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Abstract—Incomplete information often occurs alongwith many database applications, e.g., in data integration, data cleaning, or data

exchange. The idea of data imputation is often to fill themissing data with the values of its neighbors who share the same/similar

information. Such neighbors could either be identified certainly by editing rules or extensively by similarity relationships. Owing to data

sparsity, the number of neighbors identified by editing rules w.r.t. value equality is rather limited, especially in the presence of data values

with variances. To enrich the imputation candidates, a natural idea is to extensively consider the neighbors with similarity relationship.

However, the candidates suggested by these (heterogenous) similarity neighborsmay conflict with each other. In this paper, we propose

to utilize the similarity rules with tolerance to small variations (instead of the aforesaid editing rules with strict equality constraints) to rule

out the invalid candidates provided by similarity neighbors. To enrich the data imputation, i.e., imputing themissing valuesmore, we study

the problem of maximizing themissing data imputation. Ourmajor contributions include (1) the NP-hardness analysis on solving as well as

approximating the problem, (2) exact algorithms for tackling the problem, and (3) efficient approximation with performance guarantees.

Experiments on real and synthetic data sets demonstrate the superiority of our proposal in filling accuracy.We also demonstrate that the

recordmatching application is indeed improved, after applying the proposed imputation.

Index Terms—Similarity rules, similarity neighbors, data imputation

Ç

1 INTRODUCTION

INCOMPLETE data (a.k.a. null or missing values) have been
widely recognized as a typical data quality issue [1],

owing to incomplete entry, inaccurate extraction or hetero-
geneous schemas, e.g., in Web autonomous databases [2].
The idea of imputing missing values is to explore the
neighbors sharing same/similar information in the dataset.
This imputation idea has been successfully applied in
various areas such as analyzing the variance of planned
experiments, survey sampling, multivariate analysis, and
so on [3].

Example 1. Table 1 illustrates an example of incomplete
data. For instance, the value of t3 on attribute House
Number is not available, i.e., a null cell denoted by
t3½HouseNumber� ¼ ‘�’.

An editing rule [4], ðððName;NameÞ; ðStreet;StreetÞÞ
! ðHouseNumber; HouseNumberÞ; tp ¼ ðÞÞ, states that if
two tuples ti; tj share equal Name and Street values, the
missing tj½HouseNumber� can be filled by the non-null
ti½HouseNumber�.1 As a neighbor of tj, tuple ti is identified
certainly by the editing rule, given their exactly equal
Name and Street values. Unfortunately, none of the tuples

in Table 1 share the same Name and Street values with t3,
i.e., t3 has no equality neighbor and cannot be filled.

To impute the missing value in t3, the similarity-based
method [5] finds k nearest neighbors that are similar to t3
on complete attributes Name and Street. Without know-
ing which k value would lead to a better imputation for a
particular incomplete tuple, the same k value is preset
for imputing all the incomplete tuples, e.g., k ¼ 2. In this
case, not only the most similar t6 but also the second
similar t4 will be considered as the neighbors of t3.
The values 86402 and #531 of similarity neighbors
are thus considered as the candidates of imputing
t3½HouseNumber�. However, it cannot tell which one
should be the correct imputation, 86402 or #531.

Consider a similarity rule in the form of differential
dependencies (DD) [6].

dd1 : ðName; Street ! HouseNumber; h½0; 1�; ½0; 7�; ½0; 3�iÞ

It states that if two tuples have similar Name (i.e., having

Name value distance2 in the range of ½0; 1�) and Street

values (with distance in ½0; 7�), they must share similar

HouseNumber values as well (having HouseNumber

value distance in ½0; 3�).3
Referring to dd1, tuples t3 and t6, sharing similar Name

and Street values, must have similar HouseNumber
values. However, the candidate 86402 suggested by
the aforesaid similarity neighbors has distance to
t6½HouseNumber� greater than 3, i.e., violating dd1. 86402

1. ti with non-null ti½HouseNumber� is regarded as reference data [4].
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2. For example edit distance, see [7] for a survey of string similarity.
3. Similarity rules with distance thresholds can either be specified by

domain experts or discovered from data [8].
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is thus discarded, while #531 satisfying dd1 is returned as
the imputation of t3½HouseNumber�.

(See Example 2 for imputing t2. The imputation for
multiple incomplete attributes in t1 is shown in Example
4, where the incomplete attribute may appear in the left-
hand-side of a rule.)

While editing rules [4] upon equality neighbors provide
a limited number of imputations, the similarity neighbors
[5] may return more but possibly self-contradictory imputa-
tion candidates. In this study, we propose to employ similar
rules [6], which are defined on similarity rather than the
strict equality and thus can be extensively utilized to rule
out the enriched but irrational imputations.

1.1 Challenges
While similarity neighbors bring more imputation opportu-
nities, it comes with new challenges. (1) Different from the
certain fixes by equality neighbors with editing rules [4],
multiple candidates may be suggested by similarity neigh-
bors for imputing a cell. (2) The candidates for imputing
two null cells could be incompatible w.r.t. similarity rules,
owing to the complex similarity relationships4 (see exam-
ples on t2 and t3 in Example 3). Such incompatibility is not
considered in the certain fix by editing rules [4] either.

A practical question is thus whether all the null cells
could be filled due to the incompatibility w.r.t. the similarity
rules, namely full filling (Definition 3). If not, to what extend
we can fill the null cells, known as maximum filling (Defini-
tion 2). Indeed, in light of the disability in imputing missing
data (due to the aforesaid data sparsity and variety), it is
naturally desirable to gain null-cell fillings as many as pos-
sible. As verified in the experiments in Section 4, the impu-
tation performance could be significantly improved by
gaining more fillings with the extensive similarity neighbors,
compared to the equality-based barely-filled ones. Unfortu-
nately, we find that maximizing the filling gain is Max-
SNP-hard, i.e., there exists " > 0 such that achieving an
approximation factor ð1� "Þ for the maximum filling prob-
lem is NP-hard (see Section 2 for details).

1.2 Contributions
The preliminary version of this paper [9] focuses on imput-
ing single incomplete attribute, which is the right-hand-side
(RHS) attribute of the given (DDs) rules. The imputation uti-
lizes the complete left-hand-side (LHS) values to find neigh-
bors and infer the missing RHS values referring to the (DDs)
rules. This paper further extends the techniques to general

cases for imputing multiple incomplete attributes including
LHS attributes of the (DDs) rules. When LHS values are miss-
ing, we cannot rely on the DDs rules to find imputation can-
didates as in [9]. Our major contributions in this study are
summarized as follows.

(1) We analyze the hardness of the similarity rule based
imputation problem (Theorems 1 and 2) in Section 2.

(2) We present the algorithms for handlingmultiple incom-
plete attributes, where missing values may occur on the left-
hand-side attributes of the (DDs) rules, in Section 3. The major
techniques include the imputation candidate generation, an
exact imputation algorithm via integer linear programming
(ILP), its LP relaxation, and a randomized algorithm together
with its derandomization. In particular, we show (in Proposi-
tions 4, 5, 9 and Theorem 8) that the approaches for handling
multiple incomplete attributes are indeed equivalent to the
methods in the preliminary version of this paper [9] when
dealing with the special case of single incomplete attribute.
Remarkably, a deterministic approximation factor is derived
for the derandomization algorithm in Theorem10.

(3) We report an extensive experimental evaluation on
both effectiveness and efficiency, over real and synthetic
data sets, in Section 4. It is highlighted that the imputation
accuracy is improved by considering similarity neighbors
under the constraints of similarity rules. We also demon-
strate the improvement in the record matching application,
after applying the proposed imputation.

Proofs of all the theoretical results can be found in the
full version technique report [10].

2 PROBLEM STATEMENT

In this section, we formalize the problem of data imputation
with similarity rules.

2.1 Preliminaries
Consider a relation I with schemaR. Let domIðAÞ denote all
the values of an attribute A in I, i.e., domIðAÞ ¼ PAðIÞ.

2.1.1 Similarity Rules

For each attribute A 2 R, we associate a similarity/distance
metric, dA; which satisfies non-negativity, dAða; bÞ � 0; iden-
tity of indiscernibles, dAða; bÞ ¼ 0 iff a ¼ b; symmetry,
dAða; bÞ ¼ dAðb; aÞ; where a; b 2 domIðAÞ are values on attri-
bute A. For example, the metric on a numerical attribute can
be the absolute value of difference, i.e., dAða; bÞ ¼ ja� bj.
For a text attribute, we can adopt string similarity, e.g., edit
distance (see [7] for a survey).

A differential function f½A� on attribute A specifies a dis-
tance restriction by a range of metric distances over A. We
say that two tuples t1; t2 in a relation I are compatible w.r.t.
the differential function f½A�, denoted by ðt1; t2Þ � f½A� or
ðt1½A�; t2½A�Þ � f½A�, if the metric distance of t1 and t2 on
attribute A is within the range specified by f½A�, a.k.a. sat-
isfy/agree with the distance restriction f½A�. As the metric is
symmetric, it is equivalent to write ðt2; t1Þ � f½A�.

