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Abstract
We propose a class of integrity constraints for relational databases, 
referred to as Conditional Functional Dependencies (CFDs), and 
study their applications in data cleaning. In contrast to traditional 
Functional Dependencies (FDs) that were developed mainly for 
schema design, cfds aim at capturing the consistency of data 
by enforcing bindings of semantically related values. For static 
analysis of cfds we investigate the consistency problem, which 
is to determine whether or not there exists a nonempty database 
satisfying a given set of cfds, and the implication problem, which 
is to decide whether or not a set of cfds entails another cfd. We 
show that while any set of transitional fds is trivially consistent, 
the consistency problem is np-complete for cfds, but it is in ptime 
when either the database schema is predefined or no attributes 
involved in the cfds have a finite domain. For the implication 
analysis of cfds, we provide an inference system analogous to 
Armstrong’s axioms for fds, and show that the implication problem 
is conp-complete for cfds in contrast to the linear-time complexity 
for their traditional counterpart. We also present an algorithm for 
computing a minimal cover of a set of cfds. since cfds allow data 
bindings, in some cases cfds may be physically large, complicating 
detection of constraint violations. We develop techniques for 
detecting cfd violations in sql as well as novel techniques for 
checking multiple constraints in a single query. We also provide 
incremental methods for checking cfds in response  to changes to 
the database. We experimentally verify the effectiveness of our 
cfd-based methods for inconsistency detection. This work not 
only yields a constraint theory for cfds but is also a step toward a 
practical constraint-based method for improving data quality.
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I. Introduction
Recent statistics reveal that dirty data costs us businesses billions 
of dollars annually (cf. [Eckerson 2002]). It is also estimated that 
data cleaning, a labor-intensive and complex process, accounts for 
30%-80% of the development time in a typical data warehouse 
project (cf. [shilakes and Tylman 1998]). These highlight the need 
for data-cleaning tools to automatically detect and effectively 
remove inconsisten- cies and errors in the data.
One of the most important questions in connection with data 
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 [Rahm 
and Do 2000] to model the fundamental semantics of the data. 
However, little previous work has studied this issue. Commercial 
etl (extraction, transformation, loading) tools have little built-in 
data cleaning capability, and a significant portion of the cleaning 
work has still to be done manually or by low-level programs that 
are difficult to write and maintain [Rahm and Do 2000]. A bulk 
of prior research has focused on the merge-purge problem for 
the elimination of approximate duplicates (e.g., [Winkler 1994; 

