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Abstract:  
In this paper, we present a new method to rough set attributes priority arrangement of cancellations in the life insurance, the number of canceled 
documents on the rise plus they oscillatory also in rates of cancellations in constant fluctuation which requires searching in the problem of cancellations 
of these documents where, these cancellations affect negatively the results of the Egyptian life insurance operations of insurance companies. This paper 
also aims to identify the most important variables that affect the rates of cancellations and so as to reach solutions that lead to reducing the number of 
cancelled documents by using the Rough Model. The research also aims to use the Rough model to identify the determinants of cancellations in the life 
insurance of the Egyptian insurance market, so as to reach solutions that lead to reducing the number of cancelled policies and find solutions to them. Our 
findings proved that the most important factors that affect the document cancellation in the Egyptian life insurance policies are; policy premiums, 
insurance period and age of policyholders respectively.  
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Introduction 

        The theory of rough set has been successfully applied to 

diverse areas, such as pattern recognition, artificially intelligent, 

machine learning, knowledge acquisition, economy forecast, and 

data mining [3, 5, 18-19]. Pawlak [15-17] rough set model is 

constructed based on equivalence relations. These relations are 

studied by many investigators to be used in the complex 

decision tasks. In multiple criteria decision-making problems, 

there are preference structures between conditions and decisions 

[1, 6]. A reduct should be able to preserve the original 

classification power provided by the whole attribute set [2, 12]. 

This power may be interpreted by syntax properties and 

semantics properties for both positive and boundary rule sets. 

Instead, we need to consider multiple properties and multiple 

measures for evaluation. This paper addresses different criteria, 

such as confidence, coverage, generality, cost, and decision- 

criteria based on the decision-theoretic rough set models [8, 12, 

22]. 

 The classical rough set methods cannot detect the inconsistency 

related to the preference, such as the price, fuel amount, speed, 

etc., and these attributes involve preference information but they 

are not considered in the rough set [11, 13]. If we replace the 

indiscernibility relation with the dominance relation to 

restructure the rough set models, we can extend rough set 

models as methods to solve problems met to analyze preference 

with multiple attributes, and these hybrid models have not only 

the best quality of classical rough set models, but also the ability 

to deal with the possible inconsistency that exists in analyzing 

preference with multiple values as well as making decisions 

associated with typical cases, so that we can create rules that are 

more easily understood by users with the usage of hybrid 

models like this. Besides, rules based on the dominance relation 

are much more suitable than those based on the indiscernibility 

relation when they are used to classify new objects [20]. 

Because we may often meet preference information when 

handling with economic, managing, or financial decision-

making problems, the hybrid of rough sets and dominance 

relation can enlarge the usage of rough set models in economic, 

management, or financial fields. Greco and other [4] scholars 

have put forward rough set model and its extended models based 

on dominance relation by replacing the indiscernibility relation 

with the dominance relation, and these models can do well with 

the possible inconsistency that exists in analyzing preference 

with multiple attributes as well as making decisions related to 

typical cases. 

   The granulation structures [14, 21] used by both rough set 

theory and neighbourhood systems, and the corresponding 

approximation structures, are studied.’ 

Life insurance is characterized by its long period ranging from 

15 to 30 years in individual documents, and from one year to  45 

years in the collective insurance. Premiums paid in the early 
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years would be technically more than what should be paid 

despite the fact that the insured persons have paid equal 

premiums for the duration of insurance. These extra and 

accumulated sums are collected to be what is called the 

accounting reserve which is invested by the best means. The 

surplus or deficit amount in the formation of this reserve in life 

insurance is influenced by numerous technical elements related 

to compensation due for the deaths, rates of investment and 

productivity and administrative expenses of return and profits to 

be distributed to policyholders. It is possible after the cessation 

of the insured to pay premiums to cancel, modify, determine ,  

reduce the amount or re- effect the recoverable amount of the 

document to secure a discount after the cancellation or waived , 

or even by borrowing , contrary to what is the case in the 

documents of property insurance and responsibility . 

In most countries of the world, the law requires entitlement 

policyholder to obtain liquidation value often after paying a 

minimum premium of about three annual premiums. In the case 

of paying fewer or stopping to pay the premiums, the contract 

expires and becomes premiums paid go to the company issuing 

the insurance contract. 

Studying Articles 760 and 762 of the Civil Law reveals that the 

Egyptian legislator did not give the insured any rights to the 

liquidation or reduction if the document if its three annual 

premiums are not paid. If the insured stops paying premiums 

during the first three years of life document for any reason, the 

document is cancelled after his warning and demanding 

repayment premiums due, and he does not have the right of 

returning to the company. 

