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Abstract
Conditional Functional Dependencies are designed for the 
detection and repairing of inconsistencies of data. Conditional 
Functional Dependencies (CFDs) have been proposed as a new 
type of semantic rules extended from traditional functional 
dependencies. They have shown great potential for detecting and 
repairing inconsistent data. The theoretical search space for the 
minimal set of CFDs is the set of minimal generators and their 
closures in data. This search space has been used in the currently 
most efficient constant CFD discovery algorithm. In this paper, 
we propose pruning criteria to further prune the theoretic search 
space, and design a fast algorithm for constant CFD discovery. 
We evaluate the proposed algorithm on a number of medium to 
large real world data sets. The proposed algorithm is faster than 
the currently most efficient constant CFD discovery algorithm, 
and has linear time performance in the size of a data set.
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I. Introduction
A Functional Dependency (FD) is a constraint between two sets 
of attributes in a relation from a database.
Given a relation R, a set of attributes X in R is said to functionally 
determine another attribute Y, also in R, (written X → Y) if, and 
only if, each X value is associated with precisely one Y value. 
Customarily we call X the determinant set and Y the dependent 
attribute. Thus, given a tuple and the values of the attributes in X, 
one can determine the corresponding value of the Y attribute. In 
simple words, if X value is known, Y value is certainly known. 
For the purposes of simplicity, given that X and Y are sets of 
attributes in R, X → Y denotes that X functionally determines each 
of the members of Y - in this case Y is known as the dependent 
set. Thus, a candidate key is a minimal set of attributes that 
functionally determine all of the attributes in a relation. The 
concept of functional dependency arises when one attribute is 
dependent on another attribute and it also uniquely determines 
the other attribute.
A functional dependency FD: X → Y is called trival if Y is a 
subset of X.
Poor data quality has been a major problem in many organizations. 
Erroneous and inconsistent data has costed US business hundreds 
of billions of dollars because of poor business decisions resulting 
from the poor data quality [1]. Recently, conditional functional 
dependencies (CFDs) have shown great potential for detecting 
and repairing inconsistent data in relational data sets [2-3]. For 
example, the following CFD was discovered in US airline traffic 
data in our experiment. “((Origin State Name, Distance Group -> 
Destination ,State Name), Hawaii, 1 || Hawaii). It means that if the 
Origin State is Hawaii and the Distance Group is in 1 (e.g. less 
than 1000 km), then the Destination must be Hawaii. Normally, 
there is no functional dependency (FD) between attributes (Origin 
State, Distance Group) and attribute Destination State. In other 
words, two flights departing from the same state and flying within 

the same distance group (e.g. less than 1000 km), they may fly 
to different destination states. However, when the original state 
is Hawaii and the distance group is 1, the destination state is 
dependent on the values of two attributes. In this example, the 
destination state has to be Hawaii. This is a conditional functional 
dependency where the value dependency only holds for some 
specific attribute values (not for all values).
Conditional Functional Dependencies are designed for the detection 
and repairing of inconsistencies of data. For example, suppose 
that the above CFD has been found in January data. In February, 
we found a record with the following information (Origin State 
Name = Hawaii, Distance Group=1, Destination State Name = 
Washington). We have very strong reason to suspect an erroneous 
value in the record. Or if a CFD can be formed when very few 
records are disregarded, then these records may contain erroneous 
values. It is important for an organization to have a complete set 
of integrity constraints that reflect the organization’s policies and 
domain semantics to improve and maintain the data quality of the 
organization. CFD discovery helps an organization to build a set 
of such constraints.

II. Existing System
The study on the discovery of CFDs has just started. A few 
algorithms have been published in the last few years. An algorithm 
using an attribute lattice to generate candidate embedded FDs is 
published in [1]. A greedy approximation algorithm is proposed 
in [4] to compute a close-to-optimal tables for a CFD when 
the embedded FD is given. Three algorithms called CTANE, 
CFDMiner, and FastCFD were proposed in [5]. The rule discovery 
based method, CFDMiner, has been shown to be several orders 
of magnitude faster than two other functional dependency based 
methods. One major reason is that the rule discovery based 
method makes use of the frequency and closure pruning strategies 
developed in rule discovery [6-7].
Constant CFD discovery is a special case of association rule 
discovery [5]. In the light of rule discovery research, a theoretical 
search space for the minimal set of CFDs is the set of minimal 
generators and their closures in data [7-9]. This search space has 
been used by CFDMiner [5], the currently most efficient constant 
CFD discovery algorithm. In this paper, we will show that the 
discovery of minimal set of CFDs does not need all minimal 
generators and closures. We will propose new criteria to further 
prune this search space. We will then propose a fast algorithm for 
the discovery of minimal set of CFDs. The algorithm is evaluated 
on some real world data sets and has been shown to be faster than 
CFDMiner [5].