A differential function may also be specified on a set of
attributes X, say f½X�, which denotes a pattern of differen-
tial functions (distance ranges) on all the attributes inX. We
call f½A� a projection on attribute A of f½X�; A 2 X.

A differential dependency (DD) [6] over R has a form
ðX ! A;f½XA�Þ where X � R are determinant attributes,
A 2 R is the dependent attribute, and f½XA� is a differential

TABLE 1
Example Data with (Multi-)Incomplete Attributes

Name Street House Number

t1 Susan K Michel – –
t2 Susan L Frank JR –
t3 Terry Michel JR –
t4 Susan Michel JK Road 86402
t5 Susan L Frank Jordan Rd #402
t6 Terry K Michel Jordan Rd #531

4. In essence, unlike equality, transitivity is not applicable to the
similarity relationships, where similar (a, b) and similar (b, c) do not
necessary imply similar (a, c).
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function on attributes X and A. It states that any two tuples
from R satisfying the differential function f½X� must satisfy
f½A� as well, f½X� and f½A� are the projections of differential
function f½XA� onX and A, respectively.

A relation I of R satisfies a DD, denoted by
I � ðX ! A;f½XA�Þ, if for any two tuples t1 and t2 in I,
ðt1; t2Þ � f½X� implies ðt1; t2Þ � f½A�, i.e., ðt1; t2Þ � ðX !
A;f½XA�Þ. We say a relation I satisfies a set S of DDs, I � S,
if I satisfies each DD in S.

2.1.2 Rule-Based Data Imputation

A null cell in a tuple ti 2 I on attribute A 2 R is denoted by
ti½A� ¼�. It is regarded to be compatible with any other data
w.r.t. distance restrictions, i.e., always having ðti; tjÞ � f½A�.
We consider an input with null cells such that I � S.5

For each null cell ti½A� ¼�, we consider a set of imputa-
tion candidates canðti½A�Þ from domIðAÞ. It can be sug-
gested by nearest neighbors (see Section 3.1 for details).

A filling I 0 of I is also an instance ofR such that: (1) Exist-
ing non-null cells do not change, i.e., t0i½A� ¼ ti½A� if ti½A� 6¼�,
where t0i½A� is the cell in I 0 corresponding to ti½A� in I. (2) All
the filled values come from the corresponding candidate set,
i.e., t0i½A� 2 canðti½A�Þ for each ti½A� ¼�. (3) Satisfaction of DDs
is still retained, having I 0 � S.

Example 2 (Example 1 continued). Consider another dd2,
in S ¼ fdd1; dd2g, stating that two HouseNumber values
a1 and a2 in the same Street should be similar (having
dHouseNumberða1; a2Þ 	 3, with at most 3 different digits).

dd2 : ðStreet ! HouseNumber; h½0; 0�; ½0; 3�iÞ:
The relation I in Table 1 satisfies this dd2, since for any
two tuples, e.g., t5 and t6, having the same Street (dis-
tance equal to 0 in the range of ½0; 0�), it always has
ðt5; t6Þ � f½HouseNumber�, i.e., HouseNumber distance of
t5 and t6 (equal to 3) is in ½0; 3�.

Table 2 presents the sets of imputation candidates for
null cells in Table 1, where the complete values are omit-
ted by ...(see Example 4 for candidate generation).

I 00M in Table 3 presents a possible filling for the null
cells in Table 1. Each filled value, e.g., t02½HouseNumber� ¼
#402, comes from the candidate set in Table 2. The
satisfaction w.r.t. S is retained, having I 00M � S. In
particular, the similarity rule dd2 holds in the filled t02
and t03. That is, t

0
2 and t03, with the same Street, must have

similar filled HouseNumber values (#402 and #531
having distance within ½0; 3�).

2.2 Problem Statement
As discussed in the introduction, referring to the difficulty
in imputing a cell (owing to data sparsity, variety and

heterogeneity), we target on the fillings that can fill more
null cells and still satisfy the similarity rules.

Consider a relation I � S with incomplete data. Let
IM 
 I be the set of incomplete tuples with at least one
missing value. We denote DðI 0M; IMÞ ¼ ft0i½A� j t0i½A� 6¼�;
ti½A� ¼�; ti 2 IMg the difference on cells between IM and its
filling I 0M w.r.t. S. We call the total number of cells filled in
I 0M for IM , jDðI 0M; IMÞj, the filling gain.
Definition 1. A filling I 0M ismaximal if there does not exist any

other filling I 00M of IM , such that DðI 0M; IMÞ 
 DðI 00M; IMÞ.
A result of ‘�’ in a maximal fix I 0M denotes that the

cell cannot be filled with the values from the candidate
set. The reason is, as illustrated in the following exam-
ple, filling candidates in different cells may conflict with
each other.

Definition 2. A filling I 0M is maximum if there is no other fill-
ing I 00M of IM , such that jDðI 0M; IMÞj < jDðI 00M; IMÞj.
Any maximum filling must be a maximal filling as well,

according to the definitions.

Definition 3. A filling I 0M is full if every null cell in IM is filled.

Example 3 (Example 2 continued). Consider IM ¼ ft1;
t2; t3gwith null cells in Table 1.

I 0M in Table 3 presents another filling of IM . When
t02½HouseNumber� ¼ 86402, neither candidate 86402 nor
#531 for t3½HouseNumber� in Table 2 is compatible with
the existing tuples or the aforesaid filled t02 w.r.t. S.

For dd1, as presented in Example 1, candidate 86402
for t3½HouseNumber� is not compatible with t6.

For dd2, since t2 and t3 have the same Street, they
must have similar filled HouseNumber values. The other
candidate #531 for t3½HouseNumber�, having distance 5
to t02½HouseNumber� ¼ 86402, is not valid either.

Since there is no other candidate for consideration in
t3½HouseNumber�, I 0M is already a maximal filling. How-
ever, I 0M is not maximum, given the full filling (also max-
imum and maximal) I 00M in Example 2 that fills all the
null cells.

Since the filling candidates suggested by different simi-
larity neighbors may conflict w.r.t. the constraints, obtaining
the maximum filling is non-trivial.

Problem 1. Given a relation I � S with incomplete data and the
candidate set canðti½A�Þ for each null cell, the full filling

TABLE 3
Example of Maximal and Maximum Fillings

I 0M ... Street House Number

t01 ... JK Road 86402

t02 ... ... 86402

t03 ... ... –

I 00M ... Street House Number

t01 ... JK Road 86402

t02 ... ... #402

t03 ... ... #531

TABLE 2
Example of Imputation Candidates

... Street House Number

t1 ... {Jordan Road, JK Road, –} {86402, #531, –}
t2 ... ... {86402, #402, –}
t3 ... ... {86402, #531, –}

5. For potential errors existing in non-null cells so that I 6� S, a data
repairing step [11] can be applied first on the non-null cells, which is
out the scope of this study on imputing null cells.
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problem is to determine whether there is a full filling I 0M of IM
w.r.t. S.

Problem 2. Given a relation I � S with incomplete data and the
candidate set canðti½A�Þ for each null cell, the maximum fill-
ing problem is to find a maximum filling I 0M of IM w.r.t. S.

The existence of a full filling can be determined by
finding the maximum filling and checking whether all
the null cells are filled. Unfortunately, both problems
are hard.

Theorem 1. The full filling problem is NP-complete.

Referring to the hardness of determining full filling, it is
not surprising to conclude the hardness of maximum filling.
Indeed, if the maximum filling can be found (efficiently), it
already determines whether a full filling exists or not.

Theorem 2. The maximum filling problem is NP-hard.

Recognizing the hardness of imputation w.r.t. DDs, we
focus on approximation approaches below. Unfortunately,
approximation of the imputation problem is also hard.

Theorem 3. The maximum filling problem is Max-SNP-hard.
That is, there exists an " > 0 such that ð1� "Þ-approximation
of the maximum filling is NP-hard.

3 IMPUTING MULTIPLE INCOMPLETE ATTRIBUTES

In this section, we devise algorithms for the imputation of
missing values on multiple attributes under DDs S with
various right-hand side attributes in R (in contrast to con-
sidering IA with missing values on only one attribute A
and a set of DDs SA having the same right-hand side attri-
bute A in Sections 3, 4, and 5 in the preliminary version
of this paper [9]).

3.1 Candidate Generation
For multiple incomplete attributes, a tuple ti may have
missing values on the left-hand side attributes of a DD,
and thus cannot rely on DDs to suggest imputation candi-
dates. Instead, we employ complete tuples similar to ti to
suggest candidates, and use DDs to rule out invalid
imputations.