The problem of the research points out that the phenomenon of 

cancellations is one of the negative factors that limit the 

effectiveness of the insurance companies because it stops 

premiums flows which affects the potential contribution to 

invest and build up reserves. On the other hand, this 

phenomenon has a further negative impact on the holders of 

documents in general and the public insured in particular. 

Moreover, insurance companies should pay more attention to the 

phenomenon of cancellations and find appropriate solutions, 

particularly in developing countries, due to the increasing 

number abolition to the degree that it has become concrete for 

the number of the new production. 

The contract is cancelled by the two parties. The insured can 

cancel the document on request. The insurer, however, can 

cancel only under certain conditions and must give the insured 

advanced written notice. In either case, the insured is entitled to 

a refund of the unearned premium on a pro-rated basis. The right 

of the insurer to cancel is limited by the provisions of the 

cancellation clause and may be done only under specified 

circumstances. Cancellation is the process of terminating 

coverage prior to the normal expiration date. 

The following Table .1 shows the number of existing 

documents, insurance amounts, the number of canceled 

documents in addition to the cancellation of Misr life insurance 

in the Egyptian insurance market rate. 

Table .1 Egypt company data for life insurance in the period ( 2007/ 2008 2014/2015 ) 

the year 

 

Number of 

applicable 

policies 

Amounts of 

insurance 

The number of 

canceled 

policies 

Cancellation 

rate % 

2007/2008  618494 12580567 31914 5.16 

2008/2009  633484 14439741 24452 3.86 

2009/2010  668497 16964965 22661 3.33 

2010/2011  708707 19753633 30333 4.28 

2011/2012  708707 21662418 21970 3.10 

2012/2013  727894 23972591 21182 2.91 

2013/2014  727894 27103785 21618 2.97 

2014/2015  840738 30359745 31864 3.79 
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Fig. 1 shows the number of canceled documents in the period ( 2007/ 2008 2014/2015 ) 

Given the above Fig. 1, we find that the number of canceled 

documents is rising up and oscillatory. Also, in Table (1), the 

rates of cancellations in constant fluctuation which requires 

searching the problem of cancellations of these documents , and 

identify the most important variables that affect the rates of 

cancellations and so as to reach solutions that lead to the 

reduction of the number of canceled documents and find 

solutions to them through the use of  Rough  model . 

The research also aims to use the Rough model to identify the 

determinants of cancellations in the life insurance of the 

Egyptian insurance market, so as to reach solutions that lead to 

the reduction of the number of canceled policies and find 

solutions to them. 

This research derives its significance from being an attempt to 

figure out the size of cancellations in the life insurance policies 

issued by Misr Life Insurance.  

2. Preliminaries 

2.1 Rough set theory [15] is a kind of mathematical method 

driven by practical needs to deal with vagueness and 

uncertainty. The main idea of the rough set theory is based on 

the indiscernibility relation that every object is associated with a 

certain amount of information and the object can only be 

expressed by means of some obtained information. Therefore, 

objects with the same or similar information can be indiscernible 

with respect to the available information. The indiscernible 

blocks formed by indiscernible objects of the universe are called 

the element sets or the knowledge granularity. Based on the 

knowledge used in approximation, the universe is divided into 

some element sets of the indiscernible objects that are based on 

conditional attribute sets, and the element sets are regarded as 

approximate “knowledge granularity”; the knowledge used in 

approximation would divide the universe into the decision-

making class derived from the decision attribute sets, on this 

basis, and one kind of knowledge can be used to approximate 

the other. When approximation is inaccurate, roughness would 

appear. 

2.2 Information Systems and Classification [8] 

      The starting point of the rough set is a data set, which is 

usually organized into a table, and it is called information 

systems or databases. The basic operators in rough set theory are 

lower and upper approximations, and they are used to define the 

total dependence and the part dependence of the property in the 

databases. Data reduct is a very important concept in rough set 

theory. 

2.3 Information Systems and Indiscernibility Relation [10] 

       Knowledge representation is realized by information 

systems in the rough set model, and the form of information 

systems is the two-dimensional table showing the relationship 

between objects and values of an attribute, which is similar to 

the relational database. When classification is conducted 

according to the characteristics of the object, each attribute 

value is associated with one group of the value set, and when a 

value of each attribute is selected, a description of an object is 

given. 
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Definition 2. 3.1[11] Suppose that S = (U, A, V, f ) is an 

information system, and also can be called the knowledge 

representation system, where U = {U1, U2,…, Un} is a finite 

nonempty set, and named universe object space; A = {a1, a2,…, 

an} is the finite nonempty set of attributes. V = ∪Va, where a ∈A, 

Va is the domain of the attribute a; and f: U × A →V is an 

information function, for ∀a ∈ A, ∀x ∈U, and  f(x, a) ∈ Va, it 

appoints the attribute value of each object in U. 

