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In this paper, a dynamic setting for data quality improvement is studied. In such a setting, there is a repeated
search for data quality rules and a fix of their violations until stability is reached. The constraints considered
here are simple constant edit rules and searching is done via association analysis. Repair of violations relies on
the set cover method. This paper contributes to the field of data quality in three ways. First, it is shown that
with appropriate filtering, association analysis is an appealing tool to discover data quality rules with high
precision. Second, when edit rules are limited to logical implications such as association rules, then under
reasonable circumstances, time complexity of rule implication reduces from exponential to quadratic. This
result is formalized as the strong generator theorem. Third, a detailed analysis of data repair in a dynamic
setting is provided and the conditions for termination are shown. Empirical results indicate that if the initial
precision of rules is high, then repeated search-and-repair offers a boost in recall with a mitigated drop in

precision.

1. Introduction

Over the past decades, there has been an increasing interest in
techniques and mechanisms to safeguard data quality. Although data
quality has many facets like accuracy, completeness and currency, the
most prominent aspect is consistency (Batini et al.,, 2009; Batini &
Scannapieco, 2006; Bronselaer et al., 2017; Fan & Geerts, 2012). Many
approaches towards verification of consistency have adopted some
kind of constraint (Abiteboul et al., 1995). Notable examples include
functional dependencies (FDs) (Bohannon et al., 2005), conditional
functional dependencies (CFDs) (Bohannon et al., 2007; Cong et al.,
2007; Fan et al., 2008), inclusion dependencies (INDs) (Bohannon et al.,
2005) and denial constraints (DCs) (Chu et al., 2013). A recent survey
shows that there are many other constraints, conjointly referred to as
relaxed functional dependencies (RFDs), that are being investigated and
for which theory is being developed (Caruccio et al., 2016). In general,
research regarding data consistency seems to focus on finding more
expressive constraints.

An important issue with this trend is that constraints that are more
expressive also tend to be more complex with regard to the study of
their fundamental properties. In particular, repair of violations and
discovery of constraints tends to be more complex. To resolve the
violations against a static set of constraints, the Chase algorithm has
been studied to create a search tree that models all repairs (Geerts
et al.,, 2019). One problem with high expressive constraints like CFDs
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or DCs is that the number of branches of a search tree increases so fast
that heuristics are required to keep searching feasible. Moreover, in a
more dynamic setting, discovery of CFDs and DCs has turned out to be
computationally intensive as well (Chu et al., 2013; Fan et al., 2009).

One way to mitigate the complexity of discovery and repair of
constraints, is to consider less complicated formalisms. In a recent paper,
it was argued that a significant amount of inconsistencies in real-life
datasets can be captured by constant tuple-level constraints (Ramme-
laere & Geerts, 2019) and that more complicated constraints like FDs
can often be modeled by sets of these constant tuple-level constraints.
For such tuple-level constraints, simple and efficient algorithms exist
to find them (Boeckling et al.,, 2019; Rammelaere & Geerts, 2019;
Rammelaere et al., 2017). With respect to repair, minimal repairs can
be found by searching for minimal set covers of failing constraints
if the set of constraints satisfies some closure properties (Boskovitz,
2008; De Waal et al.,, 2011; Fellegi & Holt, 1976). Using this set
cover method provides a huge advantage when searching for repairs
because it allows to search in particular parts of the search space. This
methodology is sometimes criticized because it may lead to repairs that
are unlikely with respect to the distribution of the data (Hang et al.,
2015). Such criticism is somehow obsolete for several reasons. First,
empirical studies show that, in general, the set cover method is more
robust when compared to other methods (De Waal et al., 2011). Second,
under particular assumptions, minimal solutions lead to approximate
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| Find constraints

relationship=Wife = sex=Female

age=<I8 = marital status=Never-married

relationship=Husband = sex=Male

relationship=Wife = marital status=Married-civ-spouse
relationship=Husband = marital status=Married-civ-spouse

marital status=Married-civ-spouse A sex=Male = relationship=Husband

3. Apply repairs

l 2. Sufficiency & Coherence

(supervision)

marital status sex | relationship | age

— (relationship=Husband A age= <I8)
— (relationship=Wife A age= <I8)

Married-civ-spouse Male Husband 22-30

l 3. Detect errors

Never-married Male | Other-relative | <IB
Married-civ-spouse | Female Wife -3 marital status SEX relationship | age
I 4. Propose repairs Married-civ-spouse Male Husband <18
Married-spouse-absent Male | Other-relative |  <I8
Married-AF-spouse Female Wife 22-30

Fig. 1. Illustration of the dynamic repair methodology applied to the UCI Adult dataset, restricted to four attributes. Possible errors are indicated in bold red font and corrections

are indicated in bold green font.

maximum likelihood estimates of consistent data, given some incon-
sistent data (Scholtus, 2014). Third, the general methodology can be
extended to account for several very specific error mechanisms in the
case of additive data (Scholtus, 2014). Examples of such mechanisms
include typographical errors, rounding errors, value swaps and unit
errors. Fourth, the methodology of minimal set covers can easily be
extended to account for data distributions when making a selection
among minimal repairs.

This paper investigates the use of tuple-level constraints to improve
data quality in a dynamic manner, where constraints are constant
edit rules. Fig. 1 illustrates the methodology on the Adult dataset!
from the UCI repository, restricted to four attributes. In the first step
of the approach, constraints are searched by means of association
analysis. In a second step, the rules are inspected for a property called
sufficiency. Informally, this step will search for any additional rules that
are necessary for the set cover approach to work. In Fig. 1, two rules
are added by this step. At the same time, this step also verifies the
internal coherence of the rules to ensure they are not self-conflicting.
In the third step, the data are inspected for possible errors by using
the set cover method. With this method, minimal sets of attributes that
cover all violated rules are composed. For example, the first tuple in
Fig. 1 violates two rules, both of them involving attribute age, which
is the only minimal set cover. Note here that one of the two failing
rules was added during the verification of sufficiency. The second and
third tuple violate a single rule that involves two attributes, so there are
two possible locations for the error. After error detection is completed,
a repair algorithm will propose repairs for the errors that were found
and these corrections are then applied to the data. The final step is
then to apply corrections on the original data. This is usually done in
a supervised setting for several reasons. First of all, it might be the
case that constraints found in the first step do not qualify as hard
data quality rules. Violations of those rules are then outliers rather
than errors. Second, a repair function is in general not deterministic
and the choice it makes to correct an error, might be wrong. Although
the solutions presented in this paper try to avoid these scenarios, they
cannot be ruled out and supervision therefore remains a vital step in the
entire dynamic procedure presented here. The methodology described
here comes with three main problems that are studied throughout this

paper:

1. If association analysis is used to search for edit rules, a high
probability is required that an association rule is indeed a con-
straint. Choosing confidence high is a first step, but it is not

L https://archive.ics.uci.edu/ml/index.php.

always sufficient. In Fig. 1, This paper introduces two simple
filters to ensure that the rules found are of sufficient quality in
Section 3.

2. When applying the set cover method for repairing, the set of con-
straints needs to contain sufficiently many implicit rules (Fellegi
& Holt, 1976). Construction of such a sufficient set is achieved
by rule implication and in general, this is a problem with an
exponential time complexity. It is shown in Section 4 that for
implicative rules in general, time complexity reduces to quadratic
under reasonable conditions. The construction of a sufficient
set also ensures satisfiability of the set of constraints and this
guarantees the existence of repairs.

3. Third, with a sufficient set of constraints at hand, violations of
constraints can be repaired. However, doing so might introduce
new association rules that are possibly violated. This cyclic
process of search and repair is studied in Section 5 and the
conditions for termination are shown. It can be readily seen that
if precision of the initial rules is low, a propagation of errors
can render the dynamic process useless. The filters introduced
in this paper can help in increasing precision but they might not
be sufficient and again, supervision is necessary to monitor this.
Fortunately, empirical results indicate that the propagation of
errors is low if the initial rules are of sufficiently high precision.

The remainder of this paper is organized as follows. In Section 2,
some basic concepts and notations are recalled. In Sections 3, 4 and
5, the three main problems listed above are studied. In Section 6,
the approach is positioned in the large body of literature on data
quality. In Section 7, several empirical results are reported with respect
to precision, computational complexity and logical coherence of the
proposed approach. In addition, some results about the termination
speed of repair steps are reported. Finally, in Section 8, the key findings
of this paper are summarized.

2. Preliminaries

The relational model for databases considers a countable set of
attributes A. For each attribute a € A, the set A denotes the domain
of a, which is the set of permitted values an attribute a can take. A
schema R = {ay,...,q;} is defined by a non-empty and finite subset
of A where indices of attributes provide us with a suitable total order
on the attributes. A relation R with schema R is defined by a finite
set R C A; X --- X Ay. Each element of a relation R with schema R is
called a tuple r with schema R. The combined universe A; x--- x A, will
be denoted as dom (R) for short. For a relation R with schema R and
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X C R, the projection of R over X is defined by a relation R[X] with
schema X that is obtained by retaining only the values of the attributes
in X for each r € R and by removing all duplicate tuples. The projection
of a single tuple r over X is denoted by r[X] and if X = {a}, the notation
rla] is used. For a predicate P defined on dom (R), the selection P over
a relation R is defined by Rp = {r |r € RA P(r)}.

