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Abstract 

 Association rules mining is the main task of data mining. It consists of two 

compulsory steps, the first step is discovery of frequent itemsets, and the second 

one is extracting the rules from the mined frequent itemsets. The first step is 

massive computational step. There are many algorithms presented to complete this 

step, but all of these algorithms are variations of the Apriori algorithm, which is 

the state of the art. Apriori requires a priori knowledge to generate the frequent 

itemsets and involves two time-consuming pruning steps to exclude the infrequent 

candidates and hold frequents. The first pruning operation is degenerating each of 

the (k+1)-itemsets to its k-itemset subsets. The second pruning operation is support 

counting for each candidate passed the first exam.  

 This research improves Apriori algorithm by pruning its pruning steps. It 

abridges the pruning steps to TID lists intersection and items union operations by 

taming the problem of frequent itemsets mining to lattice theory. It excludes the 

neediness to multi-scanning the database; instead, it scans the database only once. 

Keywords: Data Mining, Association Rules, Apriori Algorithm, Lattice  

1. Introduction 

1.1 Association Rules 

Association rules are one of the promising aspects of data mining as a 

knowledge discovery tool, and have been widely explored to date. They allow to 

capture all possible rules that explain the presence of some attributes according to 

the presence of other attributes. An association rule, X  Y, is a statement of the 

form "for a specified fraction of transactions, a particular value of an attribute set 

X determines the value of attribute set Y as another particular value under a 
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certain confidence". Thus, association rules aim at discovering the patterns of co-

occurrences of attributes in a database. For instance, in association rule in a 

bookshop  data may be "Whenever the customer buys Elian Rich’s ‘Artificial 

Intelligence’ book, this happening for 20% of all purchases, also buys ‘PROLOG 

manual’ in 70% of the cases”. “20%” is the support of the rule, while “70%” is the 

confidence. Agrawal, the founder of the problem of discovering association rules 

in databases defines it formally in [ Rake96] 

Mining of association rules was decomposed into two sub-problems 

[Rake96, Jiaw01, Piet98]: 1-Discovering all frequent patterns (represented by 

large itemsets defined above), and 2- Generating of the association rules from 

those frequent itemsets. The second sub-problem is straightforward, and can be 

done efficiently in a reasonable time. However, the first sub-problem is very 

tedious and computationally expensive for very large databases and this is the case 

for many real life applications. In large retailing data, the number of transactions is 

generally in the order of millions, and number of items (attributes) is generally in 

the order of thousands. When the data contains N items, then the number of 

possibly large itemsets is 2
N
. However, the large itemsets existing in the database 

are much smaller than 2
N
. Thus, brute force search techniques, which require ex-

ponential time, waste too much effort to obtain the set of large itemsets.  

1.1.1 Apriori Algorithm 

A number of algorithms are presented to mine frequent itemsets. All of 

these algorithms are variations of the standard algorithm, Apriori. Apriori requires 

a priori knowledge to generate the next generation of candidate itemsets, i.e., it 

generates the candidate (k+1)-itemsets from the frequent k-itemsets. In addition, it 

depends on the Apriori fact: “all the subsets of a large itemset are large too” 

[Rake96, Jiaw01, Piet98]. Hence, Apriori generates candidate itemsets that must 

pass two exams, (pruning steps), to be frequent itemsets. The first pruning step 



 3 

depends on the apriori fact. After generating a candidate (k+1)-itemset, it will be 

degenerated to its k-itemsets subsets. If any one of these subsets is not large, i.e., is 

not member in Lk , the candidate will be removed and regarded as small or 

infrequent, otherwise it must pass the second exam. The support of the candidate 

itemset, which delivered from the first pruning, is counted in the second pruning 

step. If this support exceeds the minimum support, minsup, then the candidate will 

be regarded as frequent itemset. The support counting is accomplished by |D| 

database scanning operation where |D| is the number of transactions in the 

database under consideration.  

