-
fication problem. We simulated each dimension using a pair
of multivariate isotropic normal distributions for negative and
positive cases independently and, without loss of generality,
we let negative cases follow the standard normal distribution
N(0, 1), and let positive cases follow a normal distribution
N(a/b, 1/b) with mean of a/b and standard deviation of 1/b.
Figure 1(a) shows random samples of 1000 cases drawn from
such a pair of 2D normal distributions where a = 1 and b = 1.
The ideal observer forms linear decision boundaries in these
classification tasks. We used 8-6-1 and 2-2-1 ANNs for the
8D and 2D classifications tasks, respectively.

The second type of classification tasks that we simulated
is known as the 2D exclusive or (XOR) classification prob-
lem. In the 2D Cartesian coordinate space of input feature
data, positive cases were represented by the sum of two 2D
isotropic normal distributions—one centered at (−1, 1) and
the other centered at (1, −1), each with isotropic standard de-
viation of 1, whereas negative cases were represented by the
sum of two other 2D isotropic normal distributions—one cen-
tered at (1, 1) and the other centered at (−1, −1), each with
isotropic standard deviation of 1. Figure 1(b) shows random
samples of 1000 cases from the 2D XOR distribution. The
ideal observer decision boundary for this classification task
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FIG. 1. Examples of (a) a 2D multivariate normal dataset and (b) a 2D XOR dataset. Solid symbols and hollow symbols are simulated positive and negative
data points, respectively.

is quadratic. We used 2-10-1 ANNs for the XOR classifica-
tion task, which was more complex than what we used for
the 2D multivariate normal classification problem. Whereas
the AUC value of the ideal observer was calculated analyt-
ically in the multivariate normal classification task, it was
calculated empirically in XOR classification task from the
posterior probability of 2000 randomly sampled test cases
using the LABROC4 algorithm.19

III.B. Mammography study

A mammography study was also carried out to compare
the binary ANN training method and the multitarget train-
ing method. The classification task was to classify clustered
microcalcifications on mammograms as malignant or benign
based on eight image features.3 As in other real-world clas-
sification problems, the underlying distributions of positive
and negative cases were unknown and, therefore, the poste-
rior probability could not be calculated. Therefore, we did
not use posterior probability as training target values. Instead,
we used the diagnostic information of histological subtype
of lesions as presumed surrogates of the posterior probabil-
ity. Specifically, we divided malignant diagnosis into four
histological subtypes: noncomedo ductal carcinoma in situ
(DCIS), comedo DCIS, DCIS with microinvasion, and inva-
sive carcinoma (including invasive ductal and invasive lobu-
lar carcinomas); and divided benign diagnosis into two his-

tological subtypes: benign and benign with high risk (includ-
ing atypical ductal hyperplasia and lobular carcinoma in situ).
Thus, we used six training target values that correspond to six
histological subtypes. This sequence of histological subtypes
is one (of more than one) possible representation of an or-
dered spectrum from benign tissue in one extreme to aggres-
sive cancer in the other.20 The mammogram image dataset we
used consisted of 96 cases, of which 42 cases were malignant
and 54 were benign. Every case had a mediolateral oblique
(MLO)-view and a craniocaudal (CC)-view mammograms.
Table II lists the number of cases of each histological sub-
type together with training target values for both the binary
and the multitarget training method.

We used an 8-6-1 ANN architecture as in our previous
study.21 We used the jackknife method in which both ma-
lignant and benign cases were partitioned randomly into two
halves: one half (21 malignant and 27 benign cases) was used
for training and the other half (21 malignant and 27 benign
cases) for testing. All mammograms of a patient were kept as
a unit for data partitioning to ensure true independence be-
tween the training and test cases. Further, we partitioned the
cases independently 20 times. For each jackknife partition,
eight ANNs with identical architecture were trained with ar-
bitrarily different initial random weights. The average ANN
performance was estimated by averaging over the 20 jack-
knife partitions of the mean AUC value of the eight ANNs
in each jackknife partition. ANN output variability (i.e.,

TABLE II. Assignment of target values for the binary training and multitarget ANN training in the mammography study.

