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Rationale and Objective. To compare logistic regression and artificial neural network for computer-aided diagnosis on
breast sonograms.

Materials and Methods. Ultrasound images of 24 malignant and 30 benign masses were analyzed quantitatively for mar-
gin sharpness, margin echogenicity, and angular variation in margin. These features and age of patients were used with
two pattern classifiers, logistic regression, and an artificial neural network to differentiate between malignant and benign
masses. The performance of two methods was compared by receiver operating characteristic (ROC) analysis.

Results. The area under the ROC curve Az (�SD) of the logistic regression analysis was 0.853 � 0.059 with 95% confi-
dence limit (0.760–0.950). The area under the ROC curve of the artificial neural network analysis was 0.856 � 0.058
with 95% confidence limit (0.734–0.936). Although both the logistic regression and the artificial neural network had the
same area under the ROC curve, the shapes of two curves were different. At 95% sensitivity, the artificial neural network
had 76.5% specificity, whereas logistic regression had 64.7% specificity.

Conclusion. There was no difference in performance between logistic regression and the artificial neural network as mea-
sured by the area under the ROC curve. However, at a fixed 95% sensitivity, the artificial neural network had higher
(12%) specificity compared with logistic regression value.
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Breast cancer is one of the most common cancers in
women (1). Sonography is now commonly used in
combination with other modalities for imaging breasts.
Although ultrasound can diagnose simple cysts in the
breast with an accuracy of 96%–100%, its use for un-
equivocal differentiation between solid benign and ma-
lignant masses has proven to be more difficult. Despite
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considerable efforts toward improving imaging tech-
niques, including sonography, the final confirmation of
whether a solid breast lesion is malignant or benign is
still made by biopsy.

Interpreting ultrasound breast images is almost exclu-
sively done by qualitative assessment of lesion features
within an image. Variations in human perception and the
lack of standard definitions of the features observed in the
images contribute to the variability in diagnosis. There is
growing interest in using computer-based “intelligent” algo-
rithms to recognize and classify breast masses as malignant
or benign (2–10). The expectation is that such systems will
help improve observers’ diagnostic performance and reduce
the number of biopsies without increasing the number of

missed cancers.
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In recent years, considerable attention has been given
to using computer-based methods to classify medical data
according to different diseases and outcomes. The general
approach has been to develop computer algorithms that
learn decision characteristics for data classification and
then use them to classify future patients with unknown
disease states or therapy outcomes. Several quantitative
models ranging from simple linear discriminant analysis
to more complex logistic or Cox regression analysis and
neural networks have been proposed. Unfortunately, there
is no well-accepted theory to guide the choice of model
based on the complexity and the nature of the diagnostic
task (11). A frequently used approach is to pick a single
quantitative model that yields satisfactory results. There is
now an increasing effort to compare different quantitative
models for specific data classification tasks (12–24). Sar-
gent performed meta-analysis comparing artificial neural

Figure 1. Diagram showing the mapping behavior of artificial neu
cording to the decision rule �. This diagram is adapted from (37).

Figure 2. Diagram showing the logistic regression procedure. The
(Pm) of the test sample.
networks (ANN) with regression models (12) in 28 stud-
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ies and found that in 36% of cases, ANN, in 14% regres-
sion methods, performed better and in the remaining 50%
of cases both modes had similar performance. In another
study, Dreiseitl and Ohno-Machado surveyed 72 articles
comparing ANN with logistic regression (LR) (13). They
observed that although ANN and LR had better discrimi-
nating power in 18% and 1% of cases, respectively, in
42% of cases, there was no difference between the two
models. The remaining 39% of the articles did not have
adequate statistical testing and they were not considered
for analysis. In summary, there is no universal approach
for selecting one model over the others for data classifica-
tion; each task must be evaluated on a case-by-case basis.