The second pruning step is implemented depending on a complex but 

novel data structure named hash tree [Rake96]. Hash tree is suggested to reduce 

the complexity of pruning steps. Figure (1) depicts the steps of Apriori algorithm. 

The inputs to Apriori algorithm are a user-defined threshold, minsup, and a 

transaction database. Step #1 generates 1-itemsets, i.e., the frequent items. These 

1-itemsets are stored in L1 list, which will be used to generate C2. . C2  is the list of 

candidate 2-itemsets. The generation operation of Ck+1 from Lk is done by 

apriori_gen algorithm. Apriori_gen takes two different_last_items k-itemsets to 

generate candidate (k+1)-itemset by joining the similar k-1 items with the last 

different items. For example, let X and Y are two frequent 3-itemsets in L3, such 

that X=abc and Y=abd, then the generated candidate 4-itemset is abcd which will 

be added to C4 list. Apriori_gen performs the first complex pruning step to exclude 

infrequent candidates. This is done in step#21. It degenerates the generated 

candidate (k+1)-itemset to its k-itemset subsets. If there is any subset not member 

in Lk , then its candidate will be removed from Ck+1 . Steps #8 to step#11 are 

responsible for the second pruning step. The core of these steps is the function 

subset that checks the subsetness of a candidate in a transaction. Subset function 

depends on a hash tree, which has been built gradually during the progress of 
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mining the large itemsets in each iteration. To obtain more explanation, consider 

the following example. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (1) Pseudo Code of Apriori Algorithm 

Example 1 Consider the example transaction databaseETDB in Table 2. There are 

six transactions in the database with Transaction IDentifiers, TIDs, 1, 2, 3, 4, 5, 

and
   

6. The set of items I = {A, B, C, D, E, F}, each item is an abbreviation of a 

movie or film title in CD shop sales as shown in table 1. There are totally (2
6
 -1) = 

63 nonempty itemsets (each non-empty subset of I is an itemset). {A} is a 1-

      
 apriori_gen (Lk-1); 

15   Ck= 

16  for all itemsets X  Lk-1 and Y Lk-1  do 

17    if X1 = Y1  • • •  Xk-2 = Yk-2  Xk-1 < Yk-1 then begin 

18       C = X1X2 ... Xk-1Yk-1 

19       add C to Ck 

20   end 

// 1
st
 pruning step 

21 delete candidate itemsets in Ck whose any subset is not in Lk-1 

 

Procedure Apriori (in D: transactional Database; minsup: minimum support) 

1 L1 = {large 1-itemsets} 

2 k = 2 

3 while Lk-1   do 

4 begin 

5          Ck = apriori_gen (Lk--1)      

6           for all transactions t in D do 

7           begin 

8             C
t
 = subset (Ck  , t) 

9             for all candidates c  C
t
 do 

10                   c.count = c.count + 1 

11          end 

// 2
nd

 pruning step 

12             Lk = {c  Ck |  c.count  minsup} 

13  k = k + 1 

14 end 
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itemset and {AB} is a 2-itemset, and so on. SupportETDB (A) = 3 since three 

transactions include A. Let us assume that the minimum support (minsup) is two, 

(approximately taken as 33%). Then, {A, B, C, D, E, AB, AC, AE, BC, BD, BE, 

CD, CE, DE, ABC, ABE, ACE, BCD, BCE, BDE, CDE, ABCE, BCDE} are the 

set of large itemsets, since their support is greater than or equal to 2, (33% x 6), 

and the others are small itemsets. There are two distinct itemsets, ABCE, and 

BCDE, called maximal itemsets; all other large itemsets are subsets of one of 

them. Table (3) depicts all large itemsets with their supports. Let's assume that the 

minimum confidence (minconf) is set to 100%. Then, A  B is an association rule 

with respect to the specified minsup and minconf (its support is 3, and its 

confidence is 
)(

)(

ABSupportETD

ADBSupportETD
  100 = 3/3 100=100%). On the other hand, the 

rule B  A is not a valid association rule since its confidence is 50%. This shows 

that the association rule is not always interchangeable sides in real world 

applications. If the rule sides are interchangeable, the new rule rarely has the same 

confidence value. This property increases the complexity of rule mining process. 

