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Abstract- Computer-aided cancer prediction and 
risk assessment has become a very useful tool and is 
starting to be taken seriously by the medical 
community. Advanced bioinformatics and data 
mining techniques are used extensively to assist in 
predicting the chances of an individual patient’s 
cancer occurrence as well as the population cancer 
rates in general. These techniques rely heavily on 
analyzing and comparing genetic and medical 
datasets, as well as environment-based and other 
factors. We have developed an expert system called 
the cancer predictor calculator (CPC) which predicts 
two specific cancer risks for women. Specifically, the 
CPC estimates the risk for the breast and ovarian 
cancers by examining a number of user-provided 
genetic and non-genetic factors. The expert system 
was validated by comparing its predicted results with 
the patients’ prior medical information (and the 
subsequent outcomes) contained in actual health 
history databases and other well-known sources (e.g., 
see [14-17]). 
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1 Introduction 

 
Many existing information and/or knowledge-

based technologies have aided humans in predicting 
abnormal genes and other factors that lead to 
diseases. Cancer is considered to be the number one 
fatal genetic disease.  

Contrary to popular opinion, the excessive 
retention and/or compilation of the immense amounts 
of biological data have turned its analysis into a very 
difficult and complex undertaking. Even with the 
emergence of bioinformatics and data mining, and 
combining biology, computer science, information 
technology, statistics, and mathematics, the problem 
of efficient knowledge extraction is increasingly 
becoming more difficult. One of the primary 
purposes of bioinformatics is to clarify the biological 
processes that depend on hereditary resources. Data 
mining has the capability to detect hidden useful 
patterns between datasets objects and to use them as 
predictors. Consequently, any interaction between 

bioinformatics and data mining can only serve to 
improve their usefulness and the overall outcomes. 

We have integrated both to construct the CPC, 
which using huge biological datasets incorporates the 
patient-provided information to derive its prediction 
results. This software predicts the patient’s cancer 
risk/percentage and classifies this risk into four 
categories (no risk, low, medium, or high). The 
importance and applicability of this software comes 
from a potential early warning, which could lead to a 
discovery of cancer in its early stages, when it can 
usually be treated with much higher success, and/or 
to take precautions and provide additional knowledge 
to the patient about any future risks. 

The rest of this paper is organized as follows: 
Section 2 addresses cancer prediction techniques and 
how they are being applied by the CPC. A short 
discussion of Gail algorithm that predicts breast 
cancer is presented in Section 3. Our contributions, 
results and conclusions are given in Sections 4 and 5. 

 
2 Cancer prediction techniques 
  

Cancer prediction is certainly a very complex and 
nondeterministic endeavor. Estimating the probability 
of cancer occurrences in patients requires that many 
factors (both genetic and non-genetic) are evaluated 
and properly weighted according to their significance 
and/or other (context sensitive) contribution factors. 
Some of the approaches in this research include:  

 
2.1 Decision tree 

A decision tree (DT) is a graphical representation 
of sequential decisions and of all of the possible paths 
resulting in predictions or classes into which data 
objects can be classified. Decision trees are 
considered to be a powerful tool for classification and 
prediction.  They are widely used in knowledge 
systems and smart databases [9, 10].  

The CPC uses DTs in order to predict whether a 
gene is normal or abnormal. Here, the decision nodes 
are the predictors and the leaves are the terminal 
predictions or the target. A decision tree structure 
allows us to classify patients into several risk levels. 
For each patient, it can be used to identify the likely 
group membership and to show the relationship 



and/or effects between the identified cancer causing factors. 
 

We have applied DTs to the CPC as shown in 
Figure 1. The predictors shown represent some of the 
identified factors that cause and/or contribute to the 
development of the disease. The branches that come 
out from the predictors represent all the possible 
outcomes. The terminal nodes show the risk group 
determination/membership. 
 

 
 

Figure 1: DT from the CPC [8, 12] 
 

2.2 Network approach for cancer 
prediction 

The idea behind molecular networks is to predict 
the presence of the true gene(s), which are known to 
be causing a specific disease or cancer. It assumes that 
there is a number of genes n that have genetic 
information and each of which is considered to be a 
potential candidate. In there is no genetic information 
available, the all-out human genome can represent the 
candidate list. The linkage after that is performed by 
leading to more than one gene candidate interval, 
where the genes are ranked according to their 
association with an identified specific disease or 
cancer. Such intervals may contain several hundred 
genes which, if defective, may eventually cause 
genetically based cancer or other disease(s). 

