
 

 

 

Abstract—The number of expertise‟s in the medical domain 

about the breast cancer is limited. Many patients have to wait too 

long to get their result from the check-up. The system can be used to 

help patients, students and to decide what cancer type the patient has, 

what is the stage of the cancer and how it can be recommendation. 

The experience medical staffs are decreasing in number. When they 

retired, the new staffs will be replacing their places. So they have to 

learn many things related to their work. It is to help the expert 

doctors or medical staffs in their breast cancer diagnosis. The 

methodology used in the application is Application Development 

because it promotes the accuracy application development. The 

application used the 100 data of  Breast Cancer for evaluating the 

gray level co-coordination metric  (GLCM) algorithm. This dataset is 

retrieved from Machine Learning. This paper design  the technical 

aspects of some of the  query refinement -based medical systems for 

breast cancer . It also application proposes query refinement- based 

system for breast cancer knowledge management. The system 

performance and accuracy are acceptable, with a breast cancer 

classification accuracy 93%. 

 

Keywords— Cancer Informatics, Query Refinement, Medical 

Informatics, GLCM algorithm, Knowledge Engineering.  

I. INTRODUCTION 

N recent years the fusion of multimedia information from 

multiple real-time sources and databases has become 

increasingly important because of its practical significance in  

any application areas such as telemedicine, community 

networks for crime prevention, health care, emergency 

management, e-learning, digital library, and field computing 

for scientific exploration. To support the retrieval and fusion 

of multimedia information from multiple real- time sources 

and databases. Early detection also saves hundreds of millions 

of dollars that otherwise would be detected in its early stages 

and removed, there is a very high likelihood that the patient 

will survive Abid.(2007) asymmetry, border irregularity,color 

variegation. Image analysis techniques for measuring these 

features have been developed by Williams et al .(2007). 

Measurement of image features for diagnosis of melanoma 

requires that first the lesions be detected and localized in an 

image. It is essential that lesion boundaries are determined 

accurately so that measurements. Through query refinement 

one or more sensor may provide feedback information to the 

other sensors. The approach is also applicable to evolutionary 
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queries that change in time and/or space, depending upon the 

temporal/spatial coordinates of the query originator by White 

(1998). 

II. MEDICAL BACKGROUND 

Cancer is not a disease; rather it is a group of diseases 

characterized by uncontrolled growth and spread of abnormal 

cells. If the spread is not controlled, it can result in death. 

Figure. 1 shows the difference between normal and cancer 

cells by(The National Cancer Institute,2014). Cancer is caused 

by both external factors (tobacco, infectious organisms, 

chemicals, and radiation) and internal factors (inherited 

mutations, hormones, immune conditions, and mutations that 

occur from metabolism). These causal factors may act together 

or in sequence to initiate or promote the development of breast 

cancer. 

 
Fig. 1 Normal and Cancer Cells 

 

A cancer‟s stage is based on the size or extent of the 

primary (main) tumor and whether it has spread to other areas 

of the body. A number of different staging systems are used to 

classify tumors. A system of summary staging (in situ, local, 

regional, and distant) is used for descriptive and statistical 

analysis of tumor registry data. If cancer cells are present only 

in the layer of cells where they developed and have not spread, 

the stage is in situ. If cancer cells have penetrated beyond the 

original layer of tissue, the cancer is invasive and categorized 

as local, regional, or distant stage based on the extent of 

spread. The target object is situated in relation to some types , 

e.g. a tumor cell from segment image . This will enable the 

session analysis program to find the location of the target 

tumor with greater accuracy and thus make a better analysis. 

The local view provides the information such as the target 

tumor  is partially hidden. The local view can be described, for 

example, in  Projection by Chang et al.(1996). 

