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Abstract
Conditional Functional Dependencies (CFDs) have been recently 
introduced in the context of data cleaning. They can be seen as 
an unification of Functional Dependencies (FD) and Association 
Rules (AR) since they allow to mix attributes and attribute/values 
in dependencies. Conditional Functional Dependencies (CFDs), 
for data cleaning purposes. CFDs are dependencies which hold 
on instances of the relations. Constraint used in CFDs is the 
equality and allows fixing particular constant values for attributes. 
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
Initial work on dependency-based data quality methods focused on 
traditional dependencies, such as Functional Dependencies (FD), 
that were mainly developed for database design 40 years ago. Their 
expressiveness often limits the capture of inconsistencies or the 
specification of dependency rules. Even if some error measures 
have been de_ned for FDs [17], none of them can easily capture 
the frequency (or support) measure popularized by association 
rules (AR) mining [2]. These limitations highlighted the need 
for extending either FDs to take into account attribute/values or 
inversely, extending ARs to take into account attributes.
In this setting, Conditional Functional Dependencies (CFD) 
have been recently introduced in [5, 10] as a compromise to 
bridge the gap between these two notions. They can be seen as 
an unification of Functional Dependencies (FD) and Association 
Rules (AR) since they allow to mix attributes and attribute/values 
in dependencies as illustrated by the following example.
We borrow the running example given in [5]. Let cust be a relation 
symbol describing a customer with country code (CC), area code 
(AC), Phone Number (PN), Name (NM), Street (STR), City (CT) 
and Zip Code (ZIP). A relation r0 of cust is shown in fig. 1.
Let f1 : CC,AC, PN  STR,CT,ZIP, f2 : CC,AC  CT,ZIP and f3 
:CC,ZIP  STR be three FDs. r0 satisfies f1 and f2 but violates 
f3 (e.g. tuples t4 and t5).
In contrast CFDs are constraints that hold on a subset of tuples 
rather than on the entire relation. So the basic idea of CFDs is 
to define through a selection formula (involving only equality) 

a subset of a relation on which some FDs hold. For instance 
on σCC=44(r0), the FD f3 : CC,ZIP  STR holds. Technically 
this constraint is denoted by the CFD = (CC,ZIP  STR, (44,_ 
|| _)), where the symbol || is used to separate the left-hand side 
from the right-hand side of the dependency and the symbol ‘_’ 
represents any possible value. CFDs that holds on r0 include also 
the following (and more):
φ1: (CC, AC, PN  STR, CT, ZIP(01, 908,_|| _,NY C,_))
Φ 2: (CC, AC, PN  STR, CT, ZIP(01, 212,_ || _, PHI,_))
Φ 3: (CC, AC  CT(01, 215 || PHI))

Fig. 1: Relation r0 on Cust

From a data mining point of view, CFDs offer new opportunities 
to reveal data inconsistencies or new knowledge nuggets from 
existing tabular datasets.
Data cleaning is the main application of CFDs [5]. The first step 
of this application is detecting CFD violation, i.e. given a relation 
r on R and a set Σ of CFDs on R, find all the tuples in r that 
violate some CFD in Σ. In [5] authors propose SQL queries to 
check single CFD violation, and then techniques for single CFD 
are generalized to find violation of multiple CFDs. The second 
and last step is CFD repairing where they allow attribute-value 
modifications as a repair operation.
Conditional Functional Dependencies (CFDs), for data cleaning 
purposes. CFDs are dependencies which holds on instances of the 
relations. Constraint used in CFDs is the equality and allows to fix 
particular constant values for attributes. Basically, CFDs can be 
viewed as FDs which holds on a fragment relation of the original 
instance relation, this fragment relation being characterized by the 
constraints to apply on the attributes. Those constraints represent 
a selection operation on the relation. All these works focused 
mainly on implication analysis and axiomatizability.
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 
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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
To demonstrate the efficiency of the proposed algorithm, we 
compare the proposed algorithm with the currently most efficient 
CFD discovery algorithm CFDMiner [5]. The core component 
of CFDMiner isto find minimal generators and their closures. 
There are many algorithms for closed pattern mining [16]. Each 
one has its own strengths and weaknesses. For example, frequent 
pattern tree based methods [7, 12-13] are normally time efficient 
but may not handle high dimensional data because of their large 
memory consumption. Branch and bound search based methods  
are normally memory efficient but may not be time efficient for 
small data sets since they scan a data set many times. To have 
a fair comparison, we have implemented a branch and bound 
algorithm, A-CLOSE, for minimal generator discovery, as the core 
for CFDMiner (we could not obtain the original implementation 
because of potential commercial interest on it.).Our aim is to 
handle large and very large data sets with the low minimum 
support. Memory efficiency is very important given the fact that 
some fast closed pattern mining algorithms do not handle large 
data well or could not discover patterns with the low minimum 
support [16].
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].
FACD does not scale well with the number of attributes. FACD 
is faster than CFDMiner on all  data sets. FACD performs better 
than CFDMiner with the increase of the number of attributes.

III. Proposed System

A. 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.
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 
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 242

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

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



IJCST Vol. 3, ISSue 2, AprIl - June 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 1125

Fig. 2: The Search Lattice of Example1. The Support Count is 
Listed with a Pattern. One Group of Generators 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).
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 
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.
The search for minimal generators and their closures is another 
well defined 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.
All (c, 1) rules can be derived from generators and their 
corresponding closures.
Proof: Let p be a generator and pc be its closure. Conf (p  
pc/p) = 1 where n is the set difference Operator.  P  pc/p is an 
(c, 1) rule.
 If pc is not the closure for generator q, then supp (q) 
≠supp (pc) and there is no possibility to form an (c, 1) rule between 
them.
 For example, (c, 1) association rules in Example 1 include 
abc  d, acd  b, and ac  bd (equivalently, ac  b and ac 

 d). Therefore, a search space for constant CFDs is the set of 
generators and closures. For simplicity of presentation, we use 
rules to represent CFDs in this and following sections.
 However, we also note the redundant rules between a 
non-minimal generator and its closure. For example, rule acd  
b is a redundant rule with respect to rule ac  b. As a result, the 
search space for a minimal set of CFDs is further refined as the 
following.

