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Figure 3.2: Different Levels for Measuring Data Quality

3.2.2 KDD Downstream: Quality Metadata Exploitation

Starting the KDD process, the classical first step is data preparation noted for
downstream of the KDD process in Figure 3.1. It consists of a succession of tasks,
such as:

i) selecting data sets and object instances. Ideally, this task should be done with
considering a stratification of the data sets with respect to the data quality
required for a specific decisional context,

ii) selecting and weighting the variables and features,
iii) (re-)coding data,

iv) analyzing missing values. This task can be based on the measures stored in
the metadata repository that are related to completeness dimension. Differ-
ent kinds of missing values may also be distinguished (e.g., unknown, not
applicable or nonexistent),

v) detecting data anomalies: again, this task may could take advantage of the
QoD metadata stored in the repository as they characterize potential data
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quality problems (e.g., outliers, accuracy or consistency anomalies detected
by statistical constraints). When setting up the methods and data to use for
the analysis, it’s very important to be aware of the side-effects of the strategy
that will omit (or include) outliers or missing data from the analysis,

vi) homogenizing the data files,
vii) discretizing the continuous attributes, and

viii) using (if needed) quantization strategies for real variables (e.g., defining
quartiles or deciles) or high-dimension reduction techniques, as their results
may have already been computed and stored in the metadata repository.

The next steps and in Figure 3.1 consist of selecting the mining meth-
ods, configuration parameters and thresholds and, therefore the knowledge repre-
sentation for visualizing the mining results (e.g., decision tables, decision trees,
classification rules, association rules, instance-based learning representation or
clusters).

For quality-awareness, these steps (in particular should also provide the
visualization of a relevant set of data quality measures previously computed in

step .

The added-value of QoD metadata consists in their exploitation and timely pre-
sentation together with mining results. QoD metadata are additional explanatory
information for evaluating the quality and validity of discovered knowledge. They

are useful for validating a single mining process (step ) or acombination of the
results of several mining techniques (step ). They also may drive the general-

ization of results and the decision strategies (steps and .

3.2.3 llustrative Example in Marketing

The principle of marketing is matching products and advertising to customers.
The initial set of goals of marketing are to interpret data from a variety of sources
that may include census data, life-style clusters, consumer panels (with looking
inside shopping bags for instance) and point-of-sale information. The outcome
of this interpretation is a market segmentation which is then used as a basis for
product positioning and further market planning and execution. Each consumer
household may also use a special identification card at specific stores each time a
purchase is made. Use of this card triggers a detailed record of the purchases made
and is then stored. This detailed purchase information may then be related to other
details about the household, previous purchases, and previous promotions and
advertisements that members of the household were exposed to. If the information
obtained in marketing research is to help decision making, it should be relevant,
cost-effective, timely, and valid.

Consider some of the problems that may arise in a typical scenario. A mar-
keting research team sets up a booth in a busy shopping mall. People are given a
demonstration or sample of a new product and are then asked how it compares to
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competitor products. This information may be collected either as a questionnaire
or through a formal interview. This information is presumably relevant because
the shoppers are a fairly typical cross-section of people who buy the product in the
mall. The marketing researchers may actually screen people according to criteria
such as age, gender, or type of clothing, etc. Data are stored in tables as illustrated
in Table 3.1.

CUSTOMER Table

CUST_ID FN LN GENDER AGE CUST_CITY | CUST_COUNTRY
Cl Joe Smith M NULL Reading UK

C2 Joy Smith NULL 30 Reading, NJ us

C3 John Smitt F 33 Reading NULL

INTERVIEW_CAMPAIGN Tabl

@

PROD_ID CUST_ID TV_VIEWER REBATE_CLAIM
P1 Cl TRUE TRUE

P2 C2 FALSE FALSE

P3 C2 TRUE TRUE

P4 C3 TRUE TRUE

PRODUCT_SALES_VIEW Table

PROD_ID CASH_REBATE| MONTH SALES
P1 12 JULY-04 4526
P2 12 DEC-04 5630
P3 16 OCT-04 5447
P4 100 OCT-04 3267

Table 3.1: Marketing Example

The first upstream step of our approach in Figure 3.1 consists of: i) select-
ing the relevant sources of data (e.g., product and purchase data extracted from
CRM_DB, point-of-sale data collected by bar code scanning, and census data), and
ii) defining a clear, consistent set of data quality requirements for the marketing
database. For the example, the considered data quality dimensions for the input
data sets are the following:

- Data consistency measure is defined in this example as the percentage of val-
ues that satisfy a set of pre-defined integrity constraints on one (or a set of)
record(s) (e.g., the values “FN = "John’, LN="Smitt’, gender = F” of record C3
does not satisfy a constraint between the gender and the first name). The
constraints may involve additional knowledge (e.g., a thesaurus or a dictio-
nary of first names and gender conformance).

- Data completeness measure is defined as the percentage of data fields having
non-null values.

- Data accuracy measure is defined as the percentage of data having val-
ues that fall within their respective domain of allowable values (e.g., the
CASH_REBATE has to be in ]0,20]).

- Data timeliness measure is defined by a decimal that represents the quantity
of hours elapsed since the last time the data has been updated.
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In the step, the measures, statistical controls or EDM summaries character-
izing data quality dimensions are computed and stored in the metadata repository.

The step consists of linking records and aggregating data before loading
data into the marketing database. Before integration, the records coming from
CRM_DB may be transformed with respect to the schema of MARKETING_DB
presented in Table 3.1.

The goal of the step is to detect the problems of data quality using post-
validation programs (see I. in Figure 3.2). Then the quality dimensions such as
consistency, completeness, accuracy, and freshness are computed.

In the step, two corrective actions may be proposed to avoid the usage of
one of the input data sources or to improve the way the answers of the question-
naire are collected and entered in the database.

The approach proposed in the framework is to combine the data quality aware-
ness with the data mining process itself. The quality measures stored as QoD meta-
data in the metadata repository are used and combined to characterize the quality
of the discovered association rules (decision trees or clusters), resulting from a data
mining process. There are as many repeated downstream processes as the number
of data mining models. Different mining objectives can lead to different models
and different quality measures.

Starting the KDD process, the first step of data preparation noted in Fig-
ure 3.1 consists of selecting the data sets, and variables, (re-)coding and normaliz-
ing the data, and analyzing missing values (using the pre-computed completeness
measure). For instance, deviations from the standard and from typical correlations
are detected (completing the accuracy measure).

For the next steps and in Figure 3.1, consider that association rule dis-
covery has been selected as one of the mining methods for prediction. An example
of applied rule-based prediction is the prediction of demand for stock items on the
basis of historical marketing data. In this case, the premise of a predictive rule is a
set of conditions such as promotional and advertising campaigns undertaken, and
the conclusion of the rule is the number of orders for a given item within a time
period (e.g., available in PRODUCT_SALES_VIEW table). Here is an example of
discovered rule:

IF 10 < CASH_REBATE < 15 AND
3,000 < SALES < 6,000 AND
300,000 < TV_VIEWER < 600,000
THEN 5,000 < REBATE CLAIM < 8,000
WITH confidence: 100% AND
applicable months: July 2004, Sept. 2004,
Oct. 2004, Nov. 2004, Dec. 2004, Jan. 2005.

The interpretation of this rule is “if an active rebate between $10 and $15 is in
place and the number of product sales are currently between 3,000 and 6,000 and
between 300,000 to 600,000 TV viewers are reached, then further sales between
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5,000 and 8,000 taking advantage of the rebate can be expected”. This rule can
be discovered from historical sales data for products. By using this rule one can
perform better material resource planning, anticipate demand, and know when to
run rebate programs.

Data quality specific issues which can affect a predictive rule are: i) the his-
torical time period from which the rule is discovered (timeliness), ii) the lack of
completeness or consistency of some of the analyzed data fields, iii) the presence
of invalid, inaccurate or incorrect data that may are considered in the rule discov-
ery process. In this particular example, consistency, completeness, and accuracy of
the data values of each attribute involved in the rule can be characterized by per-
centages as previously defined. Then, the rule interpretation makes a sense if and
only if data the rule has been computed from are 100% consistent, 100% complete,
and 100% accurate. If it is not the case, adding QoD metadata would certainly help
decision makers to cautiously and appropriately use the discovered rules.

Predictive stability and validity are not just problems for rule-based prediction.
It affects all forms of prediction. One strategy for dealing with these problems is to
continuously test and update rules. Rules should be scored according to how well
they predict new data. Rules that fall below a certain level of performance should
be discarded and replaced by new rules that provide a better level of prediction.

- One way of selecting new rules in this situation is to deliberately discard
the data that supported the faulty rule and carry out rule discovery on the
same conclusion in order to identify the replacement rule. Thus rule-based
prediction requires continuous testing, validation, and refinement in order
to be maximally effective.

- Another complementary way is to first scrutinize data involved in the faulty
rule, and then exploit data quality measures computed from the data sets
composing the premise and the conclusion of the rule in order to characterize
and understand the quality of the data which the rule has been computed
from. These metadata may explain why the rule even with good confidence
may be faulty and useless for prediction.

3.3 Quality-Aware Rule Mining

Our assumption is that the quality of an association rule depends on the quality
of the data which the rule is computed from. In order to prove this assumption,
this section presents the formal definitions of our approach that uses precomputed
QoD measures and combines them for determining the quality of association rules.

3.3.1 Preliminary Definitions for Association Rule Quality

Let 7 be a set of literals, called items in the set of database object instances, 7 C
¢. An association rule R is an expression LHS — RHS, where LHS,RHS C T
and LHSNRHS = (). LHS and RHS are conjunctions of variables such as the
extension of the Left-Hand Side LH S of the rule is:
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g(LHS)=x1 ANza A ... N2y
and the extension of the Right-Hand Side RH S of the rule is:

g(RHS) =y1 ANya Ao . A Y.

Let j(j = 1,2,...,k) be the k dimensions of data quality (e.g., data complete-
ness, freshness, accuracy, consistency, etc.). As defined in Chapter 2, a probablility
may be associated to each QoD dimension based on the satisfaction of constraints
on QoD measures. Any scoring function combining the QoD measures associated
to one QoD dimension may also be used. We denoted QoD score, the value as-
signed to the evaluation of one QoD dimension.