In their seminal paper on automated editing and imputation, Fellegi
and Holt laid the foundations for the theory of statistical editing (Fellegi
& Holt, 1976). For nominal scaled data where all domains A; are finite,
an edit rule on a schema R is defined as a relation E with schema R that
can be written as the cross product of subsets of the attribute domains.

Definition 1 (Edit Rule). An edit rule E on R = {aj,...,q;} is an
expression of the form E; X --- X E; where E; C A;. A tuple r is said
to satisfy E if r ¢ E and to fail E if r € E. The set of all edit rules is
denoted by E.

If a tuple r satisfies (resp. fails) a rule E, the notation r E E (resp.
r ¥ E) is used. For a set of rules &, r E € implies r E E for each E € €.
Similarly, r ¥ £ means r ¥ E for at least one E € €.

Example 1. Consider the second rule shown in Fig. 1 which expresses
that, if the value for attribute age equals ‘<18’, then the value for at-
tribute marital status must be equal to ‘Never-married’. Logically,
this is equivalent to the edit rule:

{< 18} x {Never-married} X Aelationship X Asex

where {Never-married} is the set of values not containing the value
‘Never-married’. In the example of Fig. 1, this rule is failed by the first
and second tuple.

If for some rule E it holds that 3a¢; € R : E; = §, then E is always
satisfied and E is called a tautology.? In what follows, edit rules are
assumed not to be tautologies. An attribute ¢; € R is said to enter an
edit rule E if and only if E; C A;. Alternatively, it is said that E involves
a;. If an attribute g; is not involved in E, it follows that E; = A; and
satisfaction of E does not depend on the value a tuple takes for g;. The
set of attributes involved in E is denoted by I (E). If a tuple r fails
some rules in &, a solution for r is any set of attributes S C R for which
different values can be assigned such that the new tuple fails no rules.
In other words, a solution satisfies:

I edom(R): FFEEAT [?] = [E] ¢))

where S = R \ S. The new tuple obtained from a solution is called a
repair. A solution is called minimal if there are no solutions that contain
fewer attributes. Finding minimal solutions can be done with the set
cover method. Fellegi and Holt showed that if a tuple r fails some rules
in £, any minimal solution is a minimal set cover of the failing rules,
provided that € is closed under rule implication. This closure property
is satisfied if £ contains all implied rules.

Definition 2 (Implied Rule). For a set of edit rules £ on R and an
attribute
a, € R, let E} be defined by:

E,-*={ Mree £ M g2 @
Ugec Ei if g=i

forany i € {1,...,k}, then E*(g,&) = E] XX E} is an implied edit rule

with a, as generator and € as contributing rules if it is not a tautology.

2 The original definition in Fellegi and Holt (1976) explicitly rejects
tautologies.
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Example 2. In Fig. 1, the contributing rules
age =< 18 = marital status = Never-married 3)
relationship = Husband = marital status = Married-civ-spouse 4)

lead to an implied rule:
{< 18} X Amarital status X {HUSband} X Asex
by using marital status as generator.

A problem with this approach is that finding all implied rules, is
an exponential problem. Fortunately, the requirement of closure can
be relaxed. First of all, implied rules are necessary only when they are
new. An implied rule E*(g, £€) is called new if it does not involve a, and
if each contributing rule involves a,. For a given set of rules £, the set
& together with all new rules is denoted by Q2 (€) and this set is called
complete (Fellegi & Holt, 1976).

Example 3. The implied rule from Example 2 was generated from
two contributing rules in which the generator (marital status)
was involved. The generator is not involved in the implied rule and
therefore the implied rule is new.

Besides being not new, a rule can also be omitted if it is dominated
by some other rule. For two edit rules E and E’, E dominates E’ if
E' C E. A rule that is dominated by some other rule is called redundant.
This leads to the notion of an NNR rule.

Definition 3 (NNR Rule). For a set of edit rules £ on a schema R and
a generator a, € R, a rule E*(g, £) is called new and non redundant
(NNR) if it is new and not redundant to any rule that can be implied
from € with a, as generator.

Further restrictions can be applied in this rule generation process
and the best known algorithm for rule implication is the Field Code
Forest (FCF) algorithm (Boskovitz, 2008). This algorithm produces a
set of rules denoted £ (&) that is shown to contain sufficiently many
new rules to ensure the property that set covers are solutions and vice
versa. For that reason, Q2 (&) is called a sufficient set of rules.

Example 4. In Fig. 1, the initial association rules combined with the
two additional rules, form a sufficient set. The first tuple from Fig. 1
fails the following two rules:

{<18} x {Never-married}
{<18} x Amarital status x
Because the set of rules is sufficient and because attribute age is

involved in both rules, the set {age} is a minimal set cover of the failing
rules and therefore a minimal solution for this tuple.

X Arelationship x A
{Husband} x A

sex

sex-

3. From association rules to edit rules

In this section, the conditions under which association rules can serve
as data quality constraints are investigated. After a brief refresher on
association analysis, an association rule is first shown to be a special
kind of edit rule and thus fit for the set cover methodology. Second,
next to the obvious requirement that g ~ 1, it is shown that filtering
strong rules based on ratios of confidence and support aids in obtaining
a better quality of the rules.

A brief refresher. Association analysis is a branch from the field of
data mining that focuses on (i) finding associations between the occur-
rence of items and (ii) finding suspected causal relationships between
items (Agrawal et al., 1993). For a schema R and a relation R, a frequent
itemset is a tuple x with schema X C R such that Pr[Ry_,] > « where

[Ry=yl

5
IR (5)

Pr[Ry_,] =
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In association analysis, the estimate of probability is often referred to
as the support of an itemset. An association rule is an expression of the
form x = y, where x and y are tuples with resp. schemata X c R and
Y C R such that X n Y = @. A strong rule is an association rule x = y
such that xy is frequent and such that:

Pr [RX.V:X,V]

) 6
Pr [Ry—,] ol ©

The left hand side of this inequality is called the confidence of the rule
x = y (denoted by Conf(x = y)) and is an estimate for the conditional
probability Pr[Y = y | X = x]. For given « and g, the set of all strong
rules (with at least one condition) that can be found in a relation R is
denoted by &, 4 (R) or simple &, 5 if R is understood.

Conversion to edit rules. It is now shown how a set of strong rules &, ; is
converted into an equivalent set of edit rules. Without loss of generality,
strong rules in &, are assumed to have precisely one attribute in
their conclusion.® As such, assuming there is a suitable permutation of
attributes, a strong rule is a logical expression of the form:

a; =) A Ay = O] D A1 = Vjxjel- @]

By applying the rules of logic, satisfaction of this statement is equiva-
lent to:

r & (o} X X o} X {01} X X Ay (8)

This latter expression is an edit rule £ on R that involves |X| + 1
attributes. Note that, strictly speaking, the equivalence only holds when
a)x|+1 is not NuLL. Indeed, if r[a) ;] is missing, the association rule fails
if the left hand side holds. However, the edit rule is satisfied if rlax41]
is missing.

From the above given conversion, it can be seen that if there are two
strong rules x; = y and x, = y such that X; C &, and x,[X,] = x|, then
after conversion to edit rules, the first rule dominates the second one. In
other words, redundancy of association rules translates to redundancy
of edit rules. As a consequence, when generating &, ;, it suffices to
consider only those rules for which the left hand side is minimal in the
sense of C.

The following characterization can now be given to edit rules
produced from a set of strong rules.

Proposition 1. For a relation R with schema R, an edit rule E € &,

satisfies:

Va, € I(E): |E)| =1V |E]|=|A]-1 (A1)
Ja, €I(E): |E;| =1 (A2)
da; €I(E): |E| = |4;] -1 (A3)
Ha;1a; e I(E)A|E;| > 1}] <1 (A4)

In this characterization, Al states that if an attribute is involved in
an edit rule, the corresponding set of values for this attribute is either
a singleton or a singleton complement. Hereby, sets that are singletons
correspond to conditions from the left hand side of the original asso-
ciation rule while sets equal to singleton complements correspond to
the right hand side of the original association rule. The singletons will
be called condition sets and the singleton complements will be called
result sets. Conditions A2 and A3 state that there is always at least one
condition set and one result set. Condition A4 states that there is at most
one involved attribute for which the corresponding set of values is not
a singleton. It will be shown in Section 4 that this characterization is
important when studying the construction of a sufficient set.

3 It is easy to show that the more general case with # attributes in the
conclusion is equivalent to # rules with a single-attribute conclusion.
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Ensuring constraint quality. Under which circumstances is it viable to
accept strong rules as data quality constraints? The main idea of
creating these circumstances is very simple. Consider some association
rules found with a certain support and with a very high confidence,
close to 1. Arguably, because of the very high confidence, the few cases
where the rule does not apply, might be due to errors in the database.
Our argument thus hinges strongly on the assumption that strong rules
with (very) high confidence are acceptable as data quality rules that
need to hold.

One obvious possibility to make this assumption more viable, is to
use additional measures of interest such as lift or conviction to prune
itemsets (Brin et al., 1997). Although such additional constraints can
help, it has been reported in Chiang and Miller (2008) that even if lift or
conviction are used to prune itemsets, one still obtains an unreasonable
amount of rules. Of course, it must be mentioned that the findings
from Chiang and Miller (2008) are based on experiments where g = 0.5
and thus not really qualify for ‘very high confident’ rules. Nevertheless,
empirical tests show that even with much higher values of g, many
rules will still be found that do not really qualify as hard constraints.
In the following, two common cases are identified where strong rules
are falsely identified as a data quality rule and a simple solution for
each case is provided.