3.1.1 Cell Candidates

For each tuple ti 2 IM , we denote Mi the set of attributes
having null values. Consider a distance/similarity metric
on attributes R nMi, dRnMi

, for instance, by a simple sum-
mation of dA on each complete attribute A 2 R nMi. We
find a set Ki of k complete tuples tc without null values
from I n IM , which are most similar to ti, a.k.a. k-nearest
neighbors with the minimum distance dRnMi

ðti; tcÞ.
The set of filling candidates for the null cell ti½A� is thus

given by the values of k-nearest neighbors

canðti½A�Þ ¼ ftc½A� j tc 2 Kig [ f�g:

3.1.2 Tuple Candidates

Since there may have multiple attributes with missing val-
ues in a tuple ti, we denote canðtiÞ the tuple candidate set,
by combining the cell candidates on each incomplete attri-
bute of ti.

canðtiÞ ¼
�
u 2

Y
A62Mi

fti½A�g �
Y
A2Mi

canðti½A�Þ

j ðu; I n IMÞ � S

�
:

(1)

Here, ðu; I n IMÞ � S ensures that each tuple candidate u is
not in violation to any complete tuple in I.

Example 4. Consider the imputation on multiple incom-
plete attributes in Table 1. We denote IM ¼ ft1; t2; t3g the
tuples with missing values, and M1 ¼ fStreet;
HouseNumberg the incomplete attributes in t1.

Consider S ¼ fdd1; dd2g used in Example 3. It is nota-
ble that the incomplete attribute Street (in t1) does not
appear in the RHS attributes of all DDs.

For incomplete tuple t1, tuples t4, t6 sharing similar
Name value with t1, are identified as k-nearest neighbors
(k ¼ 2) of tuple t1. JK Road of t4½Street� and Jordan Rd of
t6½Street� are thus suggested as two possible cell
candidates to t1½Street�, i.e., canðt1½Street�Þ = {JK Road,
Jordan Rd, �}. Similarly, 86402 and #531 are suggested
to t1½HouseNumber�, having canðt1½HouseNumber�Þ=
{86402, #531, �}. There are 9 possible combinations that
can be considered as tuple candidates canðt1Þ for tuple
t1. However, according to the definition in Equation (1),
the tuple candidates must be compatible with all the
complete tuples.

Fig. 1 illustrates the tuple candidates of incomplete
tuples in Table 1. Each triangle denotes a tuple candidate.
The edge between a complete tuple and a tuple candidate
denotes that some DDs apply. For instance, the first tuple
candidate of t1, (SusanKMichel, JK Road, 86402), and t4
satisfy the LHS of dd1 and dd2, denoted by black and
orange edges, respectively. With such DDs constraints, 4
tuple candidates for tuple t1 will be reserved that can
satisfy Sw.r.t. complete tuples, as illustrated in Fig. 1.

Tuple candidates for other incomplete tuples, t2 and
t3, can be obtained similarly referring to their own
k-nearest neighbors and DDs.

3.2 Maximum Filling via ILP
Referring to the discipline of maximum filling in
Section 2.2, we still expect to fill the null cells as many as
possible. Let yij ¼ 1 denote that the jth tuple candidate
uij 2 canðtiÞ is selected to fill the incomplete tuple ti,
otherwise 0. Since multiple attributes may be filled in a
tuple candidate, we introduce a weight hij for each tuple
candidate uij 2 canðtiÞ, to count how many null cells
are filled, where u½A� ¼� counts 0 in hij. In addition,

Fig. 1. Example of tuple candidates.
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instead of counting 1 for each non-null cell fill, we can
further weight the importance on each cell candi-
date u½A� ¼ al, e.g., on how many times candidate al 2
canðti½A�Þ is suggested by k-nearest neighbors.

The maximum (weighted) filling problem w.r.t. tuple
candidates is written as integer linear programming

max
Xm
i¼1

Xgi
j¼1

yijhij (2)

s:t:
Xgi
j¼1

yij ¼ 1; 1 	 i 	 m (3)

vijlkðyij þ ylkÞ 	 1; 1 	 i 	 m; 1 	 j 	 gi; (4)

1 	 l 	 m; 1 	 k 	 gl

yij 2 f0; 1g; 1 	 i 	 m; 1 	 j 	 gi;
(5)

where gi ¼ jcanðtiÞj, and vijlk is a constant such that vijlk ¼ 0
if ðuij; ulkÞ � S; uij 2 canðtiÞ; ulk 2 canðtlÞ, otherwise 1.

Referring to Equation (3),
Pgi

j¼1 yij ¼ 1, there must be
one and only one tuple candidate say uij 2 canðtiÞ selected
for imputing the incomplete tuple ti, i.e., yij ¼ 1. The second
constraint Equation (4) specifies that, if any two tuple
candidates uij 2 canðtiÞ; ulk 2 canðtlÞ are selected, i.e.,
yij ¼ ylk ¼ 1, they must satisfy all the DDs, ðuij; ulkÞ � S,
i.e., vijlk ¼ 0, in order to meet the requirement of
vijlkðyij þ ylkÞ 	 1.

By formulating the maximum filling as ILP in Equa-
tions (2), (3), (4), (5), we can employ any existing ILP solver,
e.g., [12]. Let m denote the number of incomplete tuples in
IM , g be the maximum number of tuple candidates for an
incomplete tuple in IM and sgm be the number of con-
straints in ILP. Referring to [12], time complexity is thus
Oð2ð1�polyð1=sÞÞgmÞ.

We show that the ILP for single incomplete attribute in
Section 3 in the preliminary version of this paper [9] is
indeed a special case of the aforesaid ILP for multiple
incomplete attributes.

Proposition 4. When all the DDs in S have the same RHS attri-
bute A, each incomplete tuple only has one single incomplete
attribute A, and each non-null cell candidate counts one in hij,
then the ILP in Equations (2), (3), (4), (5) for general cases is
equivalent to the ILP in Equations (1), (2), (3), (4) for single
incomplete attribute in Section 3 in the preliminary version of
this paper [9].

Example 5. According to Equation (1) in Section 3.1.2,
each incomplete tuple ti 2 IM may own several tuple
candidates, which are compatible with all existing tuples.
However, the tuple candidates may not be compatible
with each other among different incomplete tuples, i.e.,
they may be in violation to some tuple candidates of other
incomplete tuples. For instance, as illustrated in Fig. 2, the
tuple candidates (. . ., . . ., 86402) for t2 and (. . ., . . ., #531)
for t3 are not compatible, owing to the distance restriction
of dd2. (We denote the complete attribute value by . . . for
simplicity.)

By formalizing the problem as integer linear program-
ming, each tuple candidate is associated with a variable
yij. For each pair of incompatible tuple candidates, e.g.,
the aforesaid first tuple candidates for t2 and t3, we put

y21 þ y31 	 1. That is, these two tuple candidates
cannot appear together in a solution with both y21 ¼ 1
and y31 ¼ 1.

To maximize
Pm

i¼1

Pgi
j¼1 yijhij in Equation (2), a

possible ILP solution is y11 ¼ y22 ¼ y31 ¼ 1; y12 ¼ y13 ¼
y14 ¼ y21 ¼ y23 ¼ y32 ¼ 0. It leads to a filling t01[Street] =
JK Road, t01[HouseNumber]=86402, t02[HouseNumber] =
#402, t03[HouseNumber] = #531.

3.3 Approximation by LP Relaxation and Round
Referring to the hardness of approximation, we study
heuristics for constructing feasible solutions by utilizing
linear programming (LP) relaxation of ILP, i.e., change the
constraint of yij 2 f0; 1g in Equation (5) to 0 	 yij 	 1.

We first introduce the following subsumption rela-
tionship between tuple candidates (i.e., u1 fills more
than u2).

Definition 4. A tuple candidate u1 subsumes another u2,
denoted by u1 � u2, if (1) for each u2½A� 6¼�; A 2 R, it has
u1½A� ¼ u2½A�, and (2) there exists an A 2 R such that
u1½A� 6¼�; u2½A� ¼�.

Algorithm 1. ROUND(IM;S)

Input: IM with tuple candidate sets and a set S of DDs
Output: A filling I 0M
1: let y be a solution of linear programming
2: for each ti 2 IM do
3: for each uil 2 canðtiÞ do
4: if uil 6� ti then
5: set yil to negative
6: I 0M :¼ IM
7: sort yij 2 y in descending order of yijhij
8: while I 0M is not full do
9: unchanged :¼ TRUE
10: for each yij > 0 do
11: let uij be the j-th candidate in canðtiÞ
12: if ðuij; I

0
MÞ � S then

13: t0i :¼ uij

14: set yil to negative for uil 2 canðtiÞwith uil 6� uij

15: unchanged :¼ FALSE
16: break
17: if unchanged is TRUE then
18: return I 0M

Algorithm 1 presents the pseudocode of the ROUND

algorithm for handling multiple incomplete attributes.
Line 4 first eliminates those tuple candidates uil that
have no additional contribution to the current ti, i.e.,
uil 6� ti, uil cannot fill more over ti. In each iteration, a

Fig. 2. Imputation by linear programming.
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tuple candidate uij 2 canðtiÞ with the maximum yijhij
and no violation to the other tuples w.r.t. S is assigned
as t0i. In particular, all the other candidates uil 2 canðtiÞ
that cannot fill more than uij, uil 6� uij, could not further
contribute to the filling and thus can be pruned (by set-
ting yil to negative), in Line 14.