Next, the candidate genes and all other related 
factors are mapped to a human gene/protein network. 
Then, each candidate gene is scored by a scheme 
based on other factors and its relative position (genes 
are well-ordered linearly which means homogeneous 
genes are located at the same relative position in their 
respective human gene/protein network). Finally, the 
genes are ranked based on their scores from top 
(highest) to down (lowest), where the top gene is the 
one that is most likely to cause the disease. This score 
is then confirmed by cross-validation (one trend 
among many, assesses the validation of training set in 

a scheme on unknown genes) with a known disease-
genes relationship [13].  

When applying this approach on ovarian cancer 
in the CPC, there will be many candidate genes that 
have genetic information about ovarian cancer and 
other diseases. The candidate genes (BRCA1, 
BRCA2, HNPCC, MLH1, MSH2, and MSH6) with 
all other disease’s factors (e.g., personal, 
reproduction, genetic, hormonic, operation, birth 
control, body, nutrition, and lifestyle factors) are 
mapped. After that, each candidate gene is scored by a 
scheme relying on their relative position in the 
network and on other factors. Then, all candidate 
genes are ranked based on their score. For example, 
for BRCA1 its score is 40%, BRCA2 = 20%, MLH1, 
MSH2, and MSH6 = 12%, and HNPCC = 1.2%. The 
highest score of the candidate genes, i.e., BRCA1, 
will turn out to be the main cause of the ovarian 
cancer.  

 
2.3 Support vector machine  

Another popular technique is the support vector 
machine (SVM). Its goal is to get a hyperplane, which 
isolates the data associated with two different classes, 
and increases the lower margin that connects the 
hyperplane with each individual data class in the 
Euclidean space, even if the data are not breakable. 
The purpose of the increment is to select the most 
powerful hyperplane. If the data are not breakable, 
SVM tries to keep the total error, i.e., the distance 
from the hyperplane to the incorrectly classified 
samples, below a certain user-defined threshold [6]. 

In the CPC a linear separator is applied using 
statistical and standard programming techniques to 
make a determination if a cancer risk exists or not, as 
shown in Figure 2.  

  
 

 
             
        Figure 2: SVM Classifier [12] 
 
 

2.4 Hidden Markov Model 
The hidden Markov model (HMM) uses a 

statistical representation of multiple sequence 
alignments. It assumes that the probability of 
availability of a base at a specific position is based on 
the k previous nucleotides, where k represents the 
order in Markov model.  It can be visualized as a 



finite state machine (FSM) with emitting states. An 
FSM operates via a succession of state transition 
moves, which are defined by the machine’s state 
transition function or relation for the deterministic 
and nondeterministic FSMs, respectively. It then 
presents an output indicating whether the machine has 
approached a certain state or while it is moving from 
one state to another. The HMM model topology is 
stable, which means the transitions and emissions 
probabilities are estimated values [11].  The model is 
expressed statistically by the expression: P(X/k), 
where the X is a given base: A, T, G, or C, and k is 
the location of previous nucleotide   

The HMM has been applied on the CPC for breast 
cancer tumor risk assessment, as shown in Figure 3. 
 

                   
 
            Figure 3: The breast cancer HMM [12] 

 
 

2.5 Bayesian Networks 
The Bayesian networks (BNs) are characterized as 

being members of the probabilistic graphical model 
family. Nodes in the graph represent random 
variables, and the edges represent the probabilistic 
dependencies between random variables. They are 
given as either a conditional probability function or 
via a table.  

A BN consists of a directed acyclic graph (DAG) 
that represents casual relationships between arbitrary 
variables and parameters. Combing both graphical 
structure and conditional probability illustrates the 
full power of a BN probabilistic model.  

BNs are frequently used in bioinformatics for the 
task of integrating various genes prediction systems. 
They allow finding a closest corresponding network 
to the existing training set of independent parameters. 
This process can be obtained based on statistical 
function, called the scoring function, which finds the 
optimal network by evaluating each network with 
consideration to the training set [1, 9, 11]. 

