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ABSTRACT   

This study compares the performance of two proven but very different machine learners, Naïve Bayes and logistic 
regression, for differentiating malignant and benign breast masses using ultrasound imaging.  
 
Ultrasound images of 266 masses were analyzed quantitatively for shape, echogenicity, margin characteristics, and 
texture features. These features along with patient age, race, and mammographic BI-RADS category were used to train 
Naïve Bayes and logistic regression classifiers to diagnose lesions as malignant or benign. ROC analysis was performed 
using all of the features and using only a subset that maximized information gain. Performance was determined by the 
area under the ROC curve, Az, obtained from leave-one-out cross validation. 
 
Naïve Bayes showed significant variation (Az 0.733 ± 0.035 to 0.840 ± 0.029, P < 0.002) with the choice of features, but 
the performance of logistic regression was relatively unchanged under feature selection (Az 0.839 ± 0.029 to 0.859 ± 
0.028, P = 0.605). Out of 34 features, a subset of 6 gave the highest information gain: brightness difference, margin 
sharpness, depth-to-width, mammographic BI-RADs, age, and race. The probabilities of malignancy determined by 
Naïve Bayes and logistic regression after feature selection showed significant correlation (R2= 0.87, P < 0.0001).  
 
The diagnostic performance of Naïve Bayes and logistic regression can be comparable, but logistic regression is more 
robust. Since probability of malignancy cannot be measured directly, high correlation between the probabilities derived 
from two basic but dissimilar models increases confidence in the predictive power of machine learning models for 
characterizing solid breast masses on ultrasound. 
  

Keywords: breast ultrasound, computer-aided diagnosis, ultrasound image analysis, logistic regression, Naïve Bayes, 
breast cancer; quantitative diagnostic ultrasound. 
 

1. INTRODUCTION  
Breast cancer is the second leading cause of cancer death after lung cancer in women. Approximately one of every eight 
women in the United States and one of every ten women in Europe will develop invasive breast cancer. In 2010, an 
estimated 200,000 new cases of invasive breast cancer were diagnosed and approximately 40,000 women died from this 
disease [1]. Mammography and sonography are the two imaging methods most commonly used to detect and evaluate 
solid breast lesions. Mammography is currently accepted as the most effective imaging technique for breast cancer 
detection. This imaging modality alone, however, is not sufficient for the complete differentiation of benign and 
malignant breast masses. A biopsy, which consists of minor surgery, is necessary for a final diagnosis. There are many 
false positive screenings of benign mammographic images, which result in a low biopsy yield (21% to 34%) [2]. 
Although sonography can reliably identify some simple benign cases, it is not sufficient to distinguish benign from 
malignant solid breast masses. Therefore, a complete diagnostic work-up including ultrasonography is often 
recommended to improve the positive predictive value of the biopsy yield, and computer-based analysis of ultrasound 
images continues to be an area of active research.  
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Several quantitative approaches have been proposed to improve the accuracy of classification schemes [3-16]. Although 
the results on computer models used to classify masses are encouraging, the analysis is often data specific, depending on 
derived image features, so the relative performance of classification schemes is difficult to assess. The motivation of this 
study is to evaluate two classification approaches on the same dataset using the same image features. We compare the 
performance of two probability estimating classifiers, Naïve Bayes and logistic regression, for the diagnosis of breast 
masses on grayscale ultrasound images. Although the learning strategies are fundamentally different, both methods 
naturally estimate probabilities of malignancy under the assumption that individual mass attributes, or features, are 
conditionally independent. The resulting models are easy to understand and to compare, and the instance probabilities 
can be ranked and correlated case by case for analysis. 

  

2. METHODS 
2.1 Classification schemes 

Naïve Bayes 

Consider binary classification of breast masses as malignant (M) or benign (B). According to Bayes’ theorem, the 
conditional probability | , …  that a mass is malignant given observed features , , … .   is equal to the 
normalized product of the likelihood of the features in the malignant masses , … |  and the probability of the 
mass being malignant prior to observing any features, : 

 | , … ,… |  ,… ,                                                             (1) 

 
where the normalizing factor , …  is the probability of all the evidence. Under the approximation that each feature 
is conditionally independent, Equation 1 simplifies to Naïve Bayes: 

 | , …  ∏ |∏ |  ∏ |  .                                                    (2) 

 

Continuous feature distributions |  and |  were determined assuming the features are normally distributed. 
For nominal features the probabilities were determined by counting the number of cases with features that were 
malignant or benign. 

Logistic Regression 

In logistic regression the class 0,1 ,  is the linear combination of input features , , … .  : 

  … .  ∑ .                                                     (3) 

 

The coefficients  and  were determined by fitting the training data to Equation 3 using the maximum likelihood 
function. The estimated  and  were used to determine the class conditional probabilities: 

 | , … ∑ ,                                                        (4) 
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| , … ∑∑  .                                                        (5) 

   
2.2 Features 

Feature extraction is a critical step in lesion classification. A compact vector of numerical features describing the lesion 
is desired. Good features are characterized by large interclass mean distance, small intraclass variance, weak inter-feature 
correlation, and low sensitivity to noise. It is useful if the features are explainable in physical terms [17]. In practice 
individual features have significant overlap between classes, so many features are extracted and used together to improve 
class discrimination. In this study, 31 features characterizing morphology and texture were extracted from the ultrasound 
images (Table 1). These features were used with mammography and patient characteristics (Table 1) to discriminate 
malignant and benign masses. 