Hernandez and stolfo 1998; Galhardas et al. 2000; Monge 2000]), 
or on detecting domain discrepancies and structural conflicts (e.g., 
[Raman and Hellerstein 2001]). There has also been recent work 
on constraint repair [Arenas et al. 2003; Fran- coni et al. 2001; 
Bravo and Bertossi 2003; Cali et al. 2003a; 2003b; Chomicki and 
Marcinkowski 2005a; Greco et al. 2003; Wijsen 2005], 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 is mostly based on 
traditional dependencies (e.g., functional and full dependencies, 
etc), which were developed mainly for schema design, but are 
often insufficient to capture the semantics of the data, as illustrated 
by the example below.  Consider a relation schema cust(CC,AC, 
PN,NM, STR, CT , ZIP),which specifies a customer in terms of 
the customer’s phone (country code (CC), area code (AC), phone 
number (PN)), name (NM), and address (street (sTR), city (CT), 
zip code (ZIP)). An instance of cust is shown in . Traditional 
functional dependencies (fds) on a cust relation may include: 
f1: [CC, AC, PN] → [STR, CT, ZIP]
f2: [CC, AC] → [CT]
Recall the semantics of an fd: f1 requires that customer  records 
with the samecountry code, area code and phone number also 
have the same street, city and zip code. similarly, f2 requires 
that two customer records with the same country- and area codes 
also have the same city name. Traditional fds are to hold on all 
the tuples in the relation . In contrast, the following constraint is 
supposed to hold only when the country code is 44. That is, for 
customers in the uk, ZIP determines STR: φ0: [CC = 44, ZIP] 
→ [STR] In other words, φ0 is an fd that is to hold on the subset 
of tuples that satisfies the pattern “CC = 44”, rather than on the 
entire cust relation. It is generally not considered an fd in the 
standard definition since φ0 includes a pattern with data values 
in its specification.
The following constraints are again not considered fds:
φ1: [CC = 01, AC = 908, PN] → [STR, CT = mh, ZIP]
φ2: [CC = 01, AC = 212, PN] → [STR, CT = nyc, ZIP]
φ3: [CC = 01, AC = 215] → [CT =phi]
Constraint φ1 assures that only in the us (country code 01) and 
for area code 908, if two tuples have the same PN, then they must 
have the same sTR and ZIP and moreover, the city must be mh. 
Similarly, φ2 assures that if the area code is 212 then the city 
must be nyc; and φ3 specifies that for all tuples in the us and with 
area code 215, their city must be phi (irrespective of the values of 
the other attributes). Observe that φ1 and φ2 refine the standard 
fd f1 given above, while φ3 refines the fd f2. These refinements 
essentially enforce bindings of semantically related data values. 
Indeed, while tuples t1 and t2 in Fig. 1 do not violate f1, they 
violate its refinement φ1, since the city cannot be nyc if the area 
code is 908. In this example, the constraints φ0, φ1, φ2 and φ3 
capture a fundamental part of the semantics of the data. However, 
they cannot be expressed as standard fds.
Indeed, in contrast to fds that express knowledge only at the 
intensional (schema) level, these constraints combine intensional 
and extensional (data-level) expressions by incorporating constants 
into fds and enforcing patterns of semantically related data values. 

Performance Evolution of Ctane, CFD and 
Fast CFD Algorithms  

1Pradeep Kalapala, 2CH. Raja Jacob
1,2,3Dept. of CSE, NOVA College of Engineering & Tech, Jangareddygudem, AP, India



IJCST Vol. 3, ISSue 1, Spl. 5, Jan. - MarCh 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 913

Further, they hold conditionally, i.e., only on the subset of a relation 
that satisfies certain patterns, rather than on the entire relation.
Constraints that hold conditionally may arise in a number of 
domains. For exam- ple, an employee’s title may determine her 
pay grade in some parts of an organiza- tion but not in others; 
an individual’s address may determine his tax rate in some 
countries while in others it may depend on his salary, etc. Further, 
dependencies that apply conditionally appear to be particularly 
needed when integrating data, since dependencies that hold 
only in a subset of sources will hold only conditionally in the 
integrated data. Indeed, in the authors’ direct experience with 
telecommunication service providers, errors and inconsistencies 
commonly found in real-life data often emerge as violations of 
conditional dependencies; they routinely lead to problems like 
failure to bill for provisioned services, delay in repairing network 
problems, unnecessary leasing of equipment, and so on, but cannot 
be detected by schema-level constraints alone. These call for the 
study of conditional dependencies, which aim to capture data 
inconsistencies at the intentional level (as done in prior work on 
data cleaning) and extensional level in a uniform framework. A 
recent study [Cong et al. 2007] also demonstrates that conditional 
dependencies are  more effective than standard fds in repairing 
inconsistent data in practice.

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

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 ϵ Ll}

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 set 
hypergraph, .(2) Compute the set of minimal covers of  
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, ;
For A ϵ R do
   compute difference sets of r modulo A,  from ;
   if  = Ø then
      output Ø-> A;
   else if Ø  then 
        >init is the total ordering of R-{A} according to ;
        findCovers(A, , , 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

 ={D-{A} | D ϵ  and A ϵ D}.

III. Proposed System
In this section we discuss about the CFD Miner and 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.

C. CFDMiner
CFDMiner is a level wise process which identifies attributes 
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 ϕ on 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



IJCST Vol. 3, ISSue 1, Spl. 5, Jan. - MarCh 2012 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m914    InternatIonal Journal of Computer SCIenCe and teChnology 

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

(i). 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) = {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)|

(ii). 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

Fig. 1:

Fig. 2:

Fig. 3:
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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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