A. Conditional Functional Dependencies 
Assume a table R over a set of attributes A1……….Am. Let 
dom(A) be a set of values (or tuples) of attribute (or attribute set) 
A. Let ti[A] be the projection of tuples ti on attribute (or set) A. 
In this paper, a capital letter stands for a set or an attribute, and 
a lower case letter for an attribute value. We call a tuple over the 
set of all attributes A1……..Am a record.
Functional dependency (FD)
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 An FD over R is represented as X  Z, where (1) X is a set of 
attributes and Z is a single attribute and Z ₵ X,and (2)Ʉi; j, if 
ti[X] = tj[X], then ti[Z] = tj[Z].

Table 1:

For example, the following two FDs hold in Table 1.
f1 : [CC; AC] |CT
f2 : [CC; AC; PN] | STR
f1 requires that two customers with the same country and area 
codes also have the same city code; f2 requires that two customers 
with the same country and area codes and the same phone number 
also have the same street address.
We only need to consider a single attribute on the right hand side 
(RHS) since X | Y Z is equivalent to X| Y and X | Z.
Conditional functional dependency (CFD)
  A CFD `[5] over R is a pair ( X Z, tp), where (1)X
Z is a standard FD, referred to as the FD embedded in ᵩ`. (2) tp 
is a pattern tuple with attributes in X and Z. For each attribute 
set B is subset of   X U Z, tp[B] is either a constant in dom(B) or 
an uninstantiated (or unnamed) variable ‘_’ that stands for any 
value of dom(B). Tuple t in R matches the pattern tuple tp in ᵩ` if 
for any attribute set B is subset of   X U Z t[B] = tp[B] or tp[B] = 
‘_ ’ (t agrees with ton all instantiated (or named) attributes of tp) 
Relation R satisfles  ᵩ  ` if in V I, j, ti[X] = tj[X] and both match 
tp[X], then ti[Z] = tj[Z] and both match t[Z]. Let LHS(tp) = tp[X] 
and RHS(tp) = tp[Z].
The following are some CFDs that hold in Table1.It  is the divider 
of LHS (Left Hand Side) and RHS (Right Hand Side).
0:  ([CC, ZIP]  STR, (44, _ _ ))
1:  ([CC, AC]  CT, (01  908 MH))
2:  ([CC, AC]  CT,(44,131 EDI))
3:  ([CC, AC]  CT,(01,212 NY C))

CFDs specify 1) the specific cases of an FD in a data set, and/
or 2) some conditions where FD holds in parts of a data set. For 
example, CFDs 1 2 3 Specify special cases of FD f1. FD [CC, 
ZIP]  STR does not hold in data set 1, but holds for the part of 
the data set where CC = 44. This has been summarized as a CFD 
0`. An FD can be considered as a special case of CFD when the 
tuple pattern  contains only the unnamed variable. For example, FD 
f1 : [CC, AC]  CT can be represented as a CFD f1 : ([CC,AC]

 CT (_,_,_))

III. Proposed System

 A Theoretical Search Space Constant CFDS
Constant CFD discovery has a close relationship with association 
rule discovery. We firstly discuss their relationship, and then 
discuss the search space for constant CFDs.
We firstly introduce notations in association rule discovery. 
A tuple can be equivalently represented as a set of attribute 
value pairs, called a pattern. Given a scheme (Name, Postcode, 
Phone Number), a tuple is represented as (John Smith, 077144, 
12345678).The order is important since values have to match 

attributes. However, the tuple can be represented as set (Name 
= John Smith, Postcode = 077144, Phone Number= 12345678). 
In this representation, the order is insigniflcant since values are 
associated with their attributes. The tuple representation has been 
used in FD discovery, and the set representation has been used 
in rule discovery. A pattern is a sub (or super) pattern of another 
pattern if its set of attribute value pairs is sub (or super) set of 
the set of attribute value pairs of another pattern. We use set 
representation in the following discussions.

1. Association Rule
 Let p be a pattern and z be an attribute value pair [10] where z p, 
p z is called an implication. The support of p in relation R is the 
fraction of records in R containing p, the support of z the fraction 
of records in R containing  z, and the support of p[ z] or pz (a 
shorthand for p[z] the fraction of records containing both p and 
z in R. The confidence of p  z is the ratio of the support of pz 
to the support of p. Implication p  z is an association rule if its 
support s and confidence c are at least as large as the minimum 
support and confidence, denoted as an (s, c)  association rule. 
Confidence and support will be denoted as conf and supp.
For example, (CC = 01, AC = 908)  CT =MH is an association 
rule with the support of 3/8 and confidence of 1. We say that it is 
a (0.375, 1) association rule.
Example 1. Consider the following data set. For simplicity, we 
only list attribute values that we are interested in.
A B C D

b c d
a d
a b d
a b c d

b c

Fig. 1: The Search Lattice of Example 1. The Support Count is 
Listed with a Pattern. One Group of Genetators and their Closure 
are Highlighted in Bold

The search lattice for all patterns in the table is illustrated in Figure 
1. The support is listed with each pattern. Patterns ac, abc, acd have 
the same closure as abcd. abc, acd and ac are its generators and ac 
is the minimal generator. In the data set, other minimal generators 
and their closures are (a, ad) (c, bc) (ab, abd) (cd, bcd).