Let ¢;(Z) € [0,1] be the QoD scores associated to the quality dimension j com-
puted from the set Z. The structure, that keeps the probability values of all quality
dimensions for each data set 7 is called quality vector denoted ¢(Z). The set of all
possible quality vectors is called quality space Q.

Definition 3.3.1. The quality of the association rule R is defined by a fusion function
denoted ®; specific for each quality dimension j that merges the components of the quality
vectors of the data sets constituting the extension of the right-hand and left-hand sides of
the rule. The quality of the rule R is defined as a k-dimensional vector such as:

¢ (R) @i (LHS) ®1 1 (RHS)
¢(R) = ©(R) | _ | ©2(LHS) ®2 ¢2(RHS) (3.1)
qze-(ll-f) qr(LHS) ®% qr(RHS)

q1(z1) ®1 ... @1 @1 (@n) ®1¢1 (Y1) 1 - @1 q1(Yn)
G2(71) Q2 ... Q2 g2(xn) ®2 ¢2(y1) V2 . .. ®2 g2 (Yn')

O (T1) @k - Ok i (T0) Dk @ (Y1) Dk - - - Ok G (Yn?)

The average quality of the association rule R denoted g(R) can be computed by
a weighted sum of the quality vector components of the rule as follows:

k
a(R) = ij-qj(m (3.2)

with w; the weight of the quality dimension j. We assume the weights are normal-
ized:

> wy=1 (3.3)

Definition 3.3.2. Let T' be the domain of values of the quality score ¢ ;(Z) for the data set 7
on the quality dimension j. The fusion function denoted ® ; is commutative and associative
suchas: ®;: T xT — T'. The fusion function may have different definitions depending on
the considered quality dimension j in order to suit the properties of each quality dimension.
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Based on the main data quality dimensions (e.g., freshness, accuracy, complete-
ness, and consistency), Table 3.2 presents several examples of fusion function al-
lowing the combination of quality measures per quality dimension for two data
sets noted = and y in the rule z — y.

7 Quiality Fusion Quality Dimension of
Dimension Function ®; therulez — y
1 Freshness min[q1 (), q1 (y)] The freshness of the association rule

x — y is estimated pessimistically as
the lower score of freshness of the
two data sets composing the rule.

2 Accuracy 02(z) - q2(y) The accuracy of the association rule

x — y is estimated as the probability
of accuracy of the two data sets x

and y of the rule.

3 | Completeness a3(z) + a3(y) The completeness of the association rule

—q3(2) - ¢3(y) x — y Is estimated as the probability

that one of the two data sets

of the rule is complete.

4 | Consistency | max[ga(z), ga(y)] The consistency of the association rule
x — y is estimated optimistically as
the higher score of consistency of the two
data sets composing the rule.

Table 3.2: Fusion Function Examples for Scoring Quality Dimensions of Associa-
tion Rule

3.3.2 Probabilistic Decision Model for Quality and Cost Optimal
Association Rule Mining

In this section, we present our approach that was initially inspired from the ap-
proach of Verykios et al. (2003) who first defined a Bayesian decision model for
record matching. We’ve extended the previous approach so that it considers the
misclassification problem that may occur in the classification decision. We apply
our approach in the totally different context for association rule selection consider-
ing the quality of the data which the rule is computed from is probably acceptable
with respect to each dimension that characterizes data quality. The underlying
key concept is the notion of data quality acceptability. Data quality with respect
to one specific dimension is acceptable (or not) based on the measures that have
been computed from data and that are in conformance with precise constraints.
Some measurement procedures may fail in detecting certain errors and anomalies
or their scope does not cover the range of possible data quality problems. This
problem of misclassification is considered in our approach and applied for post-
processing of discovered association rules.

Based both on good interestingness measures and on the actual quality status of
the data sets composing the left-hand and right-hand sides of the rule, we consider
that selecting an association rule (among the top N) is a decision that designates
the rule as:

- legitimately interesting (noted D), the rule has good support and confidence
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measures and it is worth being selected considering the acceptable quality
of data which the rule is computed from and the cost of the decision if it is
made based on the rule,

- potentially interesting (D), the rule has good support and confidence mea-
sures and it is potentially worth being selected depending on the quality of
data it is computed from and the cost of decision,

- not interesting (D3), the rule has good support and confidence measures but
it is not worth being selected because it relies on data with low quality (non
acceptable) and the cost of the decision.

Consider the dataitem z € LHS U RH S of a given association rule, we use:

- Pyr(x) denotes the probability that the quality of data = will be classified
Unacceptable due to Erroneous or “low-quality” data,

- Pac(z) denotes the probability that the quality of data = will be classified as
Acceptable with Correct data (i.e., in the range of acceptable values),

- P4p(z) represents the probability that the quality of data z is classified as
Acceptable with “actually erroneous” (AE) data,

- Pyc(z) represents the probability that the quality of data is classified as
Unacceptable with “actually Correct” (UC) data (see Figure 3.3).

Quality evaluation
8 di i
(w.r.t one dimension) PUC(X)

Pae(X)

Pue(®) Pac(®)
< > x
Data object
Erroneous T Correct (instancés)
Range Range

Figure 3.3: Classification Probabilities

For g(R) € Q, an arbitrary average quality vector of therule R: LHS — RHS
defined on the data setsin LHS U RH S, we denote by P(g € Q|AC) or fac(q) the
conditional probability that the average quality vector g corresponds to the data
sets that are classified as correct (AC), that is with acceptable quality dimensions.
Similarly, we denote by P(g € Q|UE) or fuyg(q) the conditional probability that
the average quality vector g appropriately reflects the data sets that are classified
erroneous (UE).
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We denote by d the decision of the predicted class of the rule, i.e., legitimately
interesting (D1), potentially interesting (D), or not interesting (D3), and by s the actual
status of quality of the data sets upon which the rule has been computed.

Let us denote by P(d = D;,s = j) and P(d = D;|s = j) correspondingly, the
joint and the conditional probability that the decision D; is taken, when the actual
status of data quality is j (i.e., AC, UE, AE, UC).

We also denote by c;; the cost of making a decision D; for classifying an associ-
ation rule with the actual data quality status j of the data sets composing the two
parts of the rule.

Example 12. As an illustrative example, Table 3.3 shows tentative unit costs developed
by the staff of the direct marketing department on the basis of consideration of the con-
sequences of the decisions on selecting and using the discovered association rules in both
cases: with and without misclassification. In Table 3.3,

- ¢y is the cost of a confident decision (D) for the selection of a legitimately interest-
ing rule based on data with acceptable quality data (AC).

- ¢o1 i the cost of a neutral decision (D-) for the selection of a potentially interesting
rule based on low-quality data (U E).

- ¢33 is the cost of a suspicious decision (D3) for the selection of a rule that is not
legitimately interesting because it is based on data with low-quality but actually
detected as correct (UC).

Decision Cost# | Data Quality Cost(3$) Cost($)
for Rule Selection Status without with
misclassification | misclassification
C10 AC 0 0
D, c11 UE 1000 1000
Cc12 AFE 0 1000
Cc13 uc 0 500
Cc20 AC 50 50
D Cc21 UE 50 50
2 Cc22 AE 0 500
co3 uc 0 500
c30 AC 500 500
D Cc31 UE 0 0
8 32 AE 0 500
C33 uc 0 1000

Table 3.3: Example of Costs of Various Decisions for Classifying Association Rules
Based on Data Quality

Based on the example presented in Table 3.3, we can see how the cost of de-
cisions could affect the result of the selection among interesting association rules.
And we need to minimize the mean cost ¢ that results from making such a decision.
The corresponding mean cost ¢ is written as follows:
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¢ =c.P(d=D,s=AC
+c11-P(d=Dq1,s=UE
+ei0.P(d =Dy, s = AE
+c13.P(d=Dy,s =UC

~

+ ¢20.P(d = Dy, s = AC) + c30.P(d = D3, s = AC)
+ ¢91.P(d=D2,s =UE) + ¢31.P(d
+ ¢22.P(d = Dy,s = AE) 4 ¢32.P(d = D3, s = AE
P(d=Ds,s =UC) + ¢c33.P(d =

~— — ~—

+ Ca3.

From the Bayes theorem, the following is true:
P(d=Di,s = j) = P(d = Di|s = j).P(s = j) (3.5)

wherei =1,2,3and j = AC,UE,AE,UC.
The mean cost ¢ in Eq. 3.4 based on Eq. 3.5 is written as follows:

¢ = cio-P(d=Dy|s=AC)  P(s = AC) + ¢y - P(d = Dy|s = AC) - P(s = AC)
+ c30-P(d=Ds|s=AC)-P(s=AC)+c11-P(d=Dy|s=UE)-P(s=UE)
+ en-P(d=Dyls=UE)-P(s=UE) +c3 - P(d = Ds|s = UE) - P(s = UE
+ ci2-P(d=Dy|s=AE)-P(s = AE) + co2 - P(d = Ds|s = AE) - P(s = AE)
+ c¢32-P(d=D3|s=AFE)-P(s=AE)+ci3-P(d=D|s=UC)-P(s=UC)
+ 3 -P(d=Ds|s=UC) -P(s=UC)+cs3-P(d=Ds3|s=UC)-P(s=UC)

Let us also assume that g is the average quality vector drawn randomly from the
space of all quality vectors of the item sets of the rule. The following equality holds
for the conditional probability P(d = D;|s = j):

P(d=Dils=34)= > f;@) (3.7)

7€Q;

wherei =1,2,3and j = AC,UE,AE,UC.

f; is the probability density of the quality vectors when the actual quality status
is J.

We also denote the a priori probability of AC or else P(s = AC) as 7°, the a
priori probability of P(s = UC) = =¥, the a priori probability of P(s = AE) =
74 and the a priori probability of P(s = UE) = 1 — (7% + 7% 5 + 7%4).

Without misclassification region P(s = UE) could be simplified as 1 — 7°.

