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Abstract: According to The American Cancer Society, In the 

US. they estimated that there will be 160,390 deaths from lung 

cancer and that 213,380 new cases will be diagnosed in 2007. The 

accurate diagnosis of the lung nodule in case of determine either 

malignant or benign requires a lot of resources to read the ever  

increasing volume of detecting nodules on high resolution 

computed tomography (HRCT). So, the motivation for developing 

and enhancing the performance and accuracy of 

computer-aided-diagnosis systems (CADx) for HRCT has been the 

focus of many research groups to alleviate this burden. In this 

work, we report the results of a new CADx system that provides 

enhanced detecting performance. We utilize an optimized set of 

texture features using feature selection and apply the new system 

using Datasets provided by National Cancer Institute (NCI)’s and 

The Cancer Imaging Archive (TCIA). The results compared well 

to previous work with classification accuracy performance of 

89.4% and 86% sensitivity and 93% specificity. The 

implementation details and analysis of the proposed system are 

described in this paper. The results of the new system will 

contribute  a significant impact on the accuracy of such systems 

and hence the enhancement of detecting process outcome. 

Keywords: Computer-Aided Diagnosis, Digital Mammogram, 

Gabor Wavelets Feature, Support Vector Machines, 

Classification.   

I. INTRODUCTION 

  According to The American Cancer Society, In the US. 

they estimated that there will be 160, 390 deaths from lung 

cancer and that 213,380 new cases will be diagnosed in 2007. 

The accurate diagnosis of the lung nodule in case of 

determine either malignant or benign requires a lot of 

resources to read the ever  increasing volume of detecting 

nodules on High Resolution computed tomography (HRCT) 

[1]. Many research centers focus their effort on developing in 

Computer Aided Diagnosis system(CADx) [2]. This effort is 

resulting in many advances in CAD system. The CAD system 

is improving the detection of cancer by helping the 

physicians to focusing on the abnormality area and will 

decreasing the workloads and eliminate waste time also 

decreasing the human error to increase the quality of care. 
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Many of the previous research centers collecting huge of data 

by them self on real patients and volunteers such as the Data 

used in this research were obtained from The Cancer Imaging 

Archive (TCIA) sponsored by the SPIE, NCI/NIH, AAPM 

and The University of Chicago[3]. In this study we use the 

database provided for applying Machine learning for the 66 

abnormal nodules less than 3 cm (33 Benign and 33 

malignant). In literature, Several studies have been conducted 

to evaluate the effects of CADx on radiologists' accuracy for 

characterization of malignant and benign lung nodules; they 

are summarized in Table 3. Matsuki et al. [4] training and 

classifying the 155 benign and malignant cases of high 

resolution CT  by using the power of artificial neural network 

to get high differentiating performance output model to aid 

radiologists to increase their accuracy using receiver 

operating characteristics ROC analysis . Li et al. [5] training 

and classifying 28 malignant and 28 benign nodules. They 

used linear discriminant classifier for distinguishing the 

malignant from the benign nodules with an Area under the 

curve  (AUC) of 0.831 that used as an aid. They noticed that 

the performance of radiologists increased with CADx. The 

average AUC improved significantly from 0.785 to 0.853. 

Shah et al. [6] they training and classifying 15 malignant and 

13 benign nodules by 8 radiologists to evaluate the 

classification accuracy for The CADx system used image 

features as input to a decision tree classifier. The system 

achieved a sensitivity of 91% at a specificity of 67% . The 

area under the curve of each of the 8 readers increased with 

CADx. The average AUC for all readers increased 

significantly from 0.75 to 0.81 with the use of CADx output. 

Awai et al. [7] they using Neural Network ANN for 

classification of lung nodules and evaluated its outputs on 

radiologists' performance by using a data set of 18 malignant 

and 15 benign nodules. The average AUC of 19 reader aided 

with CADx increased significantly compared to the others 

who unaided with CADx. Way et al. [8] they developed an 

automated segmentation and classification CADx system for 

of lung nodules data set of 124 malignant and 132 benign 

nodules from 152 patients. The CADx system used to 

compare radiologists' performance without and with CADx. 