2. Search Space for Constant CFDs
Given a data set, all attribute values and their combinations form 
a lattice, which is the complete search space. The search space is 
the set of nodes in the lattice to be traversed in order to discover 
a set of constant CFDs.
Normally, the size of the lattice is very large even for a data set 
with only a few attributes. For example, consider a data set of 16 
attributes, each of which contains 4 values. When we search for 
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CFDs with up to 6 attribute values in the LHSs and 1 attribute 
value in each RHS, the size of the lattice (the search space without 
pruning) is 2 A large search space makes the discovery of CFDs 
challenging.
Forward pruning can be used to make the search space smaller by 
predicting nodes that do not contain CFDs and by removing these 
nodes from the search space. The infrequent nodes can be pruned 
following the Apriori principle for frequent pattern mining [6]. 
All descendant nodes (patterns) of infrequent ones are infrequent 
and hence are pruned. The pruned search space is significantly 
smaller than the unpruned search space.
The search for minimal generators and their closures is another 
well deflned search task [9,11] and it is closely related to the non-
redundant rule (CFD) discovery [5]. We do not use all information 
in the search space for determining CFDs but only closures and 
their minimal generators. For example, nodes a, b, d, ab, ad, bd, 
and abd in Figure 1 are nodes in the search space, but only nodes 
a, ad, ab and abd are used for determining CFDs. The four nodes 
form a search space for CFDs in this example. We will provide 
detailed discussions in the following.
The following result has been discussed in previous work [7]
[8-9]. A generator and its closure will form a 100% confidence 
association rule (CFD). For example, generator ab and its closure 
abd form a 100% confidence rule ab  d because of supp(ab) = 
supp(abd) in Figure1.

3. Criterion 1 (RHS set pruning 1)
Assume a CFD candidate (Pxz; T). If there is a sub candidate (Px; 
T1) such that supp(P) = supp(Pz), then z will not be in the RHS 
sets of all super candidates of (Pz,T) and hence z can be pruned 
from RHS set T.
In Example 1, candidate (abd, {a, b, d }) is pruned to (abd, {a, b}) 
since supp(ab) = supp(abd). Candidate (bcd, {b,c, d}) is pruned 
to (bcd,{c, d}) since supp(bcd) = supp(cd).

4. Criterion 2 (RHS set pruning 2)
Assume a CFD candidate (Pxz,T). If there is a sub candidate 
(Px, T) such that supp(P⌐z) = supp(Px⌐z), then z will not be in 
RHS sets of all super candidates of (Pxz,T) and hence z can be 
removed from RHS set T.
Following the example before, candidate (abd; a; b) is pruned to 
(abd; a) since supp(a:b) = supp(ad:b). Candidate (abd; a) is further 
pruned to (abd) since supp(d:a) = supp(bd:a). In the same way, 
candidate bcd; c; d) is pruned to (bcd;) because of supp(b:c) = 
supp(bd:c) and supp(c:d) = supp(bc:d).

4. Criterion 3 (Candidate pruning)
Candidate(S,U) is prunable if there is subset U€S such that supp(S) 
= supp(U).
Following the example before, candidate (abd) is prunable since 
supp(ab) = supp(abd). Candidate abcd, c) is pruned too because 
it is a super candidate of (abd). Candidate (bcd) is prunable since 
supp(cd) = supp(bcd). Up to now, three closures abd, bcd and abcd 
in Example2 have been pruned since they are unnecessary for the 
discovery of the minimal set of CFDs.

5. Algorithm of  CFD Discvery
In this section, we present an algorithm for fast CFD discovery 
using the pruning criteria presented in the previous section. These 
criteria can be used in conjunction with frequency pruning [6,9]
[10]. The closure pruning [9] is implied by Criteria 1 and 3 and 
need not be employed separately.