Definition 2. 3.2[18] Suppose ∀a ∈ A, ∀x ∈U, and f(x, a) ∈Va; 

to every subset ϕ ≠ P ⊆ A, its indiscernibility relation I in U is 

defined as 

I = {(x, y) ∈U × U : f (x,q) = f ( y,q), q ∈P}, If (x, y) ∈ I, then x 

and y are indiscernible. Obviously, such definition of the 

indiscernibility relation is an equivalence relation, that is to say, 

the indiscernibility relation is characterized by reflexivity, 

symmetry, and transitivity. The equivalence class containing the 

object x is marked as I(x). The equivalence class of 

indiscernibility relation is called as the element set or the atom 

in S, while the empty set is also the element of approximation 

space S. Equivalence class corresponds to the expressions of 

knowledge granularities, which is the basis of the main concepts 

in rough set, such as approximation, dependence, reduct, and so 

on. 

2.4 Rough set and Approximations of Set[15] 

      The definition of set in the rough set theory is related with 

the available information (knowledge) and the understanding of 

the relevant universe elements. In other words, we can see 

universe elements with the available information of the universe 

elements. Therefore, two elements described by the same 

information are indiscernible. 

The rough set method is to make a more identifiable data model 

based on the assumption of reducing the accuracy of data 

representation. The core assumption of “rough set” is that the 

knowledge is embodied in the ability of classification. That is to 

say, the rough set method is regarded as a standardized 

framework to find facts from incomplete data, whose result is 

expressed by the classification models or rules obtained from 

example sets. 

Rough set theory embeds the knowledge to be classified into a 

set and makes it a part of the set. According to existing 

knowledge, there are three different situations as to whether an 

object x ∈ U belongs to the set X ⊆ U, and they are as follows: 

(1) Object x absolutely belongs to X;  

(2) Object x absolutely does not belong to X;  

(3) Object x may belong to X and may not belong to X.  

On the basis of the above analysis, we put forward the two most 

important concepts in rough set theory: lower approximation 

and upper approximation. 

Definition 2.4.1[17] Given a knowledge representation system S 

= (U, A, V, f ), P ⊆ A, X ⊆ U, x ∈ U, the lower approximation, 

upper approximation, negative region, and boundary of set X 

regarding I, respectively, are 

R*(X) = ∪ {x ∈ U: I(x)⊆ X}, R*(X) = ∪ { x ∈ U: I(x)∩ X ≠ ∅}, 

neg(X ) = ∪ { x ∈ U: I(x)∩ X = ∅}, and BN(X) = R*(X) – R*(X), 

will be referred to the B-boundary region of X. If the boundary 

region of X is the empty set, i.e., BN(X) = ∅, then the set X is 

crisp with respect to BNB(X); in the opposite case, i.e., if 

BN(X) ≠ ∅, the set X is rough with respect to BN(X).  

The lower approximation of set X is actually the largest union of 

all the objects that surely belong to X, and is also called the 

positive region of X denoted as pos(X ); the negative region of X 

denoted as neg(X ) is the set that is combined with all the objects 

that definitely do not belong to X, thus neg (X) = U - R*(X); the 

upper approximation denoted as R*(X) of X is consists of all 

nonempty sets of equivalence classes that intersect with X, that 

is to say, it is the smallest set that consists of the objects that 

may belong to X, apparently, 

U = R*(X)  neg(X ), while the boundary of X as, BN(X)is the 

difference between the upper approximation and lower 

approximation of the set X. The boundary region cannot be 

judged, for example, in terms of the attribute set P; there is no 

object in boundary region that can be classified into X or −X. If 

the BN(X) is an empty set, then the set X is an exact set with 

respect to I; otherwise, if the BN(X) is not an empty set, then the 

set X is rough set with respect to I. 
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3. Reduction and Core [8] 

      Every concept in the knowledge base can be only expressed 

in terms of basic categories. On the other hand, every basic 

category is built up of some elementary categories. The concepts 

of core and reduce are two fundamental concepts of the rough 

sets theory in the case of attributes and knowledge. The core is 

the common part of all reduces. The set of all indispensable 

attributes is called core. Logical rules derived from experimental 

data may be used to support new reduction. We often face a 

question whether we can remove some data from a data table 

preserving its basic properties, that is, whether a table contains 

some superfluous data. The proposed algorithm introduces 

indeterminacy by removing conditional attributes in a controlled 

manner. The selection of attributes to be removed is made from 

the factors in the discernibility function, thereby removing 

information needed to discern classes in the original information 

system.