The application of BNs on the CPC, which was 
achieved by combing both graphical structure and 
conditional probabilities, is shown in Figure 4. 

         

 
          
     Figure 4: The BN used with the CPC [12] 
In the DAG shown in Figure 4, genetic mutation 

and age represent the independent variables. When 
applying independent condition formulas on them, we 
get: 

 
P (Genetic mutation and Age) = P (Age) * P (Genetic 
mutation). 

 
Here, P (Age) stands for probability of a woman 
getting cancer at her specific age, and P(Genetic 
mutation) stands for probability of a woman getting 
cancer because of having any gene mutation.  
 

Also, the cancer variable occurs dependently by 
the patient’s medical history, that is, it is derived from 
the independent variables genetic mutation and age. 
Therefore, applying the condition formulas, we get: 
 
P (Cancer | Genetic mutation, Age, Medical history) = 
P (Genetic mutation, Age, Medical history and 
Cancer) / P (Genetic mutation, Age, Medical history). 

 
The probability of cancer can be determined by 

family history or/and the patient’s medical history. In 
contrast, ovarian tumor and breast tumor are 
independent to give cancer (breast or ovarian, 
respectively), as shown by the following formula: 

 
P (Breast tumor | Ovarian tumor) = P (Breast tumor). 
 

 
2.6 Decision rules 

A group of rules that can be extracted either from 
a decision tree or a dataset in order to predict to which 
class a dataset’s record belongs are called decision 
rules (DRs). They usually present all the possible 
predictions and decisions that are applicable in a 
specific situation. The DRs approach is useful in 
many other fields besides disease prediction and 
clinical diagnoses. 

In the clinical field, the DRs used for gene 
prediction are usually called clinical prediction rules 
or clinical decision rules. These rules usually include 
predictors that are variable, extracted from some 
patient history such as disease characteristics, patient 
characteristics, or patients’ physical examinations. 



Furthermore, genetic and non-genetic professionals in 
cancer prediction can apply some these rules in 
predicting cancer in their patients [3]. 

Applying DRs to the CPC results are shown in 
Table 1. The predictors of a disease or cancer are 
those which significantly increase its calculated risk. 
The results from these predictors will give a good 
indication to which class of risk a patient belongs 
(e.g., low, medium, high).  

 
 
 
 

Table1: Prediction Decision Rules from the CPC [8] 

 
 

2.7 Association rules 
Association rule (ARs) is an approach in 

discovering relations among unrelated data in a 
database or data repositories, and detecting patterns of 
relationships among the attributes of the dataset. In 
addition, this approach is very effective in many fields 
such clinical diagnosis, and analyzing the associations 
between rules for disease prediction. 

Association rules can be used to predict cancer by 
making use of the patient’s genetic and non-genetic 
information. Association rules in the process of 
predicting cancer will detect the genetic factors that 
are related to each other [4]. 

An example of applying this approach to the CPC 
is shown below. The factors that are related to each 
other are predictors for the disease. After analyzing 
the relationships between the predictors, determining 
the disease risk will be easily based on the analysis. 
For example, some of the association rules that can be 
extracted from CPC are the below. In each association 
rule, the family history degree is expressed as a 
variable (Family_History) that takes one of four 
values (0: none, 1: first degree, 2: second degree, 3: 
third degree).  
 
(Race = “White”) ∧ (Family_History = ”1”) ∧ 
(Num_Affected_Relatives > 1)  high risk. 
 

(BRCA1_Mutation = “Yes”) ∧ (Family_History = 
”1”)  high risk. 
 
3  Gail model for breast cancer 
prediction  

 
This model has been invented by Dr. Mitchell Gail 

at 1989, senior investigator in the Biostatistics branch 
of NCI’s division of cancer epidemiology and 
genetics [5, 7, 14].The model predicts breast cancer 
risk based on the five predictors used in the Breast 
Cancer Detection Demonstration Project: age, age of 
first period, age at first live birth, breast biopsies, and 
the first degree of family history. The Gail calculator 
is acknowledged as the first computer program tool 
for breast cancer risk assessment from the NCI. 