 

Table 1. Features used for classifying malignant and benign breast masses. 

Category Features 

Morphological Angular variation interior 
Angular variation margin 
Brightness difference 
Margin sharpness 
Axis ratio 
Depth-to-width ratio 
Radius variation 
Skeleton norm 
Tortuosity 

Textural 
[Chu et al] 
[Haralick] 

1st order statistics Runlength texture Gray-level cooccurrence 
(GLCM) texture 

Gray-level 
connectivity texture 

Mean 
Standard deviation 
Kurtosis 
Skewness 

Short-run emphasis 
Long-run emphasis 
Gray-level nonuniformity 
Runlength nonuniformity 
Run percentage 

ASM 
Contrast 
Dissimilarity 
Entropy 
GLCM mean 
GLCM variance 
GLCM correlation 
Homogeneity 

Fragmentation 
Frag area mean 
Frag area range 
Spread 

Mammo BI-RADS categories 1 to 5 

Patient Age 
Race 

 

2.3 Dataset and diagnostic performance  

266 cases with biopsy-proven diagnoses, mammographic BI-RADS categories, and ultrasound images in radial and anti-
radial planes were used for the study. B-mode sonographic imaging was performed using a broadband 12-5 MHz 
transducer and a Philips ATL 5000 scanner. Each mass was outlined in 2 to 3 images per patient, and the ultrasound 
features characterizing shape, margin, echogenicity and texture were extracted from each image. These features along 
with patient age, race, and mammographic BI-RADS category were used with Naïve Bayes or logistic regression for 
supervised learning using leave-one-out cross validation. With each classifier, two approaches were used. The first 
approach was to train on all the features without any feature selection. In the second approach, features were selected 
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Figure 3 shows correlation between probability of malignancy, P(malig), determined by Naïve Bayes and by logistic 
regression. The data fit a linear model with 1.1 slope and near-zero (0.03) intercept. The regression coefficient (R2) of 
0.87 is highly significant (P < 0.0001). 
 
 

 
     Figure 3. Correlation between probability of malignancy P(malig) estimated by Naïve Bayes and logistic regression.  

 

4. DISCUSSION 
Despite considerable technical improvements in mammography and in ultrasound imaging, characterization of solid 
breast masses as malignant and benign continues to be difficult without biopsy. There is growing interest in using 
computer image analysis to improve diagnostic confidence. In our previous work [3, 5, 6, 7, 8] we identified sonographic 
margin features and patient age as statistically discriminating features for benign and malignant breast masses. In this 
study we expanded the feature domain to include morphological and textural features as well as mammographic BI-
RADS confidence levels. These features were used with Naïve Bayes and logistic regression classifiers to assess the 
probability of malignancy. The two classifiers are fundamentally different. Naïve Bayes is a generative classifier that 
learns the joint probability of the input features (F) and the label (malignant or benign) from the known examples, and 
then predicts class probabilities for the unknown cases using the Bayes’ rule under the assumption that the features are 
independent. Logistic regression, on the other hand, is a discriminative classifier that models the posterior probability by 
directly mapping the input features to the class labels. The learned weights of the logistic regression equation are used to 
predict the probability of malignancy. 

The results of the study show that when all the morphological, textural and mammographic features were used, Naïve 
Bayes was outperformed by logistic regression by a significant margin: Az was 0.733 for Naïve Bayes versus 0.839 for 
logistic regression. The reason for the difference in performances could be several factors, including the number of 
features used, the sample size, and the interdependence of features. In particular, since most of the features are extracted 
from the images, the assumption that they are independent is likely to be violated. To obtain better insight into some of 
these issues, a subset of features was selected based on the information gain. Six of the 34 features provided information 
gain. Of these six features, only three were derived from ultrasound images. When only the selected six features are 
used, the diagnostic performance of Naïve Bayes increases significantly from Az of 0.733 to 0.839 (P = 0.002). In 
contrast, the performance of logistic regression increases modestly from Az of 0.840 to 0.851 (P = 0.5).  These results 
suggest that the image features may not be independent. This feature interdependence reduces the performance of Naïve 
Bayes, but logistic regression compensates by weighting correlated features lower in the learned model. Elimination of 
dependent features by information gain selection improves the performance of Naïve Bayes and makes it comparable to 
that of logistic regression, and the individual case-by-case class probability estimates from Naïve Bayes using six 
features correlate closely (R2=0.87) with the probability estimates from logistic regression. 
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5. CONCLUSION 
This study shows that two classifiers employing very different learning strategies can provide highly correlated estimates 
of probability of malignancy for breast masses on ultrasound. Naïve Bayes is more sensitive to feature selection than 
logistic regression, but selection by entropy-based information gain can improve performance so that the two classifiers 
are comparable. Since probability of malignancy cannot be measured directly, a high degree of agreement (R2=0.87) 
between two models provides confidence that machine learning probability estimates can be used to differentiate 
malignant and benign breast masses. Since these two dissimilar approaches agree with high diagnostic performance (Az 
~ 0.85) under naïve independence assumptions, other probability estimating models that can represent more complex 
distributions, such as Bayesian networks, may improve diagnostic performance and facilitate exploratory data analysis 
by identifying and modeling the interdependence of individual features. 
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