Recently, we proposed the use of logistic regression to
classify breast masses (25). Although LR can be used to
predict the probability of malignancy, there is also con-
siderable interest in using artificial neural networks for

tworks. The sample space is mapped to the decision space ac-

ameters � and �i are used to estimate probability of malignancy
ral ne
par
the same purpose (2,26). ANN is based on finding an opti-
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mal path from the sample space to decision space (Fig. 1).
The choices of nature are elements � of the parameter
space È, and the decision space � contains the possible
decisions �. The decision rule � provides the relation be-
tween the observation and the decisions, mapping the
samples to the decision regions. In this study, we used a
supervised learning paradigm for ANN. This involves
feeding unique input samples (image features) and the
matching responses (outcomes) to let the network learn
from the examples and compose a map that interrelates
inputs to outputs through a complex set of interconnecting
pathways or operations. The input-output map is the ma-
jor characteristic of ANN, which in turn is used to predict
the outcome when presented with a new input. Unlike
logistic regression, which fits the data to a descriptive
function, in ANN the input data is transformed on each
layer, changing its dimensional space to define the rule to
get to the decision region. Thus the two approaches are
inherently different, raising the question if one approach
has better diagnostic performance than the other.

To investigate this question, we compared the perfor-
mance of LR and ANN as pattern classifiers for sono-
graphic features. Both the methods were tested using the

Figure 3. Diagram showing the artificial neural network procedure
nections appropriately, and the output of the test sample is calcula
same set of images and image features.
MATERIALS AND METHODS

From a library of images of suspicious masses, 54
cases (24 malignant and 30 benign) were identified that
had excision or core biopsy and ultrasound imaging in
both radial and antiradial planes. The studies were ap-
proved by the institutional review committee.

Seven features representing the shape and the margin
characteristics of the mass (margin sharpness, margin
echogenicity, angular continuity, tissue attenuation, mass
attenuation, and excess attenuation) and patients’ ages
were measured quantitatively from sonograms (25). The
features were analyzed by LR and ANN. The computer
programs for feature extraction, LR and ANN, were de-
veloped using the IDL platform (Research System Inc.,
Denver, CO).

Feature Analysis
Arithmetic mean and standard deviation of each fea-

ture was derived for the malignant and benign groups. A
two-tailed Student t-test of unequal variance was used to
determine the statistical significance of the difference be-
tween the two groups. Four of seven extracted features

network is trained with the training set to set up the weight con-
y applying those weight values.
. The
showed a significant difference between the benign and
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malignant groups. Only these four features were used as
inputs for the LR and ANN analyses. These features, de-
scribed earlier, included patients’ age (age) and three ul-
trasound image features: margin sharpness (M-sharp),
margin echogenicity (M-echo), and angular variance in
margin (AVM). M-sharp represents the diffuseness of the
border of a mass, M-echo represents the difference of
brightness (measured in difference in mean grayscale
level) between the inside and outside of a mass at the
margin, and AVM quantifies the inhomogeneity in margin
brightness with angle. The same images were used to
evaluate the performance of both LR and ANN.

Logistic Regression
From a pool of n samples, n-1 were fitted to a LR

model defined by log it�Pm� � � � �
i�1

4

�iXi, where Pm is

the probability of malignancy, and � and �i are unknown
parameters that determine the shape of the logistic curve
as described in Fig. 2. The unknown parameters � and �i

were estimated using a maximum-likelihood approach.
Using the estimated parameters �̂ and �̂i, the probability
of malignancy for the test sample (nth sample) was calcu-
lated. This procedure was repeated using round-robin sub-
stitution until the probability of malignancy for every

Figure 4. Graph showing receiver operating characteristics
(ROC) of the logistic regression analysis. The area under the ROC
curve, Az, was 0.853 � 0.059 with 95% confidence limit (0.76–
0.95); the curve shows 64.7% specificity at 95% sensitivity.
sample in the data was determined.
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ANN
A multilayer perceptron model of ANN using sigmoid

function was constructed. The network consisted of an
input layer, a hidden layer, and an output layer. The input
layer contained 4 units (neurons) corresponding to four
input features; the hidden layer contained 10 units trans-
forming the input features from 4-dimensional to 10-di-
mensional space. Finally, the output layer had only one
neuron, representing two possible diagnostic states: malig-
nant or benign. The architecture of the ANN is depicted
in Figure 3, where the connections between each neuron
are weight values applied to outputs of neurons.