The model predicts breast cancer for a woman for 
the next five years and for her lifetime. It operates by 
taking into account the relative risks (predictors) of 
breast cancer and the woman’s current age, which is 
considered the most effective relative risk indicator. 
The Gail algorithm has several drawbacks: 

 
• Gail predicts only breast cancer while CPC 

predicts breast and ovarian cancer. 
• Gail model does not take in consideration second 

degree relative (nieces, aunts, grandmothers), and 
third degree relatives (cousins) who had been 
diagnosed with the disease. 

• Gail model does not take into account other risk 
factors that play a role in increasing the risk of 
breast cancer. These include hormone therapy, 
age at menopause, gene mutations, and radiation 
exposure. 

• Gail model may underestimate the woman’s risk 
of breast cancer since it only concentrates on five 
risk factors 

• It does not take into account abnormal genes that 
are considered a significant breast cancer risk 
factor. 

 

4 Contribution and discussion 
 

In this paper, we have discussed recent research 
results addressing cancer prediction and, specifically, 
the roles of bioinformatics and data mining. 
Techniques from these were applied to construct the 
CPC expert system. Its purpose is to predict the 
relative risk of ovarian and breast cancer in women. 
The proposed techniques can be easily generalized to 
build any cancer predictor for women as well as men. 

The risk computed by the CPC is based on factors 
that are known to affect the disease. Some of the 
factors are increasing while others are decreasing the 
risk. Each questionnaire (form) in the CPC addresses 
several of the disease’s factors, where some of them 
are dependent on each other regardless if they are in 



the same form or not. For example, the relative risk of 
a factor is determined after performing arithmetic 
multiplication, summation, and/or subtraction on its 
dependent factors. After the relative risk of each 
factor in a form is determined, we sum them together, 
and do the same for each form. Finally, we add the 
results of all the forms to get the overall predicted 
risk.  

The CPC calculates individual’s overall predicted 
disease lifetime risk, denoted by R, as the 
approximate summation (note that certain events, e.g., 
having children and breast-feeding, are not 
completely independent, thereby necessitating certain 
adjustments) of all of the identified relative risk 
factors, i.e., 

  

                               (1) 

 
where, 
 

i is the form number in the application, 
n is the total number of forms, 
j is the question number in each form,  
m is the number of questions in each form, 
ri

j is the relative risk contributed by the factors  
from the jth question of the ith form. 

 
The issues such as conditional probability and its 
effects on the final calculation of R, as well as the 
instances (e.g., when certain questions had not been 
answered) were addressed properly by the CPC, but 
the details are omitted here for clarity of presentation.  

We had also developed a mathematical formula, 
which was derived from the patients’ records 
database, that computes the contribution of 
breastfeeding duration, a major factor influencing 
(i.e., reducing) the breast cancer risk for women. This 
formula, confirms the well known decrease in the 
predicted risk of breast cancer based on the number of 
months a woman had breastfed after giving birth, and 
her overall number of children [2]. Each group of 
women (associated with the number of breastfeeding 
months) has a specific relative risk, denoted by BM. 
This risk is inversely proportional to the number of 
breastfeeding months. The same applies if a woman 
has given birth to more than one child. The breast 
cancer risk will decrease by 8 percent for each child. 
Hence, the CPC accounts for the breastfeeding 
duration and number of children as follows:  

 
BreastFeeding = BM + (0.08 * No. of Children). 

 
Real datasets including patients’ information such 

as age, family history, etc, have been used to validate 
cancer predictor calculator. For example, WHI 
(Women Health Initiative) [17] databases are often 
used to validate breast cancer predicted risk 

percentage. On the other hand, SEER (Surveillance 
Epidemiology and End Results) [16] databases are 
databases used to validate ovarian cancer predicted 
risk assessment. 

In order to determine which calculator is the most 
accurate in predicting the cancer risks for women; we 
compared our results using several real patients’ 
database’s results. We found that the CPC more 
accurately predicts breast cancer occurrences than its 
two main competitors, the Gail model and the 
Australian Government Calculator (AGC) [15]. Also, 
the CPC’s predicted ovarian cancer results were more 
accurate than those predicted by SEER.  

entered the records of 1,760 patients, all of whom 
eventually got cancer, from the WHI database into the 
two calculators (CPC and Gail). The results, shown in 
Table 2, indicate that the CPC was more accurate.  

