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Purpose: The majority of women presenting with breast cancer it are not possible to identify 7 

specific risk factors.  Age is the major factor on breast cancer incidence. Also, poverty status 8 

can be classified. Because of the weakness of the underlying empirical data in many 9 

countries, a number of the indicators presented here are associated with significant 10 

uncertainty. The fuzzy logic inference method as an artificial intelligence technique is 11 

proposed for modeling data. Methods: In our situation it is very difficult to use classical logic 12 

to model a system with the available knowledge. Classical logic does not allow working with 13 

uncertainty in the information when knowledge about the behavior of the systems is 14 

imprecise. A fuzzy system was constructed with three inputs parameters and one output 15 

expressing the number of cases. Results: The result of the fuzzy program so far, is a numeric and 16 

symbolic terms of number of breast cancer recorded; using the fuzzy inputs data in the universe of 17 

discourse (poor, near poor or non-poor), age and period. Conclusion: Once the established system, it 18 

allows to predict the impact of each input and its effect on the output parameter. Assessing the degree 19 

of impact allows us to define the set the factor that has the greatest impact in the fight against breast 20 

cancer. The result is the contribution of the set of input variable, taking into account inaccuracies and 21 

the complexity involved in the process. 22 
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INTRODUCTION 28 

 29 

The global burden of cancer continues to increase largely because of the aging and growth 30 

of the world population alongside an increasing adoption of cancer-causing behaviors, 31 

particularly smoking, in economically developing countries [1], [2],[3]. Several risk factors 32 

for breast cancer have been well documented. [4],[5].  33 

 34 

However, for the majority of women presenting with breast cancer it is not possible to 35 

identify specific risk factors. Age specific incidence rates, increase rapidly with age until 36 

about 45-50 years of age, after which they continue to increase but at a slower rate. In 37 

addition to age, a few other risk factors, socioeconomic status is associated with relative risks 38 

[6]. Age is the major factor on breast cancer incidence based on the incidence data for 1987-39 

2010.  40 

The impact of incidence is steadily increasing from 50 to 74 years old. This burden reflects 41 

also in the black women in USA, having similar impact on age incidence as in the white 42 

women, although the incident rate is slightly lower. A projection for breast cancer suggests a 43 

continuous growth in the number of incident cases that would increase [7]. For most cancer 44 

sites there is a linear log–log relationship between incidence and age. This relationship does 45 

not hold for breast cancer, and certain ‘key’ breast cancer risk factors suggest that breast 46 

tissue does not ‘age’ in step with calendar time. A quantitative description of ‘breast tissue 47 
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age’ is suggested which brings the age–incidence curve of breast cancer into line with the 48 

common log–log cancers and explains quantitatively the known key risk factors [8]. For 49 

results classified by poverty status, population estimates were grouped into three categories 50 

according to the percent of the population in the census-tract living below the federally 51 

defined poverty threshold. The conventional view that breast cancer is a “disease of 52 

affluence” is increasingly at odds with the empirical evidence and lived experiences of poorer 53 

women and women of color diagnosed with breast cancer. The amount of missing information 54 

may vary between subgroups and can change over time [9],[10],[11],[12].  Where necessary 55 

the estimates provided have been derived from multiple sources, depending on each indicator 56 

and on the availability and quality of data. Statistical and health information systems are weak 57 

and the underlying empirical data may not be available or may be of poor quality. Because of 58 

the weakness of the underlying empirical data in many countries, a number of the indicators 59 

presented here are associated with significant uncertainty [13]. In this situation it is very 60 

difficult to use classical logic to model a system with the available knowledge. Classical logic 61 

does not allow working with uncertainty in the information when knowledge about the 62 

behavior of the systems is imprecise. The proposed system utilizes fuzzy logic.  63 

 64 

METHODS 65 

Fuzzy logic inference 66 

The fuzzy logic approaches, a sub-field of intelligent systems, are being widely used to solve 67 

a wide variety of problems in medical, biological and environmental applications. One of the 68 

most important areas of application of fuzzy set theory as developed by Zadeh [14] is Fuzzy 69 