Dealing with non-informative conditions. The first problem is that con-
ditions of a rule often have no significant contribution in explaining
the right hand side of the rule. As an example of this problem, with
a = 001 and f = 0.99, the following rule is strong in the ‘Adult’
dataset: occupation = Adm-clerical A age = 22-30 A relationship =
Not-in-family = income = LessThan50K. The confidence of this rule
is 0.9926. However, if the condition on relationship is removed,
a rule with confidence of about 0.949 is obtained, indicating that this
condition has little contribution in the statement that income needs
to take a specific value. Additionally, removing the condition on age,
produces a rule with confidence of about 0.86. Semantically, none of
these rules are hard constraints and should therefore not be accepted as
data quality rules. What happens here is that, because of the relatively
low value for a, conditions are added until sufficient confidence is
reached. However, if a is increase, many correct rules would not be
found.

To avoid this problem, it is proposed to accept an association rule
x = y only if each condition in x contributes sufficiently to the
confidence of the rule. When doing so, the fact that confidence is not
necessarily monotone in the C-relation of the left hand side should be
accounted for. To measure the contribution of conditions, the ratio of
the confidence of x = y and the confidence of the rule without those
conditions is computed.

Definition 4. For a schema R and an association rule x = y with X
not empty, the confidence ratio of a set of attributes § c X’ C X is
defined by:

Conf (x = y)

Conf (x[X\ X'] = y)

The rationale behind the confidence ratio is easy to explain. If the
rule x[X \ X’] = y has a confidence that is close to the confidence of
rule x = y, then the conditions in X’ have little or no value in drawing
the conclusion y. The higher the confidence ratio gets, the bigger the
leap in confidence by adding specific conditions to the left hand side.
Good rules are rules that have a confidence ratio that is sufficiently
high with respect to all its sub-rules. More formally, in addition to the
requirements on support and confidence, an association rule x = y
should be accepted only if it satisfies:

©)

Conf (x = y) -
Conf (x[X\ X'] = y) —
where ¢ > 1 is a predefined threshold. Rules that satisfy the above
test are called o-strong rules and it is shown in the following that they

VX' CX X' #£0A (10)
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satisfy appealing properties. First, if ¢ = 1, then any strong rule is o-
strong. In other words, for ¢ = 1, the association rules with support and
confidence above resp. « and f are obtained. Second, X’ = X is allowed
in the test. In that case Conf (x[X \ X'] = y) = Pr [Ry_,|. Plugging this
into the above inequality yields the requirement that the lift of rule
x = y must be greater than or equal to ¢. Hence, the confidence ratio
is a natural extension of the concept of lift. Third, because the test
requires that the confidence ratio is at least ¢ for all X’, a strong rule
must satisfy

Conf (x = y)

\/ X
@€ Conf (x[a] = y) —

1D

This gives rise to the following pruning strategy.

Proposition 2. For a schema R and an association rule x = y with X
not empty, if there exists an a € X such that Conf (x[a] = y) - ¢ > 1 then
x = y is not a strong rule.

The idea of this pruning strategy is that calculating the confidences
for rules where both left hand side and right hand side contain only
one attribute can be done very fast.

Dealing with rare values. The second problem addressed here, is the
case where exceptions to a very high confident rule are not errors, but
simply very rare cases. An example is the following rule from Fig. 1:
relationship = Wife = marital status = Married-civ-spouse. At first
glance, this rule seems correct, were it not that there are two values
for marital status that are exceptional, but correct, given that
the value of relationship is ‘Wife’. These value are ‘Married-AF-
spouse’ and ‘Married-spouse-absent’, which are shown in Fig. 1. What is
observed here, is the undesirable phenomenon where a high confident
rule pushes out some very infrequent values. To avoid such rules x = y
from being selected, consider the ratio:

Pr [Ryy—]|

_XY=xz] 12)
Pr [Ry_,|

for each z # y but with schema Y. If there exists one z for which this
ratio is sufficiently high (i.e., above a threshold ¢), the rule x = y is
rejected. The rationale behind this decision is the following. Suppose
x = y is accepted as a rule, then each tuple that satisfies XY = xz
is considered erroneous. Now suppose these errors are repaired by
changing the value for Y, then clearly the tuple must take a value
different from z after the repair. In that case, Eq. (12) is a lower bound
to the error ratio for value z in attribute Y. If that lower bound is high,
it is implicitly assumed that there is a strong bias in the occurrence
of errors, because in a large proportion of the cases where Y = z, a
single rule indicates that this value is wrong. This conflicts with the
usual assumption that errors are distributed randomly across data. It is
worthwhile mentioning that Eq. (12) represents the confidence of the
rule z = x, which is in fact conflicting with x = y. So the decision to
reject x = y can also be justified by the fact that there is a conflicting
rule with a reasonably high confidence but low support.

4. Sufficiency and coherence

In the previous section, the conversion of strong rules into edit rules
is discussed with the aim to repair violations by using the set cover
method (Fellegi & Holt, 1976). However, to do so, it must be ensured
that the converted set of edit rules, is sufficient. Despite the powerful
FCF algorithm (Boskovitz, 2008), this can still be a computational
intensive task. For that purpose, the properties of implication are
investigated in the case where edit rules are derived from strong rules.
In addition, it is investigated whether the rules are coherent. During our
analysis of sufficiency and coherence, no assumptions on parameters
o and e are made for the sake of generality. As such, the set of rules
produced for a relation R is completely determined by a and § and the
notation &, ; will be used.
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4.1. Sufficiency

In general, a set &, 5 has no guarantee to be sufficient. In fact, in
the general case, it cannot be ensured that any of the conditions A1-A4
are transferred to implied rules. However, under reasonable circum-
stances, implication of rules has some appealing properties. The key
understanding in all this, is that there is a special type of generator that
is of interest here. This type of generator is called a strong generator and
is defined as follows.

Definition 5. For a set of edit rules £ on R, an attribute a, € R
is called a strong generator for £ if E*(g,&) is an NNR rule and if in
addition:

JE€E v, €A, B ={v,). (13)

In the general case, the following proposition holds for strong
generators.

Proposition 3. For a set of edit rules £ on schema R, if || > 3 then
a, € R is not a strong generator for .

The consequence of Proposition 3 is that if € is used to imply a
new rule with a strong generator, then exactly two rules are needed
as contributors. Using more than two rules necessarily produces a
redundant rule and is therefore of no interest. With Proposition 3
established, strong generators can be investigated in case of association
rules and it can be verified which conditions (A1-A4) are preserved. To
begin with, each rule in &, ; involves at least one attribute that meets
Eq. (13), so strong generators appear quite naturally in the setting of
association rules. Now suppose some attribute a, produces an NNR rule
but is not a strong generator. Then the following holds.

Proposition 4. For a relation R with schema R and a set of edit rules
ECE,ponR,if E* (g, &) is an NNR rule and a, is not a strong generator,
then a, enters in each contributing rule with a singleton set.

As such, weak generation on the rules that were initially found
corresponds to the case where all contributing rules have a singleton
for the generator. Note that if a, satisfies |4,| = 2, a, is always a strong
generator for implication of NNR rules. If some attribute a, can be used
to generate NNR rules but a, is not a strong generator, the rule set is
said to feature weak generators. It can readily be seen that examining
the initial set &, ; for weak generators is a simple operation that has
a worst-case time complexity of © (|R| . |é‘a,/,|). Moreover, choosing «
sufficiently high guarantees that no weak generators are featured.

Proposition 5. Let R be a relation with schema R. A set of rules £, ;
features no weak generators if a > max; |A;|”"

Proposition 5 provides a strict lower bound on « in order to avoid
weak generators in &, ;. There is an intuitive reason why this lower
bound is interesting. Suppose a dataset in which attribute values are
uniformly distributed over tuples in a relation. In that case, each value
for attribute a has a probability of |A|~! and choosing « greater than
this probability implies patterns in the data that are more frequent than
in a pure random setting. Two important properties of strong generators
are now shown. The first one deals with the preservation of conditions
A1, A2 and A4.

Proposition 6. For a relation R with schema R and a set of two rules £
on R that satisfy A1, A2 and A4, then if a, € R is a strong generator for
&, E* (g, &) satisfies A1, A2 and A4.

Proposition 6 states that if a strong generator is used, then A1, A2
and A4 are transferred to NNR rules. This means that for each &, g, if
NNR rules are implied that are in their turn used as contributing rules,
then conditions Al, A2 and A4 remain valid for all implied NNR rules,
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as long as strong generators are used. In general, A3 is not preserved.
However, if a strong generator is used, then because of Proposition 3,
there are basically two types of implication that are possible on some
set &, 4-

» Transitive implication (TI) If one contributing rule involves the
generator with a singleton and the other involves the generator
with a singleton complement, then the NNR rule satisfies A1-A4.
Rule implication is then equivalent to transitivity in the sense of
association rules.

Non contradiction implication (NCI) If both contributing rules
involve the generator with a singleton complement, A3 is not
preserved. Rule implication is then an application of the law of
non contradiction.

Note that, unless data are binary, an implied rule obtained via NCI can
only be used as contributing rule in combination with either an original
rule or an implied rule obtained via TI.

