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Abstract— The main objective of this paper is to give idea 

of conditional functional dependencies. As usage of 

computers is increasing are day to day, the storage of data 

also is more. The data has to be removed and cleaned if it is 

not helpful. Data cleaning should be done repeatedly by 

finding out the faults. Hence this gave rise to conditional 

functional dependencies. CFD (Conditional functional 

dependency) is an integrity constraint. Conditional 

Functional Dependencies were used to eliminate 

redundancy. Traditional FDs (functional dependencies) were 

recently replaced by CFDs for data cleaning. Functional 

Dependencies were mainly used for schema design whereas 

CFDs were aimed at capturing the constancy of data by 

using patterns of semantically or meaningful related 

constants. Inconsistent Relational data can be identified by 

using Conditional Functional dependencies. The detection 

problem is more complicated in the case of CFDs when 

compared to Functional dependencies also removal patterns 

in Conditional Functional dependencies will establish more 

challenges. For discovering CFD two methods are used. 

First, CFD Miner is used to discover CFDs which have 

constant patterns. These constant CFDs are important for 

discovering an object to clean .The second algorithms which 

were used for determining general CFDs is CTANE, 

CTANE is considered as expansion of TANE which is used 

in removal of Functional Dependencies. These algorithms 

used for cleaning are based on type of application by the 

user.    
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I. INTRODUCTION 

Data mining is the removal of unknown predictive 

information from huge databases and influential new 

technology with great potential to help companies focus on 

the most important information in their data warehouses. 

The tools predict future trends and their behaviours allowing 

businesses to make proactive, KDD (knowledge-driven 

decisions). The potential analyses obtainable by data mining 

move beyond the investigation of past events provided by 

retrospective tools typical of decision support systems. The 

tools can reply business questions that traditionally were to 

resolve take much time. They scour databases for finding 

predictive information that experts may miss because it lies 

outside their expectations Data mining (also known as KDD 

-Knowledge Discovery in Databases) has been defined as 

nontrivial extraction of implicit and potentially useful 

information from data and uses machine learning 

visualization techniques to discover and present knowledge 

in a form which is easily comprehensible to humans. The 

components of data mining technology have been under 

development for decades, in research areas such as artificial 

intelligence. Today, the maturity of these techniques and 

coupled with high-performance relational database engines 

and broad data integration efforts and these technologies 

practical for current data warehouse environments. 

Data cleaning is an important aspect in data 

engineering.  Real world data tend to be incomplete, noisy 

and inconsistent. Data cleaning routines attempt to fill in 

missing values, smooth out noise while identifying outliers 

and correct inconsistencies in the data. Clean data is 

essential for a wide variety of applications in many 

industries. When data has kept increasing in an explosive 

rate, a task to keep data correct and consistent can be 

overwhelming. Worse than that main cause of dirty data 

come from many basic mistakes such as mistaken data 

entry, missing fields, typos, etc. Although, data in general 

has some dependency semantics and they usually help to 

avoid such mistakes, several times, they are ignored or 

unaware during database designs or may be dropped for 

performance improvement.  Conditional functional 

dependencies (CFDs) are the extension of functional 

dependencies (FDs) by supporting patterns of semantically 

related constants. These CFDs were recently introduced for 

data cleaning. The CFDs have been proven more effective 

than FDs in detecting and repairing dirtiness of data. The 

CFDs are expected to be adopted in the place of standard 

FDs by the data cleaning tools. However, finding the CFDs 

is a difficult task and it also involves rigorous manual effort. 

II. LITERATURE REVIEW 

Data cleaning, also called data cleansing deals with 

detecting and removing errors and inconsistencies from data 

in order to improve the quality of data. Problems of data are 

present in single data collections and those are files and 

databases due to misspellings during data entry and missing 

information or other invalid data. When multiple data 

sources need to integrated in data warehouses and database 

systems or global web-based information system and they 

need for data cleaning increases because the sources often 

contain redundant data in different representations. To 

provide access to accurate and consistent data and the 

consolidation of different data representations and 

elimination of duplicate information become necessary. 

CFD Miner only mines stable CFDs which is multiple 

orders of magnitude faster than the other algorithms which 

determines both constant and variable CFDs. When database 

size becomes superior, there are more item sets with large 

support that require to be considered for constructing the 

difference sets. 