For the sake of clarity, we define three variables denoted k 4 g, kyc and ky g as:

0
™
fap = _}”ﬁ Tap (38)
0
™
e = 10C . 70g (39)
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_fus 1- (T + 1Yo + 7%5)
fac w0
By using Eqg. 3.7 and by dropping the dependent vector variable g, Eqg. 3.6 becomes:

KRUE (310)

c=n". fac: (Eaegl [ci0 + c11 - KUE + ¢12 - KAE + ¢13 - Kuc]
+2 ge0, lc20 o1 KUE + 22 Kap + €23 - Kuc]

+ EEGQg [030 +c31-Kyg +C32 KA + C33 ¢ IiUc]) (3.11)

Every point g in the quality space Q belongs to the partitions of quality Q; or
Qs or Q3 that correspond respectively to the partitions of the decision space: Dy,
or D, or D3 in such a way that its contribution to the mean cost is minimum. This
will lead to the optimal selection for the three sets of rules which we denote by D?,
DY, and DY.

3.3.2.1 Cost Optimal Selection of Rule with Misclassification

In the case of misclassification, Eq. 3.11 will lead to the optimal selection for the
three sets of rules which we denote by D¢, DS and D3. In order to minimize the
cost, a point g is assigned to one of the three optimal areas as follows:
To DY if:
cio+ Ci1 ' KUE + Ci2 " KAE + C13 * KUC
< c30+ C31 - KUE + €32 - KAE + €33 - Kuc
and, ciot+ c11 kU +Ci2 - kap +C13 - Kuc

< €20 + C21 - KUE + C22 - KAE + C23 - Kuc

To DY if:
C20+ €21 KUE + C22 " KAE + C23 * KUC
< ¢30 + €31 - KUE + C32 - KAE + €33 - KuC
and, ¢+ C21-KUE + 22 - KAE + C23 - KuC
< cio+ i1 KUE +C12 - KAE + C13 * KUC
To DY if:

Cc30t+ €31 KUE + C32 - KAE + C33 - KUC
<o+ 11 Kug + C12 - KAE + €13 - Kuc

and, c3ot+ c31-KkuE +C32 - KAE + €33 Kuc
< ¢ + €21 KUE + C22 * KAE + €23 " Kyc

The three decision areas for rule selection are then defined as follows:

= (eso—cio) . (eaz—c12) . (caz—ciz)
DO _ q:kUE S (c11—c31) + KAE (c11—e31) + kuc (011—031))
1= c12—C22) + kue - (613—623))

and, RUE S M +KAE - ( (c11—c21)

(c11—c21) c11—c21)
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= (c30—c20) (cga—ca2) (c33—c23)
0 _ q:kUE < (62(1)*63(1)) T RAE - (czifczi) T KRUC (cszcg))
(c20—c10 (c12—c22) T kye - (6137623))

and, KUE 2 (c11—c21) + kap - (c11—c21) (c11—c21)

— ., (ezo—c10) . (eaa—ci2) . (eaz—ci3)

Dg — { q:kKUE 2 (C(11—631) )+ kAE (C(11—C31) )+ kuc (6(11—631)))
€30 —C20 €33 —C23 €32 —C22

AN, KUE 2 (oyi=car) T FAE (o —can) T FUC " (e —ea))

In the case of misclassification these inequalities give rise to three different
threshold values ), p and v (respectively for legitimately, potentially and not interest-
ing rules) in the decision space as illustrated in Figure 3.4.

1

A= ———<"(c20 —c10 +kap - (c12 — c22) + kuc - (c13 — c23)) (3.12)
(011 - 021)
1
p=————"-(c30 —cio+ KaE - (c32 — c12) + kyc - (c33 — c13)) (3.13)
(011 - 031)
1
v=————"(c30 — 20+ kaE - (c33 — c23) + Kyc - (€32 — €22)) (3.14)
(021 - 031)
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Figure 3.4: Decision Areas for Rule Post-Selection

3.3.2.2 Cost Optimal Selection of Rule without Misclassification

For the sake of simplicity, let us now consider the case of the absence of the mis-
classification region. fuc, far, kuc, and kg, ™5, and 7%, are null. We also
assume that the a priori probability that a vector belongs to AC is equal to the a
priori probability that the same vector belongs to UE. kg g is equal to % and we
can thus simplify the inequalities above:

0 0
s c30 — C s Ca0 — C
D = {g: fue < . 30 €10 5g fue < . 20 10} (3.15)
fac = 1=m" ci1—can fac = 1=m" cip—cm
0 0
s c30 — C s Ca0 — C
DY = {g: fue < . 307020 og fue > . 20 10} (3.16)
fac = 1 =7 ¢y —can fac =1 =7 ci1 —car
0 0
s c30 — C s c30 — C
DY = {g: fue > . 30 €10 5g fue > . 30 — C20 (3.17)
fac = 1=m" ci1—can fac = 1 =7 ¢ —ca1
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The inequalities (3.15), (3.16) and (3.17) give rise to three different threshold
values A, p and v (respectively for legitimately, potentially and not interesting rules)
in the decision space that define concretely the decision regions based on the cost
of rule selection decision with the following relationship:

0 C20 — C10 w0 C30 — C10 w0 C30 — €20

<p= : <v= : (3.18)

A= = =
1—71'0 C11 — C21 1—71'0 C11 — C31 1—71'0 Co1 — C31

Additionally to the interestingness measures these thresholds can be used for
quality awareness in association rule mining for a predictive selection of legiti-
mately interesting rules based on the data quality scores.

3.4 Experiments on Quality-Aware Rule Mining

In order to evaluate our decision model (in both cases with and without misclassi-
fication), we built an experimental system. The system relies on a data generator
that automatically generates data quality measures. This system also allows us to
perform controlled studies so as to establish measures and variations for each data
guality dimension computed both on data sets and discovered association rules.

In this section we present a set of experiments using the KDD-CUP-98 data
set from the UCI repository?. The KDD-Cup-98 data set contains 191,779 records
about individuals contacted in the 1997 mailing campaign. Each record is de-
scribed by 479 non-target variables and two target variables indicating the “re-
spond”/“not respond” classes and the actual donation in dollars. About 5%
of records are “respond” records and the rest are “not respond” records. The
KDD-Cup-98 competition task was to build a prediction model of the dona-
tion amount. The participants were contested on the sum of actual profit
> (actual donation—$0.68) over the validation records with predicted donation
greater than the mailing cost $0.68 (see (Wang et al., 2005) for details). Because
we ignored the quality of the data collected during this campaign, we generated
synthetic data quality measures.

In this experiment, our goal is to demonstrate that data quality variations may
have a great impact on the significance of KDD-Cup-98 results (i.e., the top ten
discovered “respond” rules and profit predictions). Although data quality indica-
tors do not affect the top ten list of discovered association rules, they significantly
change the reliability (and the quality) of the mining result and also the cost of the
decisions relying on these rules.

The names, definitions, generated quality indicators for four data quality di-
mensions (i.e., freshness, accuracy, completeness, and consistency), average qual-
ity scores, and estimated probabilities per variable of the KDD-Cup-98 data set are
given in Table 3.4. For the sake of simplicity, we generated the quality dimension
scores such as they are uniformly representative of the quality dimension of the

2http://kdd.ics.uci.edu/databases/kddcup98/kddcup98.html ~ for the data set and
http://www.kdnuggets.com/meetings/kdd98/kdd-cup-98.html for the results
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values in the attribute domain. The average quality g per variable in Table 3.4 is
computed from the equi-weighted function given in Eq. 3.2.

fac in Table 3.4 (also noted f4c(g(Z)) in our formalism) is the probability den-
sity that the data set 7 has acceptable quality and correct data when the average
quality score of the variable Z is g(Z). fu g (also noted fur(q(Z))) is the probability
density that the data set 7 has unacceptable quality due to erroneous data when
the average quality score of Z is g(Z).

Variable Definition Quality fac fure
Fresh. Accur. Compl.] Cons. q
AGE904 Average Age of Population 0.50 0.21 0.39 0.73 0.46 0.90 0.05
CHIL2 % Children Age 7 -13 0.16 0.99 0.75 0.71 0.65 0.95 0.10
DMA DMA Code 0.49 0.58 0.16 0.95 0.55 0.95 0.01
EIC16 % Employed in Public Administration 0.03 0.56 0.33 0.61 0.38 0.98 0.01
EIC4 % Employed in Manufacturing 0.17 0.37 0.87 0.15 0.39 0.90 0.20
ETH1 % White 0.21 0.76 0.50 0.53 0.50 0.55 0.15
ETH13 % Mexican 0.52 0.77 0.87 0.79 0.74 0.90 0.60
ETHC4 % Black < Age 15 0.84 0.52 0.32 0.35 0.51 0.95 0.45
HC6 % Owner occupied structures built since 1970 0.47 0.96 0.74 0.11 0.57 0.98 0.03
HHD1 % Households w/ Related Children 0.61 0.95 0.27 0.08 0.48 0.96 0.41
HU3 % Occupied Housing Units 0.07 0.40 0.18 0.57 0.30 0.94 0.53
HUPAL % Housing Units w/2 thru 9 at the address 0.76 0.85 0.96 0.93 0.88 0.95 0.52
HVP5 % Home Value > $50.000 0.99 0.88 0.38 0.95 0.80 0.94 0.05
NUMCHLD Number of children 0.44 0.23 0.53 0.50 0.42 0.96 0.17
POP903 Number of Households 0.77 0.52 0.74 0.61 0.66 0.87 0.15
RAMNT_22 Dollar amount of the gift for 95XK 0.37 0.95 0.95 0.75 0.76 0.84 0.25
RFA_11 Donor’s RFA status as of 96X1 promotion date 0.59 0.34 0.34 0.76 0.51 0.95 0.12
RFA_14 Donor’s RFA status as of 95NK promotion date 0.60 0.69 0.24 0.10 0.41 0.95 0.13
RFA_23 Donor’s RFA status as of 94FS promotion date 0.34 0.01 0.23 0.63 0.30 0.97 0.55
RHP2 Average Number of Rooms per Housing Unit 0.66 0.72 0.08 0.26 0.43 0.98 0.20
TPE1l Mean Travel Time to Work in minutes 0.20 0.26 0.78 0.32 0.39 0.85 0.05
WEALTH2 Wealth Rating 0.24 0.82 0.41 0.58 0.51 0.87 0.05

Table 3.4: Quality Measures and Estimated Probabilities of Selected Attributes of
the KDD-Cup-98 Data Set

