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INTRODUCTION 

1. MOTIVATION  

Nowadays, with the diversified data being distributed in many 

parts of the world, database applications (databases), methods of 

managing and exploiting traditional distributed databases are 

ineffective, failed to meet the sharing goal, difficulty in integrating and 

exchanging information. In order to overcome the above limitations, the 

distributed databases must be designed to better suit the requirements of 

using and exploiting distributed data. This can be accomplished thanks 

to data mining techniques (KPDL), namely, based on clustering 

techniques for fragmentation and fragmentation, localization of data in 

distributed database design. 

There are many studies related to the problem of distributed 

database design based on clustering techniques in the field of data 

mining, specifically: 

- The problem of data fragmentation based on clustering was 

first mentioned in and then there was some subsequent development of 

Özsu M. Tamer, Patrick Valduriez. However, fragmentation techniques 

based on clustered objects have the same similarity between attribute 

groups that stop the data fragmentation problem on relational schemas. 

Hui ma et al. Proposed CA (Clustered Affinity) algorithm for 

grouping attributes that are closely related (affinity) and then Navathe 

et al. developed The BEA (Bond Enegy Algorithm) algorithm, which is 

used for fragmentation along distributed data. The algorithms also stop 

at partitioning into two pieces in two attribute groups, with the upper, 

left corner containing the small affinity values and the remaining 

attribute group at the lower corner, containing high affinity positions. 
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- The algorithm for optimizing the fragmentation algorithm 

proposed by Navathe et al. Finds the separator t so that the expression  

q = CTQ * CBQ - COQ2
 is maximized. However, for relations with a 

large number of attributes, the problem can not be resolved by 

partitioning into two fragments, requiring a mixed fragmentation, 

consisting of at least one horizontal fragment and one vertical fragment. 

- Recent studies, some authors combine solving the problem of 

fragmentation and positioning with optimal algorithms, using heuristic 

techniques. The execution time of these algorithms is considerably 

reduced compared to the original algorithms. However, the important 

aspect of clustering techniques in KPDLs is that measuring measures in 

the general case has not been adequately addressed. 

- Domestic ACO studies focus on discrete optimization 

problems such as vendor problems, scheduling problems, network 

security problems, etc. Some other approaches according to fuzzy 

clustering techniques. However, test approaches in clustering problems 

or using heuristic search approaches to find optimal local solutions for 

distributed fragmentation problems yield fast results but can not 

improve further solutions found. 

To address the above issues, the thesis " THE APPROACH 

DATA MINING FOR DISTRIBUTED DATABASE DESIGN" is 

implemented as follows: 

- Combine the clustering clustering technique with clustered 

clustering for the horizontal fragmentation improvement algorithm, 

fragmentation along distributed data on the basis of developing similar 

measures and clustering methods. fragmented. 
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- Use of coarse agnostic theory and ACO antimicrobial 

optimization theory to develop new distributed fragmentation 

algorithms using KR clustering technique and FAC clustering. 

- Conduct comparing, evaluating and testing new algorithms 

and proposed algorithms with primitive algorithms on large data sets to 

clarify the cost-effectiveness, Experiment on the number of fragmented 

clusters 

2. OBJECTIVES, OBJECTS AND SCOPE OF THE RESEARCH  

2.1 Objectives of the study 

The main objective of the thesis is to solve the fragmented 

fragmentation problem by combining some clustering 

techniques in data mining, coarse-grained theory and ACO 

optimization, namely: 

-  Research improve vertical fragmentation and fragmentation 

algorithm based on clustering techniques in data mining. 

  - Newly proposed fragmentation algorithm based on KR agar 

fragmentation and VFAC ant colonies. 

2.2 Object and scope of the study 

Subjects and scope of thesis research: 

- Similar measurements, cluster distance processing in horizontal 

defragmentation algorithms, vertical defragmentation based on 

clustering and partition techniques. 

- Distributed fragmentation technique based on KR clustering 

technique and VFAC ant colonization. 

- Applying coarse-grained theory, meta-heuristic approaches in 

the ACO ant colony optimization method to solve the data 

clustering problem for fragmentation techniques in distributed 

database design. 
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3. RESEARCH METHODOLOGY 

Methodology of theoretical studies: A study of document 

reviews related to distributed database design theory and clustering 

techniques in data mining for improvement, proposed fragmented data 

(fragmentation algorithms according to Raw clustering techniques and 

FAC clustering techniques. 