Proposition 5. ROUND Algorithm 1 always returns a maximal
filling. When all the DDs in S have the same RHS attribute A,
each incomplete tuple only has one single incomplete attribute
A, and each non-null cell candidate counts one in hij, Algorithm
1 is equivalent to ROUND algorithm in the preliminary version of
this paper [9] for handling single incomplete attribute.

For a candidate uij, Line 12 takes OðmÞ time to check
whether it is compatible with the filled tuples in I 0M . In
the worst case, Line 10 has to traverse mg tuple candi-
dates to get a valid filling, where g is the maximum num-
ber of tuple candidates for a tuple in IM . In each iteration
of Line 8, at least one null cell is filled, i.e., having OðmÞ
iterations in worst case. The complexity of ROUND

algorithm is Oðm3gÞ.
Example 6 (Example 5 continued). Suppose that the num-

bers attached to each tuple candidate in Fig. 2 denote a
LP solution. ROUND Algorithm 1 considers the tuple can-
didate with the highest yijhij in each iteration. Referring
to the hij values given in Fig. 1, it first selects (..., JK Road,
86402) for t01, whose yijhij is the largest 2.0. The next larg-
est yijhij is then considered, say y22h22 ¼ 1:0, assigning
(. . ., . . ., #402) to t02. And similarly, we have (. . ., . . ., #531)
for t03. A full filling for incomplete data in Table 1 is
generated.

3.4 Randomized Imputation
To enrich the imputation in terms of filling gain, we study
the algorithm with performance guarantee on approximat-
ing the imputation over multiple incomplete attributes.

3.4.1 Probability

Since multiple null cells may be imputed by a tuple can-
didate, we take hij into consideration. Intuitively, the
more the null cells are filled (larger hij), the higher the
probability of the candidate being selected in randomized
imputation is.

Pr½t0i ¼ uij�

¼
yijhijþ�

ðgi�1Þ�þ1þ
Pgi

j¼1
yijhij

; 9A 2 Mi; uij½A� 6¼�

1
ðgi�1Þ�þ1þ

Pgi
j¼1

yijhij
; 8A 2 Mi; uij½A� ¼�

8><
>:

(6)

� � 0 trades off the contribution of LP estimations. A larger �
denotes weaker effect by the LP solution yij (as evaluated in
Section 4.4).

Considering all tuple candidates uij 2 canðtiÞ, we have

X
uij2canðtiÞ

Pr½t0i ¼ uij� ¼ 1: (7)

3.4.2 Random Algorithm

The candidate set canðtiÞ in RANDOM Algorithm 2 considers
all the possible tuple candidates uij for each incomplete
tuple ti 2 IM , with the probability Pr½t0i ¼ uij� > 0.

Proposition 6. There exists a randomized algorithm which finds
a full filling to any fully-fillable instance in expected time
Oðð1=pÞmÞ, where p is the minimum probability of a tuple can-
didate being selected.

Algorithm 2. RANDOM(IM;S)

Input: IM with tuple candidate sets and a set S of DDs
Output: A filling I 0M
1: initialize probabilities
2: repeat
3: for each ti 2 IM do
4: randomly draw a tuple candidate uij 2 canðtiÞ with

probability Pr½t0i ¼ uij� for t0i
5: if t0i ¼ uij is in violation with any t0l then
6: t0i½A� :¼�; A 2 Mi

7: I 0M := ROUND(I 0M;S)
8: rank I 0M in the top-k listK
9: until ‘ times
10: return the top-1 filling in K with the highest weighted fill-

ing gain

Obviously, all the possible maximal/maximum fillings
could be generated under such a consideration.

Proposition 7. All the possible maximal/maximum fillings
could be generated by the RANDOM algorithm.

A maximal filling is returned by calling the ROUND algo-
rithm on I 0M in Line 7, referring to Proposition 5.

Example 7 (Example 6 continued). With the LP solution
in Fig. 2 and the corresponding hij in Fig. 1, we obtain
the probability of each tuple candidate according to
Equation (6), denoted as the numbers attached to each trian-
gle in Fig. 3 (with � ¼ 1). Algorithm 2 randomly selects a
tuple candidate with the probability for each incomplete
tuple, e.g., t01 = (. . ., JK Road, 86402), t02 = (. . ., . . ., #402),
t03 = (. . ., . . ., #531).

3.4.3 Expectation on Weighted Filling Gain E½H�
Let random variable H denote the weighted filling gain, i.e.,Pm

i¼1

Pgi
j¼1 yijhij as in Equation (2). We study the expecta-

tion of the weighted filling gain, E½H�, by the aforesaid ran-
domized imputation.

Consider an assignment t0i ¼ uij, uij 2 canðtiÞ, of any
tuple ti 2 IM . For any tuple tl in IM , the probability of
t0i ¼ uij compatible with t0l is

Pr½ðt0i ¼ uij; t
0
lÞ � S

� ¼ X
ulk2canðtlÞ;ðuij;ulkÞ � S

Pr½t0l ¼ ulk�: (8)

Fig. 3. Imputation with probability.

280 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 32, NO. 2, FEBRUARY 2020



The probability of t0i ¼ uij compatible with all the tuples
tl 2 IM is thus

Pr
�ðt0i ¼ uij; I

0
MÞ � S

� ¼ Y
tl2IMnti

Pr½ðt0i ¼ uij; t
0
lÞ � S�: (9)

Considering all the tuple candidates uij 2 canðtiÞ of each
ti 2 IM , with probability Pr½t0i ¼ uij�, we have

E½H� ¼
Xm
i¼1

Xgi
j¼1

hij Pr½t0i ¼ uij�Pr
�ðt0i ¼ uij; I

0
MÞ � S

�
: (10)

Example 8 (Example 7 continued). Given the tuple candi-
date probability of each incomplete tuple in Fig. 3, we
show the computation of E½H� referring to Equations (8),
(9), (10).

Consider t2 as ti and t1 as tl in Equation (8). The first
tuple candidate u21 ¼ (. . ., . . ., 86402) of t2, considered
as uij, is not in violation with any tuple candidate
of t1. The probability of t02 ¼ u21 compatible with t01 is

Pr½ðt02 ¼ u21; t
0
1Þ � S

� ¼ 1
2 þ 1

6 þ 1
6 þ 1

6 ¼ 1:

For the other incomplete tuple t3, the aforesaid
u21 2 canðt2Þ is in violation to the first candidate of t3,
i.e., (. . ., . . ., #531). Thereby, the probability of t02 ¼ u21

compatible with t03 is Pr½ðt02 ¼ u21; t
0
3Þ � S

� ¼ 1
3 :

By considering all the other incomplete tuples ft1; t3g
in Equation (9), we have the probability of t02 = u21 com-
patible with them Pr

�ðt02 ¼ u21; I
0
MÞ � S

� ¼ 1 
 1
3 ¼ 1

3 :
For each tuple candidate of all incomplete tuples, we

can compute such a probability, e.g., Pr
�ðt03 ¼ ð. . .; . . .;

#531Þ; I 0MÞ � S
� ¼ 3

4 ;Pr
�ðt01 ¼ ð. . .; JK Road; 86402Þ; I 0MÞ

� S
� ¼ 1; etc.

Finally, by the weighted filling gain definition in
Equation (10), we have E½H� ¼ 2 
 1

2 
 1þ 1 
 1
6 
 1þ 1 
 1

6 

1þ 0 
 1

6 
 1þ 1 
 1
4 
 1

3 þ 1 
 1
2 
 1þ 0 
 1

4 
 1þ 1 
 2
3 
 3

4 þ 0

1
3 
 1 ¼ 29

12 :

Theorem 8. RANDOM Algorithm 2 for multiple incomplete
attributes returns a solution with the expected weighted filling
gain E½H� � �

1
ðg�1Þ�þ1þh

�mþ1
OPT , where OPT is the optimal

(maximum) weighted filling gain and h ¼ maxijhij is the max-
imum weight of tuple candidate.

We can show that the approximation bound in Theo-
rem 8 in the preliminary version of this paper [9] is
indeed a special case of Theorem 8 in this paper, when
all the DDs in S have the same RHS attribute A, each
incomplete tuple only has one single incomplete attribute
A, each non-null cell candidate counts one in hij, and all
the tuples in IM are neighbors with each other. First, we
have h ¼ 1 since each candidate counts hij ¼ 1 with one
single incomplete attribute A. If all the tuples in IM are
neighbors, we have m ¼ b (in Theorem 8 in [9]). Since �
is also counted in tuple candidates, it follows g� 1 ¼ c
(in Theorem 8 in [9]).

3.5 Derandomization
RANDOM algorithm only has performance guarantee in the
expectation of weighted filling gain. In this section, we pres-
ent the DERAND algorithm for imputing multiple incomplete
attributes, with a deterministic bound of approximation
(Theorem 10).