III. RELATED WORK 

Query refinement module for any application can be used to 

diagnose normal segment  breast cancer . To build query 

refinement module  for application is a similar process than to 

build an object oriented program, however, classes and objects 

Primarily Diagnosis of Normal Breast Cancer 

Image using Query Refinement Management 

Sahib N. Alkulabi, and Adel A. Alnasrawi  

I 

3rd International Conference on Advances in Engineering Sciences & Applied Mathematics (ICAESAM’2015) March 23-24, 2015 London (UK)

http://dx.doi.org/10.15242/IIE.E0315064 74



 

 

in a program are about data structures, whereas classes and 

objects  application are about the domain. A good practice to 

support  application  building process is to produce  query 

refinement  module specification document with information 

such as: the purpose of the query refinement  module for the  

application, its end users, use case scenarios, degree of 

formality used to codify the  query refinement module the  

application and its scope. In database theory, query 

optimization is usually formulated with respect to a query 

execution plan where the nodes represent the various database 

operations to be performed by Jarke at el.(1984). Figure. 2 

shows a general methodology to build query refinement  

application.

 

 
Fig. 2 A Methodology to build query refinement intelligence 

Many methodologies, languages and tools are used to 

support query refinement module in engineering process. 

Stonebraker(1975)  the authors provide the Implementation of 

Integrity Constraints and Views by Query used methodology to 

build refinement, the languages used to codify   refinement and 

finally the tools that can be used to support query building 

process. White.(1998 ) the authors provide the Managing Data 

Fusion Systems in Joint of a breast cancer follow-up clinical 

practice guideline. The computerization of the clinical practice 

guideline led to the development of a breast cancer by  

refinement for query. They present their breast cancer by query  

,when it processes the image by GLCM statistics of contrast, 

correlation, energy, homogeneity and entropy were  calculated 

for each matrix. Images were convolved with a set of 32 multi 

scale-oriented Gabor filters by Oliva.(2005) and (Torralba at 

el,2008). We created a vector using statistics from these filters. 

Principal component analysis was then used to reduce the 

dimensionality of the vector to 80. Texture-based features are 

typically derived using filter response of a set of filters with 

the image.  

We have evaluated a variety of filters including Gabor, 

wavelet, Maximum response (MR), Leung-Malik (LM) filter 

bank, and the Schmid Filter bank by Varma at el.(2003). 

Leung at el.(2001)and Chantler at el .(2005) are a popular and 

effective class of algorithm for texture categorization. This 

surprisingly effective algorithm Boim.(2008) uses a nearest 

neighbor approach with image descriptors like those used for 

Textons.  The basic goal of image retrieval is to find images 

that are most „similar‟ to a given query image. The double 

thresholding process described in the preceding section 

determines an image area where a lesion boundary obtained 

from a range of threshold values will exist. Since the best 

threshold value in one local area may be different from the 

best threshold value in another local area, this range of 

threshold values is expected to include the best threshold value 

for all boundary pixels. We will assume that an optimal 

threshold value produces a boundary pixel that has a locally 

maximum gradient magnitude. Therefore, we will move an 

initial boundary pixel to the pixel in its neighborhood having a 

locally maximum gradient magnitude. Region boundaries in an 

image are best described by pixels with locally maximum 

gradient magnitudes by canny .(1986).Tables I and Figure.4 

show the stages of the breast cancer. 

A. Designing  the Database of Cancer 

Application framework to build our  image retrieval system. 

The image locations, annotation and other user-created 

features were stored in relational database. There are also 

fields for storing visual features that were created using image 

processing techniques. The relational database allows us to 

maintain the mappings between the images associated 

annotations, as well as other features that are derived using 

image processing and supervised machine learning methods. 

This format facilitates retrieval using both textual and visual 

techniques .This will enable the session  analysis program to 

find the location of the target object with greater accuracy and 

thus make a better analysis. The local view provides the 

information such as the target object is partially hidden. The 

local view can be described, for example, in terms of Symbolic 

Projection Chang et al.(1998).This Centerior  recognition 

algorithm  is applied to detect objects in an area-of-interest 

region image . After this is done, the   algorithm  of sable is 

applied to recognize objects of the type 'malign ' in this 

specific area-of-interest. Finally,  Given a user query in a high-

level language, the natural language, a visual language or a 

form, the query refinement approach is outlined below, where 

image indicate operations for the subsequent iteration. Its 

flowchart is illustrated in Figure 3. 

Step 1. Analyze the user query to generate/update the s 

dependency tree based upon the refinement query knowledge 
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base and the multi-level view database that contains up-to-date 

contextual information in the object view, local view and 

global view, respectively. 