Poor quality data is an increasing and exclusive 

difficulty that influences many attempt diagonally all feature 

of their production varies from effectiveness of operations to 

proceeds defence. A narrative type of semantic or meaning 

rules extensive from conventional functional dependencies 

(FDs) is distinct as Conditional Functional Dependencies 

(CFDs). According to these authors, for discovering 

contradiction in data, we present a move toward that 

proficiently and vigorously determine conditional functional 
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dependencies and recover the data quality. An exclusive 

method that occupies intensive instruction manual effort is 

to finding the quality of conditional functional 

dependencies. We expand procedure for determine CFDs 

from relational schema to efficiently recognizing data 

cleaning rules. The detection problem is more complex for 

Conditional functional dependencies and certainly, 

withdrawal patterns in CFDs(conditional Functional 

Dependencies) establishing a  innovative challenges. For 

finding the general CFDs here two algorithms are 

established these are the First is a level wise method that 

expand TANE, a well-known method for removal of 

Functional Dependencies (FDs). And another algorithm is a 

method for detecting FDs which is foundation on the DFS 

(depth-first strategy) approach used in Fast FD method. In 

general as Conditional functional dependencies, it does not 

range well with the number of columns in the relation as 

CTANE is works well when a given relation is large. 

III. EXISTING SYSTEM 

Unfortunately little previous work has studied this issue. 

There has also been recent work on constraint repair, which 

specifies the consistency of data in terms of constraints and 

which detects inconsistency in the data as violations of the 

constraints. The previous work on constraint repair is mostly 

based on Normalization, traditional functional dependencies 

and they were developed mainly for schema design because 

are often insufficient to capture the semantics of the data. 

The discovery problem is inherently exponential in the arity 

|R| of the schema R of sample data r. previously TANE was 

employed for FD discovery which is a level wise algorithm, 

also uses pruning strategy. As level wise algorithms takes 

more time for FD discovery i.e. exponential time in |R| later 

depth first strategy was used in the place of level wise 

algorithm. Depth first strategy takes linear time in the size of 

the output. 

A. Drawbacks: 

 Some dirtiness of data remains in the database. 

 TANE method takes more time. 

 Find out only attributes in the relation. 

IV. PROPOSED SYSTEM  

We introduce a novel extension of traditional methods 

referred to as conditional functional dependencies (CFDs) 

and they are capable of capturing the notion of “correct 

data” in these situations. CFD (Conditional Functional 

Dependency) were recently introduced for data cleaning. 

They extend standard functional dependencies (FDs) by 

enforcing patterns of semantically related constants. CFDs 

have been proven more effective than FDs in detecting and 

repairing inconsistencies (dirtiness) of data. Previous we are 

using the functional decencies for finding the data 

redundancy, it is used to find the redundancy in a data but 

we cannot remove the any duplication of the data from the 

relation. Conditional dependencies has generally paying 

attention on the trustworthiness and accusation investigation 

of CFDs, and renovating techniques to restrict and fix faults 

detected by conditional functional dependencies, 

proliferation of CFDs from foundation data to analysis in 

data incorporation, expansion of CFDs by accumulation 

negation and disjunction or adding varieties, assurance of 

CFDs, as well as expansion of enclosure dependency with 

circumstances. We provide three algorithms for CFD 

discovery: one for discovering constant CFDs, and the other 

two for general CFDs. CFD Miner is used for the 

discovering constant CFDs and Best CFD is used to 

discovering the general minimal CFDs and it was used only 

for small database, CTANE is used to discovering the 

general minimal CFDs by using the Level wise algorithm. 

V. SYSTEM ARCHITECTURE 

 
Fig. 1: CFD Data Cleaning Architecture 

The figure shows the architecture of the conditional 

functional dependencies for data cleaning.The Data collector 

improves some quality of data and prepares it for the next 

module. The module corrects data from basic typos, invalid 

domains and invalid formats. The core of architecture is the 

constraint engine, which manages the CFDs used to specify 

the consistency of the data. An important step in assessing 

the quality of data is to efficiently identify errors and 

inconsistencies. This is achieved by detecting violations of 

CFDs in the underlying relational databases. This 

component provides a summarized report of the 

inconsistencies detected by the error detector. To deal with 

inconsistent data, the user should provide with automatic 

repair functionality. The data cleanser passes the violation 

information provided by the error detector to the CFD-based 

repair algorithm developed. More specifically, a candidate 

repair is obtained from the original data using attribute value 

modifications on the violations. Real world data changes 

with time and it is important to prevent the degradation of 

the quality when the data is updated. 

A. Advantages: 

 Data cleaning is the main application of CFDs. 

 The CFDs are very helpful in discovering and 

repairing dirtiness of data. 

 It works well when number of columns and 

DBSIZE is large 

VI. MODULE DESCRIPTION 

A. Module: 1 

We propose a notion of minimal CFDs based on both the 

minimality of attributes and the minimality of patterns. 