3.5.1 Conditional Expectation

Let E½H j I 0i�1
M � be the conditional expectation, given a num-

ber of tuples t1; . . .; ti�1 that have been filled, denoted as
I 0i�1
M , i.e.,

E½H j I 0i�1
M � ¼ E½H j t01 ¼ u1; . . .; t

0
i�1 ¼ ui�1�;

where ul 2 canðtlÞ, l ¼ 1; . . .; i� 1, is the filled tuple of tl. It
denotes the total weighted filling gain of filled cells in
t1; . . .; ti�1 plus the expectation of weighted filling gain that
can be obtained from the remaining ti; . . .; tm. We have
E½H j I 00M � ¼ E½H� initially, and E½H j I 0mM � is the exact
weighted filling gain of the filling I 0mM .

Let t0i ¼ uij; uij 2 canðtiÞ be the next assignment. We
study the incremental computation of the conditional expec-
tation E½H j I 0iM � from E½H j I 0i�1

M � by considering the follow-
ing possible cases.

Case 1. If t0i ¼ uij is in violation with any t01 ¼
u1; . . . ; t

0
i�1 ¼ ui�1, no valid solution can be generated, i.e.,

E½H j I 0iM � ¼ 0.
Case 2. If t0i ¼ uij is compatible with existing assignments,

we further consider three sub-cases for updating the com-
patible probability in Equation (9) of remaining tuples
tl; l ¼ iþ 1; . . .;m, on candidate ulk 2 canðtlÞ.

Case 2.1. If 8ðX ! A; f½XA�Þ 2 S; ðt0i; t0l ¼ ulkÞ 6� f½X�, the
compatible probability will not change,

Pr
�ðt0l ¼ ulk; I

0
MÞ � S j I 0iM

�
¼ Pr

�ðt0l ¼ ulk; I
0
MÞ � S j I 0i�1

M

�
:

Case 2.2. If 9ðX ! A;f½XA�Þ 2 S such that
ðt0i; t0l ¼ ulkÞ � f½X� and ðt0i; t0l ¼ ulkÞ 6� f½A�, we have

Pr
�ðt0l ¼ ulk; I

0
MÞ � S j I 0iM

� ¼ 0:

Case 2.3. If 8ðX ! A;f½XA�Þ 2 S; ðt0i; t0l ¼ ulkÞ � f½X� and
ðt0i; t0l ¼ ulkÞ � f½A�, we have

Pr
�ðt0l ¼ ulk; I

0
MÞ � S j I 0iM

�

¼ Pr
�ðt0l ¼ ulk; I

0
MÞ � S j I 0i�1

M

�
Pr

�ðt0l ¼ ulk; t
0
iÞ � S j I 0i�1

M

� :
(11)

Once all Pr
�ðt0l ¼ ulk; I

0
MÞ � S j I 0iM

�
are updated in the

aforesaid cases, E½H j I 0iM � is recomputed by Equation (10).

Example 9 (Example 8 continued). Suppose that we select
t02 ¼ ð. . .; . . .; 86402Þ as the first assignment in Fig. 3. We
illustrate how E½H j t02 ¼ ð. . .; . . .; 86402Þ� is computed.

Since t02 = (. . ., . . ., 86402) is not compatiblewith t03 = (. . .,
. . ., #531) in Fig. 2, i.e., Case 2.2, we have Pr

�ðt03 ¼
ð. . .; . . .; #531Þ; I 0MÞ � S j t02 ¼ ð. . .; . . .; 86402Þ� ¼ 0:

For a candidate ulk 2 canðtlÞ compatible with t02, e.g.,
Pr

�ðt01 ¼ ð. . .; JK Road;86402Þ; I 0MÞ � S
� ¼ 1, we update it

by dividing Pr½ðt01 ¼ ð. . .; JK Road; 86402Þ; t02Þ � S
� ¼ 1,

i.e., Case 2.3. It has Pr
�ðt01 ¼ ð. . .; JKRoad; 86402Þ;

I 0MÞ � S j t02 ¼ ð. . .; . . .; 86402Þ� ¼ 1:
Finally, we have E½H j t02 ¼ ð. . .; . . .; 86402Þ� ¼ 2 
 1

2 

1 þ 1 
 1

6 
 1þ 1 
 1
6 
 1þ 0 
 1

6 
 1þ 1þ 1 
 2
3 
 0þ 0 
 1

3 

1 ¼ 7

3 .

3.5.2 Imputation Guided by Conditional Expectation

Consequently, the DERAND algorithm chooses in each
iteration an assignment that can maximize the expected
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weighted filling gain of the remaining unassigned tuples.

t0i ¼ argmax
uij2canðtiÞ

E½H j t01 ¼ u1; . . .; t
0
i ¼ uij� (12)

Algorithm 3. DERAND(IM;S)

Input: IM with tuple candidate sets and a set S of DDs
Output: A filling I 0M
1: initialize probabilities
2: for each ti 2 IM do
3: Emax :¼ 0
4: for each uij 2 canðtiÞ do
5: E : = CONEXPðE½H j I 0i�1

M �; ti; uij; hijÞ
6: if E > Emax then
7: Emax :¼ E
8: t0i :¼ uij

9: E½H j I 0iM � :¼ Emax

10: I 0M := ROUND(I 0M;S)
11: return I 0M
Procedure CONEXP(E; ti; uij; hij)
Input: E denotes E½H j I 0i�1

M � and assignment uij of ti with
confidence hij

Output: E½H j t01 ¼ u1; . . .; t
0
i�1 ¼ ui�1; t

0
i ¼ uij�

1: E := E �P
k hik Pr½t0i ¼ uik�Pr

�ðt0i ¼ uik; I
0
MÞ � S j I 0i�1

M

�
2: E :¼ E þ hij
3: for each tl 2 IM , l ¼ iþ 1; . . .;m do
4: for each ulk 2 canðtlÞ do
5: E := E � hlk Pr½t0l = ulk�Pr

�ðt0l = ulk; I
0
MÞ � S j I 0i�1

M

�
6: if ðt0i ¼ uij; t

0
l ¼ ulkÞ � S then

7: update Pr½ðt0l = ulk; I
0
MÞ � S j I 0iM � by Equation (11)

8: E := E þ hlk Pr½t0l = ulk�Pr
�ðt0l = ulk; I

0
MÞ � S j I 0iM

�
9: return E

Example 10 (Example 9 continued). Consider an assign-
ment of t2, e.g., t

0
2 ¼ ð. . .; . . .; #402). Line 5 in Algorithm 3

computes its E½H j t02 ¼ ð. . .; . . .; #402Þ� ¼ 2 
 1
2 
 1þ 1 
 1

6 

1þ 1 
 1

6 
 1þ 0 
 1
6 
 1þ 1þ 1 
 2

3 
 1þ 0 
 1
3 
 1 ¼ 3.

For the other candidate, i.e., t02 ¼ ð. . .; . . .;� Þ, we have
E½H j t02 ¼ ð. . .; . . .;� Þ� ¼ 2 
 1

2 
 1þ 1 
 1
6 
 1þ 1 
 1

6 
 1þ 0 

1
6 
 1þ 0þ 1 
 2

3 
 1þ 0 
 1
3 
 1 ¼ 2. As E½H j t02 ¼ ð. . .; . . .;

#402Þ� ¼ 3 is larger, t02 ¼ ð. . .; . . .; #402Þ is assigned.
For the next tuple t3, we have

E½H j t02 ¼ ð. . .; . . .; #402Þ; t03 ¼ ð. . .; . . .; #531Þ� ¼ 10

3
;

E½H j t02 ¼ ð. . .; . . .; #402Þ; t03 ¼ ð. . .; . . .; Þ� ¼ 7

3
:

As the first conditional expectation is larger, we select (...,
..., #531) as the assignment for t3.

Finally, it leads to E½H j t01 ¼ ð. . .; JK Road; 86402Þ;
t02 ¼ ð. . .; . . .; #402Þ; t03 ¼ ð. . .; . . .; #531Þ� ¼ 4, where all
null cells are filled.

Proposition 9. When all the DDs in S have the same RHS attri-
bute A, each incomplete tuple only has one single incomplete
attribute A, and each non-null cell candidate counts one in hij,
then the DERAND algorithm for multiple incomplete attributes
(Algorithm 3) is equivalent to Algorithm 3 in the preliminary
version of this paper [9] for single incomplete attribute.

3.5.3 Correctness and Performance Analysis

Finally, by showing that the maximum conditional expecta-
tion is non-decreasing, we can conclude that the final

E½H j I 0mM � returned by the DERAND algorithm is no less than
the initial E½H j I 00M � ¼ E½H�.
Theorem 10. DERAND Algorithm 3 for multiple incomplete

attributes guarantees to output a solution with weighted filling
gain � E½H�.
The conditional expectation can be computed by consid-

ering all the other incomplete tuples except ti and their cor-
responding tuple candidates with complexity OðmgÞ.

Considering all the m tuples in IM and their tuple candi-
dates, the complexity of the DERAND algorithm for multiple

incomplete attributes (Algorithm 3) is Oðm2g2 þm3gÞ,
where the last ROUND step in Line 10 takes Oðm3gÞ time as
analyzed at the end of Section 3.3.