Experimental method: Based on optimized, proposed 

defragmentation algorithms (VFC, HFC, KR and VAFC), the thesis 

proceeded to install experiment with SPMS simulation toolkit, Java 

programming language  for analyzing, comparing clustering results of 

proposed algorithms with typical primitive defragmentation techniques 

such as k-Means, k-Medoids. 

4. CONTRIBUTION OF THE THESIS 

4.1. Scientifically 

-cut approach and optimize the ACO ant 

colonies for longitudinal fragmentation in distributed database design 

as per KPDL approach. 

HFC horizontal fragmentation algorithm and VFC vertical 

fragmentation by developing similar measurements and cluster 

distances. 

technique and FAC antepartum cloning technique. 

4.2. Actually 

 The results of the experimental setup in the thesis show that the results 

of fragmentation with improved HFC algorithms, VFC and new 

algorithm algorithms KR, VFAC are better in terms of computation 

time, memory cost, Fragmentation and especially when performed on 

data sets with large numbers of objects. 
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5. THE LIST OF THESIS 

Apart from the introduction and conclusion, the thesis is 

arranged in three chapters: 

Chapter 1 presents studies on distributed database design 

including vertical defragmentation techniques, fragmentation and 

fragmentation clustering (FC). 

Chapter 2 presents the studies of relating to clustering 

techniques in data mining applied to horizontal fragmentation 

problems, fragmentation along distributed data, and proposed 

improvements to the two VFC and HFC algorithms. 

Chapter 3 presents new research and proposals for 

fragmentation along fragmentation data based on data mining approach 

using KR (k-Means Rough) fragmentation techniques and 

Fragmentation Ants Cluster). Experimental setup and collation of 

improved algorithms, proposed against k-Means, HAC primitive 

algorithms. 

 

Chapter 1: DISTRIBUTED DATABASE DESIGN 

The contents of Chapter 1 are divided into two parts: 

introductory introduction to database and distributed database, the 

second part introduces the fragmentation problem in distributed 

database design with Requirements, objectives, strategies of 

satisfaction: correctness, completeness and reconstruction. 

The basic algorithms considered in the chapter are vertical 

fragmentation and fragmented fragmentation of scattered data from 

primitive algorithms such as the BEA algorithm, PHORIZONTAL 

algorithm or FC clustering algorithm using CA clustering . 
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1.1 OVERVIEW OF DISTRIBUTED DATABASES 

1.2. DISTRIBUTED DATABASE DESIGN 

1.2.1. Design strategies 

1.2.2. Issues of distributed database design 

1.2.3. Distributed Database Design Techniques 

1.2.4. The rules of proper fragmentation 

1.2.5. Discussion on distributed database design 

1.3. DESIGN OF DISTRIBUTED DATABASE BY PRIMITIVE 

FRAGMENTATION TECHNIQUES 

1.3.1. Horizontal fragmentation techniques 

1.3.2. Vertical fragmentation techniques 

1.3.3. Clustering algorithm - FC (Fragment Cluster) 

1.3.4. Composite fragmentation techniques 

1.3.5. Discuss on the fragmentation techniques 

1.4. CONCLUSION 

In this chapter, the thesis presents an overview of the design of 

a distributed database system, which adequately addresses the need for 

data fragmentation, proper defragmentation rules including fullness. 

adequate, reconstruction and segregation, as well as information 

requirements about the database, application information. 

The thesis also presents some detailed discussion at the end of 

each section to further clarify the research topic in the chapter, and to 

identify the contents to be further proposed in the thesis for subsequent 

chapters. 

The main content of the chapter is to transform the idea of 

solving the problem of data decomposition on a centralized database to 

solve the fragmented data fragmentation problem based on two primary 
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HF algorithms for horizontal fragmentation and CA for differential 

vertical piece by applying FC clustering technique. 

Detailed algorithms for clustering improvement in KPDL for 

the fragmentation problem are presented in Chapter 2. Using some new 

approaches to clustering, propose some clustering algorithms. The 

thesis is covered in Chapter 3. 