The second important property deals with the fact that strong
generators will not introduce any singleton sets that were not already
present in some initial edit rule.

Proposition 7.  For a relation R with schema R and a set of two
rules £ C &,, on R, if a, € R is a strong generator for £, then
(Va, e T(E*(2.6)) : |Ef|=1)=> (AE€ € : E = E,)

Although Proposition 7 only applies to subsets of &, 5, the proof
(Appendix) only requires rules to satisfy conditions Al and A4. Hence,
as long as new rules satisfy conditions Al and A4 (and they do because
of Proposition 6), the result of Proposition 7 can be extended to the
entire process of rule implication. The following important result can
now be shown.

Theorem 1 (Strong Generator Theorem). Let R be a relation with schema
R. If the set of edit rules £, ; on R does not feature weak generators, then
2 (€, p) is generated by using strong generators only.

The crux of Theorem 1 is the following. If association rules are
produced from a relation R and converted into a set of edit rules &, 4
that features no weak generators, then no weak generators can occur
during the entire implication process. An important consequence of the
Strong Generator theorem is captured in the following corollary.

Corollary 1. Let R be a relation with schema R. If £, ; features no weak
generators, generating all NNR rules with generator a, has a worst-case time
complexity of O (1€, 41%).

In general, finding all NNR rules with generator a, and € as possible
contributing rules is an exponential problem in the worst case because
all subsets of £ need to be examined (see Boskovitz (2008), Garfinkel
et al. (1986)). However, if a, is a strong generator, it suffices to examine
only couples of rules instead of subsets of rules. Because the initial
lack of weak generators is propagated throughout the entire procedure,
Theorem 1 provides us with a tremendous gain in computational com-
plexity. To conclude this section, the rather strict condition where &, 4
is sufficient by itself, is provided.

Proposition 8. If a > 0.5, then &, is sufficient.

In this proposition, the initial set is sufficient because there are no
implied rules to generate. In a more general case, finding conditions
where implied rules are necessarily part of the initial set, is hard
because it is possible that there are two contributing rules that imply a
rule which has a confidence below the initial threshold g.
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4.2. Coherence

In order to find repairs for violated edit rules, it must be certain
that these rules can be satisfied. In the case of edit rules, there are
several notions of coherence that can be used. The following notion
of coherence is for example coined in Fellegi and Holt (1976).

Definition 6 (Coherence). A set of edit rules £ on R is coherent if
VE € Q&) : |I(E)| > 1.

Simply put, a set of rules is coherent if the sufficient set contains
only rules that involve at least two attributes. A second notion of
coherence that is often considered is satisfiability.

Definition 7 (Satisfiability). A set of edit rules £ on R is satisfiable if
dredom(R) : rEE&.

It is not difficult to show that a set of edit rules £ on R is satisfiable
if and only if VE € (&) : |I(E)| > 0. A first consequence of this is
that any set of rules that is coherent, is also satisfiable. A second and
more important consequence of satisfiability is actually tested during
the construction of Q (€). Besides the above two notions of coherence,
a third kind of coherence is introduced here.

Definition 8 (Weak Coherence). A set of edit rules £ is weakly coherent
if and only if VE* C € : Va, € R : |T(E*(g,E)| > 1.

Weak coherence implies that, in the first iteration of rule implica-
tion, there should be no incoherent rules. The notion of weak coherence
is mostly useful to formalize some intuitive choices for parameters «
and p. Thereby, it aims to avoid some ‘obvious’ mistakes in the set of
rules. The main result in this regard is summarized in the following
proposition.

Proposition 9. A set of rules &, is weakly coherent if a > % and
p> L
2a

This proposition provides a monotonically decreasing upper bound
in terms of increasing « where a = 0.5 is a special boundary case in
the sense that the upper bound equals 0.5. Rules found under these
conditions are always ensured to have confidence above 0.5 and are
ensured to have strong generators. Despite this result, there is no
general guarantee for coherence or satisfiability. This calls for strategies
to deal with incoherence. One simple strategy is to systematically
increase a and f to remove rules and test whether the newly obtained
set is still incoherent. Association rules need not be recomputed: the
initial (and incoherent) set 2 (&, ;) can be used as a set of candidates.
Any incoherence can be traced back to a proper subset of &, ; and
it is easy to compute the minimal increase in a and/or f to remove
the cause of the incoherence. Another strategy would be to supervise
the procedure and let human agents decide which of the contributing
rules are invalid. If possible, this second strategy is preferable as the
importance of human supervision during discovery of edit rules was
already established in Rammelaere et al. (2017) and Rammelaere and
Geerts (2019).

5. Repair

Repair functions. In this section, the last of three problems laid out in
the introduction of this paper, is studied: repairing violations. Hereby,
the sufficiency of the rules can be exploited to use the set cover method,
which allows to find solutions as set covers. The actual modification of
the inconsistent tuple is done by a repair function.

Definition 9 (Repair Function). For a schema R and a set of edit rules
£ on R, a repair function is defined by a function Rep; : dom(R) —
dom (R) such that Vr € dom(R) : Repg (r) F €.
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If £ is clear from the context, Rep, is denoted by Rep. A repair
function is said to be minimal if it always utilizes minimal solutions.
As a consequence, a minimal repair function corresponds to identity
(i.e., Rep(r) = r) whenever r F €. Therefore, for a relation R, a (minimal)
repair corresponds to application of a (minimal) repair function on
those tuples that fail one or more rules in £. The repair of a relation is
denoted by Rep(R).

In general, any repair function that keeps values for S must select
values for attributes in S from the set of permitted tuples Ps. To define
this set, only those rules from & must be considered that are not a priori
satisfied after changing the values S. These are the rules for which the
value of any attribute in S lies in the corresponding E-sets of the rule.
Any other rule will never be failed when changing only the values of the
attributes in S. Therefore, for any S = {a,,...,q,}, the set of triggered
rules is defined by £, ={ E| E € £ AVq; € S :rlgle E,»}. With this
notation at hand, the following result can be provided.

Theorem 2. For a schema R and a set of edit rules £ on R, let r be
a tuple that fails € and let S = {a,,...,a,} be a minimal solution. Any
minimal repair function Rep that satisfies Rep(r) §] =r [5] must also
satisfy:

Rep(r) [S] € rlaj]x -+ xrla ]\ | Eyx - xE, 14)
Eets,

where rla;] = A, \ {rla;]}.

Theorem 2 is important for several reasons. First, it provides us with
a simple formalism to describe all permitted combinations of values
for S that r is allowed to take, given £ and a minimal solution S.
This set of permitted tuples will be denoted by Pg or simply by P if
S is understood from the context. With additional information such as
observed frequencies for each of the permitted value combinations, be
it in the entire population or in a stratum, a motivated choice can be
made from P to guide repairing. Second, because P models all possible
repairs, it generalizes the two repair strategies provided by Fellegi
and Holt (1976). In fact, it generalizes any minimal repair strategy as
soon as the choice for S has been set. Hence, Theorem 2 allows us to
talk about repairing in very general terms. With the notions of repair
functions and permitted tuples set, two important results of repairing
in the case of association rules can be shown. The first one deals with
deductive repairing and the second one with the dynamic behavior of
repairing.

Deductive repairs. A tuple r can be repaired deductively if there exists a
minimal solution S such that Py is a singleton (De Waal et al., 2011).
This means that there is only one possible way of repairing it. Deductive
repairs are of interest because they are often considered as preferential
over other repairs. In general, they are not easy to guarantee (De Waal
et al.,, 2011) but when using strong rules, some interesting properties
hold.

Proposition 10. For a schema R and a set of rules 2(€) on R, a tuple
r that fails all rules EF C Q(&) has a deductive repair if there exists a
minimal solution S such that VE € £F : 3a; € S : |E;| = 1.

In words, the proposition states that there exists a deductive repair
for r if there is a minimal solution, such that for any rule that is
failed, there is an attribute in the solution that enters this rule with
a singleton complement. The rationale of the proposition is that, if the
requirement of the proposition is true, there is no reason for attributes
that enter failing rules with a set other than a singleton complement,
to be part of the solution. There are some obvious situations in which
this proposition applies. First and foremost, if £F contains only one
rule, then the proposition applies and the attribute from the right
hand side can be imputed. Second, if for all rules in £F, the sets
of involved attributes do not mutually overlap, the proposition again
applies. Moreover, the restriction on overlap can be loosened in the
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following way. If for any pair of failing rules (E,E’) it holds that
Ja, e T(E)NTI(E') : |E;| = 1, then the proposition applies and there
exists a solution that leads to a deductive repair. These conditions are
often (but not always) reasonable and achievable.

Example 5. In Fig. 1, the second tuple fails a single rule and there
are two minimal covers for this rule. A deductive repair emerges by
enforcing the consequent of the rule and change the value of marital
status to ‘Never-married’.

Dynamic repairing. The process of (i) finding and filtering strong rules,
(ii) constructing a sufficient set and (iii) applying a repair function on
all tuples that contain violations, is called a repair step and is denoted by
p. The output of this process is a relation p(R) in which all violations of
rules found at the beginning, are repaired. After a repair step, however,
new strong rules may occur that are possibly again violated. At this
point, a second repair step can be applied and this continues until
stability is reached. It is shown next that the characterization of this
dynamic process depends solely on which rules are found after a repair
step has been terminated. The following definitions are first provided.