The search space for the minimal set of CFDs is the set of minimal 
generators and their closures.
Example 2. Following Example 1, many closed pattern (and 
minimal generator) mining algorithms, such as [7, 12-16] can 
find the set of minimal generators and their closures in the data 
set.All minimal generators, their closures and CFDs are listed in 
the following table.

Minimal Generators closures CFDs
A ad ad
C bc cb
ab abd abd
cd bcd cdb
ac abcd acb, acd

The final minimal set of constant CFDs includes a  D and C  
b. Previous work [5] makes use of this search space to generate 
the minimal set of CFDs. All ¯ve closures are to be searched to 
generate the minimal set of CFDs. However, we will demonstrate 
that this search space can be further pruned. In the above example, 
we do not search for the closures in the last three rows, i.e. abd, 
bcd and abcd, and we do not miss any CFDs in the  minimal set 
of CFDs.
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).
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).
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.
Algorithm of  CFD Discovery
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 
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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.
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 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.
Algorithm 1 Fast Algorithm for CFD Discovery (FACD)
Input: data set D and the minimum support E
Output: The minimal set of CFDs.
Set CFD set F=φ
Count the support of 1 and 2 patterns
Build 1 and 2 candidate sets
Prune and test1 and 2 candidate sets
Add CFDs of F
Generate 3-candidate set
While new candidate set is not empty do
Count support of patterns for new candidates
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Prune and test the new candidate set
Add CFDs to F
Generate next level candidate set
End while
return

IV. Experimental Results
Data sets Size #Attributes
US Airline 520417 23
Mushroom 8124 23
Census 
Income 299285 21

Audiology 200 70
The US Airline data set has been downloaded from (http://www.
transtats.bts.gov/). We have downloaded one month data and 
removed rows with the majority of missing values. We have 
also removed irrelevant and redundant attributes and we keep 23 
attributes. The dimension of US airline data set looks not high, 
but it has 15242 attribute values. This means that each attribute 
has on average 662 values. Such a large number of attribute value 
pairs is challenging for a CFD discovery algorithm.
Census income, Mushroom and Audiology data sets have been 
downloaded from the UCI Machine Learning data repository [21]. 
The Census Income data set is merged with the training and test 
data sets. Numerical attributes and irrelevant attributes have been 
removed. The Audiology data set has 70 attributes, and we use it to 
test the scalability of the algorithm with the number of attributes. 
The Audiology data set is a small data set, but its dimension is 
higher than other data sets. We use it to test the scalability of the 
algorithms.
There are functional dependencies in the US Airline data set. 
There are many CFDs in the US airline data set too, e.g. 28955 
with the minimum support of 0.001. There are not functional 
dependencies in other data sets, however, there are many CFDs 
in these data sets.
To demonstrate the efficiency of the proposed algorithm, we 

compare the proposed algorithm with the currently most efficient 
CFD discovery algorithm CFDMiner [5]. The core component of 
CFDMiner is to find minimal generators and their closures. There 
are many algorithms for closed pattern mining [16].
Each one has its own strengths and weaknesses. For example, 
frequent pattern tree based methods [7, 12-13] are normally 
time efficient but may not handle high dimensional data because 
of their large memory consumption. Branch and bound search 
based methods  are normally memory efficient but may not be 
time efficient for small data sets since they scan a data set many 
times. To have a fair comparison, we have implemented a branch 
and bound algorithm, A-CLOSE [15], for minimal generator 
discovery, as the core for CFDMiner (we could not obtain the 
original implementation because of potential commercial interest 
on it.). Our aim is to handle large and very large data sets with 
the low minimum support. Memory efficiency is very important 
given the fact that some fast closed pattern mining algorithms do 
not handle large data data well or could not discover patterns with 
the low minimum support [16].
Experimental results of FACD in comparison to CFDMiner are 
listed in fig. 3. FACD is faster than CFDMiner on all three data 
sets. To understand the results, we list the number of candidates 
searched in fig. 3. The trend for time efficiency is the same as the 
trend for the size of search space. The improvement of efficiency 
is obtained by the pruning search space of the proposed algorithm.
The scalability of the proposed algorithm with the data set size 
and the number of attributes are listed in Figure 4. FCAD scales 
well with the size of a data set. So does CFDMiner. We note that 
some data points deviate from the straight lines in the ̄ gure. This 
is because the size of search space changes with the change of data 
sets. The overall trends of both algorithms are consistent. FACD 
does not scale well with the number of attributes. However, FACD 
performs better than CFDMiner with the increase of the number 
of attributes. All rule and FD discovery algorithms do not scale 
well with the number of attributes since their time complexity are 
eventually exponential to the number of attributes [6, 9, 11, 19]. 
70 attributes are high for these algorithms.

  
     Fig. 3: The Search Space and Running Time for CFD Discoveries by FACD and CFDMiner      
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Fig. 4: The Scalability of the Algorithm FACD with the Data Size and the Number of Attributes

IV. Conclusion
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. 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 FACD is 
faster than the currently most efficient constant CFD discovery 
algorithm. 
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