The top ten a priori association rules discovered by (Wang et al., 2005) are given
in Table 3.5 with the confidence, the support (in number of records), and the quality
scores. Table 3.5 shows the score per quality dimension and the average quality
score for each association rule. The scores are computed from the definitions of the
quality dimensions given in Table 3.2 and the data quality scores previously given
per attribute in Table 3.4.
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Rule# | Association Rule (Conf,; Quality
Supp.)
Fresh. Accur. | Compl. ] Cons. 7
R1 ETHCA4=[2.5,4 5], ETH1=[22.84,29.76], (011;13) | 0.21 0.38 0.79 053 0.48
HC6=[60.91,68.53]
R2 RFA_14=f1d, ETH1=[29.76,36.69] 0.17; 8) 0.21 0.52 0.62 0.53 0.47
R3 HHD1=[24.33,28.91], EIC4=[33.72,37.36] (01212) | 017 0.35 0.90 0.15 0.39
R4 RFA_23=s2g, ETH13=[27.34,31.23] (0.1216) | 0.34 0.01 0.90 0.79 0.51
R5 EIC16=[11.25,13.12], CHIL2=[33,35.33], (0.16;11) 0.03 0.53 0.77 0.71 0.51
HC6=[45.69,53.30]
R6 RHP2=[36.72,40.45], AGE904=[42.2,44.9] (0.16;7) 0.50 0.15 0.44 0.73 0.46
R7 HVP5=[56.07,63.23], ETH13=[31.23,35.61], (0.14;10) 0.37 0.65 0.68 0.95 0.66
RAMNT _22=[7.90,10.36]
R8 NUMCHLD=[2.5,3.25], HU3=[66.27,70.36] (0.08;31) 0.07 0.09 0.61 0.57 0.34
R9 RFA_11=flg, DMA=[743,766.8], (0.25;8) 0.24 0.08 0.72 0.95 0.50
POP903=[4088.208,4391.917],
WEALTH2=[6.428571,7.714286]
R10 HUPA1=[41.81+,], TPE11=[27,64,31.58] (0.23;,9) 0.20 0.22 0.99 0.93 0.59

Table 3.5: The Top 10 "Respond" Rules with Confidence, Support and Quality
Scores

In the next subsections, we study the impact of data quality variations on the
decision cost of rule selection respectively in the two cases: with and without mis-
classification. We use the decision costs arbitrarly defined in Table 3.3 for classify-
ing the rules based on the quality of their data.

3.4.1 Quality and Cost of Association Rules without Misclassifi-
cation

First, we identify the value of the a priori probability that implies the largest am-
plitude of decision costs for rule selection based on Table 3.3 and Eq. 3.11 for the
top ten rules discovered by (Wang et al., 2005). Figure 3.5 shows this case for
the a priori probability 7° = 0.200 in the absence of misclassification region (i.e.,
6 = e =0).

By using Eq. 3.18, we compute the values of the three decision thresholds for
rule selection with the a priori probability 7° = 0.200. We obtain the following
thresholds: A = 0.0131579, p = 0.125, and v = 2.25. In order to be consistent with
the conditional independency of the quality vector components we also need to
take the logarithms of the thresholds values. By doing this we obtain:

log(\) = —1.8808, log(p) = —0.9031 and log(v) = 0.3522.

Based on the values for these thresholds, we can assign each rule to one of the
three decision areas. Table 3.6 shows the profit per rule predicted by (Wang et al.,
2005), the decision cost of rule selection computed from Table 3.3 and the decision
area per rule.
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Figure 3.5: Decision Costs for Rule Selection with a Priori Probability in [0.1,0.5]
without Misclassification

Rule# | Profit($) | Cost ($) Decision Area
R1 81.11 53 potentially
R2 61.73 109.5 not
R3 47.07 113 not
R4 40.82 130 not
R5 35.17 34.7 potentially
R6 28.71 109 not
R7 24.32 62.8 potentially
R8 19.32 190 not
R9 17.59 49.6 potentially
R10 9.46 40.8 potentially

Table 3.6: The Top 10 “Respond” Rules with Profit, Cost, and Decision Area for
7% = 0.200 without Misclassification

We observe that only 5 rules (i.e., R1, R5, R7, R9, R10) are potentially interesting
among the top ten rules considering the quality of data they are computed from.
With data quality-awareness, the other rules (R2, R3, R4, R6, R8) are not interesting
despite a good rank in the top ten list. It’s also interesting to notice that the profit
per rule predicted by (Wang et al., 2005) may be considerably counterbalanced by
the cost of the rule computed from low-quality data (although it depends from
initial costs defined in Table 3.3). The second best rule R2 whose predicted profit
is $61.73 has a cost of $109.5 and thus is classified as not interesting due to the low
quality of its data sets.

Let us now introduce different variations on the average quality of the data
sets composing the rules. Based on the costs in Table 3.3, Figure 3.6 shows the
behavior of the decision cost for rule selection when data quality varies from the
initial average quality down to -10%, -30%, and -50% and up to +10%, +30% and
+50% for the a priori probability 7° = 0.200 without misclassification.
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Figure 3.6: Decision Costs for Rule Selection with Different Data Quality Variations
without Misclassification for the a Priori Probability 7° = 0.200
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Figure 3.7. Amplitude of Cost Variations Depending on Data Quality Variations
without Misclassification for the a priori Probability 7% = 0.200

In Figure 3.6 we observe that the quality degradation of the data sets compos-
ing the rules increases the cost of these rules with various amplitudes shown in
Figure 3.7 (with a maximal quality degradation noted qual-50% and a maximal
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guality amelioration noted qual+50%). Data quality amelioration implies a stabi-
lization trend of the decision cost for legitimately interesting rule selection.

Another interesting result is shown in Figure 3.8 where the decisions for rule
selection change simultaneously with the data quality variations. Among the top
ten interesting rules discovered by (Wang et al., 2005) with the initial data quality
(noted Init Qual), 5 rules (R1, R5, R7, R9 and R10) are potentially worth being
selected based on their average data quality and 5 rules are not interesting (R2,
R3, R4, R6 and R8). While increasing data quality up to +30%, 3 rules become
legitimately interesting (R5, R7 and R9).

R1 I I ot

R2 [

R3 - 0 0000000000000 ] Legitimately
R4 @ 0@0@0@0@0@0@0@0@0O0O0O0O0O0o0o]

R5 I Potentially
R6 0000000000000

R7 [ ]

RS 0 00000@0@0@0@0@0@0@0@]

R9 [ 00000000000

init
50% 30% 10% quality -10% -30% -50%

Figure 3.8: Decision Status on Rule Selection for Data Quality Variations without
Misclassification for 7° = 0.200

3.4.2 Quality and Cost of Association Rules with Misclassifica-
tion

In the case of misclassification (with fyc = farg = fac) we observe that the ampli-
tude of the decision cost per rule depending on the a priori probability is reduced
(see Figure 3.9) and the rule costs are stratified per rule.

119



3.4. EXPERIMENTS ON QUALITY-AWARE RULE MINING

670 -
620 . _

E Soe --—-R2

570 o -
o 50 =
7 470 e
8 420 3 o
370 3 o R0
320 § —®
270 | -~ s
o 1 rmimmmem e T .

0,100 0125 0,200 0,250 0,400 05
no

Figure 3.9: Decision Costs for Rule Selection with a Priori Probability in [0.1,0.5]
with Misclassification

While keeping the a priori probability 7° = 0.200 and using Eqg. 3.13, 3.12 and
3.14, we compute the values of the three decision thresholds for rule selection with
misclassification and we obtain: A = 0.1053, p = 0.1667, and v = 4.6667. Based on
the values for these thresholds, we can assign the rules to one of the three decision
areas (see Table 3.6).

Rule# | Profit($) | Cost($) | Decision Area
R1 81.11 415.70 potentially
R2 61.73 248.40 potentially
R3 47.07 315.90 not
R4 40.82 356.00 not
R5 35.17 469.80 potentially
R6 28.71 308.30 potentially
R7 24.32 455.80 legitimately
R8 19.32 325.00 not
R9 17.59 592.30 potentially
R10 9.46 305.10 potentially

Table 3.7: The Top 10 “Respond” Rules with Profit, Cost, and Decision Area for
79 = 0.200 with Misclassification

In the case of misclassification with the a priori probability 7° = 0.200 it’s inter-
esting to notice that the cost per rule may be increased from 1.7 times to 13.5 times
(respectively for R8 and for R5) compared to the case of correct classification. This
is mainly due to the cost of: i) confident decisions for rule selection computed from
low-quality data that are incorrectly classified, and ii) suspicious decision for rule
selection computed from correct-quality that are incorrectly classified. With dif-
ferent variations on the average quality of the data sets composing the rules (from
-10%, -30%, down to -50% and from +10%, +30% up to +50%) and based on the
costs given in Table 3.3 in the case of misclassification, we study the behavior of
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the decision cost for rule selection.

Figure 3.10 shows that the costs are relatively stable with smaller amplitudes
and more distinct and staggered cost ranges than in the case without misclassi-
fication (see Figures 3.10 and 3.11 compared to Figures 3.6 and 3.7) except at the
maxima of data quality variations (i.e., £50%) when the misclassification has more
impact on decision costs.
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Figure 3.10: Decision Costs for Rule Selection with Different Data Quality Varia-
tions with Misclassification for the a Priori Probability 7° = 0.200
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Figure 3.11: Amplitude of Cost Variations Depending on Data Quality Variations
with Misclassification for the a Priori Probability 7 = 0.200

In Figure 3.12 only R7 is legitimately interesting among the top ten rules discov-
ered by (Wang et al., 2005) with the initial data quality (noted Init Qual). Three
rules are not interesting (R8, R3 and R4) and the other 6 rules are potentially inter-
esting. Misclassification globally attenuates the “verdict” that classifies each rule
correspondingly to one of the decision areas for the legitimately, potentially or not
interesting rules. Some rules (e.g., R8) keep the same behavior with or without
misclassification when data quality varies.
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Figure 3.12: Decision Status on Rule Selection for Data Quality Variations with
Misclassification for 7° = 0.200
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3.5 Conclusion

3.5.1 Summary

The quality of discovered association rules is commonly evaluated by interesting-
ness measures (commonly support and confidence) with the purpose of supply-
ing indicators to the user in the understanding and use of the new discovered
knowledge. Low-quality data sets have a very bad impact over the quality of the
discovered association rules, and one might legitimately wonder if a so-called “in-
teresting” rule noted LHS — RH S is meaningful when 10% of the LH S data are
not up-to-date anymore, 15% of the RH S data are not accurate, 10% of the LH S
data are inconsistent, and there are 3% of approximate duplicates in the data set.