Step 2. If the session  dependency tree is reduced to a single 

node, perform fusion operation (if  session have been used) 

and then terminate query processing. Otherwise build/refine 

the query based upon the user query, the session  dependency 

tree and the multi-level view database. 

Step 3. Execute the portion of the -query that is executable 

according to the session dependency tree. 

Step 4. Update the multi-level view database and go back to 

Step 1. 

In (Lee,1992) as mentioned above, if in the original query 

we are interested only in finding un-occluded objects, then the 

query processor must report failure when only an occluded 

object is found. If, however, the query is refined to "find both 

un-occluded and occluded objects", then the query processor 

can still continue. 

B. The Diagnostic Module 

   The diagnostic module works as follows: it reads image  

from client  main windows and uses the query module to 

convert user input to a well formatted query is refined (at the 

database of) then it retrieves the image and information and 

score  and   find the type of stages breast cancer based on the 

user input. The image  of the cancers are retrieved from the 

database of . There are general images that may occur in 

different stages   breast cancer types so it is possible that some 

of the image entered by the user may be found in more than a 

type of tumor so to allow an accurate diagnosis, we used a 

similarity measure to find the best-fit tumor (the breast cancer 

type that best match the user input). The similarity measure is 

defined ,where image1, image2 … etc. represents the degree of 

match between user‟ image  and the image of the breast  

cancers found in the database . The similarity between both 

image by the query refinement module  ,Where  the number of 

matched image between user input and breast cancer database  

by  query refinement module  . The cancer type is determined 

based on the maximum similarity measure, the system moves 

to the staging module to find the breast cancer stage in same 

time find the breast cancer tumor or no   image retrieval from 

breast cancer database. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 3 Flow chart of diagnosis of breast cancer 

 

C. The Pathology and  Staging Module   

Invasive carcinoma evolves into a lethal metastatic cancer 

Sgroi.(2010). Ductal carcinoma in situ (DCIS) is thought to be 

the precursor of invasive ductal carcinoma (IDC), the most 

common histological subtype of breast cancer. 

   However, studies on genetic profiles of in situ, invasive and 

metastatic breast carcinomas failed to discover stage-specific 

genetic events in the tumor cells. Instead, other studies 

indicated that micro environmental factors such as 

abnormalities in the surrounding myoepithelial cells and 

stromal cells play a key role in breast cancer invasion and 

metastasis by Polyak.(2007). 

    Therefore, the multi-step breast cancer development and 

progression is attributed to acquisition of genetic/epigenetic 

alterations conferring new selective advantage to the cells as 

well as tumor-promoting micro environmental alterations by 

Hanahan at el.(2011).Once the cancer type is determined, the 

staging module finds the stage of the cancer defined. The 

stages of the determined cancer are retrieved from its . To get 

the stages‟ instances from the refinement through the query 
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module. The breast cancer stages differ based on the tumor 

type. The stages of the cancer are defined based on a set of 

rules that differ from a tumor type to another. These rules are 

retrieved from the breast cancer called by query refinement 

through the stage module. The most common clinical staging 

system for breast cancer is the TNM system formulated by 

(American Joint Committee on Cancer,2010) . In this system, 

primary tumor size (T), spreading to nearby lymph nodes (N) 

and distant metastasis (M) are evaluated collectively to suggest 

the pathologic stage of breast cancer ranged from stage 0 to 

stage IV (Figure .4). 
 

TABLE I 

STAGE GROUPINGS BASED ON THE TNM CLASSIFICATION  

 

 

 

 

 

 

 

 

 

 

 

Fig.4 TNM classification of breast carcinoma 
 

IV. THE PROPOSED SYSTEM 

The proposed system contains three basic modules namely; 

the diagnostic module, the pathology and staging module. In 

order to detect patient  breast cancer , the patient provides 

his/her image  to the diagnostic module, which detects  the 

patient has breast cancer, the staging module finds the current 

stage of the breast cancer based, the information and rule 

breast cancer module and  a specific information for the case 

at hand provided by the patient. All the two modules interact 

with a database of  breast cancer  , which maps from the query 

of the asking module to the structure of the vocabulary of the 

image  selected from the database of breast cancer used query 

refinement module. Figure. 5 shows the proposed system. 