 

Chapter 2. THE DATA CLUSTERING IN DISTRIBUTED 

DATABASE DESIGN  

This chapter focuses on the basic issues of data mining and data 

clustering techniques applied to horizontal and vertical fragmentation 

problems in distributed database design. 

Clustering techniques include such forms as hierarchical 

clustering, partitive clustering, grid-based clustering, rough clustering, 

density-based clustering, and so on. The main research results of this 

chapter are published in articles [I], [II] in the author list. 

2.1. ACCESS TO DATA MINING 

2.1.1. Exploiting knowledge and mining data 

2.1.2. Approaches in data mining 

2.1.3. Challenges in data mining 

2.1.4. Data mining techniques and problems 

2.2. CLUSTERING TECHNIQUES IN DATA MINING 

2.2.1. Clustering techniques 

2.2.2. The objective of data clustering 

2.2.3. Data types and measurements in clustering 

2.2.4. Data clustering methods 

2.2.5. Discuss the clustering techniques 
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2.3. FRAGMENTATION OF DATA BASED ON CLUSTERING 

TECHNIQUES 

Applying to the CA clustering algorithm and the FC 

fragmentation algorithm in Chapter 1, the thesis further proposes two 

Vertical Fragmentation Cluster (VFC) and horizontal fragmentation 

Cluster (HFC) [I] algorithms to propose the development of The 

measure of similarity that is based on the measurements in the original 

algorithms of the distributed database. 

2.3.1. Proposing Vertical Fragmentation Cluster algorithm  

VFC algorithm [I] 

Input:   - D: Set n objects to be clustered; 

- do: threshold distance; 

- k: number of clusters; 

- E: target function; 

Output:  set of clustering of D; 

Algorithm: 

Begin 

1. Select k objects as the initial focus for k clusters; 

/* manipulate k-Means */ 

2. Repeat 

3. C = {{r} | r ∈ D}; /* Initialization C is a set of 

clusters containing only one object */ 

4. Find two clusters Si, Sj ∈ C whose distance d(Si,Sj) is 

the smallest; 

5. If d(Si,Sj)>do then stop the algorithm; /* The last two 

clusters exceeded the allowed threshold */ 

6. C = C\{Si,Sj}; /*Remove 2 clusters Si,Sj from cluster set 

*/ 

7. S = Si ∈ Sj; /* Applied by HAC algorithm */ 

8. C = C ∈ {S}; /* Add new S clusters to C */ 

9. Recalculate the distance between the new cluster and 
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the old clusters; 

10. Update the focus of the cluster; 

11. Until <target function E minimum> 

End. 

VFC algorithm evaluation: 

- Advantages The VFC algorithm is highly scalable, suitable 

for large datasets. The algorithm ends at the local optimization point, 

which can be used by genetic algorithms to find global optimization. 

The downside to VFC is that it needs only k prefixes, not good data 

interruptions, exception elements 

- The VFC algorithm employs a combination of HAC and k-

Means algorithms, so the complexity is O(min(HAC,k-Means))= 

O(Min(O(n2
),O(t*k*n))). In fact, the number of iterations t and the 

number of clusters k is very small compared to the number of objects n, 

so the complexity VFC is O(n), which is equal to the best convergence 

of k-Means. 

2.3.2. Proposing Horizontal Fragmentation Cluster algorithm  

HFC algorithm [I] 

Input:  - D: set n objects to be clustered; 

    - k: number of clusters; 

- OCM matrix; 

- Target function E; 

Output:  Set of clustering of D; 

Algorithm: 

Begin 

1. Select k any medoid object; 

2. Initialize k clusters with the first k distinct objects 

based on the OCM matrix; 

3. Repeat 

4. Assign the object to the cluster containing the closest 

medoids; 
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5. Assign the remainder of the OCM to the nearest object 

to the medoid; / * according to the PAM algorithm * / 

6. Swap the medoid for the objects of the OCM matrix until 

it decreases the objective function E; 

7. Until <target function E is minimum>; 

End. 

HFC algorithm evaluation: 

- The basic advantage of the k-Medoids HFC improvement 

algorithm is that the k initialization of the input (non-random) k-means 

follows the rule that takes the first discriminant object of the input data 

set (k the first distinction of the OCM) as the central element of the 

initial cluster k. 