Histological Benign with Noncomedo Comedo DCIS with Invasive
subtype Benign high risk DCIS DCIS microinvasion carcinoma

Number of cases 50 4 20 13 3 6
Target values of multitarget method 0.1 0.2 0.6 0.7 0.8 0.9
Target values of binary training method 0.1 0.1 0.9 0.9 0.9 0.9
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standard deviation in the eight ANN output values on a par-
ticular test case) was compared with Student t-test for paired
data on the test cases for an arbitrarily chosen jackknife
partition.

To further understand the effect of multitarget training,
we also trained ANNs using three patients (i.e., six mam-
mograms) as the training cases for each histology subtype.
Other cases were used as test data and the results of binary
training and multitarget training were compared. Exactly as
in the jackknife experiment, eight ANNs of the 8-6-1 archi-
tecture were trained to the same epochs from different initial
random weights, the average AUC values of the eight ANNs
were used to characterize the classifier performance, and the
standard deviation of the eight ANN outputs in a single given
test case was calculated to characterize ANN output variabil-
ity. Compared with the jackknife experiment, the number of
training cases was uniform across all histology subtypes. The
CLABROC algorithm22 was used to compare the AUC values
between the two training methods.

IV. RESULTS

IV.A. Simulation results

Figure 2 shows the AUC values of ANNs trained with the
multitarget training method and the binary training method.
The numbers of training cases were 100 positive and 100
negative cases. The AUC values of the ideal observers were
0.8413 for both the 2D and 8D multivariate normal classifi-
cation tasks and 0.8061 for the XOR classification task. Clas-
sification performance of ANNs in the 2D multivariate nor-
mal classification task is slightly closer to that of the ideal
observer than that in the 8D multivariate normal classification

FIG. 2. ANN classification performance in simulation studies measured
with AUC values of the multitarget training method (solid symbols) and the
binary raining method (hollow symbols). Standard deviations of AUC values
from eight ANNs with identical architecture but trained with different initial
random weights (not shown in this figure) are on the order of 0.0001 or 0.001.
The standard errors of the AUC value of each individual ANN, which reflects
the number of test cases, are approximately 0.01 (also not shown in this fig-
ure). The numbers of training cases were 100 positive and 100 negative cases.
The scale of the horizontal axis is 1/n.

task, probably because the ANN architecture in the 8D task
(8-6-1) is more complex than in the 2D task (2-2-1), thus, re-
quiring more training cases than in the 2D task to approach the
ideal-observer performance. With a greater number of train-
ing cases than those shown in Fig. 2, the 8-6-1 ANN trained
with posterior probabilities achieved AUC value of 0.839 with
400 training cases, whereas the same ANN trained with the
conventional method needed 2000 training cases to achieve
the same classification performance. Figure 2 also shows that
multitarget training provides greater benefit to classification
performance (i.e., the AUC values) for the XOR dataset than
for the multivariate normal datasets, probably because the op-
timal classifier for the XOR dataset (quadratic) is more com-
plicated than that for the multivariate normal dataset (linear)
and, thus, relatively more difficult to train and easier to see
the effect of a better training method.

Standard deviations of the AUC values of the eight ANNs
that were trained with different initial random weights were
on the order of 0.0001 or 0.001 (not shown in Fig. 2). How-
ever, variability in ANN output reduced markedly from ANNs
trained with the binary training method to ANNs trained
with the multitarget training method. For the binary train-
ing method, standard deviation of ANN output on individual
cases was on the order of either 0.01 or 0.1, and the stan-
dard deviation averaged across 2000 test cases was just under
0.1. ANN output variability of this magnitude is not negligi-
ble considering the range of ANN output is from 0.0 to 1.0.
Standard deviations of outputs of ANNs trained with the mul-
titarget training method were smaller as shown in Fig. 3. Fur-
thermore, the standard deviation decreased as the number of
training target values increased (Fig. 3).

Note that in Figs. 2 and 3, there are corresponding
data points of both solid symbols that represent multitarget

FIG. 3. Variability in ANN outputs, characterized by the standard deviation
in a single given test case of the outputs of eight ANNs trained identically
but from different initial random weights, which was subsequently averaged
across all test cases, is shown for the multitarget training method (solid sym-
bols) and the binary training method (hollow symbols) in simulation studies.
The numbers of training cases were 100 positive and 100 negative cases. The
scale of the horizontal axis is 1/n.