 

4. Basic concepts 

Definition 4.1 [2] If (U, A, V, f) is an information system 

defines an information function f: U →V, where A is the set of 

attributes, V is the domain of the particular attributes in which 

the values V are real numbers. We define a relation
iaR  for each 

attribute, as follows: 
iax R y iff : ( ) ( )i ia x a y ε− ≤ , where 

ε  is determined by an expert in the field. For example, if the 

information is from the medical field, the expert is a person 

interested in medicine and making in the problem. Thus for each 

ia A∈ , and O is a finite set,   we can get a classification 
ai

O
R  

which is { : }
iaxR x O∈ , { : ( ) ( )

ia i ixR y a x a y ε= − ≤ .  

Definition  4.2 [16] Let R be a family of equivalence relation 

and let A∈R. Then we will say that A is dispensable in R if IND 

(R) = IND(R-{A}), (Reduce). But it was remarked IND (R) ≠ 

IND(R-{A}), then we will say that A is indispensable in R 

(Core). 

5. Information Data 

5.1. Data 

    In this article, we introduce a new reduction on the 

information technology and how areas of application of 

topology in the modern theory of rough set using information 

and data on an issue. We start the application with an 

appropriate information system by translating the values of the 

attributes {A1, A2, …, A8} into qualitative terms. The data in 

question concern cancellation of insurance data, where 331 

insurance data. The AAs are described in terms of eight 

attributes: A1 = Amount insured, A2 = premiums, A3 = Age, A4 = 

Occupation, A5 = Address, A6 = Method, A7 = The period of 

insurance, and  A8 = The number of times the payment of the 

premium. The application can be described as follows; S = {x1, 

x2, …, x331} denotes 8 listed attributes {A1, A2, …, A8} into 

qualitative terms, as given in Table 2. 

Table.2 Information system 

Name of attribute 

Levels 

Variable type 

 

Levels Codes related to 

their levels 

Amount insured=A1 

 

Continuous Range 5000 to 30000  

Premiums=A2 

 

Continuous Range 20 to 359  

Age=A3 Continuous Range 12 to 45  
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Occupation=A4 

 

Ordinal Worker 

Student 

Academic 

Employee 

Housewife 

1 

2 

3 

4 

5 

Address=A5 

 

Descriptive Algharbiuh 

Albuhayra 

Kafr El Sheikh 

Alddaqahli 

alqilyubia 

1 

2 

3 

4 

5 

Method=A6 

 

Ordinal Annual 

midterm 

Third of annual 

Quarterly 

Monthly 

 

1 

2 

3 

4 

5 

The period of 

insurance  = A7 

 

Discrete range 5 to 30  

A8=The number of 

times the payment of 

the premium 

Discrete range 1 to 16  

 

   

The coded information system is given by converting each 

attribute value to a value from 0 to 1 as follows: Vnew = (Vold - 

Vmin) / (Vmax – Vmin), where Vmax and Vmin  are the maximum 

and minimum value for each attribute and by dividing the  

interval [0 , 1] into 5 parts as follows [0 , 0.20] =1, (0.20 , 0.40] 

=2 …, (0.80 , 1]= 5. The previous decision table contains 

attributes A1, A2, …, A8 describes the belongingness of 331- 

objects. 

5.2 Applying Rough sets for data 

    Based on the data presented, we can apply the stages of rough 

sets for acquiring knowledge about insurance data  

(this knowledge presented in logical decision rules which  

declare the general description for the knowledge contained in 

the data), hence finding the minimal number of variables 

necessary for predicting the value of data. 

After coding, if the eight attributes A1, A2, …, A8 are taken into 

account, 313- elementary sets can be constructed. Table 3 gives 

the number of elementary sets after leaving out one of the 

attributes. For instance, if only A1 is removed 268- elementary 

sets are distinguished, if A2 is removed 293- elementary sets, if 

we remove attribute A1, A2, …, A8, the number of elementary 

sets becomes smaller, whereas attributes A1, A2, …, A8 are 

indispensable, as follows in Table 3. 
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Table 3. Removing Attributes 

 

According A1 is a decision, we get the result as shown in Table 4: 

 

Table.4 According A1 is a decision 

Code Class Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 5000-10000 134 107 151 107 44 117 71% 

d=2 10000-15000 114 85 151 85 66 117 56% 

d=3 15000-20000 29 19 46 19 27 222 41% 

d=4 20000-25000 26 21 46 21 25 222 45% 

d=5 25000-30000 10 8 15 8 7 253 53% 

 Summation 313       
 

   

We found that all classes of the data as shown in table 4, when 

A1 is a decision. The A1-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough sets analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A1 

     For A1 (Set of objects which have the same decision (d1 = 

1))  

Lower approximation is = 107, Upper approximation is 

= 151, Positive region is  = = 107,  

Boundary region is = - = 44,  

Negative region is = 268 - 151 = 

117, 

Accuracy of approximation  =  /  = 

107/151 =71%.   

