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ABSTRACT

Background: Logistic discriminant method was applied to differentiate malignant from benign
in agroup of patients with proved breast |esions on the base of ultrasonic parameters.

Materials and Methods: Our database include 273 patients' ultrasonographic pictures consist-
ing of 14 quantitative variables. The measuered variables were ultrasound propagation velocity,
acoustic impedence and attenuation coefficient at 10 MHz in breast lesions at 20, 25, 30 and 35
oC temperature, physicsl density and age. This database was randomly divided into the estima-
tion of 201 and validation of 72 samples. The estimation samples were used to build the logistic
discriminant model, and validation samples were used to validate the performance. Finaly, im-
portant criteria such as sensitivity, specificity, accuracy and area under the receiver operating
characteristic curve (ROC) were evaluted.

Results: Our results showed that the logistic discriminant method was able to classify correctly
67 out of 72 cases presented in the validation sample. The results indicate a remarkable diag-
nostic accuracy of 93%.

Conclusion: A logistic discriminantor approach enable to predict the probability of malignancy
of breast cancer using features extracted from ultrasonic measurement on ultrasound imaging is
established.

Keywords: Breast cancer, ultrasonic tissue characterization, ultrasonic imaging, logistic
discriminant analysis, receiver operating characteristic curve (ROC).

INTRODUCTION

reast cancer is a serious heath problem
and the most leading cause of cancer
deeth in the female population. Although
conventind mammography in conjunction with
physical examination are the common established
modality for early detection of malignancy,
approximately 5%-15% of palpable breast cancer
are not detected with mammography (Samuels
et al. 1992). The main reasons of uncapability of
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mamography include inherent limitations of X-ray
mammography, observer limitation, suboptimal
mammographic technique and tumor biology
(size and nature of the lesion and surrounding
breast tissue) (Weinreb et al. 1995). These
acknowledged limitations of mammography have
sparked some interest in using other diagnostic
modalities such as ultrasonography. Clinical
sonography in adjunct with mammography is
therefore being used in breast cancer to reach a
high degree of diagnostic accuracy and to
decrease the limitation of X-ray mammography
(Hata et al. 2004, Yang et al. 2004).

Studying the ultrasonic tissue characteristics
is an important factor in determining diagnostic
criteriafor breast cancer and for developing new
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ultrasonic equipment in clinical breast echography.
The most important acoustic parameters of the
tissue which has been previousely reported are
velocity, attenuation, impedance, backscatter,
angular dependence of scattering, frequency
dependence of attenuation, and non-linearly
parameter (Duck 1980). These quantitative
parameters have a potentid usefullness to be
organized in agorithemic and/or non-algorithmic
satisticd models to support the radiologist in
differentiating the breest lesons (Rosenfidd et al.
1980). However, each of these measured parameters
showed a sort of value in making differentiation
between benign and malignant patterns,
however, the accurate diagnosis of breast lesions
on sonography still re-mains a clinical difficult
task. Biopsy is therefore often performed for
histo-logic confirmation. Although specific,
biopsy is an invasive, costly, and psychologi-
cally stressful procedure especidly for the women.
Thisis more important if we consider the presence
of alarge number of indeterminate lesions report
by radiologist from different diagnostic modalities.
Therefore, it becomes congractive to reduce the
number of unnessary biopsies; because, true pos-
tive fraction is reported low, due to technical
limitation, as well as, inherent biological overlap
(Chen et al. 2002). Consequently a comput-erized
second opinion in the form of an automated
disscriminator could be useful, espe-cidly in
borderline cases, for the differen-tiation of ma-
lignat from benign lesions.