Medical Physics, Vol. 40, No. 1, January 2013



011908-6 B. Liu and Y. Jiang: CAD, ANN multitarget training 011908-6

FIG. 4. Dependence of ANN performance (AUC) on the number of training cases for binary ANN training, six-target training, and posterior probability training
in the (a) XOR, (b) 8D multivariate normal, and (c) 2D multivariate normal simulation studies. The standard errors of the AUC value of each individual ANN
(not shown), which reflect the number of test cases, are approximately 0.01. The scale of the horizontal axis is 1/N.

training and hollow symbols that represent the binary train-
ing at 1/n = 0.5, that is n = 2. The difference between
these corresponding data points is that the binary training uses
the binary truth as target values whereas multitarget training
when n = 2 uses two discrete target values that represent
the continuous quantity of posterior probability. For exam-
ple, for a positive training case with posterior probability of
less than 0.5, binary training will assign a target value of 1,
whereas multitarget training method will assign a target value
of 0. Similarly, the binary training method will assign a target
value of 0 for a negative training case with posterior probabil-
ity greater than 0.5, whereas the multitarget training method
will assign a target value of 1. It is interesting to note that the
multitarget training method with just two target values pro-
duces better overall classification performance and less vari-
ability in ANN output than the binary training method (Figs. 2
and 3).

Figure 4 shows the effect of the number of training cases
on the overall classification performance of ANNs trained
with three different sets of training target values in the XOR,
8D multivariate normal, and 2D multivariate normal classifi-
cation task. In general, classification performance of ANNs
increased as the number of training cases N increased, even-
tually reaching the classification performance of the ideal
observer. However, compared with ANNs trained with the
binary training method, ANNs trained with the six-target
method or with the posterior probability method achieved
higher classification performance with smaller numbers of
training cases, as one can see from Fig. 4 for the XOR, 8D
multivariate normal, and 2D multivariate normal studies. One
can also see that the simpler classifiers for 2D multivariate
normal dataset needed fewer training cases to approach the
performance of the ideal observer.

IV.B. Results of mammography study

The average AUC values across 20 jackknife resamplings
of cases from the two training methods were similar: 0.777 for
the binary method and 0.778 for the six-target method. How-
ever, variability in ANN output was different between the two
training methods. Standard deviation in ANN output in indi-
vidual test cases, averaged across all test cases and then aver-

aged over the 20 jackknife partitions, was 0.083 for the binary
training method, and 0.045 for the six-target method, which
was a reduction of approximately one half. Figure 5 com-
pares the mean, minimum, maximum, and 25th and 75th per-
centiles of the ANN output standard deviation from each jack-
knife partition and from the binary and the six-target train-
ing methods, and evidently shows reduced ANN output vari-
ability from the six-target training method. For an arbitrarily
chosen jackknife partition, we found a standard deviation of
0.084 for the binary training method and 0.045 for the six-
target training method, which differ significantly (p < 10−15,
Student t-test for paired data).

Training ANNs with three patients in each histology sub-
type (i.e., 18 patients total) resulted in an AUC value of 0.697
with binary training and 0.723 with the six-target training.
The improvement in the AUC values was 0.026, smaller than
the estimate standard errors of the AUC values (0.05), and
was not statistically significant (p = 0.78). The standard devi-
ation in ANN outputs in individual test cases, averaged across
all test cases, was 0.082 and 0.043 for binary training and six-
target training, respectively, which are similar to the results of
the jackknife study.