Rule-Based System. These fuzzy logic systems constitute an extension of the classical rule-70 

based systems, because they deal with “if-then” rules whose antecedents and consequences 71 

are composed of fuzzy logic statements, instead of classical logic ones. In a broad sense, a 72 

fuzzy rule-based system is a rule-based system where fuzzy logic is used as a tool for 73 

representing different forms of knowledge about a problem, as well as for modeling the 74 

interactions and relationships that exist between its variables. Due to this property, fuzzy logic 75 

principles have been successfully applied to a wide range of problems in different domains for 76 

which uncertainty and vagueness emerge in varying ways. Fuzzy modeling [15], fuzzy control 77 

[16], and fuzzy classification [17] are the most common applications. 78 

Fuzzy logic deals with reasoning on a higher level, using linguistic information acquired from 79 

domain experts. The above-mentioned capabilities make fuzzy logic a very powerful tool to 80 

solve many ecological problems, where data may be complex or in an insufficient amount. 81 

The fuzzy logic concept provides a natural way of dealing with problems where the source of 82 

imprecision is an absence of sharply defined criteria rather than the presence of random 83 

variables [18]. The fuzzy approach considers cases where linguistic uncertainties play some 84 

role in the control mechanism of the phenomena concerned [19]. Fuzzy inference systems 85 

(FIS) are powerful tools for the simulation of nonlinear behaviors with the help of fuzzy logic 86 

and linguistic fuzzy rules [20], [21]. 87 

For example, there is not a straight-line relationship between the socioeconomic, age and 88 

breast cancer incidence. 89 
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In this study, we take to decision algorithms using the engine that makes inferences on a fuzzy 90 

rule system. For all the algorithms presented below there is a common rule form for rules that 91 

associate an observation vector. 92 

a= (a(1), a(2), …. a(n)) with a diagnosis. Further, we assume the following general form of 93 

the kth rule in the system ( k = 1, 2, …K): 94 

If a(1) is A1k AND …AND a(n) is An,k THAN b is Bk where Aik, are fuzzy sets (whose 95 

membership functions are designated by (µAi,k) that correspond to the nature of particular 96 

observations (for simplicity we assume the sets to be triangular fuzzy numbers) whereas k B 97 

is a discrete fuzzy set defined on the result set, with the Bk membership function. The 98 

particular decision algorithms to be used in plant effect have in common both the inference 99 

engine and the procedure for rule system derivation from the learning set. In the proto-formal 100 

deduction rule, the syllogism:  101 

Q1 A’s are B’s AND Q2(A&B)’s are C’s THAN Q1Q2A’s are (B&C)’s [22].  102 

 103 

Fuzzy Logic Modeling 104 

A most studies interest exists for evaluating effect of age and socioeconomic impact of the 105 

breast cancer. In our case, we can introduce the relationship between these parameters as 106 

input and risks of damage by breast cancer as output variable Tables 1. 107 

 108 

Tables 1. Mammography Prevalence (%) within the Past Two Years by Age and Poverty Status*, US, Selected 109 

Years 1987-2010  110 

 40-49 50-64 65 years and over 
Year Poor Near poor Non-poor Poor Near poor Non-poor Poor Near poor Non-poor 
1987 19 18 44 15 24 45 13 20 35 
1990 32 39 69 30 40 72 31 39 61 
1991 33 44 70 37 50 73 35 42 63 
1993 36 48 70 47 47 79 40 48 71 
1994 43 48 70 46 48 78 44 49 73 
1998 45 47 73 53 62 83 52 58 71 
1999 51 53 77 63 65 83 58 60 77 
2000 47 44 76 62 68 87 55 60 82 
2003 51 54 72 58 64 85 57 63 73 
2005 42 50 74 50 59 84 49 56 73 
2008 47 47 73 57 59 84 49 59 78 
2010 48 46 74 55 57 83 51 56 75 

*Poor persons are defined as below the poverty threshold. Near poor persons have income of 100%-199% of the 111 

poverty threshold. Non-poor persons have an income 400% or more than the poverty level [23]. 112 

 113 

A fuzzy logic system is established. The input variables are age, socioeconomic status and 114 

periods. The output variable is the number of recorded cases. Figure 1. 115 

 116 

Figure 1. System block diagram with three inputs and one output 117 

 118 
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Fuzzyfication of Inputs 119 

The data for the inputs were classified into three linguistic categories:  120 

The input ‘Age’: The variable ‘age’ is fuzzyfied on [First tranche, Second tranche and Third 121 

trance] Figure 2. 122 

 123 

Figure 2. Fuzzyfication of input variable “Age” 124 

 125 

The input ‘socioeconomic level: This variable is fuzzyfied on three membership function 126 