For A1 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 85, Upper approximation is 

= 151, Positive region is  = = 85, 

Boundary region is = - = 66,  

Negative region is = 268 - 151 = 

117  

Accuracy of approximation  =  /  = 

85/151 =56%.   

For A1 (Set of objects which have the same decision ( d = 3))   

Lower approximation is = 19, Upper approximation is 

= 46, Positive region is  = = 19, 

Boundary region is = - = 27,  

Negative region is = 268 - 46 = 

222,  

Accuracy of approximation  =  /  = 

19/46 =41%.   

For A1 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 21, Upper approximation is 

= 46, Positive region is  = = 21, 

Boundary region is = - = 25,  

Negative region is = 268 - 46 = 

222,  

 Removing Attributes    

 

Number of elementary sets 
None A1 A2 A3 A4 A5 A6 A7 A8 

 313 268 293 265 263 267 279 278 271 
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Accuracy of approximation  =  /  = 

21/46 =45%.   

For A1 (Set of objects which have the same decision ( d = 5))   

Lower approximation is = 8, Upper approximation is 

= 15, Positive region is  = = 8,  

Boundary region is = - = 7,  

Negative region is = 268 - 15 = 

253,  

 

Accuracy of approximation  =  /  = 

8/15 =53%.   

According to Table 4, we found that most of the individuals who 

canceled their life insurance policies are the few amounts of 

insurance policies (their values ranged from 5000 to 10000 

Egyptian pounds) for sample size equal 134 policy holders at 

71% accuracy degree, while the life insurance policies that 

ranged from 10000 to 15000 come secondly with 58%accuracy 

degree for 114 policy holders as a research sample. 

According A2 is a decision; we get the result as shown in Table 5: 

 Table. 5 According A2 is a decision 

Code Class Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 20-50 99 205 240 205 53 53 85% 

d=2 50-100 152 48 73 48 25 220 65% 

d=3 100-200 47 11 15 11 4 278 73% 

d=4 200-250 5 9 11 9 2 282 81% 

d=5 250-260 10 5 9 5 4 284 56% 

 Summation 313       
 

We found that all classes of the data as shown in table 5, when 

A2 is a decision. The A2-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A2 

    For A2 (Set of objects which have the same decision (d1 = 

1))  

Lower approximation is = 205, Upper approximation is 

= 240, Positive region is  = = 205, 

Boundary region is = - = 35,  

Negative region is = 293 - 240 = 

53,  

Accuracy of approximation  =  /  = 

205/240 =85%.   

For A2 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 48, Upper approximation is 

= 73, Positive region is  = = 48, 

Boundary region is = - = 25,  

Negative region is = 293 - 73 = 

220,  

Accuracy of approximation  =  /  = 

48/73 =65%.   

For A2 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 11, Upper approximation is 

= 15, Positive region is  = = 11, 

Boundary region is = - = 4,  

Negative region is = 293 - 15= 

278,  

Accuracy of approximation  =  /  = 

11/15 =73%.   

For A2 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 9, Upper approximation is 

= 11, Positive region is  = = 9, 
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Boundary region is = - = 2,  

Negative region is = 293 - 11 = 

282,  

Accuracy of approximation  =  /  = 

9/11 =81%.   

For A2 (Set of objects which have the same decision (d = 5))   

Lower approximation is = 5, Upper approximation is 

= 9, Positive region is  = = 5, 

Boundary region is = - = 4,  

Negative region is = 293 - 9 = 

284,  

Accuracy of approximation  =  /  = 

5/9 =56%.  

Based on table 5, we found that most of the individuals who 

canceled their life insurance policies are the policies with small 

premiums (the premiums are ranged from 20 to 50 Egyptian 

pounds) for 99 policy holders as sample size at accuracy degree 

85%, while the next category are the policyholders who 

canceled their life insurance policies (their premiums are ranged 

from 200 to 250 Egyptian pounds) with 81%accuracy degree for 

5 policy holders as a research sample. 

According A3 is a decision, we get the result as shown in Table 6:  

Table.6 Decision of attribute A3 

Code Class Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 12-20 19 12 14 12 2 251 85% 

d=2 20-25 56 63 114 63 51 151 55% 

d=3 25-35 130 66 97 66 31 168 68% 

d=4 35-40 87 76 127 76 51 138 60% 

d=5 40-45 21 21 57 21 36 208 37% 

 Summation 313       

 

We found that all classes of the data as shown in table 5, when 

A3 is a decision. The A3-decision is divided 5-classes as 

follows, d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A3 

For A3 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 12, Upper approximation is 

= 14, Positive region is  = = 12, 

Boundary region is = - = 2,  

Negative region is = 265 - 14 = 

251,  

Accuracy of approximation  =  /  = 

12/14 =85%.   

