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Abstract: Background: Cancer surveillance data provide information on the incidence and trends
of cancer in the population level. Analyzing cancer trends according to these characteristics plays
an important role in cancer surveillance. Knowledge of the causes of cancer allow better prevent the
appearance of it. A large number of epidemiological evidence supporting the effect of smoking on
the causes of cancer there is strong evidence supporting a role for smoking in the etiology of cancers.
Alcohol appears to interact with the tobacco significantly and can be considered a risk factor in the
development of cancers. Obesity which is now well recognized as a public health problem increases
the risk of developing cancers. All these factors are characterized by uncertainty, complexity and
imprecision. Methods: In this study, we propose an analysis of these factors based on the principles
of fuzzy logic inference system. The data were collected from WHO data. As this technique ad-
dresses the uncertain, its application in this area is perfectly adequate. Results: A database is estab-
lished, after the analysis system is done, it will be possible to read the prevalence of cancer by intro-
ducing randomly the values in inputs variables. Conclusion: like cancer has become a national
scourge, this application allows predicting the impact of it just from the introduction inputs varia-
bles such as BMI, degree of physical activity, tobacco and sex.
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1. Introduction

Knowledge of the causes of cancer allow better prevent the appearance of it. Cancer
surveillance data provide information on the incidence and trends of cancer in the popu-
lation level. Analyzing cancer trends according to these characteristics plays an important
role in cancer surveillance.

Often, individual cases captured in registry data are missing information on these
important variables [1]. Several risk factors contribute to apparition cancer. Certain factors
such as genes, diet and environmental exposures may alter susceptibility to cancer in to-
bacco users. Among these factors, tobacco, alcohol, obesity, physical activity. Several
other factors which are also sufficiently studied constitute a risk of cancer. The amount of
missing information may vary between subgroups and can change over time [2,3]. Where
necessary the estimates provided have been derived from multiple sources, depending
on each indicator and on the availability and quality of data. Statistical and health infor-
mation systems are weak and the underlying empirical data may not be available or may
be of poor quality.

Because of the weakness of the underlying empirical data in many countries, a num-
ber of the indicators presented here are associated with significant uncertainty [4]. In this
case it is very difficult to use classical mathematical modeling. Classical logic does not
allow working with uncertainty in the information when knowledge about the behavior
of the systems is imprecise. The proposed system utilizes fuzzy logic. Classical logic does
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not allow working with uncertainty in the information when knowledge about the behav-
ior of the systems is imprecise. A fuzzy system was constructed with three inputs param-
eters and one output expressing the number of cases. This technique allows us to establish
a fuzzy program so far, is a numeric and symbolic terms of number of cancer type rec-
orded; using the fuzzy inputs data in the universe of discourse (tobacco, obesity and phys-
ical inactivity). Once the established system, it allows to predict the impact of each input
and its effect on the output parameter. Assess the degree of impact allows us to define the
entire factor that has the greatest impact in predicting the onset of what type of cancer and
its impact. The result is the contribution of the set of input variable, taking into account
inaccuracies and the complexity involved in the process.

2. Cancer risk factors

Tobacco cancer is just one of the ways in which tobacco kills, and interventions to
reduce tobacco use will have much broader benefits than just in terms of cancer. The
health effects of tobacco —overwhelmingly cardiovascular diseases, cancers, and respira-
tory diseases—and the benefits of stopping tobacco use are considered together, not sep-
arately [5]. Tobacco products contain more than 50 established or identified carcinogens
and these may increase risk of cancer by causing mutations that disrupt cell cycle regula-
tion, or through their effect on the immune or endocrine systems. A large number of epi-
demiological evidence supporting the effect of smoking on the causes of cancer there is
strong evidence supporting a role for smoking in the etiology of cancers respiratory tract,
including the oral cavity, pharynx, larynx and lung, as well as in the bladder, pancreas,
kidney and renal pelvis [6]. Tobacco can also be a cause of esophageal cancer and stomach.
Some 55 chemical compounds from 2000 have been identified in tobacco leaves, some of
which are released by smoking and were evaluated by the International Agency for Re-
search on Cancer (IARC) as showing «sufficient evidence of carcinogenicity» in the labor-
atory animals or humans [7]. It may also play a role in the onset of cancer of the oral cavity,
larynx and pharynx [8] and a liver cancer [9]. Tobacco- related cancers are a burden. How-
ever, these cancers are preventable. Tobacco smoking provides sufficient evidence to es-
tablish a causal association between cigarette smoking and cancer of the nasal cavities and
paranasal sinuses, nasopharynx, stomach, liver, kidney (renal cell carcinoma) and uterine
cervix, and for adenocarcinoma of the esophagus and myeloid leukemia [10].