This chapter first presents a framework for integrating quality awareness in the
knowledge discovery process. For the particular case of association rule mining,
we propose to integrate data quality measures and estimate the cost of selecting
interesting rules that are based on unacceptable data quality. In this study, our
probabilistic model computes the cost of selecting legitimate versus non legitimate
interesting rules. Experiments on the challenging KDD-CUP-98 data set show that
variations on data quality may have an important impact on the cost and quality
of discovered association rules. This confirms our approach and our argumenta-
tion in favor of the integrated management of data quality metadata into the KDD
process for ensuring the quality of data mining results.

3.5.2 Research Perspectives

The observations made on this set of experiments offer two immediate interesting
research perspectives for both association rule mining and data quality improve-
ment:

- a first direction would be to propose a post-filtering rule process based on
data quality metadata and optimal decision costs for rule selection,

- asecond direction concerns the optimal scheduling of data quality improve-
ment activities (with data cleaning techniques and ETL tools) in the data
preparation KDD step. Cleaning tasks could relevantly be driven and tar-
get specific data sets depending on the cost and criticality requirements of
mining results.

To make the correct decisions based on the knowledge discovery results that
may be available in a timely manner, automatic means are needed to determine ac-
curate data sources and to be able to detect malicious or compromised data sources
to prevent them from influencing the decision making processes. Thus, mining
techniques should be aware of completeness, accuracy, trustworthiness and inter-
dependency of data sources for ensuring critical data and decisions. Using rele-
vant QoD metadata constitutes a necessary step in KDD post-processing in order
to improve and guarantee the quality of data mining results.
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As a part of the validation of our approach on quality-aware rule mining, our
future plans regarding this work are to study the optimality of our decision model
and to propose error estimation.

As a mid-term objective, we’ll extend and adapt this idea to another type of
data mining techniques: the clustering methods. To achieve this objective, an in-
depth and careful comparative study of the robustness of the clustering methods
with respect to specific data quality problems (e.g, outliers, duplicates, and missing
data) is required. As a prospective work, this study has been initiated by Ravi Jain
(INRIA Rennes Post-Daoc position since February, 2007).

124



Chapter 4

Prototyping Data
Quality-Aware Applications

Contents
41 Introduction . . . . . ... .. 126
4.2 Quality-Aware Integration of Biomedical Data . . . . . . .. .. 126
42.1 ProblemStatement . ... ... ... ... ... ... ... 126
422 RelatedWork . .. ..... ... ... ... . 128
4.2.3 Contributions and Perspectives . . . .. .. ... ... .. 129
4.3 Quality-Driven Query in Mediation Systems . . . . . . ... .. 133
43.1 Problem Statement . ... ............ . ..... 133
432 RelatedWork . ... ... ... ... . ... 133
4.3.3 Contributions and Perspectives . . . . ... ... ... .. 134
4.4 Monitoring the Quality of StreemData . . . ... ... ... .. 136
441 ProblemStatement . ... ... ... ... ... ... ... 136
442 ProspectiveWork . .. ... ... o 137
45 Conclusion . . . ... .. 137

125



4.1. INTRODUCTION

4.1 Introduction

This chapter illustrates how data quality awareness has been integrated in three
domain-specific applications. For taking into account various dimensions of data
guality relevant for these domains, several tools that have been implemented for
three different types of multi-source information systems, namely, a data integra-
tion and warehousing system, a data mediation system, and a data stream moni-
toring prototype system.

The contributions presented in this chapter are parts of operational cases stud-
ies and ongoing developments that have been conducted thanks to several collab-
orations respectively with:

- the French public institute for biological, medical and public health research,
INSERM (Institut National de la Santé et de la Recherche Médicale) Unit 522 in
Rennes and in particular with Fouzia Moussouni (Associate Prof., University
of Rennes 1) leading the GEDAW project dedicated to the integration and
warehousing of biomedical data related to liver pathologies,

- the French Company of Electricity Supply, EDF R&D, for Customer Relation-
ship Management (CRM) data,

- GenieLog, a French company managing, monitoring and mining stream Tele-
com data of Cegetel.

The development of prototypes have been achieved by several graduate and
undergraduate students involved in each project and whose valuable contribution
is worth being mentioned. After exposing problem statement and related work
for each application domain, this chapter describes the contributions and main
technical features of each project.

4.2 Quality-Aware Integration of Biomedical Data

4.2.1 Problem Statement

In life sciences, researchers extensively collaborate with each other, sharing
biomedical and genomic data and their experimental results. This necessitates
dynamically integrating different databases and warehousing them into a single
repository. Overlapping data sources may be maintained in a controlled way, such
as replication of data on different sites for load balancing or for security reasons.
But uncontrolled overlaps are very frequent cases in available biomedical data-
banks.

Moreover, scientists need to know how reliable the data is if they are to base
their research on it, because pursuing incorrect theories and experiments costs time
and money. The current solution to ensure biomedical data quality is verification
by human experts with the two main drawbacks that are: i) on-line data sources
are autonomous and rapidly evolving; sources may provide excellent reliability
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for specific areas at a given time, but low-quality data on other topics, and data
reliability may change over time and domain of interest, and ii) verification is a
manual process of data accreditation by specialists that slows data integration; this
process is also not free from conflicts of interest.

In such a competitive research domain, biological databank providers will not
directly support data quality evaluations to the same degree since there is no equal
motivation for them to do so, and there is currently no standard for evaluating and
comparing biomedical data quality.

In the context of biomedical data integration, the major problems can be sum-
marized as follows:

- Lack of Data quality control. Anyone is able to submit biological information
to public on-line databanks with a more or less formalized submission proto-
cols that usually do not include names standardization, inconsistency check-
ing, and other data quality controls. Erroneous data may be easily entered
and cross-referenced. The available data sources have overlapping scopes
with different levels of data quality and trust. As we usually ignore the pre-
cise quality levels of each source, quality-driven data integration is perilous.
As micro-array laboratories are scaling up their facilities, manual assessment
of chip images becomes cumbersome and prone to subjective criteria. Auto-
matic, impartial, and independent data quality evaluation methods and tools
are needed for such a large diversity of biomedical data, ranging from struc-
tured (relational, object-oriented) or semi-structured (XML) to multimedia
data types (text, image, video, audio).

- Bio-entity resolution. Even if some tools propose clustering techniques to
gather records which possibly identify the same biological concept across
different biological databanks for being semantically related, biologists still
must validate the correctness of the clusters and resolve interpretation dif-
ferences among the records. At the instance-level, these differences may be
intrinsic and come from distinct (or conflicting) visions or knowledge states
from one discipline to another in life sciences. This makes the process of
verification and entity resolution very complex, usually involving several
specialists searching for consensus.

- Data mapping and transformation. At the schema-level, the problem of for-
mat heterogeneity between publicly available databanks and “home-made”
databases, data warehouses or laboratory information management systems
(LIMS) obviously requires the translation and transformation of multi-source
data, so that extracted data subscribe to the data model used by the biologist.
Although the translation problem is inherent in all the data integration ap-
proaches, it becomes much more complex in the biological domain, again be-
cause different (and sometimes not formalized yet) biological interpretations
are made based on rapidly evolving knowledge in various disciplines (e.g.,
involving the metabolic, chemical or functional views of a biological con-
cept). This reinforces the perpetual evolution of any global schema for the
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system that is intended to integrate all the available information at a given
time and for the biologist’s focus of interest.

4.2.2 Related Work

In the context of biological data management systems, a survey of representative
data integration systems is given in (Lacroix & Critchlow, 2003). Current solutions
are mostly based on data warehouse architectures (e.g., GIMS?, DataFoundry?) or
a federation approach with physical or virtual integration of data sources that are
based on the union of the local schemas which have to be transformed to a uniform
schema (e.g., TAMBIS®, P/FDM?*, DiscoveryLink®).

Very little work has been done on biological data cleaning and it is usually
carried out in proprietary or ad-hoc manner, sometimes even manual. System-
atic processes are lacking. From among the few examples proposed for the bio-
entity resolution problem, Thangavel (1999) uses stringent selection criteria to se-
lect 310 complete and unique records of Homo Sapiens splice sites from the 4300
raw records in EMBL database®. Febrl (Freely Extensible Biomedical Record Linkage)’
(Christen et al., 2004) allows data standardization, segmentation, and probabilis-
tic and rules-based cleaning. Miiller & Naumann (2003) examine the production
process of genome data and identified common types of data errors. Mining for
patterns of contradictions in overlapping databases has been proposed by Miller
et al. (2004) for the cases where the entity identification problem has been already
solved by specialists. But rigorous elimination of erroneous data or approximate
duplicates may result in loss of rare information, at the first glance considered as
dubious but actually critical for competing researchers.

More specific to data quality evaluation in the biomedical context, Martinez
& Hammer (2005) propose a semi-structured model with quality measures that
are biologically-relevant, objective (i.e., with no ambiguous interpretation when
assessing the value of the data quality measure), and easy to compute. Six criteria
are defined and stored as quality metadata for each XML record of the genomic
databank RefSeq?:

- Stability: magnitude of changes applied to a record in the databank

- Density: number of attributes and values describing a data item

Time since last update

- Redundancy: fraction of redundant information contained in a data item and
its sub-items

1GIMS, http://www.cs.man.ac.uk/img/gims/

2DataFoundry, http://www.lInl.gov/CASC/datafoundry/

STAMBIS, http://imgproj.cs.man.ac.uk/tambis/

4P/FDM, http://www.csd.abdn.ac.uk/ gjlk/mediator/

SDiscoveryLink, http://www.research.ibm.com/journal/sj/402/haas.html

SEMBL, European Molecular Biology Laboratory: http://www.embl-heidelberg.de/
"Febrl, http://datamining.anu.edu.au/software/febrl/febrldoc/

8NCBI References Sequences http://www.ncbi.nlm.nih.gov/RefSeq/
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- Correctness: degree of confidence that the data represents true information

- Usefulness: utility of a data item defined as a function combining density;,
correctness, and redundancy.

