
IJCST Vol. 3, ISSue 1, Jan. - MarCh 2012 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m176    InternatIonal Journal of Computer SCIenCe and teChnology 

Abstract 
Conditional Functional Dependencies (CFDs) are an extension 
of Functional Dependencies (FDs) by supporting patterns of 
semantically related constants, and can be used as rules for 
cleaning relational data. However, finding CFDs is an expensive 
process that involves intensive manual effort. To effectively 
identify data cleaning rules, we take 4 techniques for cleaning 
the data from sample relations. CFD Miner, is based on techniques 
for mining closed item sets, and is used to detect constant CFDs, 
namely, CFDs with constant patterns only. It provides a heuristic 
efficient algorithm for discovering patterns from a fixed FD. It 
leverages closed-item set mining to reduce search space. CTANE 
works well when the arity of a sample relation is small and the 
support threshold is high, but it scales poorly when the arity of 
a relation increases. Fast CFD is more efficient when the arity 
of a relation is large. Greedy Method formally based on the 
desirable properties of support and confidence. It studying the 
computational complexity of automatic generation of optimal 
tables and providing an efficient approximation algorithm. These 
techniques are already implemented in the previous papers. We 
take algorithms of these 4 techniques and find out time and space 
complexity of each algorithm to know which technique will be 
helpful in which case and display the results in the form of line 
and bar charts. 
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I. Introduction 
Let X and Y be subsets of a relational schema R. A Functional 
Dependency (FD) X→Y asserts that any two tuples that agree on 
the values of all the attributes in X must agree on the values of all 
the attributes in Y. A Conditional Functional Dependency (CFD) 
on R is a pair (R : X→Y,Tp) where X→Y is a standard FD also 
referred to as the embedded FD and Tp is a pattern tableau with 
all attributes from X and Y i.e. Tp[A] is a constant and for all B 
ϵ X, Tp[B] is a constant. It is called a variable CFD if Tp[A]= 
- i.e. the RHS of its pattern tuple is the unnamed variable „-„. 
However, it is necessary to have techniques in place that can 
automatically discover or learn CFDs from sample data, to be 
used as data cleaning rules for CFD based cleaning methods to 
be effective in practice.
Prior work. The developed methods for FD discovery are 
CFDMiner, CTANE and FastCFD. Initially Greedy method 
technique also developed by using Conditional Functional 
Dependencies. The CFDMiner is used to discover constant CFDs. 
It explores the connection between minimal constant CFDs and 
closed and free item sets. It works well when the relation is small. 
The CTANE is a levelwise algorithm that searches attribute-set 
containment lattice and derives FDs with l+1 attributes from sets 
of l attributes with pruning based on FDs generated in previous 
levels. It works well when the arity is small. FastCFD discovers 
general CFDs. It employs a depth-first search strategy instead of 
following the levelwise approach. 

A. Contributions
The key contributions of our work include the following. In section 
II we discuss definition for CFDMiner, CTANE and FastCFD 
and their algorithms for convenience. In this paper another 
technique Greedy method technique adding to the previous 3 
techniques.. Greedy method definition and defines tableau support 
and confidence. It presents an efficient table generation problem. 
Section III summarizes the experimental results. Last section 
concludes the paper. For convenience we give the definition and 
main algorithm of each algorithm.

II. ExistingSystem
In Existing system we discuss about The developed methods for 
FD discovery are CFDMiner, CTANE. Initially Greedy method 
technique also developed by using Conditional Functional 
Dependencies. The CFDMiner is used to discover constant CFDs. 
It explores the connection between minimal constant CFDs and 
closed and free item sets. It works well when the relation is 
small.

A. CFDMiner
 The developed methods for FD discovery are CFDMiner, CTANE 
and FastCFD. Initially Greedy method technique also developed 
by using Conditional Functional Dependencies. The CFDMiner 
is used to discover constant CFDs. It explores the connection 
between minimal constant CFDs and closed and free item sets. 
It works well when the relation is small.
Algorithm to discover all functional dependencies in a dataset. 
Input: Dataset D and its attributes X1, X2, ... , Xm 
Output: FD_SET, EQ_SET and KEY_SET 

1. Initialization Step 
R = {X1, X2, ..., Xm}, FD_SET = φ, 
EQ_SET = φ, KEY_SET = φ 
CANDIDATE_SET = {X1, X2, ..., Xm} 
for all Xi ϵ CANDIDATE_SET do 
set Closure’ [Xi] = φ 

2. Iteration Step 
while CANDIDATE_SET ≠ φ do 
for all Xi ϵ CANDIDATE_SET do 
ComputeNonTrivialClosure of Xi 
ObtaintFDandKey of Xi 
ObtainEQSet of CANDIDATE_SET 
PruneCandidates of CANDIDATE_SET 
GenerateCandidates of CANDIDATE_SET 