The use of ANN for a computer-aided diagnosis (CAD)
is a two-step process involving training on known examples
followed by testing on unknown samples. The training pro-
cedure itself is composed of two processes. It involves feed-
forwarding the input data followed by back-propagation of
error by adjusting weights to minimize error on each training
epoch.

Feed-Forwarding
All the features in the training set were standardized

with zero mean and unit variance. This standardization is
necessary to prevent nonuniform learning, in which the
weights associated with some features converge faster
than others. This can cause unwanted errors in learning.
After standardization, a randomly chosen sample was put
into the network for feed-forwarding. For each sample,
four features were used as inputs; these inputs were pro-
cessed from the hidden layer to the output layer. After
each sample was passed through the network, the output

value was calculated as z � g�x� � f ��
j�1

10

w1j f ��
i�1

4

wjixi��,
where f (·) is an n unipolar sigmoid function with a ramp
slope of 0.3. The nonlinear nature of the sigmoid function
confines the output values between 0 and 1. In this equa-
tion, z is the output value, xi are input features, and w are
weighting values used in the hidden and output layers.
After calculating the output value z of the network, the
output value was compared with the target value (as-
signed 1 for malignant and 0 for benign) and the differ-
ence was used to determine the training error. This pro-
cess was repeated for every sample in each training ep-
och.

Learning—error Back-propagation
After feed forwarding the entire training set, weights

of the network were adjusted to meet the minima of

the mean square error criterion function, defined as
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J�w� �
1

2
�t � z�2, where t and z are vectors of target

and output values, respectively. To minimize this crite-
rion function, the weight adjustment value was calcu-

lated by 	w � �

�J

�w
, where 
 is the user-input

learning rate, which was set to 0.1 based on the result
of general training (see the following section).

As a first step, the general behavior of the network
was evaluated using all data to confirm that the network
can be trained. This also yielded the network parameters,
such as learning rate and the slope of the sigmoid func-
tion of the optimal training curve. The optimal curve is
defined as a curve that has smooth monotonic decreasing
slope and saturates to the minimum training error, such as
the curve in Figure 4. The parameters obtained from gen-
eral training were applied to individual cycles of round-
robin training and testing.

Receiver Operating Characteristic Analysis
The LR model test outputs and the ANN test outputs

were evaluated for diagnostic performance by ROC analy-
sis. Receiver operating characteristic (ROC) curves for
each LR model test outputs and the ANN test outputs
were generated empirically, based on the sensitivity and
specificity value measured according to various decision
threshold from 0 to 1. The shapes of curves were ob-
served and the area under the curve, Az, was used as a
measure of the diagnostic performance. Also for each
method, specificity was measured at fixed 95% sensitivity.
Because we could not rely on Gaussian distribution for
our sample distribution, the standard error for ROC
curves was determined according to the method proposed

Table 1
Summary of Logistic Regression Analysis

Features Coefficient

Predictive

Y(0|0)

Constant 3.34 � 1.99 79.41
Age 0.27 � 0.02
Margin sharpness �0.03 � 0.02
Margin echogenicity �0.27 � 0.03
Angular variance �38.41 � 1.91

Note.—Coefficients were represented as mean � standard devia
by Hanley and McNeil (27):
SE ��
AZ (1 � Az) � (nm � 1)(Q1 � Az

2)

� (nb � 1)(Q2 � Az
2)

nmnb

where Az is the area under the ROC curve; nm and nb are
the number of malignant masses and benign masses, re-
spectively; and Q1 and Q2 are estimated by:

Q1 �
Az

(2 � Az)
, Q2 �

2Az
2

(1 � Az)

RESULTS

Logistic Regression and ROC Analysis
Table 1 summarizes the results of LR using four fea-

tures: age, M-sharp, M-echo, and AVM. The probability
of malignancy (Pm) was determined by back-transforming
the estimated parameters by the formula

Pm(D � 1|X1, X2, ..... , Xk) �
1

1 � e�(����iXi)
.