For A3 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 63, Upper approximation is 

= 114, Positive region is  = = 63, 

Boundary region is = - = 51,  

Negative region is = 265- 114= 

151,  

Accuracy of approximation  =  /  = 

63/114 =55%.   

For A3 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 66, Upper approximation is 

= 97, Positive region is  = = 66, 

Boundary region is = - = 31,  

Negative region is = 265 - 97= 

168,  

Accuracy of approximation  =  /  = 

66/97 =68%.   
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For A3 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 76, Upper approximation is 

= 127, Positive region is  = = 76, 

Boundary region is = - = 51,  

Negative region is = 265 - 127 = 

138,  

Accuracy of approximation  =  /  = 

76/127 =60%.   

For A3 (Set of objects which have the same decision ( d = 5))   

Lower approximation is = 21, Upper approximation is 

= 57,  

Positive region is  = = 21, 

Boundary region is = - = 36,  

Negative region is = 265 - 57 = 

208,  

Accuracy of approximation  =  /  = 

21/57 =37%.   

Table 6 showed that most of the individuals who canceled their 

life insurance policies are from the small ages (their ages are 

ranged from 12 to 20 years) with 85% accuracy degree, while 

the next category is youth from 25 to 35 years with accuracy 

degree 86%. 

According A4 is a decision, we get the result as shown in Table 7:  

Table.7 Decision of attribute A4 

Code Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 19 12 34 12 22 229 35% 

d=2 146 113 177 113 64 86 63% 

d=3 35 27 48 27 21 215 56% 

d=4 68 50 106 50 56 157 47% 

d=5 45 33 67 33 34 196 49% 

Summation 313       

 

We found that all classes of the data as shown in table 7, when 

A4 is a decision. The A4-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation, Positive, Boundary and 

Negative regions  for the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A4 

For A4 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 12, Upper approximation is 

= 34, Positive region is  = = 12, 

Boundary region is = - = 22,  

Negative region is = 263 - 34 = 

229,  

Accuracy of approximation  =  /  = 

12/34 =35%.   

For A4 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 113, Upper approximation is 

= 177, Positive region is  = = 113, 

Boundary region is = - = 64,  

Negative region is = 263 - 177= 

86,  

Accuracy of approximation  =  /  = 

113/177 =63%.   

For A4 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 27, Upper approximation is 

= 48, Positive region is  = = 27, 

Boundary region is = - = 21,  

Negative region is = 263 - 48= 

215,  

Accuracy of approximation  =  /  = 

27/48 =56%.   
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For A4 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 50, Upper approximation is 

= 106, Positive region is  = = 50, 

Boundary region is = - = 56,  

Negative region is = 263 - 106 = 

157,  

Accuracy of approximation  =  /  = 

50/106 =47%.   

For A4 (Set of objects which have the same decision (d = 5))   

 

 

Lower approximation is = 33, Upper approximation is 

= 67, Positive region is  = = 33, 

Boundary region is = - = 34,  

Negative region is = 263 - 67 = 

196,  

Accuracy of approximation  =  /  = 

33/67 =49%.  

Table 7, illustrated that students come first as the most category 

canceled their life insurance policies with 63% accuracy degree 

for 146 students as a research sample, while the next category is 

the academic staff category 56% as accuracy degree. 

 According A5 is a decision, we get the result as shown in Table 8:  

Table.8 Decision of attribute A5 

Code Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 115 86 146 86 60 121 59% 

d=2 23 14 34 14 20 233 41% 

d=3 35 27 49 27 22 218 55% 

d=4 101 74 138 74 64 129 53% 

d=5 39 34 53 34 19 214 64% 

Summation 313       

 

We found that all classes of the data as shown in table 8, when 

A5 is a decision. The A5-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A5 

For A5 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 86, Upper approximation is 

= 146, Positive region is  = = 86,  

Boundary region is = - = 60,  

Negative region is = 267 - 146 = 

121,  

Accuracy of approximation  =  /  = 

86/146 =59%.   

For A5 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 14, Upper approximation is 

= 34, Positive region is  = = 14, 

Boundary region is = - = 20,  

Negative region is = 267- 34= 

233,  

Accuracy of approximation  =  /  = 

14/34 =41%.   

For A5 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 27, Upper approximation is 

= 49, Positive region is  = = 27, 

Boundary region is = - = 22,  

Negative region is = 267 - 49= 

218,  

Accuracy of approximation  =  /  = 

27/49 =55%.   
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For A5 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 74, Upper approximation is 

= 138, Positive region is  = = 74, 

Boundary region is = - = 64,  

Negative region is = 267 - 138 = 

129,  

Accuracy of approximation  =  /  = 

74/138 =53%.   