Intuitively, minimal CFDs contain neither redundant 

attributes nor redundant patterns. Furthermore, we consider 

frequent CFDs that hold on a sample dataset r, namely, 

CFDs in which the pattern tuples have a support in relational 

sample r. Frequent CFDs allow us to accommodate 

unreliable data with errors and noise. Our algorithms find 
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minimal and frequent CFDs to help users identify quality 

cleaning rules from a possibly large set of CFDs that hold on 

the samples. 

B. Module: 2 

Our first algorithm, referred to as CFD Miner, is for 

constant CFD discovery. We explore the connection 

between minimal constant CFDs and closed and free 

patterns. Based on this, CFD Miner finds constant CFDs by 

leveraging a latest mining technique proposed , which mines 

closed item sets and free item sets in parallel following a 

depth-first search scheme. 

C. Module: 3 

Our second algorithm, referred to as CTANE, extends 

TANE to discover general CFDs. It is based on an attribute-

set/pattern tuple lattice, and mines CFDs at level k + 1 of the 

lattice (i.e., when each set at the level consists of k+1 

attributes) with pruning based on those at level k. CTANE 

discovers minimal CFDs only. 

CFD Miner algorithm is used to discover constant 

conditional functional dependencies. For a given instance r 

and threshold k, the algorithm finds a canonical cover of k- 

frequent minimal constant CFDs of the form (X->A, (tp || 

a)). And Best CFD is used to generate the minimal CFDs 

and Best CFD is used only for small database with the large 

number of column in the relation. 

D. CTANE Algorithm 

CTANE is a level wise algorithm for discovering minimal, 

k-frequent CFDs. It is an extension of algorithm TANE[8] 

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 Levelwise manner. A level 

Ll is the collection of attribute sets of size l. 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. The algorithm works as follows: 

 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} 

The procedure PRUNE (L1) is as follows: 

Procedure PRUNE (L1) 

1) for each X ϵ L1 do 

2) if C(X) = Ø do 

3) delete X from L1 

4) if X is a (super) key do 

5) for each A ϵ C(X)\X do 

6) if A €∩ C (XU {A} \ {B}) then 

B€X 

7) output x—>A 

8) delete X from L1. 

The procedure GENERATE_NEXT_LEVEL (Ll) 

is as Follows: 

Procedure GENERATE_NEXT_LEVEL (L1) 

1) Ll+1:=Ø 

2) for each K E PREFIXBLOCKS (Ll) do 

3)  

4) X: =YUZ 

5) if for all A ϵ X, X\ {A} ϵ L1 then 

6) Ll+1:= Ll+1 U {X 

7) return L l+1. 

VII. EXPERIMENTAL RESULTS  

The datasets used in this work are taken from the UCI 

machine learning repository (http://archive.ics.uci.edu/ml/), 

namely, the Wisconsin breast cancer (WBC) and Chess 

datasets. The parameters of the datasets used are given in the 

following table 1. 

Dataset Arity Size (No. Of tuples) 

Wisconsin breast 

cancer(WBC) 
11 699 

Chess 7 28,056 

Tax 14 20,000 

Table 1: Parameters of datasets 

A synthetic dataset for tax records generated by 

populating the database is used to find the scalability of the 

proposed scheme. The following Fig. 2, depicts the response 

time of the proposed CTANE algorithm and Best CFD for 

arity of 7, CF of 0.7, support of 0.1% and for different 

values of database size. From Fig. 2, it can be observed that 

the CTANE takes less time and works better compared to 

Best CFD. Compare to Best CFD, CTANE works well 

database size is large. 

 
Fig. 2:  Response time for different data sizes 

VIII. CONCLUSION 

The CFDs are very useful in detecting and repairing 

dirtiness of data.Conditional Functional Dependencies 

(CFDs) are an expansion of Functional Dependencies (FDs) 

by supporting patterns of semantically or meaningfully 

related constants, and can be used as rules for cleaning 

relational data. In this paper we present three algorithms for 

determining conditional functional dependencies. 
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CFDMiner algorithm is used for mining minimal constant 

CFDs, a class of CFDs important for both data integration 

and data cleaning. BestCFD is used for discovering general 

minimal CFDS based on the depth first approach it works 

only small database. CTANE algorithm is used for 

discovering general minimal CFDs based on the Levelwise 

approach. CTANE is an expansion to TANE. The algorithm 

TANE uses separation to determine Functional 

dependencies, an enhancement of the TANE algorithm by 

reducing the search space to the closed set lattice. 
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