The ROC curve for this four-feature model is shown in
Fig. 5. The area under the ROC curve, Az (�SD), was
0.853 � 0.059 with 95% confidence limit (0.76 – 0.95),
providing 64.7% specificity at 95% sensitivity, which
is often desirable. In the earlier study (25), the area
under the ROC curve for LR analysis was 0.874 �
0.054, which is slightly higher than observed in this
study. The difference between the two values is the
result of preprocessing the features used in the previ-
ous study and of the difference in the parameter esti-

e (%) at the Threshold
of P � .5 At 95% Sensitivity

|1) Y(0|0) & Y(1|1) Threshold Specificity

0 75.93 0.01 64.71%

according to each round-robin iteration.
Valu

Y(1

7

mation method used: least square iteration versus maxi-

491



SONG ET AL Academic Radiology, Vol 12, No 4, April 2005
mum-likelihood estimation. The goal of this study was
to compare two approaches; therefore, optimization by
preprocessing was omitted, because this would have
biased results in favor of LR.

Artificial Neural Network and ROC Analysis
Table 2 summarizes the results of ANN. In both the

general training and the testing, a batch algorithm—
adjusting weights after feed-forwarding the entire train-
ing set—was used as learning algorithm. The training
curve from the general training is shown in Figure 4. A
total of 150 training epochs was used. The training er-
ror was minimized and saturated at approximately 140
epochs. The overtraining occurs after 140 epochs,
which is marked by an increase in training error (Fig.
4).

The ROC curve for the ANN is shown in Fig. 6.
Forty training iterations were employed for each test
sample. The reason the number of training iterations is
different from the general training is so that we could
confirm the overtraining problem with more than 40
training iterations. The area under the ROC curve, Az

(�SD), was 0.856 � 0.058 with 95% confidence limit
(0.734 – 0.936), providing 76.5% specificity at 95% sen-

Figure 5. Graph showing the process of training of the artificial
neural network analysis. Curve ABC is a training curve showing
smooth monotonic decrease in training error, which saturates at
point B. Beyond B, the network becomes overtrained.
sitivity.
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DISCUSSION

Despite several technical and scientific advancements,
unequivocal characterization of breast masses as malig-
nant or benign without biopsy continues to be a difficult
problem (10,28). Many authors have suggested the use of
CAD as a second reviewer of mammograms or sono-
grams to reduce the diagnostic error rate (2).

Unfortunately, breast tumors occur in many different
forms. They can range from being circumscribed, well-
defined masses to ill-defined, irregular, and poorly differ-
entiated lesions. The issue is: can a computer-based pat-
tern recognition system be used to aid diagnosis of breast
masses?

There are potentially large numbers of mathematical
and statistical approaches for pattern recognition. LR is a
popular method to analyze epidemiologic data. Recently,
we suggested its use as a pattern classifier for breast
masses (25). Another possible approach that has received
wide recognition in many disciplines and has direct rele-
vance to breast imaging is the use of ANN to mimic a
human observer (2,26). Because both LR and ANN are
fundamentally different approaches, we compared their
abilities to diagnose breast cancer.

In LR, the probability of malignancy for a sample is
estimated according to the logistic formula. The reason
for the popularity of LR in epidemiologic study is its
ability to perform probability estimation. It uses an ap-
pealing S-shaped description of the combined effect of
several risk factors to evaluate the risk of a disease. This
analysis provides a deterministic model for the data and
yields weighting factors for each contributing feature.
This information gives the observer an intuitive sense of
which of many features dominates the probability of ma-
lignancy. It also allows the calculation of the odds ratio,
which represents the degree of risk associated with each
feature. However, because LR fits the data to a formu-
lated function, it is less flexible and less capable of solv-
ing multifaceted problems than ANN.

Although LR fits the data to a formulated function,
ANN maps data from the sample space to the decision
space. Including this mapping property, there are several
reasons why ANN is particularly promising compared
with the large group of “universal” pattern classifiers in
breast mass diagnosis. The breast mass classification
problem appears to have both global and local features,
and ANN-style classifiers can robustly accommodate such

problem classes. Theory suggests that ANN is particularly
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well suited for “low-frequency” problems, and an intrinsi-
cally nonlinear approach may prove profitable. Several
training algorithms are possible using ANN. This is par-
ticularly attractive for breast cancer diagnosis, in which
the problem is not perfectly defined because of the multi-
faceted nature of tumor biology. Finally, ANN training
may be readily adapted to sparse and noisy data and the
theories of optimal stopping (of training) and statistical
model selection can be applied (29–32).