The authors also propose algorithms for updating the scores of quality measures
when navigating, inserting or updating/deleting a node in the record.

4.2.3 Contributions and Perspectives

4.2.3.1 Design of Quality-Aware Integration Process for Biomedical Data Ware-
housing

My work with INSERM U522 focuses on the problems of biological data integra-
tion in the project called GEDAW, Gene Expression DAta Warehouse initiated in 2000
and leaded by Fouzia Moussouni, Associate Professor of University of Rennes 1.

Since 2001, seven graduate students have contributed under my supervision
to this project and its related research directions (Berti-Equille & Moussouni, 2005;
Berti-Equille et al., 2001; Guérin et al., 2001; 2005).

Biologists and more specifically medical science and health researchers need to
focus on specific data such as a given metabolism or pathology and to confront
them to several experiment results on same genes and same focus of interest. In
addition to data delivered by home experiments, they may wish to confront them
to data issued by public transcriptome experiments, having a close related interest:
same organ, same pathology, same specie, or whatever. Users’ requirements are
not exhaustive but do lead certainly to collect intensively data sets and knowledge
on genes gathered from various on-line databanks, along with experiment results.

A selected part of this extremely rich and available knowledge on the expressed
genes needs to be integrated before analyzing for optimization sake. In fact, to get
the information, biologists of INSERM U522 spent a considerable time and effort to
seek relevant information on the Internet. The challenge was how to automatically
capture, organize and integrate data of interest along with capitalized biological
knowledge. It is clear that to answer to all the issues posed by the biologist, the
functionality of such environment had to include: data integration, management,
and mining, data quality evaluation, and synthetic query result presentation.

Considering the different data quality and data integration issues previously
mentioned, GEDAW system has been designed to support complex analysis on
integrated data and tends to be a unified infrastructure for different bioinformatics
technologies to measure gene expression of the genes involved in liver pathologies.

XML as an exchange format has been used for integrating data coming from
multiple and semi-structured sources into a unified ontology-based data de-
scription model implemented in the object-oriented data warehousing system of
GEDAW. The concept of ontology is the keystone of GEDAW system for integrat-
ing both genomic data available on public databanks, as well as experimental data
on genes delivered from laboratory experiments and clinical statements.

GEDAW description model includes three major packages corresponding to
the management and integration of three data domains that are: i) experimental
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data domain, i.e., gene expression measurements through several physiopatholog-
ical conditions, ii) genomic data domain, i.e., DNA gene, mRNA, protein sequences
and their annotations, and iii) biomedical knowledge, i.e., biological and medical
concepts that annotate the genes with concepts of ontologies like GO® and UMLS?,
using BioMeKE?!!, the application developed at INSERM U522 by Marquet et al.
(2003).

Heterogeneous Gene Ontology  HUGO UMLS

sources in genomic, \ V

biological and medical

science domains #@*BiojleKe

Home Documents

Genbank

Experiments XML for
Relational ) )
DB Documents biomedical
concepts

GEDAW

: : . I Biological and
Expression Genomic 1 .
Data Domain : Data Domain 1 Medical Knowledge
' ! Domain

BIOLOGIST

Figure 4.1: GEDAW Architecture

As illustrated in Figure 4.1, the data sources used during integration are local or
spread world wide and hosted on different systems, each having its own schema:

9Gene Ontology, GO: http://www.geneontology.org/
0ynified Medical Language System, UMLS: http://www.nlm.nih.gov/research/umils/

HBijological and Medical Knowledge Extraction system, BioMeKe: http://www.med.univ-
rennesl.fr/biomeke/
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1. Anin-house relational database to store more details on micro-array experi-
ments along with their results,

2. XML records from GenBank'? have been used to instantiate the genomic do-
main of GEDAW,

3. Medical concepts from UMLS and genomic concepts from GO ontology are
also delivered by BioMeKE (Marquet et al., 2003) for all the genes as an XML
document and used to integrate the biomedical knowledge associated to the
genes.

GEDAW system is an object-oriented data warehouse implemented using FastOb-
jects (Versant) that provides a direct description of the conceptual model on genes
and their expression with Java (or C++) as a binding language. Objects are made
persistent into the object-oriented database, that is the central element of GEDAW.
Data representation for browsing and user interface programming is quite intu-
itive.

We designed and developped the process for integrating genomic data in
GEDAW data warehouse system. It is based on the four following steps:

1. Coordinating: The system internally searches for the data objects stored in
the data warehouse whose description is incomplete, and finds the objects
related to a gene whose attributes values are missing. Then, it accesses the
GenBank databank to start the importation and integration process based
on the accession numbers (identifiers of the records describing a gene in the
databank). At this stage, several records that may refer the same gene may
provide various alternative descriptions for completing the missing fields in
the warehouse. Only the ones with matching characteristics and accession
numbers have to be identified and selected with various heuristics we pro-
posed.

2. Importing: Starting from the accession number of each gene involved in the
transcriptome experiments (i.e., that is present and expressed under certain
experimental conditions on micro-arrays), the system imports the XML files
from the GenBank databank into GEDAW data staging area.

3. Cleaning: The system parses the XML files, extracts the information that
has to be integrated into the warehouse. The cleaning script uses the XML
QueryEngine component to seek the relevant elements through XML docu-
ments to extract. The queries are formulated to declare the path to reach the
relevant element, using filters and selection operators based on GenBank’s
DTD. The tags defined in GenBank’s DTD have a recursive structure, there-
fore the depth of a same element may vary from one record to another. Re-
dundancies and inconsistencies are removed from the temporary XML files
which only keeps the elements to be loaded in the data warehouse.

12NCBI, National Center for Biotechnology Information: http://www.ncbi.nim.nih.gov/
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4. Storage: The system parses the temporary files of extracted and cleaned infor-
mation and ensures the data storage and persistence into the object-oriented
data warehouse of GEDAW.

4.2.3.2 Profiling Database and Exploring Biomedical Data Quality

One of the major problems of biomedical data integration comes from the het-
erogeneity and rapid evolution of database schemas: both data sources and data
warehouse schemas need to adapt constantly to the growing and evolving knowI-
edge of this domain.

Recent advances in biotechnology have produced a massive amount of raw bi-
ological data which are accumulating at an exponential rate. Errors, redundancy
and discrepancies are prevalent in the raw data, and there is a serious need for sys-
tematic approaches towards biological database auditing, profiling, and cleaning.

As a first step in this direction, we have built Q-DEX, Quality-Driven Database
Exploration, a plugged-in tool on top of the application layer of GEDAW data ware-
housing system. Q-DEX is a generic tool whose GUI allows the user to flexibly
build query workflows on any database schema given the XMI data model.

Off-line Q-DEX fetches and analyzes the XMI database schema and dynami-
cally generates and configure the interface for graphically querying the database.
Once Q-DEX is connected to the database, user-defined graphical queries and pro-
filing scenarios are processed on the database object instances. Generic functions
that compute elementary QoD measures for completeness, freshness and consis-
tency dimensions may be used to evaluate final or intermediate query results in
the query scenarios.

Q-DEX provides an intuitive way to formulate queries and data quality con-
straints that follow the reasoning of biologists, assist them in the elaboration of
their queries, and complete the obtained results by additional information describ-
ing the quality of data.

Using Q-DEX interface, biologists desgin and combine query workflows on any
database.

By having an immediate glance on his intermediate or final query results that
can be browsed on the Q-DEX Result Viewer, the user may modify and re-execute
his queries when needed. He is also able to save a query workflow for ulterior
reuse on different data, or export effective resulting data for an eventual use on
external tools (clustering, spreadsheet, etc.) making it quite flexible and attractive
for the biologists, as confirmed by our validation tests by users at INSERM U522.

Actually, using Q-DEX, much more possibilities are offered to the user to com-
pose various query workflows on integrated data objects in GEDAW. The user
can apply predefined functions (Level | and Il as defined in Chapter 2) that com-
pute generic QoD measures to get the quality of intermediate and final results of
his query workflows. Other more specific functions may be flexibly added to the
function library of Q-DEX.

The immediate perspectives of this project are threefold:

- to extend the QoD metadata management package of Q-DEX including more
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sophisticated analytical functions (Level Il and IV) and a CWM-compliant
metadata repository,

- to integrate query-driven loading and profiling activities so that query work-
flows for biomedical data integration could be designed through Q-DEX,

- to design on-line profiling techniques that first fetch selected data source
schema and object data instances from accessible biomedical databanks, and
profile them for driving data extraction and loading into GEDAW warehous-
ing system.

4.3 Quality-Driven Query in Mediation Systems

4.3.1 Problem Statement

In classical mediation environments, data sources usually do not export informa-
tion describing their quality of service (e.g., resource accessibility, query processing
cost, reliability, etc.), nor information describing the quality of their content (e.g.,
data accuracy, availability, freshness, completeness, etc.). Different data sources
may thus answer a global query with different response times, query costs and
various levels of data quality. Because one user may accept a query result of lower
quality (if it is cheaper or has a shorter response time than if the query cost is
higher), it's necessary to consider both query cost and users’ quality requirements,
and make trade-offs between cost and quality when building the query result. One
major difficulty is to adapt existing query processing techniques to environments
where resource availability, allocation, query cost, and data quality may be not
evaluated at compile time.

4.3.2 Related Work

The problem of designing multi-source information systems taking into account
information about quality has been addressed by several approaches that propose
techniques to select the data sources based on the metadata characterizing their
content and quality, e.g., (Braumandl et al., 2001; Mihaila et al., 2000; Naumann,
2002; Naumann et al., 1999).

Among the projects that have been proposed for considering data quality in
distributed query processing, HiQIQ B&B (High Quality Branch and Bound Algo-
rithm) proposed by Naumann (2002) is a distributed query planning algorithm that
enumerates query plans in such way that it finds the best N query plans after com-
puting only a fraction of the total number of query plans. Upper quality bounds
for partial query plans are constructed and thereby non-promising sub-plans are
early pruned in the search tree.