Considering the final histologic diagnosis be-
ing maignant (with probability of p) or benign
(with probability of 1-p) as a binary outcome, the
logistic discriminant analysis (Hosmer et al.
1989) could be used as a classifier to predict the
outcome of biopsy. Thisis aform of regression
which is used when the dependent variable is a
dichotomy and the independent variables are
continuous, categorical or both. Logistic
discriminant analysis has been successfully
applied in breast cancer using different diagnostic
modalities (Chou et al. 2001, Lumachi et al.
2001, Ikeda et al. 1999).
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On the other hand, the study of ultrasonic
tissue characteristic is important in determining
diagnosic criteria for breast cancer diagnosis. It
also can be applied to develop new ultrasonic
equipment in clinical breast echography. So far,
some reports have suggested the existance of
sgnificant differences in calculated ultrasound
velogities and attenuation coefficients in malignant
and benign lesions (Weiwad et al. 2000, Siva
ramakrishna et al. 2002, Mokhtari-Dizaji 2001).

In this study, we intended to establish a
logistic regresson modd to work as a tool for
radiologists to predict the outcome of biopsy using
data extracted from ultrasonic measurement. The
performance of the established model was then
evaluated using the common statistical index
including accuracy, sensitivity and specificity.
Ultimately, ROC analysis was performed to
support the obtained statistical results.

MATERIALSAND METHODES

Our goa was to apply the logistic discriminant
analysis to the data collected in a study designed
to predict the malignancy of breast cancer on the
basis of features that had been extracted from
measuring the ultrasonic tissue characteristics
consisted of ultrasound propagation velocities,
acoustic impedance and attenuation coefficients.
Our study group consisted of 273 ultrasonography
images of breast lesions with histopathlogically
proof. This database included 130 fibroadenoma,
and 143 ductal carcinoma.

Data acquisition- sonography imaging

To measure the ultrasonic parameters, we
used an experimental set consisting of a clamp, an
ultrasound A-mode device (Echoscan US-2500
NIDEK, 10 MHz), a video blaster (SE Crestive
Technology), a persona computer (Pentium 133),
a heater (Rena Co.) and a digital thermometer
(SIGMA, £0.01 °C). The chamber containing the
tissues was heated, and the temperature (+0.01 °C)
during the experiment was monitored and
controlled by a thermocouple inserted in the
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chamber wall. Tissue specimens were collected
from Tehran pathologic centers (especialy
Imam Khomaini Hospital, Tehran, Iran). The
specimens were cut approximately with 2 cm
thickness by microtom (NVSLM1-Vibroslice,
+0.05mm) and implanted in breast paranchymal
tissue of mimicking materids. These materials had
acoudtic properties smilar to red breast tissue
(Svaramakrishna et . 2002). The specimens were
then heated and at 20, 25, 30 and 35 °C, ultrasound
images were taken by A-mode sonography. The
images were digitized by the video blaster board
and saved by the computer. The ultrasonic
images were then processed and the ultrasound
velocities and attenugtion coefficients in 10 MHz in
breast lesions (fibroadenoma and ducta carcinoma)
a 20, 25, 30 and 35 °C were measured. The details
of messurement had been previoudy reported
edsawhere (Mokhtari-Dizgi e al. 2001). We
measured the mass density for both malignant and
benign lesions using Archimedes law at 20, 25, 30
and 35 °C in order to estimate the acoudtic imped-
ance. We adso usad pulse-echo ultrasound to meas-
ure ultrasound velocities according to the analyss of
the trangt-time a range of 20-35 °C. Furthermore,
we have estimated the acoustic impendence for
malignant and benign lesions by simply
multiplying the measured mass density with
measured ultrasound velocities at 20, 25, 30 and
35 °C. The attenuation coefficients (db/cm) were
measured with processing echo amplitudes from
the front and backing interface of samples
implanted in tissue mimicking materials at 10
MHz (Mokhtari-Dizagji et a. 2001). To avoid the
statistical error, measurements were performed
three times for each specimen. Neglecting the
fixator effect and desth time, conditions for al of
the specimens were equal. In al measurements,
we assumed that tissue is homogene, isotope
and heating is uniform.

Theory of the statistical method

We used logistic regresson model as a
classifier to predict the outcome of biopsy in
breast cancer. The training and validation samples

were used to build and validate the logistic
regression model, respectively. Briefly, the
logistic regression anadysis is a dStatistical
technique through which one examines the
relationship between a dependent variable
(result of biopsy which represented by Y) and a
set of independent variables (14 ultrasonic
features which represented by X1 to X14).