Table (4) depicts the association rules that can be mined from databaseETDB 

according to 100% minconf value and 33% minsup value. It is obvious that the 

increment of minimum-support value reduces the number of large or frequent 

itemsets and vice versa. Figure (2) depicts briefly the apriori large-itemset mining 

process where minsup=3= 50%. Lk is a list of k-itemsets, while Ck+1 is the list of 

candidate itemsets generated from Lk. For example, in C3, the candidate CDE is 

discarded because its subset DE is not a member of L2. BCD passes two pruning 

step to be validated as large itemset, all its length-2 subsets are members of L2. In 

addition, its support is counted which equals 3>=minsup. 

 

Item Movie or film name 
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Figure (2) Apriori Mining Process 

 

A Titanic 

B Rain man 

C Gone With the Wind 

D Zorba 

E Speed 

F Gold Mountain 

Table(2)A Transaction 

Database (DatabaseETDB) 

Transaction 

TID 

Items-(film) 

1 B, C, E 

2 B, C, D, E 

3 A, B, C, D, E 

4 B, C, D 

5 A, B, F 

6 A, B, C, E 

Table (1) The items abbreviations of databaseETDB 

         

Table (3) Large itemsets with minsup = 33%=2 

Support Itemsets No. 

6 =100% B 1 

5 = 83% C, BC 2 

4 = 67% E, BE, CE, BCE 4 

3 = 50% A, D, AB, BD, CD, BCD 6 

2 = 33% AC, AE, DE, ABC, ABE, ACE, BDE, CDE,  ABCE, BCDE 10 

Table (4) Association Rules with minconf=100% 

A  B (3/3) AC  B (2/2) AC  B E(2/2) 

C  B (5/53) AE  B (2/23) AE  BC (2/23) 

D  B (3/3) AC  E (2/2) DE  BC (2/2) 

E  B (4/4) AE  C (2/2) ABC  E (2/2) 

D  C (3/3) DE  B (2/2) ABE  C (2/2) 

E  C (4/4) DE  C (2/2) ACE  B (2/2) 

ABE  C (2/2) ACE  B (2/2) ABC  E (2/2) 

L1 C2 L2 C3 L3 C4 L4 

A AB AB BCD BCD BCDE {} 

B AC BC BCE BCE  

C AD BD BDE 

D AE BE CDE 

E BC CD  

BD CE  

BE 

CD 

CE 

DE 
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2. The Development of Apriori Algorithm 

2.1 Set and Lattice Theory 

 The database under association rules mining consists of two sets, the items 

set I and TIDs set T. The relation that maps the first set to the second one 

transforms the database to bipartite graph. In addition, the subset binary relation is 

partial order on set I and set T according to the following definitions [Dave02]: 

Definition 1: Let P be a set, a partial order on P is a binary relation ≤, such that 

for all X, Y, Z P, the relation is: 

1) Reflexive X ≤ X. 

2) Anti-Symmetric: X ≤ Y and Y≤ X, implies X=Y. 

3) Transitive: X ≤ Y and Y  ≤ Z, implies X ≤ Z. 

The set P with the relation ≤ is called an ordered set and it is denoted as a pair 

(P,≤).  

Definition 2: Let P be an ordered set, and let S  P. An element XP is an upper 

bound of S if s ≤ X for all s S. The least upper bound, also called meet, of S is 

denoted as S. 

Definition 3: Let P be an ordered set, and let S  P. An element XP be a lower 

bound of S if s ≥ X for all s S. The greatest lower bound, also called join, of S 

is denoted as S.  

 If S={x, y}, then the meet is written as x y, and the join is written as x  y. 