Obesity which is now well recognized as a public health problem increases the risk
of developing cancers. Some systematic review and meta-analyses assessed the strength
of associations between body mass index and common cancers such as breast, endometrial,
colon and adenocarcinoma of esophagus. However, a regular physical activity and a lim-
ited caloric intake are probably safe in healthy subject to prevent cancer and also in cancer
survivors [11]. Weight gain and obesity represent approximately 20% of all cancer cases.
in particular esophagus cancer, thyroid, colon, kidney, liver, melanoma, multiple mye-
loma, rectum, gall bladder, leukemia, lymphoma, and prostate in men; and post-meno-
pausal breast cancer and endometrial cancer in women [12]. Many prospective epidemio-
logical studies have shown a direct link between being overweight and cancer, it was es-
timated that about 20% of all cancers are caused by excess weight, more study of women
have shown that nearly half of all cancer cases can be attributed to obesity. The biological
mechanisms responsible for stronger association of BMI with some cancer subtypes are
not known, but this information might have implications in determining the patient’s risk
and the subsequent recommendations [13]. The relationship between obesity and the de-
velopment of cancer is multifactorial and involves a network of metabolic and immuno-
logical factors. The differential role of biological mechanisms in various cancer sites
should be defined and mechanisms related to the imbalance of adipokines by obesity
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should be investigated [14]. In cancer prevention, it is suggested daily exercise, there have
been several studies showing that exercise can reduce the risk of breast cancer and that
there are benefits to both physical and mental to patients with cancer. It was also corre-
lated with a decreased risk of both the colon and breast cancer development, and probably
with less risk of endometrialcancer [15]. Observational studies have assessed the associa-
tion between physical activity and breast cancer risk. Although most studies reported that
high physical activity is associated with decreased risk, some reported the contrary,
whereas others reported no relation. The lack of consistency may be attributable to differ-
ences in methods for assessing physical activity such as the types of physical activity cov-
ered (eg, occupational, recreational, and household). Studies also vary greatly as to the
ages at which the physical activity level was assessed [16]. The past two decades of the
epidemiological studies have produced a large amount of evidence on the benefits of
moderate to vigorous physical activity in relation to risk of cancer at several organs and
other chronic diseases. A commonly used the simplest categorization of physical activity,
considered in epidemiological studies, identifies the activities at leisure-time (recreational
physical activity); household activity, transport activity (traveling to and from work), and
occupational activity. Recreational physical activity includes sports, conditioning exercise
and other activities [17].

3. Materials and Methods
3.1. Fuzzy logic inference

The fuzzy logic approaches, a sub-field of intelligent systems, are being widely used
to solve a wide variety of problems in medical, biological and environmental applications.
One of the most important areas of application of fuzzy set theory as developed by Zadeh,
1965 [19] is Fuzzy Rule-Based System. These fuzzy logic systems constitute an extension
of the classical rule-based systems, because they deal with “if-then” rules whose anteced-
ents and consequences are composed of fuzzy logic statements, instead of classical logic
ones. In a broad sense, a fuzzy rule-based system is a rule-based system where fuzzy logic
is used as a tool for representing different forms of knowledge about a problem, as well
as for modeling the interactions and relationships that exist between its variables. Due to
this property, fuzzy logic principles have been successfully applied to a wide range of
problems in different domains for which uncertainty and vagueness emerge in varying
ways. Fuzzy modeling, fuzzy control [20] and fuzzy classification are the most common
applications. Fuzzy logic deals with reasoning on a higher level, using linguistic infor-
mation acquired from domain experts. The above-mentioned capabilities make fuzzy
logic a very powerful tool to solve many medical problems, where data may be complex
or in an insufficient amount. The fuzzy logic concept provides a natural way of dealing
with problems where the source of imprecision is an absence of sharply defined criteria
rather than the presence of random variables [21]. The fuzzy approach considers cases
where linguistic uncertainties play some role in the control mechanism of the phenomena
concerned [22]. Fuzzy inference systems (FIS) are powerful tools for the simulation of
nonlinear behaviors with the help of fuzzy logic and linguistic fuzzy rules [23, 24]. For
example, there is not a straight-line relationship between the socioeconomic, age and
breast cancer incidence. In this study, we take to decision algorithms using the engine that
makes inferences on a fuzzy rule system. For all the algorithms presented below there is
a common rule form for rules that associate a vector.

a=(a(1),a(2),....a(n)) with a diagnosis. Further, we assume the following general form
of the kth rule in the system.
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If a(1) is Aic AND ...AND a(n) is Ank THAN b is Bx. where Aik, are fuzzy sets (whose
membership functions are designated by (nAi k) that correspond to the nature of particu-
lar observations (for simplicity we assume the sets to be triangular fuzzy numbers).