 
Table 2:  Comparison between Gail and CPC  

 

 
  

The Australian Government Calculator (AGC) 
doesn’t consider patient’s medical history, which is 
one of the most substantial factors affecting the 
predicted risk. Therefore, in order to make our 
comparison fair, Table 3 shows the predicted results 
for the same patients WHI without the medical history 
information. Consequently, the risk levels predicted 
by the AGC and CPC are very close to each other and 
both clearly outperform the Gail model.  
  
Table 3:  Comparison between Gail, CPC, and AGC 
  

 
 
Together, Tables 2 and 3 show that CPC’s 

predicted results are more accurate than Gail’s and 
Australian’s. The reason behind this is that CPC 
incorporates more cancer related factors in making its 
risk assessment calculations. Based on our usage to 
the three cancer risk assessment tools (CPC, Gail 
calculator, and AGC), it became noticeable that each 
system has its strengths and weaknesses. However, 
these will not be discussed here. 



The CPC integrates additional factors that are not 
considered by the Gail calculator or the AGC. These 
significantly contribute to CPC’s predictive accuracy:  

A. Personal factors: last age of birth, race (it 
includes all ethnicities). 

B. Medical history factors: abortion, cancer 
disease, and Diethylstilbestrol drug usage. 
      C. Lifestyle factors: smoking, exercise, wearing 
bra, and night shift work. 

D. Genetic factors: BRCA genes mutations, 
obesity, and extended family history. 

E. Body factors:  head circumference at birth, 
weight at birth, and height at birth.  

F. Environmental factors: radiation, living 
environment, and working environment.   

  
The CPC does have some disadvantages: it is 

overestimating certain races’ risk ratios, as compared 
to the Gail model and other public breast cancer 
calculators. It is not providing the integration of more 
than one degree of the family history simultaneously, 
as is done by the AGC. Both of these shortcomings 
will be addressed in the future versions of the CPC. 

Moreover, after evaluating the CPC model and 
comparing it with other well-known breast and 
ovarian cancer risk predictors, additional features will 
be incorporated into CPC’s next version: 

1. Ability to draw a patient’s path on the decision 
tree in order to let the patient know the factors that 
most likely caused (or are likely to cause) the disease. 

2.  Integrate the CPC with other systems in order 
to give the user more than one risk ratio estimation. 

3.  Include other cancer types.  
 
 

5 Conclusion 
 

Bioinformatics and data mining today are 
challenging interdisciplinary sciences. Both fields 
have played a major role in improving cancer 
prediction and risk assessment since they do not only 
extend the analysis’s process, but also its depth. In 
fact, their techniques have a promising future for 
improving the efficiency of the health care and in 
predicting cancer prior to its occurrence. The 
proposed CPC prediction model for breast and 
ovarian cancers is fully operational and available to 
the general public. It has been validated by applying 
real databases on it and it outperforms two of the 
more popular cancer risk assessment systems against 
which it was evaluated. 

Applying proven techniques from bioinformatics 
and data mining, the CPC makes several practical   
technological contributions and enhancements, which 
assist with the identification of cancer prediction 
factors. It performs favorably when compared with 
state of the art systems in the area. 

 

6  APPENDIX 
 

    The CPC runs on Window OS. The expert system 
was created by Visual C#2010 Express and SQL 
database to design a graphical user interface and 
connect database tables, which contain the factors that 
lead to both cancers: breast and ovarian.  It is at 

http://www.mediafire.com/?ssbb6l8wwn7twpc 
with detailed step-by-step instructions. After guiding 
the user through the introductory window, the CPC 
Menu will prompt for a choice between the breast and 
the ovarian cancer risk assessment, as shown below. 

 

                 
 
    The user will asked to answer a number of 
questions in consecutive windows. In the questions’ 
window, she can know her predicted risk by clicking 
the “Risk Probability” button. 
 

 

 
      

    The final window includes the user’s the predicted 
risk percentage and the class of risk to which she 
belongs.  
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