[Poor, Near poor and Non-poor]. Figure3. 127 

 128 

Figure 3. Fuzzyfication of input variable “Socioeconomic level” 129 

 130 

The input ‘Period’: This variable is fuzzyfied on [Period 1 to Period 10]. Figure 4. 131 

 132 

Figure 4. Fuzzyfication of input variable “Period” 133 

Fuzzyfication of Output 134 

The data for the output (the number of recorded cases of breast cancer) was classified into 135 

three linguistic categories: Low, Medium and High. Figure 5. 136 

 137 
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 138 

Figure 5.  Fuzzyfication of output variable Number” 139 

 140 

Fuzzy Rules 141 

The rules determined by the choice of the fuzzy membership function are defined for each 142 

input variable. In general form, each fuzzy rule is written as were A1 and A2 are the fuzzy sets 143 

that describe the nature of the inputs, such as poor, near poor, or non-poor. The linguistic 144 

control rules of this system are given by: 145 

If X 1 IS X1(1) and X2 IS X2(2) and…Xn IS Xn(n) Than Y1 is Y1(1)  146 

 147 

 148 

 149 

Defuzzifier 150 

This system has tow outputs that describes the impact on breast cancer incidence. In fact 151 

explains the contribution of each factor on rate that induces directly effect. The crisp value 152 

outputs are given by the defuzzyfication process after estimating its inputs values. In this 153 

system we used centre of average method which has the mathematical expression that is: 154 

(ΣSi.Ri)/(Ri). 155 

In the defuzzyfication, the exact expression is obtained with “centroïd” method according to 156 

validity degree. The outputs values according to the inputs values obtained from the designed 157 

fuzzy engine system.  158 

 159 

RESULTS 160 

The factors effect on degree of impact on different aspect like environmental, economic or health 161 

system is based on fuzzy logic model. It is designed for measurement of different parameters. This 162 

system consists of tow inputs variables. The rule base of this system is used to determine the outputs 163 

parameters values: (low); (medium); or (high) for each energy type, according to the inputs values. 164 
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MATLAB-simulation is used by applying rules. Figure 6 shows an example using the MATLAB-rule 165 

viewer and simulation result.  166 

At each level corresponding to the use of factors (age, socioeconomic level and period), the result can 167 

be displayed to the linguistic term output and the number of cases of the corresponding breast cancer. 168 

It is sufficient to set at random values of the input variables to automatically and instantaneously read 169 

the number of cases in the system output. This is also expressed in (low, medium or high).  170 

 171 

 172 

Figure 6. Application Example: attribution random variable inputs and direct reading of the output variable 173 

 174 

The number of recorded cases of breast cancer can also be obtained based on other variable as expressed in 175 

Figure 7. 176 

 177 

Figure 7. Application Example: attribution random variable inputs and direct reading of the output variable 178 

 179 

 180 

CONCLUSION 181 

The artificial intelligent system using fuzzy logic method could extend our understanding of 182 

factors affects on breast cancer. The intelligent software created in this study could be used 183 

for giving an idea about the future development of breast cancer. Like other factors are 184 
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involved in the process and that are not considered in this study, in addition to imprecision 185 

already considered in the data analysis, the system is expandable to other factors. 186 

The goal of this study is to design and perform a pilot investigation which will provide 187 

preliminary data. Modern methods of computational intelligence such as fuzzy logic are used 188 

to achieve the medical complex analysis. The result of the fuzzy program so far, is a numeric 189 

and symbolic terms of number of breast cancer recorded; using the fuzzy inputs data in the 190 

universe of discourse (poor, near poor or non-poor). As the input parameters are characterized 191 

by uncertainty, we believe that this tool is very adequate. We emphasize that our fuzzy system 192 

is not meant to replace or substitute for an experienced physicians; on the contrary, we 193 

envisage that the fuzzy logic system should be viewed as a decision support in the most 194 

accurate. Once the established system, it allows to predict the impact of each input and its 195 

effect on the output parameter. Assessing the degree of impact allows us to define the set the 196 

factor that has the greatest impact in the fight against breast cancer. The result is the 197 

contribution of the set of input variable, taking into account inaccuracies and the complexity 198 

involved in the process. 199 

 200 

 201 
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