3.2. Fuzzy Logic Modeling

A most studies interest exists for evaluating effect of tobacco, obesity and physical
inactivity impact of the type of cancer. In our case, we can introduce the relationship be-
tween these parameters as input and risks of damage by cancer as output variable. A fuzzy
logic system is established. The input variables are sex, smoking, alcohol, physical activity
and obesity. The output variables are cancer type and incidence cancer for males and fe-
males (Figure 1).
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Figure 1. System block diagram with four inputs and two outputs

3.2.1. Fuzzy Rules

The rules determined by the choice of the fuzzy membership function are defined for
each input variable. In general form, each fuzzy rule is written as were A1 and A2 are the
fuzzy sets that describe the nature of the inputs, such as small smoker, Average smoker
and Heavy smoking. The linguistic control rules of this system are given by:

If X1 IS X1(1) and X2 IS X2(2) and...Xn IS Xn(n) Than Y1 is Yi(1).

3.2.2. Fuzzyfication of Inputs

The variable ‘Sex’ is not fuzzy. We attribute value ‘1" for males and value ‘2’ for fe-
males. The data for the other inputs were classified into three linguistic categories:

The variable ‘Tobacco smoking’ is fuzzyfied on [Small smoker, Average smoker and
Heavy smoking] according to the percentage of that category with respect to the total
number of population (Figure 2). As it is impossible to define clear boundary between
these three categories, we considered them as fuzzy variables and therefore we created
fuzzy intervals between the different membership functions to overcome these uncertain-

ties. In the same way, we fuzzyfied other inputs (physical inactivity and obesity).

..
piot points: .
Mermbership function plots

Small Smoker Average Smoker Heavy.Smoking

L

input variable “Tobacco Smoking”
Figure 2. Fuzzyfication of input variable “Tobacco smoking”

3.2.3. Representation of Outputs
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The data for the output (the type of cancer incidence) is represented by the type of
cancer provided by sound recorded in connection with the rate input variables (Figure 3).
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Figure 3. Representation of output variables

3.2.4. Defuzzifier

This system has tow outputs that describes for males and females the type and the
incidence cancer. In fact, explains the contribution of each factor on rate that induces di-
rectly effect. The crisp value outputs are given by the average method which has the math-
ematical expression that is: (X5i.Ri)/(Ri). defuzzyfication process after estimating its inputs
values.

4, Results

The factors risk effect on degree of impact on different aspect is based on fuzzy logic
model. It is designed for measurement of different parameters. This system consists of
four inputs variables. The rule base of this system is used to determine the outputs pa-
rameters values for each cancer type, according to the inputs values. MATLAB-simulation
is used by applying rules. The result of the fuzzy program so far, is a numeric and
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symbolic terms; using the fuzzy inputs data in the universe of discourse (Sex, tobacco
smoking, physical activity and obesity). As the input parameters are characterized by un-
certainty, we believe that this tool is very adequate. We emphasize that our fuzzy system
is not meant to replace or substitute for an experienced physician; on the contrary, we
envisage that the fuzzy logic system should be viewed as a decision support in the most
accurate.

Once the established system, it allows to predict the impact of each input and its ef-
fect on the output parameter. Assessing the degree of impact allows us to define the set
the factor that has the greatest impact in the fight against cancer. The result is the contri-
bution of the set of input variable, taking into account inaccuracies and the complexity
involved in the process. Figure 4 shows an example using the MATLAB-rule viewer and
simulation result. At each level corresponding to the use of factors (Sex, tobacco smoking,
physical activity and obesity); the result can be displayed to the linguistic term output and
the number of cases of the corresponding nature of cancer and its incidence rate. It is suf-
ficient to set at random values of the input variables to automatically and instantaneously
read the corresponding cases in the system output.

Sex=1 Tobacco.Smeking = 22.7 Physical.Inactivity = 29.7 Obesity =22.3 Cancer Incidence Males = 45
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Figure 4. Application Example: Attribution random variable inputs and direct reading of the out-
put variables

5. Conclusion

The artificial intelligent system using fuzzy logic method could extend our under-
standing of factors affects on the nature of the cancer and its incidence rate. Like other
factors are involved in the process and that are not considered in this study, in addition
to imprecision already considered in the data analysis, the system is expandable to other
factors. The goal of this study is to design and perform a pilot investigation which will
provide preliminary data. Modern methods of computational intelligence such as fuzzy
logic are used to achieve the medical complex analysis.
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Key points

The intelligent software created in this study could be used for giving an idea about the cancer
nature expected with its incidence rate.
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