Definition 10. A repair step p is upper preservative if VR : &, ; (p(R)) C
E.p(R).

Definition 11. A repair step p is lower preservative if VR : &, 5 (R) C
Eup (P(R)).
In words, p is upper preservative if no new rules are found in

consecutive repair steps and lower preservative if rules found in a
previous step are found again in a next step.

Definition 12. A repair step p is finite if, for any R with schema R
there exists an n € N such that either p"(R) F &, 4 (" (R)) or &, 5 (p"(R))
is not satisfiable. Hereby, p" = po ... op.

——

n

The following result can be shown.

Proposition 11.
finite.

A repair step p that is lower or upper preservative, is

So, in order to ensure termination of dynamic repairing, it suffices
to show either lower or upper preservation. At this point, strong rules
pose an interesting problem. First of all, if a repair function is applied,
new positive correlations can occur and thus new association rules are
often found after repairing a relation. Upper preservation is thus often
not ensured. Lower preservation is also not guaranteed, but failure of it
is bound by quite strong conditions. Indeed, failing lower preservation
means that the support and/or confidence of some rules is decreased
by the repair function Rep. Such a decrease can however not occur for
an association rule that fails some tuple r after repairing r.

Proposition 12. Consider a relation R, rules £, ; and a tuple r € R that
fails all rules €F C Q (€, ). For any E € EF n €, p, its confidence must
increase and its support will not decrease after repairing r.

Because of Proposition 12, when repairing a violation of a rule, it
still has sufficient support and confidence. In other words, repairing
tuples can only negatively affect support or confidence of rules if rules
are satisfied by tuples under repair. At the same time, it is known that
repairing a tuple with a minimal repair function will affect attributes
that occur in failing rules. That means, in order for support and con-
fidence of a rule to be negatively affected, that rule must share some
attributes with rules that fail. This leads to the definition of the concept
of rule competition.

Definition 13 (Competing Rules). For a schema R, a rule E is competing
with E’ if repairing a violation of E’ can decrease the support or
confidence of E.
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If E is competing with E’, then after a certain number of repairs,
it is possible that support (resp. confidence) of E drops below « (resp.
). Whenever this happens, E is said to be invalidated. The question is
now under which conditions competition can occur. These conditions
are characterized in the following theorem.

Theorem 3. For a schema R, a rule E = x = y is competing with
E'=x'=y ifand only if () X NI (E') # ¢ and (i) Va € 1 (E), it holds
that a € X' = xyla] = X'[a] and a € Y’ = xy[a] # y'[al.

The characterization of rule competition from Theorem 3 comes
with a few insights. First and almost trivially, E never competes with
itself, which makes competition anti-reflexive. Second, competition is
not necessarily symmetric. More precisely, if Y C X’ or ' C &, then
competition is asymmetric, meaning that if E competes with E’ then
E’ does not compete with E. Third, if E competes with E’ then it is
possible but not certain that support and confidence of E decrease after
repair. An interesting case in this regard is the following. Suppose E
equals b =1 = a =0 and E’ equals b = 1 = a = 1. These rules are
in competition with each other. Moreover, an NNR rule can be implied
that only involves » which means that these rules are in fact incoherent.
Now suppose this rule would be allowed in 2 (&, ), then repair will
systematically remove the value x[b] from R. In other words, it is not
only possible that support and confidence of a competing rule will
decrease, it is now certain and as a result, both rules will be invalidated.
In practice, even when a lot of rules are competing with some other
rule, invalidation can often be avoided (Section 7). In fact, Theorem 3
can help in detecting decreases in support and confidence and thus also
in avoiding invalidation. Moreover, if invalidation of some rules cannot
be avoided, invalidated rules can be passed on to the next iteration of
po ... op. In that latter case, lower preservation can simply be enforced.

This section is concluded with a note on human supervision. It is
advocated in Rammelaere and Geerts (2019), Rammelaere et al. (2017)
that human supervision is an essential part to differentiate between
errors and very rare events. There are at least two other aspects in
the entire process where human supervision can be useful. First, it
has been mentioned that the existence of incoherence indicates that
some rules must be discarded. In that case, it is best to rely on human
supervision to identify which rules are bogus. Second, it should be clear
after presentation of the results about competing rules that in a system
of repeated repair steps, a single association rule that is falsely seen
as an edit rule can rapidly propagate through consecutive repair steps.
It is therefore of great importance that repair steps are verified with
sufficient supervision. This is why in the general methodology (Fig. 1),
supervision is included in the final step.

6. Related work and discussion

In the past decades, there has been a tremendous interest in the
development of formalisms for data quality rules and in discovery
algorithms for these formalisms. Most of them adopt a static context,
where either a static set of rules is used, or rules are discovered
only once. In such a setting, repairing can be done with frameworks
like HoloClean (Rekatsinas et al., 2017) or Llunatic (Geerts et al.,
2019). To find constraints algorithms for FDs (Huhtala et al., 1999;
Papenbrock et al.,, 2015), CFDs (Chiang & Miller, 2008; Fan et al.,
2009; Rammelaere & Geerts, 2018) and DCs (Chu et al., 2013) have
been studied. In more recent approaches, authors abandon the idea
of an a priori constraint model and instead propose models to learn
errors, without an explicit constraint model. The most notable example
in this category is Raha: a tool that learns to recognize errors from
the comparison of dirty and clean data (Mahdavi et al., 2019). Errors
found this way can then be fixed by using a complementary tool
called Baran (Mahdavi & Abedjan, 2020). In this setting of learning
errors, the role of active learning has been investigated as well (Neutatz
et al.,, 2019). Other approaches use learning approaches to combine
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different error mechanisms like numerical outliers, dependencies and
typographical errors (Wang & He, 2019).

In the nominal case, any FD corresponds to a set of edit rules (Ram-
melaere & Geerts, 2019) and each association rule with maximal confi-
dence is in fact a constant CFD (Fan et al., 2009). Moreover, minimality
of constant CFDs has a strong affinity with closed frequent itemsets (Fan
et al., 2009). To see how the contributions of this paper fit in the scope
of CFDs and FDs, several arguments can be presented. First, this paper
has considered the case where confidence does not need to be maximal
but close to maximal. Doing so creates two main problems for which a
solution has been proposed. If confidence is allowed to be lower than 1,
then many rules may be found of which most are not data quality rules
(i.e., precision is low) (see also (Chiang & Miller, 2008)). In that regard,
redundancy of association rules collides with redundancy of edit rules
and a threshold on the confidence ratios has be defined. Moreover, if
confidence is 1, then for sufficiently high «, the rules are sufficient. It
has also been shown that for confidence thresholds lower than 1, this
is not the case and even worse, some implied rules cannot be written
as association rules. Because of this, a study of rule implication in the
case of high confident association rules has been presented. A second
argument is that the framework of edit rules comes with the benefit
that it is guaranteed to find minimal adjustments to tuples. Third,
as advocated in Rammelaere and Geerts (2019), a joint treatment of
discovery and repair has been presented and it is characterized how
these two procedures interact in the case of association rules.

Perhaps most affiliated with the work presented here, is the theory
on forbidden itemset mining with the FBIMiner (Rammelaere & Geerts,
2019; Rammelaere et al., 2017) and its generalization based on trian-
gular norms (Boeckling et al., 2019). Our work can be differentiated
from that theory in different ways. First, the FBIMiner framework
does not adopt the set cover method and has no inherent verification
of satisfiability, coherence or sufficiency. Second, FBIs are edit rules
with singletons only and are therefore characteristically different from
strong rules. The empirical results presented below show that in real-
life datasets, different rules are found and this supports the claim that,
although both techniques search for some kind of edit rule, there are
some differences in the underlying error mechanisms they assume.
Third, FBIs are edit rules that are only detected when violated, whereas
strong rules need not be violated to be accounted for.

Association analysis has also been used in data quality applications
more generally. For example, in He et al. (2005), frequent itemsets are
used to search for outliers. Hereby, outliers are defined as tuples that
contain few frequent itemsets. In the same spirit, also the approach
in Maervoet et al. (2012) considers association analysis as a fit tool
for outlier detection. In other applications, association rules have also
been used as a measurement tool (Alpar & Winkelstrater, 2014). In
these approaches, association rules are used in a quite straightforward
counting procedure, where there is for example little attention to
concerns about coherence and redundancy.

7. Experimental evaluation

In this section, some empirical results are reported to gain more
insight in the quality and coherence of strong rules, as well as their
ability to repair violations. The results were obtained with a custom
implementation of the FP-tree algorithm (Grahne & Zhu, 2005; Han
et al., 2000) in Java (Version 8), as well as an implementation of
algorithm to search and filter for association rules®. The rules found are
compared with the FBIMiner (Rammelaere & Geerts, 2019) for finding
edit rules, for which an implementation in Java based on FP-trees is
used (Boeckling et al., 2019). During experiments with repairing, FP-
trees built from clean data are used to find donors. Experiments were
executed on a machine running Windows 10 as operating system, with
an Intel 64-bit CPU (2.6 GHz) with six cores.