4 EXPERIMENTS

This section reports the experiments on both effectiveness
and efficiency of the proposed approaches. All programs
are implemented in Java and the experiments were per-
formed on a PC with 3.1 GHz CPU and 16 GB RAM.

4.1 Experimental Settings
We employ real and synthetic datasets, including the

Restaurant6 dataset with name, address, type and city infor-

mation of 864 restaurants, the ASF dataset7 consisting of 1.5
k tuples with 6 numerical attributes, and a synthetic dataset
generated by the UIS database generator.7

Following the same line of evaluating data repairing
techniques by artificially injecting errors [13], we randomly
remove values from various attributes as missing data.

Let truth be the set of removed cell values and fill be the
set of filling results returned by imputation algorithms. The

accuracy is given by accuracy ¼ jtruth\fillj
jtruthj , i.e., the proportion

of null cells that are accurately filled or recovered. If a null
cell is failed to fill (leave ‘_’ unchanged) or filled incorrectly,
it will be counted negatively toward the accuracy as the
wrong imputation. Moreover, to evaluate the imputation
accuracy for numerical dataset, e.g., ASF dataset, we
compare the imputed tuple t0i to the corresponding truth t#i ,
using the RMS (root-mean-square) error, i.e.,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
A2R

ðt0i½A� � t#i ½A�Þ2
jRj

vuut

Enlightened by discovering FDs from the complete part of
incomplete data [2], DDs used in the experiments are also
obtained by applying the discovery techniques [6], [8] (with
manual verification, see the full version technique
report [10] for discovery details and discovered rules).

4.2 Comparison with Existing Techniques
This experiment compares our proposed method with exist-
ing approaches. (1) Certain fixes are determined by using
editing rules [4]. We consider all the complete tuples as
reference data and discover FDs from the complete tuples
(by [14]) as editing rules. (2) ERACER [15] iteratively learns
statistical models and performs data imputation at the same
time. The left-hand-side attributes of the aforesaid

6. http://www.cs.utexas.edu/users/ml/riddle/data.html
7. http://archive.ics.uci.edu/ml/datasets/
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discovered FDs are utilized as the determinant attributes in
the relational dependency network for ERACER. (3) MIBOS
[16] considers the tuples similar to the incomplete tuple,
where tuple similarity is defined on value equality. The
complete tuple tj having the maximum number of same val-
ues on complete attribute R nMi with the incomplete tuple
ti will be identified to impute the incomplete ti½A�; A 2 Mi.
It is worth noting that all the previous approaches are
defined on the equality of attribute values, while our pro-
posal further employs DD rules which can address similar
attribute values. In order to conduct more fair comparison,
we further study the methods with the consideration of
attribute value similarity. (4) KNN [5] imputes incomplete
tuples according to their k-nearest neighbors with the
minimum distances over the complete attributes. We test
various number k of neighbors, and report the one with best
performance. (5) CMI [17] employs k-Means clustering to
divide the dataset (including the instances with missing
values) into clusters. The complete tuples in the same
cluster will be used to impute the incomplete tuples. Again,
we select the number of clusters having the best perfor-
mance. To guarantee the fairness, the initial cluster centers
are randomly assigned and the experiments are repeated 10
times. The mean value of imputation accuracy is returned
to represent the performance for CMI. (6) CF [18] estimates
prediction values by collecting preferences from collaborat-
ing users (analogous to tuples in imputation). We also
consider the number of users (tuples) having the best
performance for CF.

Fig. 4 reports the results of various missing rates. A miss-
ing rate, say 0.1, denotes that a cell has probability 0.1 of
being a null cell. As shown, it is not surprising that the
imputation accuracy drops with the increase of missing
rate. (Detailed description of each method is given below.)

To evaluate scalability over larger data sizes, Fig. 5
reports the results on up to 100k tuples over UIS data. As
shown, the imputation accuracy is generally stable. (See
time cost explanation of Derand below.)

Certain [4], the constraint-based data cleaning method
with editing rules, performs upon the equality relationships
between tuples. With a limited number of equality neighbors,
it is difficult to generate filling candidates and cannot lead to
a unique fix when there are more than one candidate.

ERACER [15], the statistical-based approach over equal
values, again shows lower imputation accuracy than our
proposed Derand. The results verify our intuition on spar-
sity presented in the Introduction.

MIBOS [16] considers tuple similarity defined on value
equality. With a very limited number of equal attribute val-
ues, the imputation is difficult. In contrast, our DDs-based
Derand shows significantly higher accuracy owing to the
successful identification of value similarity neighbors.

CMI [17] considers similarities over all the attributes,
and thus has more opportunities in imputing missing val-
ues with higher accuracy (compared to MIBOS). However,
strictly considering similarities over all the attributes,
including those irrelevant ones, limits the power of finding
similarity neighbors by CMI. Instead, by explicitly using
only the (subset of) attributes specified in DDs, our Derand
can identify and utilize more partially similar neighbors
that do not belong to the same cluster. Thereby, the accu-
racy of Derand is higher. The CMI method also shows
higher time cost over larger data sizes. The reason is that
the k-means clustering algorithm in CMI converges more
slowly over a large number of tuples (or with a higher
duplication rate).

KNN [5] algorithm imputes incomplete tuples according
to their k-nearest neighbors with the minimum distance
over the complete attributes, rather than clusters in CMI.
However, not all the candidates suggested by similarity
neighbors are valid. By using DDs similarity rules, our pro-
posed Derand approach can successfully rule out some irra-
tional imputations referring to the constraints, and thus
shows higher imputation accuracy in almost all the tests.

CF [18] makes predictions about the interests (analogous
to missing values in the imputation problem) of a user
(tuple) by collecting preferences from many collaborating
users (tuples). It selects the users (tuples) which have simi-
lar preferences with the target user (incomplete tuple), and
estimates the predictions based on the user (tuple) similar-
ity, i.e., neighbors with higher similarity are more valuable
for estimations. Unfortunately, similar to the KNN method,
since the prediction values suggested by users (tuples) may
conflict with each other owing to the heterogeneity issue,
the imputation accuracy of CF is not high (close to KNN).

Fig. 6 evaluates the performance by varying the number
of tuples over numerical data. As shown, our proposed
method, selecting the best candidate, is more effective but
takes more time than aggregating the k most similar candi-
dates. The candidates suggested by k-nearest neighbors
could be heterogeneous and conflict with the candidates of
other tuples. Aggregating all these (potentially invalid) can-
didates to provide a filling for a missing cell is not accurate.
On the contrary, our proposed Derand method can resolve

Fig. 4. Varying missing rates (Restaurant).
Fig. 5. Varying data sizes (UIS).

Fig. 6. Varying data sizes (ASF).
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such conflict by considering the compatibility among candi-
dates w.r.t. DDs. The selected best candidates thus have
higher imputation accuracy. The corresponding time costs
however are higher, which is not surprising referring to the
hardness analyzed in Theorems 1-3.

4.3 Application in Record Matching
To further validate the effectiveness of applying imputation
in real applications, we consider the accuracy of record
matching application [19]. An existing rule-based record
matching method [20] is directly implemented in the experi-
ment, which utilizes matching dependencies (MDs) [21] to
guide how records should be compared. It is performed
over the Missing data without imputation, the imputed
data by Certain [4], ERACER [15], MIBOS [16], CMI [17],
KNN [5], CF [18], and our proposed Derand.

As shown in Fig. 7, the record matching accuracy
(f-measure) is generally related to the filling accuracy in
Fig. 4. Our Derand with higher imputation accuracy leads
to better matching f-measure as well.

4.4 Performance of Proposed Techniques
This experiment evaluates the performance of different
techniques in our proposal with various parameter settings.
Fig. 8 provides an overview of all the approaches. Integer
linear programming can be implemented by branch and
bound, and linear programming employs simplex. When
computing Pr by Equation (6), as introduced at the begin-
ning of Section 3.4.1, for a large �, each uij 2 canðtiÞ has a
similar probability 1

gi�1 of being selected. We consider partic-
ularly this large � case (namely LE), as its Pr can be directly
computed without calling the costly LP solver.

Fig. 9 reports the results over various � which tunes the
contribution of initial assignment yij in the probability of
random selection in Equation (6). With the increase of �, the
contribution of yij by LP decreases, and the accuracy of
Random(LP) drops in Fig. 9a. When � is extremely large,
Random(LP) shows almost the same result as Random
(LE), which simply considers the equal probability.
Round approach, not relying on the probability, does not
change in this experiment. Remarkably, Derand(LE)
approach shows the same result with Derand(LP) not
only with large � but also smaller ones. The results

demonstrate the robustness of Derand. In particular, since
LE approaches simply assigning the same probability
without calling the LP solver, the corresponding time
costs are significantly lower. In this sense, Derand(LE)
without calling the LP solver is preferred in practice, hav-
ing lower time cost but higher accuracy.