II. MATERIALS AND METHODOLOGY 

A. Database Source 

      In this study we use the database provided by The Cancer 

Imaging Archive (TCIA) [3]. The database contain 70 cases 

digitized Images. The database Images have size 512x512 in 

DICOM format divided to 3 classes (Malignant nodules, 

benign nodules and suspicious Malignant nodules), 10 cases 

for testing set and 60 cases for training set. 
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B. Pre-processing of TCIA DICOM Images  

      The nodules are actually in a 3-D shape but in this study 

we choice the Nodule Center Image in DICOM system its 

refers to the "Instance Number" of the image that 

demonstrates the largest extent of the nodule under 

consideration, In this data the series of CT images are taken 

without contrast agent and reconstructed for high resolution 

with slice thickness 1mm. We processing them by MATLAB 

software, we have 66 number of images in data set, including 

33 benign cases and 33 malignant cases, all the images were 

cropped by 32 x 32 region of interest (ROI), these ROI 

including malignant and benign nodules those have size less 

than 3 cm. 

C. Feature Extraction 

      Feature extractions are based on mathematical or 

statistical findings methods for distinguishing the details of 

pathology that correlated: 

1. Higher Order Statistical Features  

The Gray Level Co-occurrence Matrix (GLCM) method use 

to redistribute the gray level of the image to the new level 

to make a relation between a gray level of each pixel 

according to the distance and the angles of directions, 

Therefore, we use 8 gray levels and angle 0°  with 

distance 1 that give us high performance. The definitions 

of the GLCM are given in [9]. 

2. First Order Statistical Features  

We applying first order statistical features on the original 

images and The Gray Level Co-occurrence Matrix of 

each images, the features Including Mean, Quantiles (10, 

30, 50, 70 and 90), Standard deviation, Variance, 

skewness, Integration ,mean of Integration, standard 

deviation of Integration, Derivative, mean of Derivative , 

Standard deviation of Derivative , Uniformity of 

histogram with 5 levels , Entropy of histogram with 5 

levels, Uniformity of GLCM with 8 levels and Entropy of 

GLCM with 8 levels . 

3. Spatial Domain Features  

Two type of transformation were applied in this study, first 

we applying wavelet 2D decomposition with level 5 and 

“haar” wavelet [11]. And we apply 2D Fourier 

Transformation (2D-FFT). 

D. Feature Selection  

     We want to select features who could adjacent between 

benign and malignant or the features who give us high 

accuracy, also the features who do not correlate with 

pathology and Features that are not independent. in this 

study we apply two methods. First, the sequential forward 

search (SFS) in this method we remove feature one by one 

and in each we measure the accuracy, if the accuracy 

decrease that mean this feature is bad so eliminate it and so 

on. second The sequential backward search (SBS) in this 

method we looking for the best feature by running each of 

them alone and then rank them and choose the best one, 

second we take the best one and running with it the other 

features one by one individually and select the best feature 

who increase the accuracy and so on. Finally the best 

features were varies according to the type of classifier. 

 

 

E. Classification  

For choosing the classifier that provides best performance, 

we use three different types of classifiers as follows support 

vector machine (SVM), Artificial Neural Network Pattern 

Recognition (ANN) and k-voting nearest neighbour (KNN) 

classifiers. We used the features of testing set and training set 

which consisted of 14 malignant ROIs and 14 benign ROIs 

for testing and 19 malignant ROIs and 19 benign ROIs for the 

training set, but for ANN classifier we training by the 60% of 

data and validating by 20% and testing by 20%. 

III. PERFORMANCE ASSESSMENTS  

     To evaluate classification performance, we calculate Error 

Rate, Confusion Matrix, Specificity, Sensitivity, False 

Negative Rate, the Area Under Curve (AUC) from the 

Receiver operator characteristic(ROC) and overall Accuracy 

[10]. We focus on the accuracy to make a comparison with 

the literatures and have to make sure that the values of 

Specificity and Sensitivity are near as much as possible to 

ensure the reliability of the diagnosis system of the 

computer-aided diagnosis of computed tomography. 

IV. RESULTS AND DISCUSSION 

The TCIA database High Resolution Computed 

Tomograpy Images were binary classified as Benign vs 

Malignant cases by features extractions were extrated the 

seven features of the first and higher order statistical as 

mentioned in feature selection paragraph and the evaluation 

of the three classifier (support vector machine (SVM ), 

Artificial Neural Network (ANN) and K-voting Nearest 

Nieghbor (KNN)) were learning the system by 58% of data 

sets and testing them by 42% all these processing have been 

carried out in MATLAB software, furthermore the same 

selected features parameters are applying on  each  classifiers 

as  shown their results below in Table.1. 