4 All code is available at https://gitlab.com/ledc/ledc-dino
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Table 1

Summary of datasets used in the experiments.
Dataset |R| IR|
Adult 48842 11
Census 199523 10
Trials-1 86670 13
Trials-2 1512 25
Trials-3 86670 27

Table 2

Impact of ¢ on the number of rules and on the average number of conditions. Results
are obtained with p = 0.98 and values for a as low as possible without violating
coherence. Weak generator cases are marked with x.

oc=1 c=1.1

I€] Avg. |X| I€] Avg. |X|
Adult (a =0.01) 80* 2.84 9 1.11
Census (a =0.01) 68 1.72 40 1.23
Trials-1 (a = 0.01) 588 3.68 16 1.38
Trials-2 (a = 0.35) 135 1.71 64 1.00
Trials-3 (a =0.2) 1468 5.91 23 1.34

Description of the datasets. In the experiments reported in the following,
five datasets are used of which the main characteristics are summarized
in Table 1. All used datasets can be downloaded from a public OSF
repository.> Two datasets (Adult, Census) are taken from the UCI
Machine Learning Repository® and three datasets (Trials-1, Trials-2 and
Trials-3) are self-composed by collecting public data concerning clinical
trials. The Adult dataset contains data from the 1994 US Census and
relates several demographic attributes to the income of US citizens.
The Census dataset contains similar data but comprises more tuples.
The Trials-1 dataset contains data about the design of studies that are
reported in the EudraCT database.” In composing this dataset, a tuple
is considered for each country that executed a study so consistency can
be verified in the design of clinical trials across countries in Europe.
The Trials-1 dataset contains many attributes of which the domains
are mostly binary-valued. The Trials-2 dataset also contains data about
the design of clinical trials, but it differs from Trials-1 in the sense
that it contains data of two different repositories: the German trials
register.® and the US trials register’ The reasons to compose Trials-2
from these two registers are twofold. First, the German register has a
relatively high number of references to the US register via specification
of secondary identifiers. Second, both registers report the design in a
similar way and are quite well aligned in their reporting. Finally, Trials-
3 contains data about the population of studies reported in the EudraCT
database.

7.1. Analysis of parameters a and ¢

As mentioned in Chiang and Miller (2008), searching for association
rules without any restrictions would yield a very high number of
rules with relative poor quality. So, in the first place, the number of
rules must be reduced to a reasonable amount. This could be done by
choosing a high, but then only high-frequent information is found. To
that extent, it is verified how confidence ratios can aid in filtering rules.
Recall that the usage of confidence ratios (tested with parameter ) has
the main goal of avoiding rules with an overly amount of non-relevant
conditions. If ¢ = 1, no filtering is done. For higher values of ¢, more
contribution of each condition to the confidence of the rule is required
(Section 3).

https://osf.io/p53wu/.
https://archive.ics.uci.edu/ml/index.php.
https://www.clinicaltrialsregister.eu/ctr-search/search.
https://www.drks.de.
https://clinicaltrials.gov/.
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Table 2 shows the impact of ¢ on the number of rules as well as
on the average number of conditions in each rule. These results are
produced for g = 0.98 and a as low as possible such that rules are still
coherent in the sense of Definition 6, but greater than 0.01. The choice
for § = 098 is motivated by empirical observation that confidence
below 0.98 almost never leads to correct edit rules. For values of g
below 0.98, « needs to be relatively high in order to avoid violations
of coherence. In the case of Trials-1, for example, f = 0.97 requires
a > 0.3 in order to obtain a coherent set. For g = 0.98, a can be lowered
significantly without producing any incoherences. A few things can be
observed.

First, values for a are quite different amongst the datasets. Datasets
with more attributes (Trials-2 and Trials-3) require higher values for
a. Even for those high values, they produce a relative high number
of rules. Nevertheless, for three datasets (Adult, Census and Trials-1),
low values for a can be used without producing a set of rules that is
incoherent. Second, rule sets that feature weak generators are marked
with a “*’. It can be seen that only in one scenario, the rule set features
weak generators, which is good news for the generation of implied rules
because of Theorem 1. This means, for example, that verification of
coherence can be done relatively fast. Third, increasing the value of
o to 1.1 effectively reduces the number of rules. Moreover, the rules
obtained for ¢ = 1.1 have less conditions on average. The reported
averages are close to 1, but not always equal to 1, indicating that the
filter produced by ¢ = 1.1 does not simply reject all rules which have
more than 1 condition. Especially for Trials-1, which is a dataset with
a relative high number of nuLL values, there is a significant number of
rules with two or more conditions. Although it cannot be concluded
from these results that using the filter on confidence ratio helps on
producing rules with high precision, it can be observed that the number
of rules is reduced significantly and is in line with results reported
in Chiang and Miller (2008) for datasets Adult and Census.

7.2. Precision and recall

In this section, an analysis of precision and recall of the rules is
presented. The main focus is on precision as gold standards are cumber-
some, but at the end of this section, some results on recall are presented
for one dataset. Precision is measured as the ratio of the number of
correctly identified rules over the number of rules that are found. Recall
is measured as the ratio of the number of correctly identified rules over
the total number of rules that should be found by a perfect algorithm.

It is assumed that the values for « are those listed in Table 2 and
that ¢ = 1.1. In order to report precision, the following procedure is
used. The value for g is 0.98 and the initial value for € is 1, which
means that the corresponding test (Eq. (12)) is always satisfied and no
rules are rejected. Rules are then sorted by their confidence (largest
to smallest) and this allows to calculate a precision curve for the rules
that are found. Our approach is compared with FBIMiner (Rammelaere
& Geerts, 2019) by calculating a precision curve for the top-k FBIs,
where k is the number of rules that are found. A third precision curve
is obtained by filtering out rules with an e-threshold of 0.2. This third
curve allows to verify the impact of using the e-filter on the precision.

Figs. 2(a) to 2(e) show the precision curves for two variants of the
association-based mining and the FBIMiner, each on a different dataset.
A first observation is that most precision curves display turning points.
These are caused by rules that are discovered with high certainty
(i.e., very high confidence or very low lift), but that do not qualify
as hard data quality rules. A violation of these rules is very rare, but
not an error. Because of the high certainty, these rules are high in the
ranking of rules and therefore cause an early drop in precision, after
which precision increases again as more correct rules are found. This
phenomenon again shows the importance of supervision to identify
these rules. With respect to the influence of parameter e, it can be
seen that if precision is influenced, it is influenced positively. Indeed,
for three datasets (Adult, Census and Trials-3), the precision curve for
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Fig. 2. Accuracy results for association rules for different datasets compared to FBIMiner.

e = 0.2 lies above the precision curve for ¢ = 1. For those datasets, the
additional filter removes mostly erroneous rules from the end result.
This effect is highly significant for Trials-3, where the precision curve
for ¢ = 1 drops quite fast. For the two remaining datasets (Trials-1 and
Trials-2), no rules are filtered. Interestingly enough, for those datasets,
precision was already relatively high. These results indicate that the test
on e can increase precision without affecting relative recall too much.
As mentioned before, a study in Chiang and Miller (2008) compared
association analysis with discovery of CFDs. In that study, the maximal
reported precision of CFD discovery was 0.75 for Adult and 0.92 for
Census, with a comparable number of rules. Figs. 2(a) and 2(b) show
that, especially when ¢ = 0.2, comparable results are obtained in terms
of precision.

When comparing precision of edit rules derived from association
analysis with FBIs, results for precision are comparable. The overall
conclusion is that, in most cases, the precision curve of FBIMiner drops

10

slightly slower than the curve for association-based methods. In order
to correctly read and interpret the presented precision plots, some
remarks are necessary.

First, FBIs are characterized by singleton sets only, whereas this
is not the case for edit rules found via association analysis. As such,
the latter may correspond to multiple FBIs. This has an effect on the
precision curves in two ways. On the one hand, an edit rule found
via association analysis may be represented by multiple FBIs. On the
other hand, a stronger rule has a higher risk of being erroneous. To
gain more insight in this difference between association rules and FBIs,
association rules are decomposed for ¢ = 1 by splitting their singleton
complement into singletons and counted how many FBIs found by
FBIMiner correspond to decomposed association rules. These results are
shown in Fig. 2(f). It can be seen that for datasets Census and Trials-
2 (and to a lesser extent also for Adult), decomposing the association
rules yields a large number of FBIs, suggesting that for these datasets,
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Table 3
Rules recall, tuple recall, tuple precision and tuple f-value on Trials-2 for association
rules (E(a = 0.35,4 = 0.98,6 = 1.1,e = 1)), FBIs (F,_(3g), the union of both and their

corresponding sufficient sets.

Rules Rules recall Tuple recall Tuple precision Tuple f-value
£ 0.23 0.24 0.84 0.37
Q&) 0.23 0.24 0.84 0.37
F 0.08 0.19 0.88 0.31
QF) 0.13 0.19 0.88 0.31
FUé& 0.31 0.33 0.87 0.48
QFUE) 0.38 0.33 0.87 0.48

the rules found via association analysis are indeed stronger than the
FBIs found via FBI mining. For Trials-1 and Trials-3, there is no such
effect and the opposite is observed. This is due to the fact that for
these datasets, some association rules tend to include some unnecessary
conditions, which makes them redundant to some FBIs.

Second, edit rules found via association analysis can be non-violated
in the dataset. For example, for Trials-2, there are 24 association rules
that have no violations in the dataset and turn out to be correct edit
rules. Opposed to that, FBIs always correspond to suspected errors.
Accounting for non-violated rules is actually important as knowing
more rules allows for better repairing and thus aids in obtaining higher
quality after repairing.