Definition 4: Let P be an ordered set. The greatest element of P, denoted as ⌠, is 

called top element, and the least element of P, denoted as ⌡, is called the bottom 

element. 

Definition 5: An ordered set (L, ≤) is called lattice, if for any two elements x and y 

in L, the meet and join of x and y always exist. L is a complete lattice if S and 

S exist for all SL. Any finite lattice is complete. L is called meet semi-lattice if 

only the meet exists. L is called a join semi-lattice if only the join exists. 
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To give more explanation and to tame the rule mining problem to the 

definitions above, let us return to example (1), where the set of frequent items is If= 

{A, B, C, D, E} and T={1,2,3,4,5,6}. Let P (If) denote the set of all subsets of If, 

(called power set of If) and P(T) is the power set of T. The partial orders (P(If),) 

the set of all possible itemsets and (P(T),) the set of all possible tidsets is both 

complete lattices where the join is given by set intersection and meet is given by 

set union. The ordered set (P(If),) and (P(T),) is represented in figure (3). 

Suppose a set S P(If) ={ABC, ABE, ACE, BCD}. Then the itemsets abcde is the 

upper bound of S and the empty set {} is the lower bound and the join of S. The 

meet of S is abcde. The top element of (P(If),) is abcde and the bottom element is 

{}. The set of all frequent itemsets is a join semi-lattice, consider figure (3), which 

depicts the join of all frequent itemsets extracted in example (1) of CD-shop sales 

database. The join of any two frequent itemsets is frequent, but their meet may or 

may not frequent. This phenomenon is consistent with the apriori-fact that “all the 

subsets of a frequent itemset are frequent too”. In figure (3), the join of the 

itemsets AC and CD is C which is frequent, AC CD= ACCD=C, but the meet 

AC  CD= AC  CD =ACD is not frequent. On the other hand, the meet AC 

AE= AC  AE =ACE is frequent.  

As mentioned previously, there are two maximal itemsets in example (1), 

ABCE and BCDE that are shown in grayed circle; therefore, each of them is a top 

element of the semi graph. To distinct the subsets of ABCE and BCDE in figure (3), 

we draw the arcs that connect the subsets of ABCE as dashed lines and the arcs that 

connect the subsets of BCDE as bold lines. Double lines, dashed and bold lines, 

connect the itemsets, which are subsets of ABCE and BCDE. 
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According to this taming of association rules mining to the graph theory, any 

(k+1)-itemset can be obtained from the union of any of two its k-itemsets subsets, 

also its tidlist can be obtained by intersection the tidlists of these two k-itemsets. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3) join semi-lattice of frequent itemsets 

 

2. 2 The Developed Algorithm 

 The developed algorithm excludes the apriori’s pruning steps that 

previously mentioned. It does not generate candidate itemsets. It generates an 

itemset with its tidlist by union and intersection operation respectively. The 

generated itemset will excluded or regarded as large itemset directly and simply by 

counting the length of its tidlist. Figure (4) depicts the developed apriori algorithm. 

 The developed algorithm scans the database only once. It loads the frequent 

items, i.e., 1-itemsets, and there tidlists and then generates all frequent itemsets 
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from these 1-itemsets without re-scanning the database. It utilizes the concept of 

vertical database to represent the database. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4) Pseudo code of developed algorithm 

It is easy to see that the main portion of apriori algorithm, step # 3 to step # 4 

of figure (1), is converted to simple iteration to call developed_apriori_gen, as 

shown in step #9 to step #14 of figure (4). 