Then the independent varigbles, which could
provide the best prediction, can be sdected. This
goproach is commonly gpplied to predict
membership in two groups using a s&t of predictors
(n=14). Suppose we have two populations with
different prior probabilities. Using the cases
presented in the training samples (n= 201) as

Eiv) exp(a+ﬂlX1+...+ﬂl4Xl4)
“Pe exp(ar+ 3 X1+..+ 3 X14)

well as the prior probability the posterior
probabilities for each group was obtained. Then,
the cases presented in the validation samples
(n=72) were separated based on the obtained
posterior probability associated with variables.
The smplest optimizing method of discrimination
is to maximize the posterior probability of correct
alocation. To obtain the posterior probability
the logit coefficients could be estimated using
the Maximum Likelihood Estimation (Anderson
1972, Equihua 1988). Allocation of new cases
can be performed using logit function, which
could be obtained using the natural logarithm of
the ratio of the calculated posterior probabilities
(Hosmer et al.1989).

If the outcome of the logit function is positive
(with the assumption of equd prior probabilities)
the individual is alocated to class one
(malignant group). On the other hand, if the
outcome is negative, the case is alocated to
class two (benign group). The featuers that

Ln(%_ P): Logit(p) =+ 3 X1+..+ [3, X14

entered into the allocation rule were selected by
Wald statistics. It is the square of the ratio of the
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unstandardized logit coefficients to its standard
error, which has a chi-square distribution
(Hosmer et al. 1989). We addressed a breif
detail of logistic regression theory in an attached
appendix in previous publication (Abdolmaleki
et al. 2004).

We initially used logistic regression analysis
to predict the outcome of biopsy using a data
base consisted of 273 images. We randomly
selected 74% (n=201) patient's records
(including 96 benign and 105 malignant) to
compose the estimation samples. To prepare the
validation samples the rest of data, 26% patient's
records (n=72), (including 34 benign and 38
malignant) were sdlected. The dependent
(criterion) variable was the dichotomized result of
biopsy defined as benign (0) or malignant (1). The
independent variables entered into the logistic
regression equation were ultrasound propagation
velocity, acoustic impedance and attenuation
coefficient in 10 MHz in breast lesions at 20, 25,
30 and 35 °C, mass density and age. The Variable
(location of the lesion) that was not continuous
was excluded from the course of the study.
Variables were entered conditionally at an alpha
significance of 0.05 on the partial F-test and on
the log likelihood ratio test and then removed at
an apha of 0.10. We computed a covariance
matrix containing al continuous variables to fulfill
the established guideline for feature selection. The
analysis generated Wald statistics, regression coef-
ficients, standard errors, confidence intervals,
Nagelkerke R?, Hosmer-Lemeshow goodness-of-
fit chi square, and predicted group membership.
The Nagelkerke R? attempts to quantify the
proportion of explained variance in the logistic
regression model, similar to the R® in linear
regression, although the variation in a logistic
regression model must be defined differently.
Nagelkerke (Nagelkerke 1991) proposed a
modification to the Cox and Snell R* so where
value of 1 could be achieved. Ultimately, we
built logistic regresson models using forward
stepwise procedure in SPSS statistical package
based on MLE method.
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In general the following simulations were
performed and compared:

1. The logigtic regresson mode was established
usng ultrasonic messured data through a
forward wad stepwise feature sdection. This
was peformed by determination of the logit
coefficients on 14 features in estimation
samples (201 patient 's records) during the
estimation procedure.

2. The established model was then tested on
selected features in validation samples (72
patient 's records) during the validation
procedure.

Performance Evaluation

Recelver operating characteristic  (ROC)
anaysis is widdy used to evauate diagnostic
performance of logistic discriminant. An ROC
curve provides a concise description of trade-offs
available between sensitivity and specificity.
The area under an ROC curve, denoted A, when
the ROC curve was fitted with the conventional
binomial model, is often used to summarize the
diagnostic performance described by entire
ROC curve (Jiang et al. 1996).