Candidate representation We store attribute value pairs in 
lexicographic order. We do not use attribute information explicitly. 
However, no node in the search lattice will be formed by attribute 
value pairs from the same attribute. This will be enforced in the 
candidate generation of this algorithm. For example, if a1,a2  are 
two values from the same attribute. supp(a1 a2) = 0, and pattern 
(a1 a2 ) is pruned in the second level of candidate generation, and 
all its super patterns will not appear in the search lattice.
Using notations in the previous section, a candidate is pair (pattern, 
RHS set), denoted by (P , T). The RHS set T is a set of attribute 
value pairs that are possible RHSs of CFDs. RHS set T is a sub 
or equal set of P and candidate (P, T) represents a number of 
potential CFDs. For example, candidate (abc, a,b,c) indicates 
three potential CFDs ab  c, ac  b and bc  a, and candidate 
(abc, a,b) indicates two potential CFDs ac  b and bc  a. The 
removal of attribute value pairs from RHS set T is determined by 
Criteria1 and 2  Candidate (P,T) is legal candidate, and it can be 
pruned only when it satisfies the criteria 3.

6. Candidate Generator
The algorithm is based on the branch and bound search. For easy 
understanding and comparison, we present Candidate generator 
in a similar way as the Apriori candidate generation [6], the most 
famous branch and bound algorithm for rule discovery. We call 
a candidate l-candidate if its pattern contains l attribute value 
pairs. An l-candidate set includes all l-candidates. In the following 
discussions, we assume that attribute value pairs in a pattern are 
stored in a lexicographic order to avoid generating duplicate 
candidates like (abc, a). and (cba, a). S and Sl+1 and Sl means 
the set difference of S
Candidate key generator

The function takes two steps for candidate generation : combination 
and pruning. Lines 1 and 2 are for combination, and lines 4 to 
10 are for pruning.
We firstly illustrate the combination. Suppose that we have 
two candidates (abc,{a}) and (ab, {a, d}). They have the same 
prefix ab, and the pattern of the new candidate is abcd by joining 
patterns of two  candidates. For the RHS set of the new candidates 
(abc,{a}) and (abd,{a,d}). They have the same prefix ab, and the 
pattern of the new candidate is abcd by joining patterns of two 
candidates. For the RHS  set of the new candidate , both RHS sets 
are firstly expanded as {a,d} and {a,d,c} since d and c are new to 
candidates(abc,{a}) and (abd,{a,d}) respectively. Then the RHS 
set if the new candidate takes the intersection of  both expanded 
RHS  sets. The new candidate is (abcd,{a,d}). The intersection of 
RHS sets here and on line 7 is to ensure that removed potential 
RHSs from the RHS set of a candidate never appear on the RHS 
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sets of its super candidates. The correctness is guaranteed by 
pruning Criteria 1 and 2.
Secondly, we show the pruning process. Suppose that other 
3-candidates are (acd,{c,d}) and (bcd,{b}). For the new 
candidate (abcd,{c,d}) , we need to make sure that all its sub 
candidates are in the 3 candidate set. In this example, they are 
and hence candidate(abcd,{a,d}) is kept. Rhs set Expansion 
and intersection and applied to every sub candidate. With sub 
candidate(acd,{c,d}) , The RHS set of (abcd,{a,d}) becomes d. 
With sub candidate(bcd,{b}), the RHS set become φ. Now, the 
new candidate becomes (abcd, φ). The removal of this candidate 
will be determined by the satisfaction of Criteria 3.
Pruning and CFD testing
In this subsection, we present another pruning process after 
counting the support of candidates in addition to the one in candidate 
generation. This is a key to the efficiency  of the algorithm. In the 
following algorithm  €  is the minimum support, and {S/z} means 
the set difference between S and  {z}.
Function 2. Prune and test (l + 1) candidate set (l + 1) is the new 
level after supports are counted.
A candidate is pruned from two aspects, the infrequency of the 
pattern and the satisfaction of Criterion 3 or 4. On line 2 a candidate 
with infrequent pattern is removed. From lines 6 to 10, we limit 
attribute value pairs in the RHS set of a candidate based on Criteria 
1 and 2. On lines 16 and 17, we consider removing a candidate 
based on Criterion 3 or 4.
We introduce a concept restricted candidate to easily test the 
satisfaction of Criterion 3.
Candidate {Px; T} is restricted if there is a candidate (P, T1) such 
that supp(Px) =supp(P).

Algorithm
Now we are able to present our CFD discovery algorithm in 
Algorithm 1. Two main functions have been discussed in the 
previous subsections.
 

IV. Conclusion
In this paper, we have studied the problem of discovering the 
minimal set of constant CFDs that hold in some given data. As 
in previous work, we take advantage of the observations that 
constant CFDs essentially are 100% confidence association rules, 
and that the minimal set of CFDs can be produced from the set of 
minimal generators and their closures. We proposed new pruning 
criteria to further reduce the search space, removing unnecessary 
generators and closures.
We designed an efficient algorithm based on the new pruning 
criteria and we evaluated it on real data sets. According to the 
results, the proposed algorithm is faster than the currently most 
efficient constant CFD discovery algorithm. We also showed how 
chi square can be used to measure the interestingness of CFDs.
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