3. Display FD_SET, EQ_SET, KEY_SET

B. CTANE
CTANE is a level wise algorithm for discovering minimal, 
k-frequent CFDs. It is used [14], for discovering FDs. CTANE 
mines CFDs by traversing pattern lattice L in a level wise way. 
To find all valid minimal non-trivial dependencies in a level wise 
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manner, CTANE searches the lattice in a levelwise manner. A 
level Ll is the collection of attribute sets of size l where the sets 
in Ll can potentially be used to construct dependencies based on 
the considerations of the previous sections. CTANE starts with 
L1={{A}|A ϵ R} and computes L2 from L1, L3 from L2 and so 
on, according to the information obtained during the algorithm. 
Algorithm 
Input: relation r over schema R, FDs 
Output: minimal non-trivial functional dependencies that hold 
in r 
1 L0 := {Ø} 
2 C(Ø):=R 
3 L1 :={{ A } | A ϵ R} 
4 l:=1 
5 While (Ll ≠ Ø) 
6 PRUNE(Ll) 
7 Ll+1:=GENERATE_NEXT_LEVEL(Ll) 
8 l := l+1 
The procedure PRUNE(Ll) prunes the search space by deleting 
sets from Ll. The procedure GENERATE_NEXT_LEVEL(Ll) 
forms the next level from the current level. The specification of 
GENERATE_ NEXT_LEVEL is Ll+1:={ X | |X|=l+1 and for all 
Y with Y ϵ X and |Y|=l we have Y ϵ Ll}

C. Greedy Method
It is based on the properties of support, confidence and parsimony. 
We show that the problem of generating an optimal tableau for a 
given FD is NP-complete but can be approximated in polynomial 
time via a greedy algorithm. 
Support and Confidence 
Given a CFD Á = (R : X → Y; T) and a relation instance dom(R), 
let cover(p) be the set of tuples matching pattern p: 
cover(p) = {t : (t ϵ dom(R)) ^ (t[X]  p[X])}: 
We define the local support of p as the fraction of tuples .covered. 
by (i.e., match the antecedent of) p, and the global support of T as 
the fraction of tuples covered by at least one of its patterns: 
local support(p) =|cover(p)|/N 
global support(T) = 1/N|Utp ϵ T cover(tp)| 
¯ Let keepers(p) denote the tuples covered by p, after removing 
the fewest tuples needed to eliminate all violations. 
keepers(p) = Uxϵdom(X){t : t[XY ]  p[XY ] = XYx} 
where, for all x ϵ dom(X), yx = arg maxy|{t : xy = t[XY ]  
p[XY ]}|. That is, for each distinct binding x of the antecedent 
attributes, we retain tuples that agree on the most frequently 
occurring consequent binding yx matching p[Y ], and eliminate 
those that do not. Then: 
local confidence(p) = |keepers(p)|/|cover(p)|

III. Proposed System
In This proposed System we discuss about the Fast CFD 
Algorithm

A. FastCFD
FastCFD discovers k-frequent, minimal CFDs in a depth first 
way. It is inspired by FastFD[15], a depth first algorithm for 
discovering FDs. 
We develop an algorithm for FastCFD for finding the canonical 
cover of the set of FDs (Fr) of a given relation instance r. Finding 
Fr is equivalent to finding the minimal covers of each of a set of 
hypergraphs (one for each attribute) constructed from the difference 
sets of the relation instance. FastCFD carries out the following 
steps for each attribute, A ϵ R : (1) Construct the difference set 

hypergraph, rA.(2) Compute the set of minimal covers of rA using 
depth first heuristic driven search. 
Algorithm for Computing minimal FDs from a relation instance 
r 
Method FastFDs: 
Input : relation instance r with schema R 
Output : Canonical cover of minimal FDs over r, Fr 
Find difference sets of r, r; 
For A ϵ R do 
compute difference sets of r modulo A, rA from r; 
if rA = Ø then 
output Ø-> A; 
else if Ø  rA then 
>init is the total ordering of R-{A} according to DrA; 
findCovers(A, r, rA, Ø, >init); 
For t1, t2 ϵ r, the difference sets of t1 and t2 is 
D(t1, t2) = {B ϵ R | t1[B] ≠ t2[B]} 
The difference sets of r are 
Dr = {D(t1, t2) | t1,t2 ϵ R,D(t1,t2≠ Ø}. 
Given a fixed A ϵ R, the difference sets of r modulo A are 
r ={D-{A} | D ϵ r and A ϵ D}.

IV. Proposed System
Comparing from one technique to another with time and space 
complexity having the following results. The results will be vary 
whenever we change the arity of a relation, the number of tuples 
and depending on the number of patterns. Here we had taken 15 
records and 7 attributes. 
1. This is the resultant graph while comparing all the algorithms 
by considering space in the bar chart. 
2. This is the resultant graph while comparing all the algorithms 
by considering time in the bar chart. 
3. This is the resultant graph while comparing all the algorithms 
by considering space in the lline chart. 
4. This is the resultant graph while comparing all the algorithms 
by considering time in the line chart. 
5. This is the resultant graph while comparing all the algorithms 
by considering space in the bar chart.

Fig. 1:

6. This is the resultant graph while comparing all the algorithms 
by considering time in the bar chart.
7. This is the resultant graph while comparing all the algorithms 
by considering space in the line chart.
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Fig. 2:

This is the resultant graph while comparing all the algorithms by 
considering time in the line chart.

Fig. 3:

IV. Conclusion
Among 4 techniques (CFDMiner, CTANE, FastCFD, Greedy 
Method), for less number of tuples and less number of attributes 
CFDMiner will be efficient. For large DB and the arity of a relation 
is small, CTANE is efficient. For large DB and the arity of a 
relation increases, FastCFD is efficient. For large DB and more 
number of patterns, Greedy method will be efficient.
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