 Step # 11 and step # 12 make a union operation of two large (k-1)-itemsets 

to generate a candidate k-itemset, i.e., finding the meet of the (k-1)
 th

 level. Step 

#13 intersects the tidlists of itemset X and Y to find the tidlist the candidate C, i.e., 

it finds the join of the tidlists. The number of TIDs in a tidlist of C is the support of 

C, which is computed and checked according to the minsup threshold in steps # 13 

and 14. To give full explanation, recall example (1). Let us trace the behavior of 

the developed apriori depending example (1) with minsup=3. Firstly, the algorithm 

Procedure Developed_Apriori () 

1 L1 = {large 1-itemsets} 

2 k = 2 

3 while Lk-1   do 

4 begin 

5         Lk = developed_apriori_gen (Lk--1)     

6         k = k + 1 

7      end %while 

8 end % apriori 

 

 Developed_apriori_gen (Lk-1); 

9   Ck= 

10  for all itemsets X  Lk-1 and Y Lk-1  do 

11     if X1 = Y1  • • •  Xk-2 = Yk-2  Xk-1 < Yk-1 then begin 

12       C = union(X,Y); 

13       CTID =intersect (XTID, YTID); 

14       If |CTID|>=minsup then add C to Lk; 

15      Else ignore C; 

16   end; 

17 end; %apriori_gen 
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selects the 1-itemsets, frequent items. Then the algorithm joins the frequent items 

and intersects their tidlists to find the candidate 2-itemsets; C2. The infrequent 

candidates are excluded easily by checking the cardinality of their tidlists with the 

minsup. In figure (5), the bold cells in C’s columns are the candidates with 

supports greater than or equal to the minsup=3; therefore they are regarded as 

frequent itemsets, hence they appear in the next level Ln. In turn, these frequent 

itemsets are used to generate the next level of candidates. The shaded cells in 

figure (5) of C’s columns are excluded, i.e., they are regarded as infrequent 

itemsets. 

2.2.1 Support Counting 

 As mentioned previously, the developed apriori algorithm regards the 

support of a mined frequent k-itemset as the cardinality of its TID-list which 

obtained by intersection of its frequent (k-1)-items subsets. To prove the validity of 

this support counting, which excludes the frequent database scanning, consider the 

following definitions and theorems [Dave02]: 

Definition (6) A lattice is said to be distributive if for all X, Y, Z L, X (YZ) 

=(XY)  (XZ). 

Definition (7) Let L be a lattice with bottom element ⌡. Then X L is called an 

atom if X covers ⌡. The set of atoms of L is denoted by A (L). 

Definition (8) A lattice L is called a Boolean lattice if  

1) It is distributive. 

2) It has ⌠ and ⌡ elements. 

3) Each member X of the lattice has a complement. 

 

Theorem (1) For a finite Boolean lattice L, with X L, X=  {YA(L) | Y≤ X}. 
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 This means that every element of a Boolean lattice is given as a join of the 

set of atoms. Since the powerset lattice P(I) is a Boolean lattice with the join 

operation corresponding to set union, we get the following lemma: 

Lemma (1) For any X P(I), let J={Y A(P(I)) | Y≤ X}. Then X=YJ
Y
, 

X=|YJ 
(X)

 |. 

Lemma 1 stipulates that any obtained itemset is a join of some atoms of a specified 

graph, and the support of the itemset can be obtained by intersecting the tidset of 

the atoms. This lemma can be generalized to a set of itemsets: 

Lemma (2) For any X P(I), let X=YJ
Y
,  then X=|YJ 

(X)
 |.  

 Lemma 2 states that if an itemset is obtained as the union of a set of itemset 

in J, then its support is counted by intersecting the tidsets of elements in J. 

Depending on Lemma 1 and Lemma 2, we can compute the support of an itemset 

of length k, i.e., k-itemset, by intersecting the tidsets of any two (k-1)-itemsets of 

its subsets. Therefore, the frequentness of the generated itemset is determined by 

simple checking of its cardinality. The developed version of apriori scans the 

database only once by selection of frequent items, 1-k-itemsets, and keeps the 

tidlist of each one. To generate the next generation of candidate itemsets, the only 

required is union of two last-item-differ itemset, to intersect their tidlists, and 

counting the cardinality of result tidlist.  