Fig. 10 presents the results over UIS dataset where vari-
ous similarity metrics are utilized in our proposed algo-
rithms, i.e., Euclidean distance, cosine similarity, Jaccard
coefficient [7]. As shown, the imputation methods show
similar performance under different similarity functions. By
default, for the similarity computing, we utilize 3-grams to
divide each attribute value into a set of tokens and then
compute the cosine similarity with tf-idf weighting.

To observe the accuracy of the proposed methods under
different rules (presented in [10]), Fig. 11 reports the results
on various numbers of DDs. In general, the imputation accu-
racy could be improved by given more reasonable rules.
However, redundant semantics may exist among rules,
which will not further improve the chance of imputation. In
Fig. 11, given more than 3 DDs, the imputation accuracy can-
not be further improved until the 16th DD is applied. In this
sense, some DDs rules do affect the results more than others.
The time cost increases when more DDs rules are given for
examination. In practice, we can apply the existing techni-
ques [6], [8] for reasoning about rules to eliminate redun-
dant semantics, which is out the scope of this study.

Fig. 7. Application in record matching (Restaurant & UIS).

Fig. 8. Overview of approaches.

Fig. 9. Varying � (Restaurant).

Fig. 10. Comparison on various similarity metrics (UIS).

Fig. 11. Varying the number of used DDs (Restaurant).
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Fig. 12 reports the results on various numbers of attrib-
utes used for nearest neighbor computation. We randomly
select the attributes for a tuple according to the given num-
ber of attributes. The number of attributes, e.g., 3, denotes
that there are three attributes randomly selected from the
given schema for each tuple in nearest neighbor computa-
tion. With a moderate number of attributes, sufficient infor-
mation can be utilized for nearest neighbor computation,
and the selected nearest neighbors will be reliable. The
imputation accuracy thus increases. However, with even
higher dimensionality, finding appropriate neighbors is not
trivial. By further increasing the number of attributes, the
improvement on imputation accuracy is limited.

Fig. 13 observes the accuracy and average time cost of
our proposed approach Derand with different levels of data
correlation. Three points from higher to lower of each bar
denote the maximum, average, minimum imputation accu-
racy and average time cost. The Restaurant dataset origi-
nally contains at most two tuples (versions) denoting one
entity. To study various data distributions in terms of differ-
ent levels of data correlation, we enrich more tuples for an
entity by randomly choosing two alternative values
(versions) on each attribute. As shown in Fig. 13a, with the
increase of correlation rate, the imputation accuracy
increases as well. It is not surprising since there are more
reliable/correlated neighbors for candidate generation and
more invalid candidates can be ruled out. Moreover, the
corresponding average time cost of imputing an incomplete
tuple drops in Fig. 13b, since more irrelevant candidates are
filtered with higher correlation rates.

5 RELATED WORK

The rule-based repairing, e.g., the certain fixes based on
editing rules [4], could be applied to missing value imputa-
tion. However, as discussed in [9], the editing rules are built
upon value equality relationships. Without sufficient neigh-
bors, the null cells could barely be filled (i.e., lower imputa-
tion accuracy as observed in the experiments).

To find more neighbors for imputation, the similarity
neighbor-based approaches [5], [16], [17] consider the tuples
with high tuple-similarities defined over the complete
attributes of the incomplete tuple. MIBOS [16] computes a
tuple-similarity which is indeed defined on value equality,
i.e., by counting the number of attributes with equal values.
CMI [17] further considers clusters of most similar tuples,
while KNN [5] employs only the k-nearest neighbors. The
values of these similar tuples are aggregated as the imputa-
tion results of the incomplete tuple. It is worth noting that
the suggested value candidates may conflict with each
other. By applying the similarity rules, we can further rule

out those irrational imputation candidates, and thus lead to
more accurate imputation (in the experiments).

Statistical-based repairing [15], [22], [23] may support
imputing missing values. Probabilistic correlations between
reliable attributes with correct values and flexible attributes
with dirty values are modeled in [22]. Repairing (and impu-
tation) is thus to find the values that can maximize the
likelihood. A complex relational dependency network is
considered in [15] to model the probabilistic relationships
among attributes. The cleaning process in [15] performs iter-
atively and terminates when the divergence of distributions
is sufficiently small. As reported in [22], the approach [15]
shows better performance in imputation. However, equality
relationships among values are still considered in modeling
the probabilities, without tolerance to small variances on
values (the edit distance is only used to measure the similar-
ity between a repair and its original value in [23] which is
not applicable to imputation as aforesaid). Consequently,
our Derand with extensive similarity neighbors show better
imputation performance than the statistical-based [15].

It is also possible to utilize external sources of data for the
imputation problem. Such methods match the incomplete
tuples with the external information in master data [4],
domain experts [24] and knowledge bases [25], for imputing
null cells. [4] employs the matches between master data and
the incomplete tuples, under the guidance of editing rules.
In order to resolve ambiguity, expert feedback is involved
in the cleaning process to confirm the results suggested by
constraint-based cleaning techniques [24]. [25] interprets
table semantics, maps it to the knowledge base, and gener-
ates imputation values from the knowledge base. In general,
these methods heavily rely on the quality of external resour-
ces, which are usually expensive to employ for many
domains. Since this study considers only the information
available inside the dataset, we omit the unfair comparison
to the methods with external sources in the experiments.

6 CONCLUSIONS

Imputing missing values of a tuple replies on others (neigh-
bors) sharing the same/similar information. While candi-
dates suggested by various similarity neighbors could
conflict with each other due to heterogeneity, we propose to
utilize similarity rules to rule out invalid candidates. In this
paper, we (1) analyze the hardness of computing the maxi-
mum/maximal fillings (Theorems 1 and 2) as well as its
approximation (Theorem 3); (2) present an exact algorithm
by ILP and its LP relaxation; and (3) devise a randomized
algorithm together with derandomization. In particular, the
efficient approximation algorithms are devised with certain
performance guarantees (Theorem 10). Experiments on real
and synthetic data demonstrate that (1) our proposed meth-
ods such as Derand(LE) show higher imputation accuracy

Fig. 12. Varying the number of attributes used for nearest neighbor com-
putation in a tuple (UIS).

Fig. 13. Varying correlation rates (Restaurant).
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and scale well in large data sizes; and (2) the accuracy of
record matching application can be improved if we apply
our proposal to fill the missing data first.

In this study, we consider only the accurate DD rules as
constraints, to rule out the imputation candidates that do
not satisfy the given constraints. It is promising to further
employ imprecise DDs with the consideration of rule confi-
dence. The trade-off between the accuracy of imputation
results and getting more null cell filled seems non-trivial.
For instance, a candidate a1 may satisfy dd1 with higher
confidence but violate dd2 with lower confidence. How-
ever, the imputation of tuple t1 by candidate a1 may pre-
vent the imputation of another tuple t2. On the other
hand, the imputation of t1 by another candidate a2 viola-
tes the high confidence dd1 but satisfies the low confi-
dence dd2. Nevertheless, it does not affect imputing t2,
i.e., both t1 and t2 can be filled. In this sense, advanced
investigation is necessary on how to balance the rule
accuracy and imputation gain. We leave this complicated
scenario as the future study.

ACKNOWLEDGMENTS

This work is supported in part by the National Key
Research Program of China under Grant 2016YFB1001101
and China NSFC under Grants 61572272 and 71690231.

REFERENCES

[1] D. Firmani, M. Mecella, M. Scannapieco, and C. Batini, “On the
meaningfulness of “big data quality” (invited paper),” Data Sci.
Eng., vol. 1, no. 1, pp. 6–20, 2016. [Online]. Available: https://doi.
org/10.1007/s41019-015-0004-7

[2] G. Wolf, H. Khatri, B. Chokshi, J. Fan, Y. Chen, and S. Kambham-
pati, “Query processing over incomplete autonomous databases,”
in Proc. 33rd Int. Conf. Very Large Data Bases, 2007, pp. 651–662.

[3] R. J. A. Little and D. B. Rubin, Statistical Analysis with Missing Data.
New York, NY, USA: Wiley, 2002.

[4] W. Fan, J. Li, S. Ma, N. Tang, and W. Yu, “Towards certain
fixes with editing rules and master data,” Proc. VLDB Endow-
ment, vol. 3, no. 1, pp. 173–184, 2010. [Online]. Available:
http://www.comp.nus.edu.sg/vldb2010/proceedings/files/
papers/R15.pdf

[5] C. Huang and H. Lee, “A grey-based nearest neighbor approach
for missing attribute value prediction,” Appl. Intell., vol. 20, no. 3,
pp. 239–252, 2004. [Online]. Available: https://doi.org/10.1023/
B:APIN.0000021416.41043.0f

[6] S. Song and L. Chen, “Differential dependencies: Reasoning
and discovery,” ACM Trans. Database Syst., vol. 36, no. 3, 2011,
Art. no. 16.