- The possibility of two sets overlap on relations can occur, as 

the clustering data is derived from the OCM matrix, which is 

constructed from the initial relationship and based on the single 

predicates Pr. The disadvantage of HFC is the same as k-Medoids 

because HFC concentrates only on the OCM matrix when dealing with 

the medoid. 

- HFC algorithm complexity is O(k
2
*n), where there are two 

times k clusters and k objects involved in a single iteration, n is the 

number of objects to be clustered. In fact, k clusters are usually very 

small compared to k objects, so the HFC complexity is O(k*n). This 

complexity is less than the original PAM algorithm O(k(n-k)
2
). 

2.3.3. Evaluating experimental results 

2.3.3.1. Evaluating the experimental results according to VFC 

(1). Experimental assessment with AGNES cages 

(2). Experimental evaluation of VFC with primitive k-Means 

The thesis compares the experimental results of VFC along with 

the primitive k_Means on the processing time cost criteria and memory 
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cost with 5 scenarios corresponding to the selected number of k = 3, 5, 

9, 11 and 15. 

Table 2.10  Dataset D consists of 20 instance 

@NAME= Instance  1 

5.1    3.5    1.4    0.2 

@NAME= Instance 2 

4.9    3.0    1.4    0.2 

@NAME= Instance 3 

4.7    3.2    1.3    0.2 

@NAME= Instance 4 

4.6    3.4    1.7    0.2 

@NAME= Instance 5 

5.0    3.6    1.4    0.2 

@NAME= Instance 6 

4.4    2.9    1.4    0.2 

@NAME= Instance 7 

4.9    3.1    1.4    0.2 

@NAME= Instance 8 

5.4    3.7    1.5    0.2 

@NAME= Instance 9 

4.8    3.7    1.5    0.2 

@NAME= Instance 10 

4.8    3      1.4     0.1 

@NAME= Instance 11 

5     3     2     1 

@NAME= Instance 12 

15    13    12    11 

@NAME= Instance 13 

30    60    52    51 

@NAME= Instance 14 

50    40    42    41 

@NAME= Instance 15 

30    50    42    31 

@NAME= Instance 16 

20    50    52    21 

@NAME= Instance 17 

10    15    52    21 

@NAME= Instance 18 

21    25    25    22 

@NAME= Instance 19 

11    15    35    42 

@NAME= Instance 20 

11    25    45    45 

Based on the above two results, the thesis compiles a 

comparative table between the two primitive k-Means and the improved 

VFC algorithm with 5 test times, the k cluster number selected k = 3; K 

= 5; K = 9; K = 11 and k = 15 as shown in the following Table 2.11: 

Table 2.11  Data set Algorithm k-Means  and VFC 

Algorithm 

Mumbe

r Cluster 

k 

Tota

l time 

(ms) 

Sum of Squared 

Errors (Min) 

Max memory usage 

(Mb) 

Frequent 

itemsets 

count 

 

k-Means 
Cluster 

k=3 16 4728,4549 1.2986 3 

k=5 16 3582,955 1.2987 3 

k=9 16 2909,955 1.2987 3 

k=11 16 2855,455 1.2987 2 

k=15 16 5437,3716 1.3000 2 

      

 
VFC Cluster 

improvement 

k=3 15 5437,3716 1.2879  

k=5 15 5237,3716 1.2879  

k=9 15 5444,3716 1.2879  

k=11 15 5397,3716 1.2879  

k=15 15 5267,3716 1.2879  
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Evaluating experimental results VFC: 

- With small clusters (k = 3), the VFC algorithm has a total time 

and memory cost is less than primitive k-Means. However, the average 

errors cost of VFC is greater because of the absence of iterations. 

- With increased clusters (k = 15), the VFC algorithm still gives 

less time and less memory cost than k-Means and the average error cost 

does not increase as there are no iterations. 