V. DISCUSSION

The binary ANN training method seeks to minimize the
cost function:

∑Np

i=1 (tp − ypi)2 + ∑Nn

j=1 (tn − ynj )2, where tp
and tn are, respectively, the target values for positive and neg-
ative cases, and ypi and ynj are the ANN outputs for pos-
itive and negative cases. In ANN training, a positive and
a negative training case that have identical feature values
will produce identical ANN output, but they will have dif-
ferent target values tp and tn in the optimization scheme
above. In this particular situation, minimizing the contribu-
tion of the positive case to the cost function will maximize
the contribution of the negative case to the cost function,
and vice versa. This situation makes ANN training difficult
because the ANN must find on its own an appropriate bal-
ance that minimizes the combined contribution to the cost
function from both the positive and the negative cases, which
clearly differs from what minimizes the contribution to the
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FIG. 5. Comparison between binary and six-target training methods across 20 jackknife partitions in the mammography study of the mean, minimum, maximum,
and 25th and 75th percentiles of ANN output standard deviations on individual test cases. Reduced ANN output variability is evident from the six-target
training method. For better legibility, corresponding jackknife partitions between the binary and six-target training methods are shown in decreasing order of the
maximum output standard deviations of the binary training method.

cost function from either one of the two cases. When poste-
rior probability is used as training target values, the cost func-
tion is:

∑Np

i=1 (Ppost.i − ypi)2 + ∑Nn

j=1 (Ppost.j − ynj )2. With
this method, a positive and a negative training case that have
identical feature values will also correspond to identical train-
ing target values. Consequently, minimizing the contribution
to the cost function from one case also simultaneously mini-
mizes the contribution from the other case. Therefore, at least
with regard to the situation discussed above, training with
posterior probability as target values is potentially better than
the binary training method.

Consider the ANN training cost function within a differen-
tial volume of the input feature space, s{dx}, the cost function
of binary training can be written as:

∑n
i=1 (ti − y)2, where ti

is the training target values (ti = 1 for positive and ti = 0
for negative cases), n is the total number of training cases
in s{dx}, and y is the ANN output for all cases in s{dx}.
Clearly, ti is a Bernoulli variable with expected value of Ppost.

and variance of Ppost.(1 − Ppost.). With binary training, the
ANN tries to minimize

∑n
i=1 (ti − y)2 and, when successful,

produces y = (
∑n

i=1 ti)/n = tmean, which is another random
variable also with expected value of Ppost. but variance of Ppost.

(1 − Ppost.)/n. That is to say, binary training produces esti-
mates of the posterior probability with a variance of Ppost.

(1 − Ppost.)/n. One needs to increase the size of the training
cases to reduce this variance. However, with posterior prob-
ability training, the cost function is:

∑n
i=1 (Ppost. − y)2, and,

when this cost function is successfully minimized, the ANN
produces simply y = Ppost., even for n = 1. As the number
of training cases increases, the binary training method im-

proves and the difference between the two training methods
reduces. However, one can still expect better ANN training
results from using posterior probability as the training target,
as Fig. 4 shows.

It is plausible that multitarget training is beneficial to
ANNs in two-class classification tasks because they allow
more information to be incorporated into the training process.
In the simulation study, the underlying distributions of posi-
tive and negative cases were known, thus the posterior prob-
ability was also known. Therefore, we were able to use the
posterior probability as training target values, which represent
substantially more information than the binary target values of
the binary training method. In practice, we generally have no
access to the posterior probability and, therefore, cannot use
it as training target values. However, in some situations, infor-
mation in addition to the binary “truth” is available. For ex-
ample, histological reports on breast lesions typically contain
more detailed diagnostic information than simply the binary
malignant versus benign diagnosis. We grouped the more de-
tailed histological diagnosis information into six histological
subtypes, which we presume that, because they are correlated
with the natural progression of the aggressiveness and disease
burden of breast cancer, they are correlated with the posterior
probability of a lesion being malignant. Note, however, we do
not assume that the histological subtypes correlate with the
posterior probability perfectly; in certain cases, the histologi-
cal subtypes clearly do not agree with the posterior probabil-
ity. Although our grouping of the histological subtypes and
our assignment of the training target values are ad hoc, it is
reasonable to expect that the incorporation of the presumed
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correlation between the histological subtypes and the true, un-
known, posterior probability into ANN training would help
improve the results of ANN training compared with the bi-
nary training method. There may be also other ways to group
the histologic data for multitarget ANN training purposes.