For A5 (Set of objects which have the same decision (d = 5))   

 

 

Lower approximation is = 34, Upper approximation is 

= 53, Positive region is  = = 34, 

Boundary region is = - = 19,  

Negative region is = 267 - 53 = 

214,  

Accuracy of approximation  =  /  = 

34/55 =64%.  

 Table 8, demonstrated that Alqilyubia is the greatest 

governorates in life insurance policies cancelation with 64% 

accuracy degree, whereas Algharbiuh governorate comes next 

with 59% accuracy degree. 

According A6 is a decision, we get the result as shown in Table 9:  

Table.9 Decision of attribute A6 

Code Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 8 5 13 5 8 266 38% 

d=2 13 9 23 9 14 256 39% 

d=3 2 1 3 1 2 276 33% 

d=4 76 64 99 64 35 180 65% 

d=5 214 186 239 186 53 40 78% 

Summation 313       

 

We found that all classes of the data as shown in table 9, when 

A6 is a decision. The A6-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A6 

For A6 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 5, Upper approximation is 

= 13, Positive region is  = = 5,  

Boundary region is = - = 8,  

Negative region is = 279 - 13 = 

266,  

Accuracy of approximation  =  /  = 

5/13 =38%.   

For A6 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 9, Upper approximation is 

= 23, Positive region is  = = 9,  

Boundary region is = - = 14,  

Negative region is = 279 - 23= 

256,  

Accuracy of approximation  =  /  = 

9/23 =39%.   

For A6 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 1, Upper approximation is 

= 3, Positive region is  = = 1,  

Boundary region is = - = 2,  

Negative region is = 279  - 3= 

276,  

Accuracy of approximation  =  /  = 

1/3 =33%.   
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For A6 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 64, Upper approximation is 

= 99, Positive region is  = = 64,  

Boundary region is = - = 35,  

Negative region is = 279 - 99 = 

180,  

Accuracy of approximation  =  /  = 

64/99 =65%.   

For A6 (Set of objects which have the same decision (d = 5))   

Lower approximation is = 186, Upper approximation is 

= 239, Positive region is  = = 186,  

Boundary region is = - = 53,  

Negative region is = 279 - 239 = 

40,  

Accuracy of approximation  =  /  = 

186/239 =78%.  

 Our results approved that the majority of policyholders who 

cancel their life insurance pay their premiums monthly with 

78% accuracy degree for 214 as a sample for this research, 

while the policyholders who pay their premiums quarterly come 

next with 65% accuracy degree for sample equal 76 policy 

holders as shown in Table 9.  

According A7 is a decision, we get the result as shown in Table 10:  

Table.10 Decision of attribute A7 

Code Class Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 5-10 6 6 8 6 2 270 75% 

d=2 10-15 60 57 69 57 12 209 82% 

d=3 15-20 72 61 98 61 37 180 62% 

d=4 20-25 160 131 177 131 46 101 74% 

d=5 25-30 15 13 24 13 11 254 54% 

 Summation 313       

 

We found that all classes of the data as shown in table 10, when 

A7 is a decision. The A7-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A7 

For A7 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 6, Upper approximation is 

= 8, Positive region is  = = 6,  

Boundary region is = - = 2,  

Negative region is = 278 - 8 = 

270,  

Accuracy of approximation  =  /  = 

6/8 =75%.   

For A7 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 57, Upper approximation is 

= 69, Positive region is  = = 57,  

Boundary region is = - = 12,  

Negative region is = 278 - 69= 

209,  

Accuracy of approximation  =  /  = 

57/69 =82%.   

For A7 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 61, Upper approximation is 

= 98, Positive region is  = = 61,  

Boundary region is = - = 37,  

Negative region is = 278 - 98= 

180,  

Accuracy of approximation  =  /  = 

61/98 =62%.   

For A7 (Set of objects which have the same decision (d = 4))   
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Lower approximation is = 131, Upper approximation is 

= 177, Positive region is  = = 131,  

Boundary region is = - = 46,  

Negative region is = 278 - 177 = 

101,  

Accuracy of approximation  =  /  = 

131/177 =74%.   

For A7 (Set of objects which have the same decision (d = 5))   

Lower approximation is = 13, Upper approximation is 

= 24, Positive region is  = = 13,  

Boundary region is = - = 11,  

Negative region is = 278 - 24 = 

254,  

Accuracy of approximation  =  /  = 

13/24 =54%.   

According A8 is a decision, we get the result as shown in Table 

11:  

Our findings revealed that the highest category of individuals 

who canceled their life insurance policies are those hold 

insurance policies with 5 to 10 years old with 75% accuracy 

degree for sample equal 6 policy holders, while the policies with 

duration ranged from 20 to 25 years come secondly in 

arrangement with74% accuracy degree for sample equal 160. 

Moreover, the policies with duration ranged from 10 to 15years 

come thirdly in the arrangement with74% accuracy degree for 

sample equal 60 as shown in Table 10. 