2.3.3.2. Evaluation of experimental results by HFC 

Considering the relation r(R) = {T1, T2.., Tl}, the set of simple 

predicates which are extracted from the applications on r(R) is Pr = 

{Pr1, Pr2, .., Prm} have the vector binary logs shown in (Table 2.7) and 

have the OCM matrix as (Table 2.8), Choose the number of k-clusters 

for the trial as 2, 3 and 4. The results of HFC horizontal fragmentation 

are shown in the following (Table 2.12) : 

Table 2.12  Improved horizontal fragmentation result HFC 

k=9 k=11 k=15 

Cluster 1: E1, E3, E6, E7 

Cluster 2: E2, E4, E5, E8 

Cluster 1: E1, E3, E6, E7 

Cluster 2: E2, E5, E8 

Cluster 3: E4 

//The same result  

k-Medoidsc [I] 

Cluster 1: E1, E3 

Cluster 2: E2, E5, E8 

Cluster 3: E4 

Cluster 4: E6, E7 

 

Similarly, with the same number of clusters k, the results of the 

horizontal fragmentation in the k-Medoids partition clusters are as 

shown in the following Table 2.13: 
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Table 2.13  Horizontal fragmentation results k-Medoids (PAM) 

k=9 k=11 k=15 

Cluster 1: E1, E3,E4, E6, E7 

Cluster 2: E2, E5, E8 

Cluster 1: E1, E3, E6, E7 

Cluster 2: E2, E5, E8 

Cluster 3: E4 

Cluster 1: E1, E3, E6, E7 

Cluster 2: E2, E5, E8 

Cluster 3: E4 

Cluster 4: “empty” 

 

Evaluating experimental results HFC: 

The fragmentation results are similar when k = 9 and k = 11, but 

when increasing the number of clusters with k = 15, the results differ. 

The results of the HFC algorithm given in (Table 2.12) are accurate 

because (Table 2.13) contains cluster 4 = "empty". This shows that 

when the number of k clusters is large, the HFC algorithm yields 

optimal results in clustering for distributed horizontal fragmentation 

problems. 

2.4. CONCLUSION 

This chapter presents some approaches to clustering techniques 

in data mining, including some typical traditional clustering methods 

such as partitive clustering, density-based clustering, clustering based 

on the new model and approach in data clustering. 

Chapter 2 also proposes two VFC and HFC [I] enhancements 

from two k-Means, k-Medoids algorithms. The same measurement used 

in two developed algorithms was developed from the measurements of 

the primitive algorithms. The complexity of VFC and HFC algorithms 

is the integration of stacked heaped clusters and k-Medoids. This 

complexity is much smaller than the original fragmentation algorithms 

in distributed database. 
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Chapter 3:  THE DISTRIBUTED DATABASE DESIGN 

FOLLOWING KO AND ACO CLUSTERING 

 

This chapter presents the problem of fragmentation design 

along distributed data according to the rough scalar approach by 

applying the rough cluster technique and optimizing the ACO weaver 

by applying the technique FAC. 

The main research results of this chapter are published in articles [III], 

[IV] and [V] in the authors list. 

3.1. DISTRIBUTED DATABASE DESIGN ACCORDING TO 

APPROXIMATE APPROACH 

3.1.1. Disintegrate data and extract attributes according to rough set 

3.1.2. Information system 

3.1.3. Indistinguishable, irreducible relationship in the information 

system 

3.1.4. Attributes and reference vectors 

3.2. CLUSTERING DISTRIBUTED DATA ACCORDING TO 

APPROXIMATE APPROACH 

3.2.1. Rough cluster technique KR 

KR algorithm [V] 

Input:  - D: set n objects to be clustered; 

- k: number of clusters; 

- Threshold Thi; 

Output:    Set of clustering of D; 

Algorithm 

Begin 

1. Randomly generated the center of the derived objects 

x={x1, ... xk}; 

2. Repeat 
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Assign v objects to the upper and lower approximations of 

the clusters; /* clustering */ 

4. Calculate the distance d(v,xi),d(v, xj) between the 

objects with the clustering center xi, xj; /* 1 ≤ I, j ≤ k */; 

5. If d(v,xi)- d(v,xj)  Thi Then the object v vector will 

not belong to any approximation below /* according to 

property 3 */; 

6. Else d(v,xi) is the minimum; 

7. Update the focus of xi with new focus; 

8. If (the center cluster is identical to the previous 

iteration) Then stop; 

9. Until <Focuses on unchanged clusters> 

End. 