3. Experimental Results 

  Experiments were performed on 1.2 GHz Tualatin PC with 320 MB of 

memory, running windows
xp

 .Apriori and developed-apriori was implemented by 

using PL/SQL of Oracle DBMS. These implementations are executed by using five 

real and one artificial database, which recently made publicly available on 

(www.ecn.purdue.edu/kddcup). The characteristics of these databases are shown in 

table (5). 

http://www.ecn.purdue.edu/kddcup
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L1 C2 L2 C3 L3 C4 L4 

A 

3,5,6 
AB=AB 

|3,5,6||1,2,3,4,5,6|=|3,5,6|≥3 

AB 

3,5,6 
BCBD=BCD 

|1,2,3,4,6||2,3,4|=|2,3,4|≥3 

BCD 

2,3,4 
BCDBCE=BCDE 

|2,3,4||1,2,3,6|=|2,3|≤3 

{} 

B 

1,2,3,4,5,6 
AC=AC 

|3,5,6||1,2,3,4,6|=|3,6|≤3 

BC 

1,2,3,4,6 
BCBE=BCE 

|1,2,3,4,6||1,2,3,6|=|1,2,3,6|≥3 

BCE 

1,2,3,6 

 

C 

1,2,3,4,6 
AD=AD 

|3,5,6||2,3,4|=|3|≤3 

BD 

2,3,4 
BDBE=BDE 

|2,3,4||1,2,3,6|=|2,3|≤3 

D 

2,3,4 
AE=AE 

|3,5,6||1,2,3,6|=|3,6|≤3 

BE 

1,2,3,6 
CDCE=CDE 

|2,3,4||1,2,3,6|=|2,3|≤3 

E 

1,2,3,6 
BC=BC 

|1,2,3,4,5,6||1,2,3,4,6|=|1,2,3,4,6|≥3 

CD 

2,3,4 

 

BD=BD 

|1,2,3,4,5,6||2,3,4|=|2,3,4|≥3 

CE 

1,2,3,6 

 

BE=BE 

|1,2,3,4,5,6||1,2,3,6|=|1,2,3,6|≥3 

CD=CD 

|1,2,3,4,6||2,3,4|=|2,3,4|≥3 

CE=CE 

|1,2,3,4,6||1,2,3,6|=|1,2,3,6|≥3 

DE=DE 

|2,3,4||1,2,3,6|=|2,3|≤3 

 

Figure (5) Developed_Apriori Mining Process 

Table (5) Database Characteristics 

Database Name Number of Items Number of Record Database Type 

Chess 76 3196 Real/dense 

Connect 130 67557 Real/dense 

Mushroom 120 8124 Real/dense 

Pumsb* 7117 49046 Real/very dense 

Pumsb 7117 49046 Real/dense 

T40I10D100K 1000 100000 Artificial/sparse 

 

 Figure (6) depicts a comparison of developed version of apriori versus 

apriori algorithm. Each database is carried out on different minsup values, x-axis. 

Y-axis represents the execution time in second. It is easy to see that the developed 

apriori outperforms the original apriori in all the experiments. 

 Pumsb* database is very dense database. Apriori is not efficient with dense 

databases [Jiaw01], therefore, the execution curve of apriori of Pumsb* database 



 14 

parallels the curve of the developed apriori in far region or grids of x-axis. This 

curve reflects the efficiency of the development to deals with dense databases with 

small minsup values.   

 

 

 

 

 

 

 

 

           

 

 

                  

Figure (6) Developed Apriori versus Apriori Algorithm   

4. Discussion and Conclusion 

 We presented and evaluated an efficient developed version of apriori 

algorithm. This algorithm scans the database only once by exploring the itemsets 

and tidlists simultaneously depending on vertical layout instead of horizontal one. 