After logigtic discriminator ap-proach had
been established perfectly the validation
samples were presented to the modd giving two
posterior probabilities. Taking into consideration
the posterior probability of malignancy, the diag
-nostic performance of the logistic discriminator
ap-proach was estimated. To do so, the true
positive and the false-positive fractions was
determined . This data was then used to plot the
ROC curves. Ultimately, the area under the
ROC curve (A, was used to compare the
performance of the logistic discriminator
ap-proach on validation samples (n=72) during
the testing procedure.

To evauate the performance of the logistic
discriminator ap-proach, the obtained posterior
probability of malignancy was classi-fied into
the five following categories;

()= (0.0-0.2)= “Benign”
(2)= (0.2- 0.4)=“Probably benign”
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(3)=(0.4-0.6)= “Unsure”
(4)=(0.6-0.8)= “Probably malignant”
(5)= (0.8-1)= “Malignant”

RESULTS

We considered 273 tissue images, comprising
130 benign and 143 malignant tumors, in biopsy
specimens. Table 1 summaries the means and
standard deviations obtained for evaluated
festures for both malignant and benign tumors at
20, 25, 30 and 35 °C. The datistica analysis of
variables indicate that, athough the assessment of
the attenuation coefficients, acoustic impedences,
mass densities and ages in differentiation of
malignant and benign tumors were successful,
the ultrasound did not differe between benign
and malignant lesions (p-vaue>0.05) a a
tempreture range of 20-30 °C.

We ran a logistic regression model using a
forward stepwise procedure. We used the likeli-
hood-ratio (LR) test to enter variables into the
model. Fourteen variables were entered into the

Table 1: The extracted quantitative parameters

from ultrasound measurement used as input into
the logistic regression model

Indexes Mean + SD. Range
Age 40.19+14.67 59
Physicdl density 1016.03+30.13 160
Velocity at 20 °C 1553.19+7.70 41
Velocity at 25°C 1556.11+7.79 46
Velocity at 30 °C 1559.16+7.97 46
Velocity at 35°C 1566.25+61.21 1036
Attenuation at 20 °C 7.79+£1.09 391
Attenuation at 25 °C 7.47+1.06 3.73
Attenuation at 30 °C 7.14+0.98 3.13
Attenuation at 35 °C 6.68+.89 3.07

Impedenceat 20°C ~ 1572871.4+16512.7 89657
Impedenceat 25°C  1575124.5+17362.2 93646
Impedenceat 30°C  1582409.7+19094.9 250037
Impedenceat 35°C  1584123.3+12804.8 81734

traning modd before the forward Sepwise
procedure was terminated. Variables included in the
logistic regresson modd were: ultrasound propaga
tion velocity, physca impedence and atenuation
coefficient in 10 MHz in Dbreast
lesonsat 20, 25, 30 and 35 °C, physicd densty and
ae The lat sep Nagdkeke R for the
logigtic regresson modd 0.919 (step 3), suggesting
91% of the variance associated with result of
biopsy was accounted for in the model. The
Hosmer-Lemeshow chi-square was 4.617 (df=8,
P=0.798). We optimized the cut-point for logit
(p)>0 for the classification of the lesions type
based on the prevalance of the data. We tested
the performance of model for three different
cut-point of 0.4, 0.5 and 0.6 for logit(p)>0. The
best performance was obtained for cut-point of
0.4. Table 2 shows the maximum likelihood
estimates of the parameters, standard errors,
Wald dtatistic and corresponding p-values of
the logistic regresson models fitted to the
estimation samples (n=201) for the significant
features at last step (step 3). The logistic regres-
sion equation for the statistically significant
predictors was.

Logit(p)= 26.124-9.623* Attenuation at
35°C + 0.015* Velosity at 35°C +0.300* Age

Baesd on the established logit function an
individual case presented in the validation
samples were allocated to the malignant group if
the logit was (p)>0; otherwise to benign group.

The output of the logistic discriminant
analysis on validation samples (table 2) showed
a high diagnostic accuracy (93%) , aremarkable
specificity (91%) and sensitivity (95%).