In ObjectGlobe (Braumandl et al., 2001) the query processing follows a multi-
step strategy. First, a lookup service locates data from each source that are relevant
to the query by consulting a metadata repository. It also gathers statistical cost

133



4.3. QUALITY-DRIVEN QUERY IN MEDIATION SYSTEMS

information. In the second step, the optimizer enumerates alternative query ex-
ecution plans using a System-R-like dynamic algorithm and an optimal plan is
built based on a cost model using the previously gathered information. In the last
step, the query execution plan is distributed and executed using an iterator model.
Users can specify quality constraints on the execution of their query. Constraints
are defined on results (e.g., size of the result), cost (i.e., how much the user is ready
to pay), and time (e.g., time to first results). Quality of Service (QoS) management
is introduced as part of the query processor. The quality constraints are treated in
all the phases of querying processing. If they cannot be fulfilled, the query plan
is dynamically adapted or the query is aborted. Based on that QoS concept, the
optimizer’s goal is to maximize the percentage of successful queries and abort any
guery that cannot fulfill its QoS constraints as soon as possible.

4.3.3 Contributions and Perspectives

In (Berti-Equille, 2001; 2003) we proposed a first version of XQuaL query proces-
sor and developed the main modules of a rudimentary mediation architecture as
illustrated in Figure 4.2.

From 2001 to 2003, four undergraduate and six graduate students have con-
tributed under my supervision to the development of the Java-based mediator and
wrappers architecture in Java.

- Before the query time. From the application layer, the user is able to declare
quality contract types and instances (defined in Chapter 2, Section 2.7) to the
mediator that forwards the contract types et constraints specifications to the
wrappers. Each wrapper has a metadata repository including a set of ana-
lytical functions to characterize several data quality dimensions. Wrappers
apply the specifications defined with ON DATABASE, TABLE, COLUMN,
ROW, CELL statement and check the contract declaration on their respec-
tive source, compute QoD measures, store them as QoD metadata in their
local repository, and associate them to the specified DB object instances and
granularity levels.

- At the query time. As illustrated in Figure 4.2, the user can submit a global
quality-extended QWITH query to the XQUAL mediator. The mediator
translates the global QWITH query into a local QWITH query with respect
to the schema of the source that may be able to answer and sends the cor-
responding local QWITH query to the Query Router. When the Query Router
receives a QWITH query, it invokes the Quality Contract Manager that checks
the invoked contract types and constraints, and broadcasts the contracts def-
inition. The broadcast method invokes wrappers to update locally their QoD
metadata repository, checking constraints on the various quality dimensions
and QoD measures declared in the quality contract types. Each wrapper cre-
ates a new Controller in order to execute the contract type. The next step
is to get the registered wrappers by invoking the Quality Contract Manager.
This method returns a set of wrappers able to answer the router queries. As

134



4.3. QUALITY-DRIVEN QUERY IN MEDIATION SYSTEMS

the router also broadcasts the QWITH statement with the regular part of the
query to all available wrappers, it waits for their response. Finally, the ones
of selected wrappers that maximize the satisfaction degrre of quality con-
straints specified in the contract will be chosen to execute the SQL statement.
Assume that the constraints are too strict and no wrapper can satisfy them,
in this case the relaxation module will renegotiate the contract terms with
selected wrappers; it will actually reduce the strictnes of the constraints de-
fined in the contract of the QWITH query and broadcasts the modified part
of the contract to the wrappers able to answer. The wrappers that conform
the most to the modified contract will be selected to answer the query.

CONTRACT DECLARATION  QUAL|TY-AWARE RESULT

+ QWITH QUERY
ﬁ User/Application Layer

| Quality Contract Management U
| QWITH Query Transformation U

MEDIATOR - Mediation Layer
| QWITH Query Relaxation
| Source Selection Ij
LOCAL QWITH QUERIES 87 Data Source Layer

I WRAPPER WRAPPER I I WRAPPER I

¥

Local query Metadata

Repository

Figure 4.2: Mediation Architecture with XQuaL

For the technical validation of the prototype, several overlapping CRM rela-
tional databases have been generated and populated with synthetic data based on
overlapping parts of the logical schema given in the TPC-W (V1.8) benchmark?.
Although many technical aspects of this prototype still need to be fixed, it offers

BTPC Benchmark: http://www.tpc.org/
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a first platform for implementing our proposals regarding QWITH query process-
ing.

Among the numerous perspectives related to this project, our priorities mainly
concern:

- the automatic generation of quality-aware wrappers including contract and
QoD metadata management and

- the optimization and relaxation of QWITH queries at the mediator side.

Each of these priorities constitutes on its own a very challenging research di-
rection to explore in the context of mediation architecture.

4.4 Monitoring the Quality of Stream Data

441 Problem Statement

In emerging data streams, data quality problems are likely to be manifold (Ag-
garwal, 2007). For example, in network databases, it is unrealistic to set integrity
constraints to detect missing, duplicate, irregular or out-of-range values and stop
processing a high speed data feed for each such violation and anomaly detection.

The continuous arrival of transient data in multiple, rapid time-varying, pos-
sibly unpredictable and unbounded streams appears to yield some fundamentally
new research problems. Approximation and adaptivity are key alternatives to per-
formance and storage stringent constraints in executing continuous queries and
performing on-line data analysis. Backtracking over a data stream is not feasible.
On-line stream processing or mining algorithms are restricted to making only one
pass over data.

In many of data stream monitoring applications, each tuple of the data stream
may be composed by data collected from many places, such as sensors, network
equipments, etc. These data are collected through a wired or wireless network.
Unfortunately, both the devices and the network transmission are vulnerable to
errors. Hence, on-line data cleaning and active warehousing are indispensable. In
these applications, user queries are typically continuous queries, which are eval-
uated in an on-line fashion. Hence, streams have to be cleaned on the fly, which
requires that the anomaly detection and cleaning algorithms should be unblocking
and can be pipelined.

For traditional passive data sets, data cleaning is an independent preprocessing
phase, which can be performed off-line. Hence, specialized cleaning tools can be
developed without interacting with the query processing engine. However, this is
not true for stream processing where the cleaning tools have to interact with the
guery engine on the fly. In this context, human interactions are only possible at
the phase of setting up the cleaning process. After the cleaning activities are set
up, they should run automatically as the streams will continuously come into the
system in a very high speed. Of course, one can revise the setup on the fly, but the
cleaning should run automatically for most of the time.
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Data stream anomaly detection and on-line cleaning may have large compu-
tational cost, which may impair the system’s responsiveness to high speed data
streams.

4.4.2 Prospective Work

In an operational scenario of a Telecom company, a centralized management sys-
tem continuously collects stream data from a number of servers and equipments
and it integrates them into a global data warehouse.

Malfunctions of the various devices and errors of transmissions happen fre-
guently causing lots of problems in streamed data (e.g., missing, invalid values,
duplicate records, inconsistencies, etc.)

Real-time monitoring of these data is compelling for a lot of applications, e.g.
technical or administration management within the Telecom company, marketing,
criminal and terrorism detection involving data from other companies across the
world, etc.

In this context, a prospective work has recently been initiated in 2006 with Ge-
nieLog/Cegetel to review the related work on mining techniques and algorithms
that are applicable to data streams for detecting anomalies and data quality prob-
lems, and inferring situations where they are likely to occur.

Recent results in (approximate) algorithms for on-line streaming include com-
puting signatures and representative trends, decision trees (Domingos & Hulten,
2001; Hulten et al., 2001), k-medians clustering (Guha et al., 2001), regression or
CPA analysis (Papadimitriou et al., 2005), similarity search (Faloutsos, 2002). On-
line stream mining operators must be incrementally updatable without making
multiple passes over the data. The objectives of the project are to study these tech-
nigues, evaluate their adaptability to the problem of stream data quality evaluation
and monitoring with several criteria related to performance, scalability in realistic
and operational scenarios, and recall/precision for anomaly detection.

Independently from this starting project, a prototype implementing an adap-
tation of XQuaL query language extension for continuous queries has been devel-
oped upon TelegraphCQ v0.2* by Yongluan Zhou, a PhD student from National
University of Singapore, during his six months of internship at INRIA Rennes.

45 Conclusion

This chapter has presented the projects and prospective work in three application
domains where several aspects of data quality awareness have been implemented.
Main technical features of the prototypes that have been developed in response
to realistic scenarios have been presented. Case studies are supported by several
ongoing collaborations, respectively dedicated to: i) quality-aware warehousing

1 TelegraphCQ is a open source stream processing engine based on PostgreSQL v7.3. It is available
at: http://telegrap.cs.berkeley.edu/telegraphcq/v0.2/
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of biomedical data, ii) quality-aware mediation of CRM databases, and iii) quality
monitoring for stream telecom data.

Involved in the design and software development of these prototypes, each one
integrating particular aspects of data quality awareness in the managenent or in-
tegration of different types of data (relational, XML, object), I've observed many
commonly shared features, good and bad practices in the design and develop-
ment of such prototypes. As effective system design requires considering issues
that may not become visible until later in the system/application implementation,
usage or maintenance.

My observation (that is also an interesting R&D directions) is that patterns for
integrating quality-awareness in data management applications need be clearly
specified in order provide general solutions, documented in a format that doesn’t
require specifics tied to a particular problem.

Reusing QoD management patterns for IS design would considerably help to
prevent data quality problems. The detailed study and specification of a set of
quality-aware design patterns starts with describing the context in which the pat-
tern is used, the problems within the context that the pattern seeks to resolve, the
suggested solution and side-effects, and all the information necessary for its ap-
propriate use. This constitutes a very challenging research direction.
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Conclusions and Research
Perspectives

Summary

Data quality is considered as a notoriously complex combination of problems.
Taken globally it is very often viewed as technically intractable, even though some
problems can be addressed individually by various methods from many disci-
plines: Databases, Statistics, Knowledge Discovery, and Knowledge Engineering.

Real-world databases inevitably have various anomalies and poor quality data
such as incorrect, incomplete, inconsistent, redundant, and out-of-date data. In
this context of “dirty” data management, the ultimate goal is ideally to create a
general and reusable solution that can automatically scan and analyze the data
sets, create a set of data quality metadata and constraints, isolate the records that
do not meet this process, and trigger appropriate corrective actions on data.