Table.1 The Performance Results of CADx System 

Classifier Sensitivity Specificity AUC Accuracy 

SVM- 

Polynomial 
80% 84.62% 74.5% 82.14% 

ANN 86.11% 93.33% ~93.8% 89.39% 

KNN -K=5 85.71% 85.71% 84.69% 86% 

 

The confusion matrix for the selected features classified by 

KNN classifier shown in table.2 that the 28/33 of the Benign 

nodules cases were diagnosed as a Benign cases and the 

31/33 of the Malignant nodules cases were diagnosed as an 

Malignant cases, which is good, furthermore 2 of Malignant 

cases were diagnosed as a Benign cases and 5 nodules of 

Benign cases were diagnosed as an Malignant which is 

acceptable in case of distinguishing between two 

abnormalities lung nodules unaided by radiologist. 
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Table. 2 The Confusion Matrix for the ANN Classifier 

Actual 
Predicted 

Benign Malignant 

Benign (28 nodules) (5 nodules) 

Malignant (2 nodules) (31 nodules) 

The researchers applying a varieties of classifiers and 

features extraction to enhance the accuracy of detection in the 

computer aided diagnosis CADx of a computed tomography 

scanning a lung nodules, the researcher studies shown in 

Table.3 We compared our method results shown in Table.1 

with literatures as. Henschke et al. they use 28 nodules (14 

benign and 14 malignant) with slice thickness 5 mm, The 

statistical-multiple object detection and location system 

(S-MODALS) classifying by Neural Network technique was 

developed for automatic target recognition (ATR) to 

distinguish between malignant and benign nodules[12]. 

Table.3 Comparison of Different Performance 

Measurement for Classifying TCIA Database of Binary 

Class (Malignant– Benign). 

Study 

Techniques 
Classification 

Performance % 

Classifi

er 
Features Sens 

Spe

c 
AU

C 
Acc 

[12] ANN S-MODALS 100 79 ~79 89 

[13] LDA 

correlation 

and 

difference 

entropy 

88.2 92.2 - 90.3 

[14] LDA GLCM 89 92 99.2 90.6 

[15] ANN MTANN 100 48 88.2 - 

Our 

study 
ANN 

Multi-featur

es 
86 93 94 89.4 

 

McNitt-Gray et al. they use 31 nodules (14 benign and 

17malignant) with slice thickness ≤3 mm and nodules size 

(5-30mm), solitary nodules were identified using 

semiautomated contouring  techniques for using  the varieties 

of nodule size, shape, attenuation  and texture as a features 

and applying linear discriminant analysis[13]. 

McNitt-Gray et al. they apply GLCM on the 32 nodules 

(13 benign and 19  malignant) with slice thickness ≤3 mm 

and nodules size (5-30mm , mean=17mm). and classify them 

by linear discriminant analysis[14]. Suzuki et al. they use 489 

nodules (413 benign and 76 malignant) with slice thickness 

10 mm and nodules size <30 mm. to distinguishing between 

benign and malignant nodules in Low Dose CT scans by use 

of a massive training artificial neural network 

(MTANN)[15]. 

Regarding to the results of literatures contributions shown 

in table.3 the researchers attempt to enhance the performance 

of distinction between malignant and benign nodules by 

manipulating in many features and classifiers, the researchers 

notice that the preprocessing of the images could play main 

roles in enhancement, some of them try to use high resolution 

CT images with slice thickness less than 1mm, further the 

size and shape of nodules might leads to know which the type 

of nodules. In this paper we used three types of classifies as 

shown in table.1  the ANN and KNN classifiers gave high 

performance regarding to our experiments and compared to 

literatures in table.3, therefor we have to select the classifier 

who has the lower false negative rate(FNrate), that means the 

classifier who could increase the detection of Malignant 

nodules because if the patient have a malignant nodules and 

the CADx system diagnosed it as a benign that will allow the 

cancer rapidly spread and might cause death. So the FNrate 

for ANN AND KNN are 13.89% and 14.29%, respectively. 

The features selected for ANN are (mean, standard 

deviation, variance, skewness, percentile, mean of 

Integration, standard deviation of Integration, percentile of 

Integration, mean and standard deviation of differentiation,( 

uniformity ,entropy and mean of histogram),( uniformity and 

entropy of gray level co-occurrence matrix), ( uniformity , 

mean, standard deviation, percentile of 2D wavelet 

decomposition) and (mean, standard deviation, percentile of 

FFT), those features gave high performance for our study . 

V. CONCLUSION 

   In this study we designed a computer-aided diagnosed 

system (CADx) that will enhance the accuracy of 

distinction  between Malignant and benign nodules, so far we 

selected the best classifier among three different classifiers 

those built in function in MATLAB and selected features 

those obtained the better performance and then we classified 

the selected features by Artificial Neural Network Pattern 

Recognition method, further all these processing have been 

carried out in MATLAB software. This CADx system will 

aided radiologists to avoid invasive procedures that required 

biopsy and histology test that will effect on the healthcare of 

patients and waste time and money. 
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