Third, both methods might find different edit rules. In this regard,
the notion of redundancy allows to easily compare rules from both
sets and verify whether there is overlap. When further investigating
inspecting this, it is found that at most half of the rules are redundant,
indicating that both sets of rules capture some information not captured
by the other set. For datasets Trials-1 and Trials-3, the different rules
that are found, are mostly the erroneous ones. For the other three
datasets, both techniques (association rules and FBIs) produce correct
rules that are found by the other. As such, there is evidence that in
datasets Adult, Census and Trials-2, association rules are complementary
to edit rules found with FBIMiner.

In order to further investigate this synergy, a golden standard of
a rule set for dataset Trials-2 was constructed, to our best effort. The
reason to choose this dataset is twofold. On the one hand, data in
Trials-2 originated from two clinical trial repositories that provide good
documentation about their data.'’ Because of this documentation and
the fact that both registers align quite well in their representation of
design data, construction of a (near-) golden standard is a reasonable
task. On the other hand, the number of rules that can be identified
in Trials-2 is sufficiently high to make meaningful statements about
recall. After the golden standard was constructed, it was processed with
a sufficient set generation algorithm to ensure that all NNRs are present.
In order to report recall in a fair manner, sets of rules are decomposed
in the same way as during the analysis of precision. That is to say, all
sets of rules are converted into an FBI-like representation where each
involved attribute corresponds to a singleton set. In this representation,
recall of a set of rules can be computed as the intersection of a
decomposed rule set with the decomposed golden standard, divided by
the number of rules in the decomposed golden standard. This number
is called the rule recall. Besides rule recall, precision and recall on a
tuple level is reported. To clarify this, when searching for tuples that
fail at least one rule, the set of tuples covered by some rule set can
be compared with the set of tuples that is covered by the rules in the
golden standard. This way, the tuple precision (resp. tuple recall) can
be computed as the size of intersection of both tuple sets divided by
the number of tuples found (resp. the number of tuples that are in error
according to the golden standard). In addition, we report the harmonic
mean of tuple precision and recall as the tuple f-value.

10 https://prsinfo.clinicaltrials.gov/definitions.html.
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Table 3 reports rules recall, tuple recall and tuple precision for
association rules and FBIs (denoted by F) that correspond to the rules
for which precision was reported (Fig. 2(d)), as well as a number of
derived rule sets. It comes as no surprise that strong rules achieve
a higher recall than FBIs because of reasons already stated above:
association analysis allows to find rules that are not in violation and
tend to be stronger in terms of edit rule redundancy. Interestingly, the
recall of FBIs increases significantly when processed with a sufficient
set generator, whereas the number of edit rules found via association
analysis turns out to be a sufficient set already. An important finding
is that, if edit rules from the FBI miner are combined with edit rules
found via association analysis, recall again increases significantly. This
confirms the hypothesis that different strategies for mining different
types of edit rules are synergistic. These observations are confirmed
by tuple recall. Overall recall of association analysis is higher, but the
synergy of both is noticeable. Note that for tuple precision and recall,
sufficient sets make no difference as they do not cover additional tuples.
Tuple precision also confirms earlier findings: precision of the top-k
FBIs is higher than precision of the top-k association rules. As a final
note, it can be seen that recall is overall relatively low. This is partly
due to the fact that quite stringent parameter settings are chosen as
the main goal is to keep precision high. When modifying parameters
in favor of recall (lower « for association analysis and higher lift for
FBIs), recall increases at the cost of precision. However, it is also true
that many constraints remain undetected because Trials-2 simply has a
lot of constraints (the sufficient set generated from the golden standard
contains more than 300 edit rules). This clearly leaves an opportunity
for further research in which the goal should be to further increase
recall, potentially by investigating other types of edit rules.

7.3. Analysis of repairing

The experimental evaluation is continued with studying the behav-
ior of repairing. The evaluation is restricted to repairs where attributes
in a minimal solution are assigned with different values such that a
dirty tuple becomes clean. In that spirit, two strategies are described
in Fellegi and Holt (1976): a joint repair that copies the values for
attributes in the solution from a donor and a sequential repair that fills
in values for attributes in the solution one by one. The method used
here first tries to apply joint repair, where donors are selected randomly
with a probability proportionate to their frequency in the dataset. If no
donor is found, sequential repair is applied (see Fellegi and Holt (1976)
for more details).

Two variants are considered for selection of the minimal solution.
The first variant selects solutions at random and is in fact the strategy
from Fellegi and Holt (1976). The second variant sorts solutions ac-
cording to the number of attributes that can be repaired deductively.
In other words, it counts how many attributes from a solution have only
one possible value and prefers solutions with more of these attributes. If
all attributes in a solution can be repaired deductively, then the repair
can be done deductively.

Tables 4 and 5 summarize the results for repairing errors found by
association analysis if repair steps p are consecutively applied until no
more failing rules are found. For each step, the number of edit rules
found via association analysis, the size of the sufficient set, the number
of rules competing with some other rule and the number of dirty tuples
(i.e., the number of tuples with at least one error) are shown. In case
of the “Deductive First” strategy ( Table 5), the number of dirty tuples
with a deductive repair is also shown. Results were generated by using
the same values for « and g as in previous experiments and with ¢ = 1.1
and e = 1.0. A few interesting observations can be made.

First, the sequence of repair steps converges quite fast overall.
At most four steps (Trials-2) are executed before stability is reached.
Moreover, after the first step, the number of dirty tuples drops fast and
the number of rules does not increase much, which indicates that there
is no strong ‘propagation’ effect. This claim is supported by the fact
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Table 4
Consecutive repair steps with random selection of the minimal solution.
Dataset ) € 4L2ED Comp. #Dirty
rules tuples
w3 um, ; 5
Census 1 40 (47) 37 1387
2 41 (48) 38 49
3 42 (49) 39 41
Trials-1 1 16 (16) 12 3021
2 24 (24) 18 1158
Trials-2 1 64 (64) 64 75
2 67 (67) 66 54
Trials-3 1 23 (39) 23 2921
Table 5

Consecutive repair steps for selection of the minimal solution with the “Deductive First”
strategy.

Dataset P 1@ N Comp. #Dirty Deductive
rules tuples repairs
Adult 1 9 (11) 8 342 341
1 40 (47) 37 1387 1361
Census 2 41 (48) 38 42 42
3 42 (49) 39 26 26
Trials-1 1 16 (16) 12 3021 3021
as 2 25 (25) 20 1363 1363
1 64 (64) 64 75 56
Trials-2 2 68 (68) 67 73 73
3 69 (69) 68 12 12
4 70 (70) 69 12 12
Trials-3 1 23 (39) 23 2921 2921

that, in none of the cases, an incoherence was observed. In order to
analyze the impact of consecutive steps on the quality of edit rules,
precision and recall are measured after the four steps of the “Deductive
First” strategy for dataset Trials-2. It is found that the recall in terms of
rules only slightly increases to 0.24 as compared to Table 3. However,
tuple recall almost doubles to 0.47 while tuple precision drops to 0.76.
This provides evidence that consecutive application of repair steps
allows to detect more errors. It should be noted that the decrease in
precision is not small, which means that the process of consecutive
repairs is best done with supervision in order to prevent propagation
of errors.

Second, there is a remarkably high number of dirty tuples that can
be repaired deductively. This is partly due to the fact that, often, a tuple
fails only a single rule. In that case, random selection of a minimal
solution has a fairly high probability of making the same decisions as
the “Deductive First” strategy, especially if the left hand side of the rule
involves only one attribute. As a result, there is no big difference in the
number of steps that are executed.

Third, it can be seen that the number of rules that compete with
at least one other rule, is very high. Nonetheless it is verified that not
a single rule was invalidated by repair, even though the used repair
function has no explicit strategy for avoiding rule competition.

7.4. Analysis of scalability

As a last part of the experimental evaluation, scalability of the
approach is studied. For discovery, the method is basically a variant
of traditional association analysis, but with some additional filters.
Because there is no use in choosing  below 0.98, performance is mostly
influenced by the value for a.

Scalability is first investigated in terms of the number of rows
(i.e., |R]). For different number of tuples, 20 samples are drawn from
the dataset with most rows (Census). The mean runtime in ms is then
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measured for (a) generating the edit rules via association analysis (b)
generating the forbidden itemsets and (c) repairing the dirty tuples.
During these experiments, the same parameter values as before are
used, but for very small sample sizes « is adapted to avoid that all
value combinations are frequent. Fig. 3 (left panel) shows the results of
these experiments. It can be seen that both FBIMiner and finding high
confident association rules scale linear in terms of increasing |R| and
their runtimes are comparable. It can be seen that also repairing scales
linearly in terms of increasing |R|. Although runtimes for construction
of Q(€) are not reported here, they were measured and found to be
negligible. This is partly due to the strong generator theorem, but also
to the relative small sizes of £ observed in the experiments.

Next, scalability is investigated in terms of the number of attributes.
For different numbers of attributes, 20 samples are drawn from the
Trials-3 dataset. This dataset has a high number of attributes and the
value for a used, leads to a high number of frequent itemsets. The
mean runtime in ms is measured for (a) generating the edit rules
via association analysis (b) generating the forbidden itemsets and (c)
repairing the dirty tuples. The parameter values are chosen as before.
Fig. 3 (right panel) shows the results of these experiments. As expected,
repairing scales linearly in terms of an increasing amount of attributes
because the number of rules derived increases linearly. However, both
algorithms for finding edit rules show exponential behavior in this
trend as the runtime approximately doubles for each additional at-
tribute. Interesting to see is that association analysis behaves slightly
better than the FBIMiner which is attributed to the pruning strategy
based on ¢ based on Proposition 2.