[7] G. Navarro, “A guided tour to approximate string matching,”
ACM Comput. Surv., vol. 33, no. 1, pp. 31–88, 2001. [Online]. Avail-
able: http://doi.acm.org/10.1145/375360.375365

[8] S. Song, L. Chen, and H. Cheng, “Parameter-free determination of
distance thresholds for metric distance constraints,” in Proc. Int.
Conf. Data Eng., 2012, pp. 846–857. [Online]. Available: http://dx.
doi.org/10.1109/ICDE.2012.46

[9] S. Song, A. Zhang, L. Chen, and J. Wang, “Enriching data imputa-
tion with extensive similarity neighbors,” Proc. VLDB Endowment,
vol. 8, no. 11, pp. 1286–1297, 2015. [Online]. Available: http://
www.vldb.org/pvldb/vol8/p1286-song.pdf

[10] “Full version,” [Online]. Available: http://ise.thss.tsinghua.edu.
cn/sxsong/doc/imputation.pdf

[11] X. Chu, I. F. Ilyas, and P. Papotti, “Holistic data cleaning: Putting
violations into context,” in Proc. IEEE 29th Int. Conf. Data Eng.,
2013, pp. 458–469.

[12] R. Impagliazzo, S. Lovett, R. Paturi, and S. Schneider, “0-1
integer linear programming with a linear number of con-
straints,” Electron. Colloquium Comput. Complexity, vol. 21,
2014, Art. no. 24. [Online]. Available: http://eccc.hpi-web.de/
report/2014/024

[13] P. C. Arocena, B. Glavic, G. Mecca, R. J. Miller, P. Papotti, and
D. Santoro, “Messing up with BART: Error generation for evaluat-
ing data-cleaning algorithms,” Proc. VLDB Endowment, vol. 9,
no. 2, pp. 36–47, 2015. [Online]. Available: http://www.vldb.org/
pvldb/vol9/p36-arocena.pdf

[14] Y. Huhtala, J. K€arkk€ainen, P. Porkka, and H. Toivonen, “Tane: An
efficient algorithm for discovering functional and approximate
dependencies,” Comput. J., vol. 42, no. 2, pp. 100–111, 1999.

[15] C. Mayfield, J. Neville, and S. Prabhakar, “ERACER: A database
approach for statistical inference and data cleaning,” in Proc.
ACM SIGMOD Conf., 2010, pp. 75–86. [Online]. Available: http://
doi.acm.org/10.1145/1807167.1807178

[16] S. Wu, X. Feng, Y. Han, and Q. Wang, “Missing categorical data
imputation approach based on similarity,” in Proc. IEEE Int. Conf.
Syst. Man. Cybern., 2012, pp. 2827–2832. [Online]. Available:
http://dx.doi.org/10.1109/ICSMC.2012.6378177

[17] S. Zhang, J. Zhang, X. Zhu, Y. Qin, and C. Zhang, “Missing value
imputation based on data clustering,” Trans. Comput. Sci., vol. 1,
pp. 128–138, 2008. [Online]. Available: http://dx.doi.org/
10.1007/978-3-540-79299-4_7

[18] R. M. Rodr�ıguez, L. Mart�ınez-L�opez, D. Ruan, and J. Liu, “Using
collaborative filtering for dealing with missing values in nuclear
safeguards evaluation,” Int. J. Uncertainty Fuzziness Knowl.-Based
Syst., vol. 18, no. 4, pp. 431–449, 2010. [Online]. Available:
https://doi.org/10.1142/S0218488510006635

[19] A. K. Elmagarmid, P. G. Ipeirotis, and V. S. Verykios, “Duplicate
record detection: A survey,” IEEE Trans. Knowl. Data Eng., vol. 19,
no. 1, pp. 1–16, Jan. 2007.

[20] M. A. Hern�andez and S. J. Stolfo, “The merge/purge problem for
large databases,” in Proc. ACM SIGMOD Int. Conf. Manage. Data,
1995, pp. 127–138. [Online]. Available: http://doi.acm.org/
10.1145/223784.223807

[21] W. Fan, J. Li, X. Jia, and S. Ma, “Reasoning about record matching
rules,” Proc. VLDB Endowment, 2009.

[22] M. Yakout, L. Berti-�Equille, and A. K. Elmagarmid, “Don’t be
scared: Use scalable automatic repairing with maximal likelihood
and bounded changes,” in Proc. ACM SIGMOD Int. Conf. Manage.
Data, 2013, pp. 553–564. [Online]. Available: http://doi.acm.org/
10.1145/2463676.2463706

[23] S. De, Y. Hu, V. V. Meduri, Y. Chen, and S. Kambhampati,
“Bayeswipe: A scalable probabilistic framework for improving
data quality,” J. Data Inf. Quality, vol. 8, no. 1, pp. 5:1–5:30, 2016.
[Online]. Available: http://doi.acm.org/10.1145/2992787

[24] M. Yakout, A. K. Elmagarmid, J. Neville, M. Ouzzani, and
I. F. Ilyas, “Guided data repair,” Proc. VLDB Endowment, vol. 4,
no. 5, pp. 279–289, 2011. [Online]. Available: http://portal.acm.
org/citation.cfm?id=1952378&amp;CFID=12591584&amp;
CFTOKEN=15173685

[25] X. Chu, J. Morcos, I. F. Ilyas, M. Ouzzani, P. Papotti, N. Tang, and
Y. Ye, “KATARA: A data cleaning system powered by knowledge
bases and crowdsourcing,” in Proc. ACM SIGMOD Int. Conf.
Manage. Data, 2015, pp. 1247–1261. [Online]. Available: http://
doi.acm.org/10.1145/2723372.2749431

Shaoxu Song is an associate professor with the
School of Software, Tsinghua University, Beijing,
China. His research interests include data quality
and complex event processing. He has published
more than 20 papers in top conferences and jour-
nals such as SIGMOD, VLDB, ICDE, the ACM
Transactions on Database Systems, the IEEE
Transactions on Knowledge and Data Engineer-
ing, The VLDB Journal, etc.

Yu Sun is working toward the PhD degree in the
School of Software, Tsinghua University, Beijing,
China. His current research interests include data
quality and data cleaning.

286 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 32, NO. 2, FEBRUARY 2020

https://doi.org/10.1007/s41019-015-0004-7
https://doi.org/10.1007/s41019-015-0004-7
http://www.comp.nus.edu.sg/vldb2010/proceedings/files/papers/R15.pdf
http://www.comp.nus.edu.sg/vldb2010/proceedings/files/papers/R15.pdf
https://doi.org/10.1023/B:APIN.0000021416.41043.0f
https://doi.org/10.1023/B:APIN.0000021416.41043.0f
http://doi.acm.org/10.1145/375360.375365
http://dx.doi.org/10.1109/ICDE.2012.46
http://dx.doi.org/10.1109/ICDE.2012.46
http://www.vldb.org/pvldb/vol8/p1286-song.pdf
http://www.vldb.org/pvldb/vol8/p1286-song.pdf
http://ise.thss.tsinghua.edu.cn/sxsong/doc/imputation.pdf
http://ise.thss.tsinghua.edu.cn/sxsong/doc/imputation.pdf
http://eccc.hpi-web.de/report/2014/024
http://eccc.hpi-web.de/report/2014/024
http://www.vldb.org/pvldb/vol9/p36-arocena.pdf
http://www.vldb.org/pvldb/vol9/p36-arocena.pdf
http://doi.acm.org/10.1145/1807167.1807178
http://doi.acm.org/10.1145/1807167.1807178
http://dx.doi.org/10.1109/ICSMC.2012.6378177
http://dx.doi.org/10.1007/978-3-540-79299-4_7
http://dx.doi.org/10.1007/978-3-540-79299-4_7
https://doi.org/10.1142/S0218488510006635
http://doi.acm.org/10.1145/223784.223807
http://doi.acm.org/10.1145/223784.223807
http://doi.acm.org/10.1145/2463676.2463706
http://doi.acm.org/10.1145/2463676.2463706
http://doi.acm.org/10.1145/2992787
http://portal.acm.org/citation.cfm?id=1952378&CFID=12591584&CFTOKEN=15173685
http://portal.acm.org/citation.cfm?id=1952378&CFID=12591584&CFTOKEN=15173685
http://portal.acm.org/citation.cfm?id=1952378&CFID=12591584&CFTOKEN=15173685
http://doi.acm.org/10.1145/2723372.2749431
http://doi.acm.org/10.1145/2723372.2749431


Aoqian Zhang is a working PhD degree in the
School of Software, Tsinghua University, Beijing,
China. His current research interests include time
series data cleaning and data imputation.

Lei Chen is currently a professor with the Depart-
ment of Computer Science and Engineering,
Hong Kong University of Science and Technol-
ogy. His research interests include crowdsourc-
ing, social networks, probabilistic and uncertain
data, cloud data processing, and graph data. He
is a member of the ACM, the IEEE, and the IEEE
Computer Society.

Jianmin Wang is a professor with the School
of Software, Tsinghua University. His current
research interests include unstructured data
management, workflow and BPM technology,
benchmark for database system, information sys-
tem security, and large-scale data analytics.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

SONG ET AL.: ENRICHING DATA IMPUTATION UNDER SIMILARITY RULE CONSTRAINTS 287



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