3.2.2. Evaluating experimental results KR 

The thesis compares the experimental results vertical 

fragmentation KR with vertical fragmentation k-Means according to 

two main criteria: total time cost and memory cost. The data set chosen 

for installation is much larger than the set of data set out in Section 

3.2.3.1, specifically 20 objects such as Table 3.1 : 

Table 3.1  Dataset D consists of 20 instance 

@NAME= Instance  1 

5.1 3.5 1.4 0.2 

@NAME= Instance  2 

4.9 3.0 1.4 0.2 

@NAME= Instance  3 

4.7 3.2 1.3 0.2 

@NAME= Instance  4 

4.6 3.4 1.7 0.2 

@NAME= Instance  5 

5.0 3.6 1.4 0.2 

@NAME= Instance  6 

4.4 2.9 1.4 0.2 

@NAME= Instance  7 

4.9 3.1 1.4 0.2 

@NAME= Instance  8 

5.4 3.7 1.5 0.2 

@NAME= Instance  9 

4.8 3.7 1.5 0.2 

@NAME= Instance  10 

4.8 3 1.4 0.1 

@NAME= Instance  11 

5 3 2 1 

@NAME= Instance  12 

15 13 12 11 

@NAME= Instance  13 

30 60 52 51 

@NAME= Instance  14 

50 40 42 41 

@NAME= Instance  15 

30 50 42 31 

@NAME= Instance  16 

20 50 52 21 

@NAME= Instance  17 

10 15 52 21 

@NAME= Instance  18 

21 25 25 22 

@NAME= Instance  19 

11 15 35 42 

@NAME= Instance  20 

11 25 45 45 
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Through the above two results of the test, the thesis proceeds to 

compile the comparison Table 3.2 :   

Table 3.2  Dataset Algorithm k-Means  and KR 

Algorithm Mumber 

Cluster k 

Total 

time 

(ms) 

 Sum of 

Squared 

Errors (Min) 

Max 

memory 

usage (Mb) 

Frequent 

itemsets 

count 

 

k-Means 

Cluster 

k=6 80 2438.6216 1.2986 3 

k=13 26 2455.4550 1.3000 3 

k=15 16 2751.6216 1.3000 3 

      

   

KR 

Cluster 

k=6 15 5048.8960 1.2879  

k=13 15 5048.4550 1.2879  

k=15 15 5048.1554 1.2879  

      

 

Evaluating experimental results KR 

- With the first k cluster of k = 6, the k-Means algorithm is -

clustered into 6, but clusters 4 (empty) and 5 (empty) are not optimal. 

Continuing to increase the number of k clusters to 13, 15, the primitive 

k-Means algorithm performs better than tested with VFC in Chapter 2, 

but the average error cost and memory cost increased with the number 

of iterations does not raise. 

- With (k = 13, k = 15), KR algorithm has a very optimal time 

cost and memory cost is reduced compared to k-Means. However, the 

average error KR cost is higher than k-Means because of no iterations. 

3.3. DISTRIBUTED DATABASE DESIGN BY ACO 

3.3.1. Ant colony optimization method (ACO) 

3.3.2. From natural ant colony to artificial ant colony 
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3.3.3. General ACO algorithm 

3.3.4. Algorithm - AS (Ants System) 

3.3.5. Organization of data and measurement concepts 

3.4. DISTRIBUTION DATABASE CLUSTER ACCORDING TO 

ACCESS TO ACO 

3.4.1. Distributed data clusters approaching the ACO 

3.4.1. Proposing algorithm for clustering ants in FAC 

3.4.2.1. Fragmentations Ants Clustering (FAC) 

FAC algorithm [IV] 

Input:  - Attribute set Att={A1, A2, ..., Ak}; 

- Set of transactions T={t1, t2., ..., tm}; 

- Number of ants Ant={ant1, ant2, ..., antn}; 

Output:    Optimal clustering KQ; 

Algorithm 

1. Calculate the similarity f(i);  

2. Calculate the probability of picking Pnhặt; 

3. Calculate the probability of dropping Pthả; 

4. Foreach anti  Ant Do 

5. Choose two random numbers 1 and 2; 

6. Foreach ai  Att Do 

7. If (Pnhặt>=random number 1) Then Ant will pick up the 

object; 

8. If (Pthả>=random number 2) Then Ant will drop the object 

into the list of dropped vertices; 