According A8 is a decision, we get the result as shown in Table 11:  

Table.11 Decision of attribute A8 

Code Class Frequency Lower 

approximations 

Upper 

approximations 

Positive 

regions 

Boundary 

regions 

Negative 

regions 

Accuracy of 

approximation 

d=1 1-3 178 156 214 156 58 57 73% 

d=2 4-6 60 40 82 40 42 189 49% 

d=3 7-9 24 18 33 18 15 238 54% 

d=4 10-12 29 19 40 19 21 231 47% 

d=5 13-16 22 14 35 14 21 236 40% 

 Summation 313       

 

We found that all classes of the data as shown in table 11, when 

A8 is a decision. The A8-decision is divided 5-classes as follows, 

d1=1, d2=2, d3=3, d4=4 and d5=5. 

   The next step of the rough set analysis is to find Lower 

approximation, Upper approximation,  Positive,  Boundary  and  

Negative regions  for  the  partition  induced  by indiscernibility 

relation IND(D)    

Discussion- A8 

For A8 (Set of objects which have the same decision (d1 = 1))  

Lower approximation is = 156, Upper approximation is 

= 214, Positive region is  = = 156,  

Boundary region is = - = 58,  

Negative region is = 271 - 214= 

57,  

Accuracy of approximation  =  /  = 

156/214 =73%.   

For A8 (Set of objects which have the same decision (d = 2))   

Lower approximation is = 40, Upper approximation is 

= 82, Positive region is  = = 40,  

Boundary region is = - = 42,  

Negative region is = 271 - 82= 

189,  

Accuracy of approximation  =  /  = 

40/82 =49%.   

For A8 (Set of objects which have the same decision (d = 3))   

Lower approximation is = 18, Upper approximation is 

= 33, Positive region is  = = 18,  

Boundary region is = - = 15,  
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Negative region is = 271 - 33= 

238,  

Accuracy of approximation  =  /  = 

18/33=54%.   

For A8 (Set of objects which have the same decision (d = 4))   

Lower approximation is = 19, Upper approximation is 

= 40, Positive region is  = = 19,  

Boundary region is = - = 21,  

Negative region is = 271 - 40 = 

231,  

Accuracy of approximation  =  /  = 

19/40 =47%.   

For A8 (Set of objects which have the same decision (d = 5))   

Lower approximation is = 14, Upper approximation is 

= 35, Positive region is  = = 14,  

Boundary region is = - = 21,  

Negative region is = 271 - 35= 

236,  

Accuracy of approximation  =  /  = 

14/35 =40%.  

In Table 11, our results showed that policyholders who pay 

three premiums or less represent the highest class of life 

insurance policies cancellation with 73% accurate degree for 

178 as a sample size, wherase the policyholders who paid from 

seven to nine premiums come next with 54% accurate degree for 

24 life insurance policyholders. 

Final Discussion 

 
Fig (2) Final decision 

It is clear from figure 2 that the attributes A1, A2, A3, and A8, 

and when the decision is equal to one (d1=1) is given the value 

of super these attributes, while attributes A4,  A7 and when the 

decision is equal to two (d2=2), we find that it gives great value 

to these attributes, As well as the attributes A5, A6 and when the 

decision is equal to five (d5=5), it result in great value for these 

attributes. 

We studied the great values of the attributes because they are 

expressing people intention to cancel their insurance, and  

therefore we were able to determine which attributes are more 

associated with the cancellation behaviour. 

6. Conclusion 

    Based on the analysis of the above tables, the accuracies of 

the information system determined the best attributes to be used 

from insurance data. This work is a new way to use the rough 

set where we got the best attributes from the insurance data as it 

is reflected in the final table (12) as follows.  
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Table. 12 Final decisions 

 d1=1 d2=2 d3=3 d4=4 d5=5 Average decision 

 71% 56% 41% 45% 53% 52% 

 85% 65% 73% 81% 55% 71% 

 85% 55% 68% 60% 37% 59% 

 35% 63% 56% 47% 49% 49% 

 59% 41% 55% 53% 64% 54% 

 38% 39% 33% 65% 78% 48% 

 75% 82% 62% 74% 54% 69% 

 73% 49% 54% 47% 40% 52% 

 

 
Fig.3 Average decision 

   It is obvious from Fig (3) that, more attributes to cancel insurance are A2, A7, A3, respectively, where A2 refers to the insurance premium value, A7 refers 

to the period of insurance, A3 indicate age. These results are realistic, so the expert in the field of insurances handles these things in order to get the best 

result. 

     The results of the rough set approach are presented in the form of classification or decision rules derived from a set of the previous application. This 

study provides a new insight into the problem of attribute reduction.  
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