8. Conclusion

This paper investigates dynamical repair of data quality where
constraints are association rules and where the repair method relies on
set covers. In such a setting, three problems have been identified. First,
the quality of rules is crucial and in that regard, two filter strategies
have been presented. Second, to ensure the repair method works, rules
must be verified for sufficiency and coherence. It is shown that, under
reasonable conditions, this problem can be solved far more efficiently
for association rules than in the general case. Third, after repairing
violations, new rules can occur that are possibly again violated. This
dynamic process has been studied and the conditions for termination
are shown. Empirical results indicate that repeated repair of violations
helps to increase recall at the cost of a mitigated drop in precision.
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Fig. 3. Mean runtime (ms) for samples drawn from Census dataset with variation in |R| (left panel) and samples drawn from Trials-3 dataset with variation in |R| (right panel).

Appendix A. Proofs

Proof of Proposition 3. For a, to be a strong generator, the implied
rule must be NNR and Eq. (13) needs to hold. The proof follows from
showing that if Eq. (13) holds and |£€| > 3, then the implied rule is not
NNR. It is known that, if there exists some &' C € such that E* (g, &’)
is a new rule, then this latter rule will dominate E* (g, &) (see (Fellegi
& Holt, 1976), p.29 and (Garfinkel et al., 1986), p. 746). Now suppose
|€] > 3 and suppose E* (g, €) is a new rule. There must be a rule in &,
say E°, that satisfies |E;| = |A,| - L. For any other rule E € £ such that
E # E then E, # A, because E* (g,€) is a new rule. There are now
two options. First, if E, E;, then E can be removed from £ and a
new rule will still be obtained. Second, if E, ¢ E;:, then E, contains at
least one element from A, not in E;. In this case, E,u E;, = A,, which
means that E* (g, { E, E*}) is a new rule that dominates E* (g,£). [

Proof of Proposition 4. Any rule initially found as an association rule
in £, ; must satisfy conditions A1-A4. As such, for a set of contributing
rules £ composed of such initial rules and a generator a,, either at least

one rule involves a, with a singleton complement E, = {v,} (a, is then
a strong generator) or all rules involve a, with singleton sets. []

Proof of Proposition 5. Follows from the fact the sum of Pr[R,_,] over
alve Aequals 1. [

Proof of Proposition 6. Assume that & = {E, E’} and that a, is a
strong generator with E; a singleton complement. For any a; # a,, E;
is computed as the intersection of two sets. Because E satisfies A1 and
A4, there is at most one attribute a; for which E; is not a singleton and
not A;. Moreover, E}’ is either a singleton or A;. As a result, at most
one attribute is involved in E* (g, £) with a set that is not a singleton
(A4). For other attributes a, different from a ; and a,, one of E, and E;
is a singleton, or they are both A,. Because E* (g, &) is a new rule, the
intersection is not empty for each i # g. The intersection is thus either
a singleton or an entire domain (Al). Finally, because both E and E’
satisfy A2, there is a least one attribute that will lead to a singleton

(A2). O

Proof of Proposition 7. By construction of implied rules, any attribute
a; involved in a new rule E* (g, &) satisfies Ef = E! n E2. If q; is not
involved in one of both rules, then E must be equal to either E! or EI2
If g; is involved in both rules, then either E! or E? must be a singleton
(Al and A4). Clearly, because E; is not empty, either E,.1 = El2 or one
is a subset of the other. In either case, the proposition holds. []

Proof of Theorem 1. If no weak generators are initially featured, then
for each attribute a, there is some value v that does not occur as a
singleton set in any E € £, ;. Because rules in &, 4 satisfy condition A1,
any NNR rule that is initially implied with contributing rules € C &, ; is
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implied by use of a strong generator (Proposition 3). A rule implied by a
strong generator satisfies conditions A1, A2 and A4 (Proposition 6) and
it does not involve attributes with new singleton sets (Proposition 7).
The latter ensures that, for each attribute a, the ‘missing’ singleton {v}
is never introduced in the rules. In other words, making the new rule
available as a contributing rule will not cause weak generators to be
featured. [

Proof of Proposition 8. Because a > 0.5, there is for each 4; € R only
one value v; € A; that determines E; for any rule E. More specifically,
if a; € T (E), then either E; = {v;} or E; = m Moreover, if a > 0.5,
then Eup features no weak generators (Proposition 5). The combination
of these observations implies that any NNR rule must be generated by
transitive implication. However, for two rules x = yand y = z in &,
it holds that x = z is also in &, . It follows that Q (&,,) =&,; O
Proof of Proposition 9. Consider a set of rules &, ;. Because of
Proposition 5 and « > 1, weak generators cannot occur for this set. As
such, to generate an incoherent rule in the sense of Fellegi and Holt,
two rules must be considered that involve two attributes: the generator
and another one. There are then two cases that lead to an incoherence.

If both contributing rules have a singleton complement for
the generator, there are two rules in &, ; of the following form:

{1} X {vy} X Az X - X Ay

{v1) X {V)} X Az X -+ X Ay

which allow implication of a new rule in which only 4, is involved (f
a, is used as generator). Now, if « < 0.5 then g > 0.5. Also, if « > 0.5,
then because confidence is lower bounded by «, confidences of rules
are greater than 0.5. So, for the two rules to occur jointly in &, 5, both
their confidences must be strictly greater than 0.5. In order for this to
happen, it must hold that:

> |R

‘R(H1=Ulaaz=vz)‘ + )R(al=vlvﬂz=l}'2) H1=U1|

which is not possible.
If one contributing rule has a singleton for the generator,
there are two rules in &, ; of the following form:

{v1} X {0} X A3 X - X Ay

{0} X {02} X A3 X - X Ay

which again leads to a new rule in which only «, is involved (f a, is
used as generator). In their association rule form, the contributing rules
have the form (a; = v)) = (a, = v;) and (a, = v;) = (a; = v}). Suppose
(a) = v)) = (a, = vy) is in &, 4, then the confidence of the second rule
equals:

‘ R, =v}.ay=07) ‘

(A1)

|R(”2=”2)
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Clearly, the numerator must be smaller than (1 — «) - |R| because
otherwise, rule (¢; = v;) = (a, = v,) could not have been in &, ;.
At the same time, because Pr[Rg,=y,1 2 PrlR; 4,0 0,1+ P’[Ra1a2=v’1vz]’
the denominator should be at least 2a - | R| because otherwise, the tuple
(a; =V, a, = v,) is not a frequent itemset and the second rule cannot be
found. Under these conditions, if (a; = v, a, = v,) is a frequent itemset,
then the confidence of the rule (a, = v,) = (a; = v’l) is upper bounded
by 12;: Choosing p strictly greater than this upper bound ensures that
the two contributing rules that lead to the conflict can never jointly
occur in the set &, 5. [

Proof of Theorem 2. The proof follows from three observations. First,
by definition, for any attribute in S, its value must be changed. If not,
S would not be minimal. As such, any valid combination of values
for S must be in r[a;] X -+ X ra,]. Second, any E ¢ &g, is satisfied
regardless of Rep(r)[S] and thus poses no constraints on the value that
S can take. Third, for any E € £, each combination of values from
the set E; X -+ X E; necessarily leads to an invalid tuple and can
thus not be regarded as repair. Conversely, each combination of values
not in the set E; x -+ X E;, would lead to a tuple that satisfies E.
Combining these three observations, all possible values that S can take
are considered, after which all (but only those) values that are invalid,
are removed. []

Proof of Proposition 11. If no new rules are found and all
rules from a previous step are satisfied at the beginning of a new step,
p is finite.

In step i, all rules found at the start of i are satisfied at
the start of iteration i + 1. It thus follows from lower preservation that
violated rules in i + 1 are not rules found in i. Because all domains
are finite, only a finite number of edit rules exist, which implies that
po ...op must be a finite sequence. []

Proof of Proposition 12. If r is repaired, then R is replaced by
R\ {r} URep(r). Because E is in Eups it can be written as an association
rule x = y. Moreover, because r fails E, it holds that r[X] = x
and r[Y] # y. There are two possible scenarios for repairing r. On
the one hand, if an attribute from X changes, then |R,_,| decreases
while |Ryy_,,| remains constant. In that case, the support of x = y
is the same, while the confidence increases. On the other hand, if Y
changes, r[V] must be set to y such that |Ryy_,,| increases while |Ry_,|
remains constant. In that case, both support and confidence of x = y
increase. []

Proof of Theorem 3. Clearly, E competes with E’ only if r F E,
r[X] = x, r ¥ E' and Rep(r)[X] # x. Now suppose (i) is not satisfied,
then Rep(r)[X] = x. Moreover, if (ii) is not satisfied, then r ¥ E’ always
implies either r ¥ E or r[X] # x. Hence, conditions (i) and (ii) are
needed for E to compete with E’. Conversely, if conditions (i) and (ii)
are satisfied, then whenever r £ E, r[X] = x and r ¥ E' are true, it
is possible that Rep(r)[X] # x and support/confidence of E decreases.
Hence, (i) and (ii) are sufficient conditions. []
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