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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. CFDMiner, 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. FastCFD 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
Recent statistics reveals that dirty date costs US businessesbillions 
of dollars annually (cf. [6]). It is also estimatedthat data cleaning, 
a labor-intensive and complexprocess, accounts for 30%-80% 
of the development timein a data warehouse project (cf. [18]). 
These highlight theneed for data-cleaning tools to automatically 
detect and effectivelyremove inconsistencies and errors in the 
data.One of the most important questions in connection withdata 
cleaning is how to model the consistency of the data,i.e., how 
to specify and determine that the data is clean?This calls for 
appropriate application-specific integrity constraints[16] to 
model the fundamental semantics of the data.Unfortunately little 
previous work has studied this issue.Commercial ETL (extraction, 
transformation, loading) toolshave little built-in data cleaning 
capability, and a significantportion of the cleaning work has still 
to be one manually orby low-level programs that are difficult to 
write and maintain[16]. A bulk of prior research has focused on 
themerg purgeproblem (e.g., [8, 10, 15, 20]) for the elimination 
ofapproximate duplicates, or on detecting domain discrepancies 
and structural conflicts
There has also been recent work on constraint repair [2, 9], which 
specifies the consistency of data in terms of constraints, and 
detects inconsistencies in the data as violations of the constraints. 
However, previous work on constraint repair ismostly based on 
traditional dependencies (e.g., functionaland full dependencies, 

etc), which were developed mainlyfor schema design, but are often 
insufficient to capture the semantics of the data, as illustrated by 
the example below.

and A. The pattern tuple consists of constants and an unnamed 
variable ‘ ’ that matches an arbitrary value. To discover a CFDit 
is necessary to find not only the traditional FD X “ A butalso 
its pattern tuple tp. With the same FD X “ A there arepossibly 
multiple CFDs defined with different pattern tuples,e.g., !1–!3. 
Hence a canonical cover of CFDs that hold onr0 is typically much 
larger than its FD counterpart. Indeed,as recently shown by [10], 
provided that a fixed FD X “ Ais already given, the problem 
for discovering sensible patternsassociated with the FD alone is 
already NP-complete. !Observe that the pattern tuple in each of 
!1–!3 consistsof only constants in both its LHS and RHS. Such 
CFDs arereferred to as constant CFDs. Constant CFDs are instance-
levelFDs [11] that are particularly useful in object identification, 
anissue essential to both data quality and data integration.
The discovery problem has been studied forFDs for two decades 
[12-19] for database design, data archiving, OLAP and datamining. 
It was first investigated in [12], which shows thatthe problem is 
inherently exponential in the arity |R| of theschema R of sample data 
r. One of the best-known methodsfor FD discovery is TANE [13], a 
level wise algorithm [20] thatsearches an attribute-set containment 
lattice and derives FDswith k + 1 attributes from sets of k attributes, 
with pruningbased on FDs generated in previous levels. TANE 
takes lineartime in the size |r| of input sample r, and works well 
when thearity |R| is not very large. The algorithms of [16-17], 
[18]follow a similar level wise approach. However, the level 
wisealgorithms may take exponential time in |R| even if the outputis 
not exponential in |R|. In light of this, another algorithm,referred 
to as FastFD [14], explores the connection between FD discovery 
and the problem of finding minimal covers ofhyper graphs, and 
employs the depth-first strategy to searchminimal covers. Its takes 
(almost) linear-time in the size of theoutput, i.e., in the size of the 
FD cover. It scales better thanTANE when the arity is large, but it 
is more sensitive to thesize |r|. Indeed, it is in O(|r|2 log |r|) time, 
when consideringdata complexity (|R| is assumed constant). There 
has also beena bottom-up approach [15] based on techniques for 
learninggeneral logical descriptions in a hypotheses space. As 
shownin [13], TANE outperforms the algorithm of [15]. Recently 
two sets of algorithms have been developed

II. Existing System 
In this section we discuss about the CFD, CFD miner, CTANE 
algorithms



IJCST Vol. 4, ISSue 3, July - SepT 2013

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  189

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

A. 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 
manner, CTANE searches the lattice in a level wise 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 ⊂ X and |Y|=l we have Y ϵLl}

B. Fast CFD Algorithm
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 hyper 
graphs (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 sethypergraph, 

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 differencesets 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 Dr

A;
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 Aare
r={D-{A} |D ϵ r and A ϵ D}.

C. CFDMiner
CFDMiner is a level wise process which identifiesattributes and 
give it as input to the algorithm and find out functional dependencies 
set, equivalence set and key set.CFD φ = (X→A,tp) over R is said 
to be trivial if A ϵ X. If φ is trivial, then either it is satisfied by all 
instances of R or it is satisfied by none of the instances in which 
there is a tuple t such that t[X] ≤ tp[X]. In the sequel we consider 
nontrivial CFDs only.
A minimal CFD ϕon r is a nontrivial, left-reduced CFD such that 
r |= ϕ. Intuitively, a minimal CFD is non-redundant. It is based 
on the FD_Mine algorithm. Before introducing this algorithm, 
the following identifiers are introduced.
CANDIDATE_SET: a set of candidates
FD_SET : the set of discovered functional dependencies, each in 
the form of X→Y
EQ_SET : the set of discovered equivalences, each in the form 
X↔Y.
KEY_SET: the set of discovered keys.

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 XiϵCANDIDATE_SET do
set Closure’ [Xi] = φ
2. Iteration Step
while CANDIDATE_SET ≠ φ do
for all Xi ϵ CANDIDATE_SET do
ComputeNonTrivialClosureof Xi
ObtaintFDandKey of Xi
ObtainEQSet of CANDIDATE_SET
PruneCandidates of CANDIDATE_SET
GenerateCandidates of CANDIDATE_SET
3. DisplayFD_SET, EQ_SET, KEY_SET

III. Proposed System
In this section we discuss about the Greedy approach. 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.

A. 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|Utpϵ T cover(tp)|
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¯ 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 ϵdom(X), yx = argmaxy|{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)|

B. Table Generation Problem
We now formalize the problem of generating a good pattern 
tableau. The input to our problem is a relation instance and a 
standard FD that does not exactly hold on the data (else we would 
not need a CFD). The FD if we know  to hold over some patterns 
that can be supplied as input; In this, we ignore such patterns and 
assume that the tableau to be  empty initially.
Moreover, we wish to find a parsimonious set of patterns. This will 
provide a more semantically meaningful tableau using general, 
and thus more interesting, patterns (due to their higher supports) 
rather than spurious ones. It will also enable faster validation of 
the CFD on other instances of the relation.
The Greedy method algorithm computes the support and confidence 
of every possible candidate pattern and then iteratively chooses 
patterns with highest marginal support by adjusting the marginal 
supports for the remaining candidate patterns after each selection, 
until the global support threshold is met or until all candidate 
patterns are exhausted. The “frontier” F maintains the remaining 
candidates patterns, and is initialized to be the set P of candidate 
patterns. Variable margSupp(p) reflects |cover(p)|, after tuples 
covered by tableau T have been removed, at all iterations.

IV. Results
In order to implements these four algorithms we calculate the 
performance of algorithms on the basis on time complexity and 
space complexity

V. Conclusions and Future Work
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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