 
Fig. 5 The Proposed System 

In the retrieval phase, the query image is preprocessed in a 

similar manner to the  database images. (Deselaers et al.(2005) 

the author order to achieve better performance  detection of 

abnormalities  might be necessary. 

V.  RESULT AND EVALUATION 

The system was evaluated both for classification as well as 

retrieval. In the case of the classification task, we evaluated the 

efficacy of the various feature vectors and classifiers for both 

the findings and the location task. When more 

computationally-GLM algorithms were used, a 50-50 training- 

test split was used for evaluation. Precision at 20 was 

measured for each category given using the original distance 

matrices as well as those obtained using the pair-wise 

constraints. The system was evaluated both modules for 

classification as well as retrieval. In the case of the 

classification task. Classification rate (or error rate) is the most 

commonly-used measure for classification accuracy. Results 

provided are for a 10-fold cross validation where the data set 

was divided into ten random sets, nine of which are used as the 

training set and the last used as the ten test set.  

93%.When evaluating information retrieval systems by 

Oracle 9i are used for the development of the system, it is 

important to define what a perfect system response would be 

like, named ground truth Müller .(2004)Many approaches to 

define a ground truth have been used in the literature, 

including: 

user assessment of relevancy; the automatic definition of 

classifications from available image annotations; and manual 

definition of user information needs. For the experimental test, 

Overal

l Stage 
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N 

category  

M 

category  
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T2 N1 M0 
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each image in the result set is evaluated against the ground 

truth to see whether it is relevant or not. (Müller et al ,2003) 

presents a framework to evaluate CBIR systems in order to 

report comparable results from different research centers in a 

standardized way. After the investigation of the tumor 

evolution, 18 cases were classified as benign and other 12 

cases were classified as malignant. The percentage of correct 

diagnosis in the malignant case was approximately 92%. 

For this purpose we used an original software package weka 

should be get the result by  all classification  GLCM with 

significantly lower classification error rates for my system 

achieved by a reduction in errors ranging from 10%  ,when 

described  Crişan.(2005)  ,The GLCM was calculated using 

ImageJ ,but Rasband.(2005) should be get the result by  all 

classification  GLCM with significantly lower classification 

error rates .This is clearly shown in Table I which details the 

minimum error rates achieved by two method and the 

corresponding number of features used to obtain those rates. 

The compare improvement in classification   achieved by a 

reduction in errors ranging from 12% to 10%. Table II. which 

details the minimum error rates achieved by  two method . The 

final  details the extent of the improvement provides a visual 

and  the performance attained by the classification 

performance of the GLCM algorithm for retrieved similarly 

breast cancer image. 

The fractal dimension is an accurate measure of the 

roughness of a texture surface of breast cancer image with 

dimension larger than the threshold 1.3,while the segment 

dimension. 

 
TABLE II 

COMPARISON OF  THE MINIMUM ERROR RATES 

 
The experimental values of fractal dimension are presented 

in table III. 
TABLE III 

EXPERIMENTAL VALUES FOR SYSTEM 

 

After the investigation of the tumor evolution, 18 cases were 

classified as benign and other 12 cases were classified as 

malignant. The percentage of correct diagnosis by imagJ  in 

the malignant case was approximately 92%,but The percentage 

of correct diagnosis by weka  in the malignant case was 

approximately 93%. 

VI. CONCLUSIONS 

   The paper also proposes a new query  refinement -based 

system for breast cancer knowledge management. This system 

can be used by patients, students and physicians to decide 

breast cancer the patient has, the stage of the breast cancer and 

the diagnosis execute which is similarly images . The main 

contribution of this system is its extensibility to contain one 

types of cancers and its capability to provide the information 

for the type  tumor at one of stages. Currently the database of 

the cancer using query refinement  module of the system has 

breast cancer. This evaluation demonstrates that some low 

level features can approximate the differential diagnosis 

criteria used by pathologists until certain level, which is 

deemed as adequate for teaching purposes by pathologists who 

annotated these images. The results may be outperformed by 

using high-level features that take into account the semantics 

of images. The modeling and implementation of these high-

level features is part of our  work. The percentage of correct 

diagnosis by weka  in the malignant case was approximately 

93%. 
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