In our mammography study, the ANN produced separate
outputs for MLO- and CC-view mammograms. These two
ANN outputs in a given patient need to be combined into
a single estimate of the likelihood of malignancy of the le-
sion. Liu et al.23 showed that each of the methods of tak-
ing the average, the maximum, or the minimum can produce
the best overall classification performance, depending on the
shape of the single-view mammogram ROC curve. However,
in this study, because the shape of the single-view mammo-
gram ROC curve may not be consistent across different jack-
knife resamplings of the cases, it is unclear which method
is optimal for merging the two ANN outputs. Therefore, for
simplicity and to be consistent, we took the maximum when
merging all ANN outputs from two views of a patient. Al-
though this method may not have produced the best overall
classification results, the use of this method should not affect
the comparison between the multitarget and the binary train-
ing methods, because taking the maximum ANN outputs of
the two-view mammograms was used in both training meth-
ods.

Whereas our simulation and mammography studies
showed that multitarget training can reduce variability in
ANN outputs and the simulation studies also showed im-
proved overall classification performance from multitarget
training, our jackknife mammogram study showed no AUC
gain for the multitarget training method. This is probably due
to the limited number of cases in the mammography study,
thus limited number of test cases, which yielded large uncer-
tainty with standard deviation approximately 0.05 in the AUC
values of the ANN classification performance, making it diffi-
cult to find any difference in the AUC values between the two
training methods. However, our mammogram study using a
small training dataset (18 patients) showed a nonstatistically
significant AUC gain of 0.026 for multitarget ANN training
over binary ANN training. Note that a small number of test
cases make it difficult to show statistically significant gain
in the AUC value whereas a small number of training cases
may show the effect of multitarget training more clearly. In
our simulation studies, we have 2000 test cases and a vari-
able number of training cases, which was the best of both
worlds. But compromise is unavoidable with the mammog-
raphy dataset as in other real-world datasets.

One possible approach to further investigate the effect of
the number of training and test cases in our mammography
study is to repeat it multiple times with varying numbers of
training and test cases, and analyze the trend in the results
as a function of the number of training and test cases. In our
study, we conducted two experiments: in one of which half
of the total 96 cases were used for training and the other half
used for test, and in another 18 cases were used for training
and the rest used for test. It is possible to conduct additional
repeat experiments with intermediate numbers of training and
test cases, but these were not done in our study. Although with

small numbers of training and test cases the results may be in-
conclusive due to large uncertainties in the observed results, if
uncertainties reduce as the numbers of training and test cases
increase, then a trend may emerge that better reveals the effect
that we intended to find. We expect this approach more likely
to produce convincing results if we had a larger total num-
ber of cases. Because the limitations in the number of cases,
our mammography study serves only as an example of how
training ANNs with multiple target values could be applied to
practical classification tasks, and not a validation of it.

The variability in the ANN output that we calculate is
caused by the stochastic nature of ANN training. Fixing the
ANN weights at the end of training masks this variability but
does not eliminate it.10 Although this variability in the ANN
output may be secondary to the overall accuracy of the ANN
in many situations, this variability in the ANN output can be
important if a fixed decision threshold is applied to the ANN
output in the vicinity of large variability in that output, and
in situations in which the ANN output is interpreted by hu-
man observers.3, 4 Thus, reducing this variability in the ANN
output with multitarget training is desirable.

Our analysis of theoretical considerations and empirical
studies with simulated datasets supports strongly benefits of
training ANNs with multiple target values, and our empiri-
cal studies with mammograms show limited support (due to
limited number of cases) of training ANNs with histological
subtypes as multiple target values. Our proposal of using his-
tological subtypes as multiple training target values is based
in large part on the empirical correlation between histology
subtypes and cancer progression and, by extension, the pre-
sumed correlation between histological subtypes and cancer
posterior probability. This study did not focus on providing
strong empirical evidence in support of that presumed corre-
lation, and further studies with larger numbers of cases are
needed for validation.

VI. CONCLUSION

For two-class classification tasks, our simulation study
shows that ANNs trained with the multitarget method and the
binary training method produce similar overall classification
performance if the number of training cases is large, whereas
the multitarget method can produce better overall classifi-
cation performance with smaller numbers of training cases.
Both our simulation and mammography studies show that
ANNs trained with the multitarget method produce less vari-
ability in ANN output in individual cases than ANNs trained
with the binary training method. Therefore, the multitarget
training method is potentially useful for ANN applications in
computer-aided diagnosis for breast cancer.
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