9. End for 

10. Calculate the concentration of odor uv on each edge; /* 

according to (formula 3.3) */ 

11. End for 

12. Repeat 
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13. If ( uv > )  Then combine two objects into one cluster; 

14. Else gathered two other objects clusters; 

15. If the cluster exists only one single object Then 

16. Calculate the average distance from that object to the 

other clusters; 

17. Compare the average distance and the minimum distance 

to cluster; 

18. Until <select the smallest cluster distance>; 

19. Return KQ. 

3.4.2.2. Vertical Fragmentations Ants Clustering (VFAC) 

VFAC algorithm [IV] 

Input:  - Attribute set Att={A1, A2, ..., Ak}; 

- Set of transactions T={t1, t2., ..., tm}; 

- Number of ants Ant={ant1, ant2, ..., antn}; 

- Transaction number m; 

Output:  Optimal clustering KQ; 

Algorithm 

1. T = m; T_Counter = 0; Omax = ∞; Ocurrent = 0; 

2. Repeat 

3. Foreach anti  Ant do 

4. If (anti  Att)  Then consider Ai; 

5. If (Ai  Att) Then  Anti = Ai;; 

6. Remove Ai From Att; 

7. Else 

8. Ant pick up attributes according to Pnhặt ; 

9. Else Calculate f(i)/* (formula 3.12) * /; 

10. Ant drop attributes according to Pthả ; 

11. End For 

12. If Att = ; 

13. Evaluate the cost of the current result; 
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14. If  Ocurrent < Omax; 

15. When (F_cur)Ai = (F_Opt)Ai; 

16. Ocurrent = Omax; 

17. Else T_Counter = T_Counter +1; 

18. until (when Omax  ∞ and T_Counter> m); 

19. Return KQ; 

 Evaluating experimental results VFAC 

- The optimum use of the ACO ant colonies in the vertical 

fragmentation problem is the pre-assessment of attribute characteristics 

over clusters by computation of measurements and this is also a good 

one among distributed database vertical fragmentation solutions by 

integrating between accumulated cluster and partitive clustering. 

- VFAC algorithm complexity is defined: 

O(max((Nant * NT) ; (N
2

F * NT * Natt))) 

- VFAC complexity is greater than clusters k-Means: O(t*k*n*d)  

and k-Medoids: O(k*(n-k)
2
) ), algorithm BEA. 

3.4.3. Experimental results of VFAC proposed algorithm 

3.4.3.1 The experimental result of installation VFAC 

Table 3.4  Dataset D consists of 20 instance 

@NAME= Instance 1 

5.1 3.5 1.4 0.2 

@NAME= Instance 2 

4.9 3.0 1.4 0.2 

@NAME= Instance 3 

4.7 3.2 1.3 0.2 

@NAME= Instance 4 

4.6 3.4 1.7 0.2 

@NAME= Instance 5 

5.0 3.6 1.4 0.2 

@NAME= Instance 6 

4.4 2.9 1.4 0.2 

@NAME= Instance 7 

4.9 3.1 1.4 0.2 

@NAME= Instance 8 

5.4 3.7 1.5 0.2 

@NAME= Instance 9 

4.8 3.7 1.5 0.2 

@NAME= Instance 10 

4.8 3 1.4 0.1 

@NAME= Instance 11 

5 3 2 1 

@NAME= Instance 12 

15 13 12 11 

@NAME= Instance 13 

30 60 52 51 

@NAME= Instance 14 

50 40 42 41 

@NAME= Instance 15 

30 50 42 31 

@NAME= Instance 16 

20 50 52 21 

@NAME= Instance 17 

10 15 52 21 

@NAME= Instance 18 

21 25 25 22 

@NAME= Instance 19 

11 15 35 42 

@NAME= Instance 20 

11 25 45 45 
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Through the three test results, the thesis proceeds to compare 

between the two primitive k-Means algorithms and the VFAC 

algorithm with 5 test times, corresponding cluster numbers: k = 3; k = 

7, k = 10, k = 15 and k = 19 as shown in (Table 3.5): 

Table 3.5  Dataset Algorithm k-Means  and VFAC Improved 

Algorithm 
Mumber 

Cluster k 

Total 

time 

(ms) 

Sum of Squared 

Errors (Min) 