Although powerful in concept, ANN also has some
drawbacks: it has a relatively slow rate of training,

Figure 6. Graph showing receiver operating characteristics
(ROC) of the artificial neural network analysis. The area under the
ROC curve, Az, was 0.856 � 0.058 with 95% confidence limit
(0.734–0.936); the curve shows 76.47% specificity at 95% sensi-
tivity.

Table 2
Summary of Artificial Neural Network Analysis

Features
Learning

Rate
Slope of
Sigmoid

Pred

Y(0|0

0.1 0.3 79.4
Age
Margin sharpness
Margin echogenicity
Angular variance
though it poses no insuperable obstacle in this context,
because training is off-line. The behavior of the network
has properties of a black box, not giving exact informa-
tion on weighting factors of individual components to the
user. However, compared with LR, the flexibility and the
capability of solving problems are certainly advantages.

According to the results of this study, both the LR and
the ANN have nearly identical diagnostic performance as
measured by the area under the ROC curve. However,
shapes of the ROC curves are different for the two cases;
the top-left part of ANN ROC curve is extended more to
the left side compared with the LR ROC curve. This
means that ANN has better specificity than LR for a fixed
sensitivity. For instance, the ANN has 11.8% higher spec-
ificity at 95% sensitivity. It is difficult to assess if the
advantage of ANN over LR in the local region of a ROC
curve reaches statistical significance. However, given the
ability of ANN to separate complex and nonlinear feature
space, such a benefit can be expected. The choice of 95%
sensitivity was made primarily because clinical observers
prefer to operate at this or higher levels of sensitivity.

Because the diagnostic performance of both LR
and ANN compare well with the published results (2,4–
10,33), it is reasonable to assume that either can be used
for CAD. Considering that only a basic form ANN (mul-
tilayer perceptron model) was used in this study, it is rea-
sonable to anticipate that fine tuning, or front-end prepro-
cessing, could further improve CAD performance. On a
relative basis, ANN has higher specificity at the sensitiv-
ity of 95% and thus is a preferable choice as a pattern
classifier compared with LR in this region of the ROC
curve.

The data used in this study represent cases that were
recommended for biopsies by radiologists. Because 34
cases proved to be benign, biopsies could have been

e Value (%) at the Threshold
of P � .5 At 95% Sensitivity

Y(1|1)
Y(0|0) and

Y(1|1) Threshold Specificity

80 79.63 0.02 76.47%
ictiv

)

1

avoided in 63% (34/54) cases. If LR-CAD was used as
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a second opinion, then 22 of 34 biopsies (64.7%) could
have been avoided (Fig. 7). Similarly, if ANN was
used as second opinion, 26 of 34 cases (76.5%) would
not have been recommended for biopsy (Fig. 8). These
results show the possibility of reducing biopsies with
CAD. Although both approaches (LR and ANN) re-
duced the number of unnecessary biopsies, ANN had
better performance, because it eliminated four addi-
tional biopsies. It is important to note that this benefit
of reducing biopsies was at the expense of missing 1
of 20 (5%) malignant masses. Both ANN and LR mis-

Figure 7. Graph illustrating the biopsy decision for the logistic
regression according to thresholds. The horizontal solid line rep-
resents threshold of 0.02, where sensitivity is 95% and specificity
is 64.71%

Figure 8. Graph illustrating the biopsy decision for the artificial
neural network according to thresholds. The horizontal solid line
represents threshold of 0.02, where sensitivity is 95% and speci-
ficity is 76.47%.
diagnosed the same case.
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Finally, the conclusions of this study are based on a
relatively small number of samples. Future analysis with
more data acquired from various sources and scanners is
necessary to demonstrate the generalizability of ANN and
LR. However, because both LR and ANN showed accept-
able diagnostic performance as CAD methods, the results
of this study are promising. Because the results suggest
that the two classifiers exhibit regional difference in sen-
sitivity, LR being superior in a high-sensitivity region
whereas ANN has better performance in the high-specific-
ity region, combining the two approaches so that each
method complements the other has the possibility of im-
proving the overall performance.
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