It excludes the needing to construct and explore the complex data structure, hash 

tree, of apriori algorithm, and in addition excludes the time-consuming pruning 

steps. This development transfers the complexity of apriori from exponential O (r. 

n. 2
l) to linear complexity O(Cn), where Cn is the number of candidate itemsets to 

be frequent,  |T|=n is the number of transactions in a database, l is the length of 

the longest frequent itemset, and r is the number of maximal frequent itemsets. An 
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extensive set of experiments confirm that the developed apriori outperforms apriori 

algorithm. However, the developed apriori appears high appealing to RAM to 

maintain itemset  tidset pairs of vertical database layout. After the development, 

apriori becomes very suitable to design DBMS-embedded rules miners and can be 

implemented with smaller amount of programming code. 
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 ريوذيب في خوارسمية الأبزيــــشــتــذيب خطوات الـــــشــت

 ا.د. علاء الحمامي    ا.م. د. حسيه الخفاجي     ياسميه فزحان     كزيم هاشم

 الخلاصة

اف قىاػذ الأسحباط هى واحذ هي اهن اغشاض حؼذَي البُاًاث. لأسخكشاف قىاػذ الأسحباط فٍ شاسخك 

اسخخشاج ( و2لؼٌاصش ، )لالكبُشة  وجوىػاثال( اسخكشاف 1قىاػذ البُاًاث، هٌالك اجشائُي لاصهُي هوا: )

القىاػذ هي هزٍ الوجاهُغ الوسخكشفت. الأجشاء الأول اػقذ بكثُش هي الثاًٍ والزٌ َحخاج الً اجشاءاث 

حسابُت كبُشة.  هٌالك الؼذَذ هي الخىاسصهُاث الوقخشحت لاًجاص الأجشاء الأول، كلها حؼخبش حٌىػا هي 

فت هسبقت لخىلُذ هسخىي جذَذ هي خىاسصهُت قُاسُت حذػً ابشَىسٌ. خىاسصهُت ابشَىسٌ ححخاج الً هؼش

حىلذ هجوىػاث ػٌاصش هششحت لخكىى كبُشة. لأسخبؼاد الوششحاث الخٍ ًها هجوىػاث الؼٌاصش الكبُشة. ا

الخىاسصهُت حسخخذم ػولُخٍ حشزَب هؼقذة؛ الأولً هٍ حهذَن هجوىػت الؼٌاصش  ،لاحخىاقش فُها الششوط،
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( والخٍ َجب اى حكىى كلها كبُشة وخلافا 1-ضئُت بطىل )ىالوخىلذة الوششحت بطىل )ى( الً هجوىػاحها الج

لزلك فاى الوششحت سىف حسخبؼذ. والغُش هسخبؼذة حجخاص ػولُت حشزَب اخشي، حُث ححسب حكشاساحها فٍ 

اػذة الخٍ َجب حخجاوص خظ ػخبت قُوت الذػن الأصغش. لزلك فاى الخىاسصهُت ححخاج الً جىلاث هخككشة قال

 بُاًاث والخٍ حسخهلك صهٌا كبُشا.هي البحث فٍ قاػذة ال

البحث َقذم خىاسصهُت جذَذة او حطىَشا لخىاسصهُت الأبشَىسٌ، حهذف لأسخبؼاد ػولُاث الخشزَب  

الصفقاث لوجوىػخٍ ػٌاصش كبُشة بطىل  سهىصواخخضال ػولُاث الخىلُذ والخشزَب الً ػولُت حقاطغ بُي 

اػخوذ اخضاع هشكلت اسخكشاف قىاػذ الأسحباط الً  (. هزا الخطىَش1)ى( لخىلُذ الوجاهُغ راث طىل )ى+

قىاػذ بُاًاث ػذَذة اسخخذهج لأثباث جذوي هزٍ الخىاسصهُت الوطىسة    ًظشَاث الوخططاث الشبكُت.

 وحفىقها ػلً سابقخها هي ًاحُت صهي الخٌفُز والخؼقُذ البشهجٍ الزٌ ٌَؼكس ػلً صهي الأًجاص.

   

 

        

 

 

 

 