Max memory 

usage (Mb) 

Frequent 

itemsets 

count 

 

k-Means  

k=3 16 4728.4549 1.2986 3 

k=7 16 2582.9550 1.2987 3 

k=10 16 5437.3716 1.3000 5 

k=15 16 1455.4550 1.2987 2 

k=19 16 5437.3716 1.3000 2 

      

 

VFAC 

Improved 

k=3 16 2633.4550 1.2800 10 

k=7 16 2633.7012 1.2800 10 

k=10 15 2632.7272 1.2801 10 

k=15 15 2632.0085 1.2801 9 

k=19 15 2632.0016 1.2802 8 

 

3.4.3.3 Evaluation of VFAC algorithm results 
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Figure 3.8  Implement data set D on VFAC algorithm 

 

 

Figure 3.9  Comparison on two k-Means and VFAC algorithms 

General evaluation of VFAC proposed algorithm: 

- Consider the VFAC algorithm with (k = 3) as shown above 

Figure 3.6 , Figure 3.7  And the graphical results shown in Figure 3.8 , 

Figure 3.9. When increasing the number of clusters k, the total time 
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decreases, the average error cost is the same and the number of 

iterations decreases as well. This shows that the VFAC algorithm has 

the advantage of dealing with large datasets with a large number of 

clusters. 

- With (k = 10), the VFAC algorithm is more optimal than the 

k-Means algorithm for many indicators such as total time, error cost, 

and memory cost. As the number of k clusters increases, the VFAC 

algorithm decreases in total computation time and the number of 

iterations over k-Means. 

- By comparison of the above graph (Figure 3.8), (Fig. 3.9), the 

stability of VFAC algorithm has been demonstrated. 

3.5. CONCLUSION 

Chapter 3 presents the studies on the longitudinal 

fragmentation problem in distributed database design based on 

clustering combining based on raw file theory and FAC clustering 

based on ACO antimicrobial optimization theory. . 

Based on clustering by rough approach, the thesis proposed to 

construct a similarity matrix for clustering, corresponding to each pair 

of objects in the matrix, to assign the current clusters or new clusters 

based on the lower and approximate set. The improvement of the k-

Means primitive clustering algorithm to the KR coarse aggregate by 

combining distances, similarities with the approximation sets, and 

approximately has the advantage of improved measurement accuracy. 

and the selection of clusters. 

Based on clustering by ACO method, the thesis proposes the 

development of similar measures for FAC clustering algorithm and 

VFAC clustering problem. The results of the trial comparison have 
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been fully evaluated, showing the efficiency of the computational 

complexity of the proposed algorithms. 

Analytical, comparative and empirical studies show that access 

to proposed clustering techniques for clustering combined with the 

VFAC ant colonies has several advantages over large data sets, Memory 

costs increase slightly and the number of iterations decreases 

considerably, reducing the computational complexity when k is large. 

 

 

CONCLUSION 

 

The main objectives of this thesis are focusing on the methods 

of clustering data clusters in data mining to data fragmentation 

applications in distributed database design. The thesis achieves the 

main research results as follows: 

1. Present two new approaches to rough set and optimize ACO 

ant colony in vertical clustering problem in distributed database design 

according to data mining approach. 

2. Development of homologues based on attribute affinity and 

the improvement of two HFC horizontal fragmentation algorithms and 

VFC vertical fragmentation in distributed database design. 

3. KR rough clustering algorithm proposed for the 

fragmentation problem along the scattered raw database. 

4. The proposed fragmentation algorithm along the VFAC ant 

colonies cluster is based on the FAC ant colonial cluster method, which 

allows us to gradually narrow the search space and improve the 

efficiency of the data fragmentation algorithm in the post. distributed 

database design math. 
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The development of the thesis is to continue to study, 

supplement and complete the problem of database design scattered 

according to some new approaches such as: 

- Continue to study distributed fragmentation algorithms across 

distributed data based on rough clustering and clustering of ant 

colonies. 

- Experiment with proposed clustering algorithms such as 

VFAC on large datasets of heterogeneous database systems. 

- For fragmentation problems where n objects need to be 

clustered and large numbers of clusters, computational complexity is 

high. Therefore, the study of algorithm improvement and computational 

speed is a development direction after this thesis./. 
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