A receiver operating characterigic (ROC) curve
was computed using the predicted probabilities for
group membership from the logistic regression
model. Each point on the curve represented the
true-positive rate (sensitivity) and the
false-positive rate (1 _specificity) for a single
value. The area under the ROC curve based on
the logistic regression model was 0.9471
(SE=0.0276) (figure 1).
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Table 2: Indicating the maximum likelihood estimates, standard errors, Wald statistic
and corresponding p-values of the logistic regression models fitted to the estimation
samples (n=201) for the significant parameters.

Parameter Standard Wald Pr >
Variable Estimate Error Chi-Square Chi-Square
INTERCPT 26.124 5.844 19.986 0.001
Age 0.300 0.059 26.013 0.003
Attenuation at 35 °C -9.623 1.708 31.755 0.003
Velocity at 35°C 0.015 0.004 13.821 0.005
DISCUSSION benign lesions may be hypoechoic as well. Thus,

Currently there is considerable interest in
ultrasonic tissue characterization. The general
am is to isolate and measure those ultrasonic
parameters which discriminate the different
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Figure 1. Resulting ROC curves for the logistic
discriminant model (LDM) showing the diagnostic
performances.

tissues and their pathologica states (Rosenfield et
al. 1980, Edmonds et al. 1991, Lefebvre et al.
2000). Ultrasound waves are used in breast imaging
for the detection of pathologica conditions,
particularly cystic and cancerous conditions
(Weiwad et al. 2000, Edmonds et al. 1991).
Most carcinomas are detected by ultrasound
because they are hypoechoic compared to the
surrounding dense tissues. Fat and some other
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carcinomas without shadowing may not be
detected by conventiona ultrasound. Furthermore,
hypoechoic fat lobules, fibroadenomas or
inflammation can be mistaken for malignancy,
because detection and differentiation of smal
malignancies, especidly in large breasts, is limited
and the interpretation of the ultrasound images is
only dependent on the experience of radiologist
and palpate examinations. Therefore, it would
be helpful to obtain additional information from
the ultrasound examination to simplify and
improve the interpretation.

In the present study we have assumed that
applying the objective features extracted from
ultrasonic measurement on ultrasound imaging
and andyzed by a logigtic discriminator
approach can possibly reduce the present overlap
between the benign and malignant breast tumors.
This assumption is justified by the previous
reports, suggesting the potential usefulness of
the logistic discriminant andysis in making
association between many independent continuous
and qualitative features (Hosmer 1989, Ikeda et
al. 1999, Weiwad et al. 2000). This took place
by establish-ing similarities among evauated
features in the estimation samples during the
estimation proc-ess by addressing them as
proportiona parameters. The estimated parameters
were then used during the validation process to
evaluate the probability of malignancy for the
cases that have not been previously presented to
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the model. The average sensitivity specificity
and accuracy of the logistic regression model
output on validation samples (n=72) were 95%,
91% and 93% respectively. Althoug these
results are compareable with the results reported
for the artificial neural network (Chen et al.
2000) with sensitivity (97.6%), specificity
(79.5%) and accuracy (85.6%) some advantages
as well as some disadvantages reported for it,
which should be addressed elsewhere. These
results are valuable because most of the attention
in clinical assessment is focused to find a method
with higher specificity while keeping high
sengitivity. It means that reducing the number of
benign cases sent for biopsy, which is an invasive
method highly associated with stress, is the
main goal in the clinical application. Although
our results showed a high specificity of 91%,
the subject is still needs more investigation at
the molecular level to find out the possible
inherent biological overlap (Chen et al. 2002,
Yilmaz et al. 2002, Huber et al. 2001).

In conclusion, we have established a logistic
discriminantor approach which was able to predict
the probability of malignancy of breast cancer
using features extracted from ultrasonic
measurement on ultrasound imaging. Four of the
chief attractions of logistic discrimination are: (i)
The modd is smple and few distributiona
assumption are made. (ii) It is gpplicable with
either contiuous or discrete predictor variables, or
both. (iii) It is very easy to use with fewer compu-
tailona demands. (iv). Once the parameters have
been estimated, the allocation of a fresh indi-
viduals requires only the caculation of a linear
function.
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