At the end of the Information Supply Chain, databases contain a variety of
patterns to discover, but few of them are of much interest. A pattern is interesting
to the degree that is not only accurate but that is also useful with respect to the
end-user’s knowledge and objectives. A critical issue in knowledge discovery is
how well the database is designed, and maintained. Obviously, the effectiveness
of knowledge discovery processes and the quality of the discovered knowledge
are strongly dependent on the quality of data.

In the last decade, my contributions to Data Quality Research have been grad-
ually oriented to the convergence point of the two following disciplines:

1. Database and Information Systems Engineering, with a special focus on
the data integration processes and the design of multi-source information
systems, in particular, data warehousing and virtual data mediation systems
for integrating the management of quality metadata. The central questions
of my work are the following: How to design the core of the data manage-
ment system in order to integrate systematic quality measurement and con-
trol of integrated and stored data? How to ensure guarantees on the quality
of query or mining results with minimal costs?

2. Data Mining and Knowledge Discovery, with a special focus on associa-
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tion rule discovery and clustering techniques. On the one hand, because one
of the main challenges of Data Quality Research is in measuring data qual-
ity factors and managing appropriately and efficiently these measures, my
contribution is to propose analytic workflows for QoD evaluation that use
and combine statistical and data mining techniques to compute measures
characterizing the quality of data. On the other hand, the evaluation of the
quality of data mining results that depend on the quality of analyzed data
is the dual problem that needed to be considered in my approach. In this
context, the central questions of my work are the following: How to adapt
and use data mining techniques to implement data quality introspection and
self-administration in data management systems? How to quantify the cost
of low data quality on the results of data mining and knowledge discovery
processes?

The contributions reported in this dissertation can be summarized as follows:

- Management of metadata: analytic workflows are designed for QoD evalua-
tion; they generate metadata that characterize various aspects of data quality
with computing statistical measures, summaries, and sketches obtained from
exploratory data mining and statistical techniques,

- Quality-aware query processing: an extension of a query language for the dec-
laration of factors, measures, and constraints on data quality dimensions has
been proposed,

- Quality-aware minig: integration and exploitation of QoD metadata for the
post-processing and validation of data mining results are proposed.

My dissertation has been organized as follows:

- Chapter 1 introduces the field of Data Quality Research, reviewing literature
with respect to each of the main quality dimensions, namely uniqueness,
consistency, completeness, and freshness of data. This chapter has presented
main measures, algorithms, languages, and tools that have been proposed in
the literature for the main data quality problems. It has also presented recent
research projects and new research directions in the field.

- Chapter 2 presents our metamodel extension to CWM for modeling, com-
puting measures characterizing several aspects of data quality. This chapter
has proposed techniques for generating data quality metadata stored and in-
dexed in a repository, and also a query language extension based on the dec-
laration of quality contracts for querying data with user-defined constraints
on quality metadata.

- Chapter 3 proposes a generic framework for integrating data quality mea-
sures into the KDD process. In the context of association rule mining where
result quality is classically evaluated by interestingness measures, our basic
premise is that the quality of mining results also relies on the quality of the
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data which the discovered rules have been computed from. A cost-based
probabilistic model for selecting legitimately interesting rules is presented.
Experiments have shown that variations on data quality have a great impact
on the cost and quality of discovered association rules. This confirms our ap-
proach for the integrated management and analysis of data quality metadata
into the KDD processes.

- Chapter 4 presents the issues, contributions, prospective works, and main
technical features of prototype architectures developped in the context of
three application domains for implementing data quality-awareness, respec-
tively for: i) integration and warehousing biomedical data, ii) mediation of
multi-source CRM data, and iii) monitoring stream Telecom data.

Our next research directions concern the following topics, as described in the
next section:

1. Quality-aware query processing. General and particular challenges will be ex-
posed.

2. Statistical metadata computation
3. QoD-introspective data management system

4. KDD post-processing.

Perspectives on Quality-Aware Query Processing for
MSIS

General Challenges

Providing efficient access to information sources received a sustained interest since
several decades but relatively few approaches have been proposed to deal with
the various issues of quality-aware query processing in distributed environments.
These issues are particularly challenging due the characteristics of the sources, in-
cluding autonomy, volatility, amounts of data, large heterogeneity spectrum, e.g.,
on data type (multimedia, XML, relational records, etc.), database schema, and
data quality. In this context, one of the challenge we’ve identified is to build a
guality-aware query processing infrastructure for multi-source information sys-
tems. Building such an infrastructure requires addressing several interesting re-
search issues and investigating in the following directions:

- QoD- and QoS-based query languages. The idea is to devise a declarative data
query language that operates on data with quality of data and quality of
service (QoS) constraints. The advantage is that the same quality-constrained
query specification holds whatever underlying information is available.
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- Computation model. The resolution of any quality-extended query may in-
volve an iterative process between the different distributed systems within
the infrastructure. We need to devise a computation model for the in-
teraction of the different (sub-)systems (e.g., wrapper/mediator systems,
sources/data warehouse, peers, Web portals/Web services/Web providers,
etc.).

- Optimization model. Performance has a prime importance in successfully de-
ploying a quality-aware query processing infrastructure over distributed sys-
tems. It mainly relates to query optimization. One challenge is to define
appropriate metrics to characterize and measure QoD and QoS dimensions
depending on the application domain, the systems capabilities, and the lim-
ited resources/performances. The different query planning strategies focus
generally on finding feasible and optimal sub-goal orderings based on avail-
able bindings and supported conditions at the information sources. Pro-
posed techniques assume a full knowledge of the query capabilities of every
source participating in a multi-source information system. They rely heavily
on the way that information sources are described and the objective func-
tion of the optimizer (e.g., number of sources, response time, etc.). Using the
same source description and data quality description models may not always
be possible across a large spectrum of information sources.

- Optimization heuristics. General randomized search heuristics are a popular
tool for query optimization. Other kinds of algorithms such as randomized
hill-climbing, Tabu search (that uses memory to guide the search towards
optimal/near-optimal solutions, by dynamically managing a list of forbid-
den moves) or genetic algorithms (that emulate the evolutionary behaviour
of biological systems to create subsequent generations) could be used or
adapted for quality-aware query optimization. In most of the real world
applications, it is quite natural that quality-extended query should meet a
number of different and conflicting quality dimensions. Optimizing a par-
ticular objective function may sacrifice optimization of another dependent
and conflicting objective. An interesting direction is the study the quality-
extended query processing problem from the perspective of multi-objective
optimization.

- Quality-aware adaptive query processing. Another interesting trend is the use of
adaptive or dynamic approaches in dealing with quality-aware query opti-
mization. This is motivated by the intrinsic dynamics of the distributed and
autonomous sources where unpredictable events may occur during the exe-
cution of a query. The types of actions that are proposed in these approaches
fall into one of the following cases: i) change the query execution plans in
order to privilege data quality of query results, ii) change the scheduling of
operations in the same query execution plan or in different concurrent query
plans, iii) introduce new operators to cater for the unpredictable events (e.g.,
QoD or QoS degradation), or iv) modify the order of inputs of binary op-
erators. Adaptive techniques have yet to demonstrate their applicability to
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various real applications with large numbers of information sources. There
is also a need to show how they react under heavy quality of data and qual-
ity of service fluctuations. To the best of our knowledge, the issues of data
quality-awareness in on-line query processing have not been much investi-
gated and constitutes a very challenging perspective of research.

Particular Challenges

Relational query optimization has traditionally relied upon table cardinalities
when estimating the cost of query plans they consider. While this approach has
been and continues to be successful, the need to consider the various dimensions
of data quality for query execution requires a particular approach. The dual prob-
lem is to fix the query cost and search for the “best quality” result, or to fix the
result quality and optimize the query cost. Data quality awareness when querying
a single or several distributed data sources in a dynamic and distributed environ-
ment raises several interesting questions such as:

- Selecting dynamically the adequate data source. Different data sources may an-
swer a global query with different response times, query costs and various
levels of data quality. How to define strategies for selecting adaptively the
most appropriate sources for answering a query with the “most acceptable”
data quality?

- Defining semantically and qualitatively correct distributed query plans. The re-
sult of a global query is classically built depending on the particular order
for the execution of subquery plans. For ensuring data quality awareness,
this technique must combine in a coherent way both information and meta-
information from the various data sources (i.e., data quality metadata if avail-
able). Data quality levels are often unknown, heterogeneous from one source
to another, more or less aggregated or locally non uniform (i.e., a source may
provide excellent data reliability for one specific area, data subset or data
type but not for the others). In this context, one of the problems is to merge
the data quality indicators in a consistent way.

- Making trade-offs between the cost of the query and the measurable quality of the re-
sult. Because one may accept a query result of lower quality (if it is cheaper or
has a shorter response time than if the query cost is higher), it’s necessary to
adapt the query cost to users’ quality requirements. The objective is to mea-
sure and optimally reduce the cost and bargain query situations where the
system searches for solutions that “squeeze out” more gains (in terms of data
quality of the query result) than the query without data quality constraints.

- Developing quality-aware query cost models. It is important to evaluate whether
the expected benefits from a quality-extended query compensate for the cost
of computing or predicting quality measures and collecting feedbacks from
the source and the environment during execution time. The difficulty is to
adapt existing query processing techniques to environments where resource
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availability, allocation, query cost and data quality may be not decidable at
compile time.

Algorithmic Challenges for Statistical Metadata Com-
putation

Exploratory data mining summaries are typically averages, standard deviations,
medians or other quantiles on several data sets or samples. They characterize the
distribution of attribute values or describe value dispersion (form, density, sym-
metry, etc.). But as user-defined functions, the computation cost of these method
that are used to characterize certain dimensions of the quality of data sets has to
be precisely studied in order to choose adequately:

- the starting time when it is the most convenient to start the execution of the
computation method,

- the type and properties of the computation methods (i.e., precomputation, on
the fly, on-demand, incremental) that is preferable depending on the appli-
cation, data set size, CPU cost, the semantics, properties of the measurement,
and characteristics of implementation methods,

- the relevancy of the QoD measures with respect to a quality goal that is either
to observe, control or detect anomalies in the data set.

- the techniques used to reduce the volume of data to analyze (pre-selection or
sampling) and the size of the data set targeted by the computation method.
Because it is not realistic to compute all the methods on the whole data set, it
is relevant to propose various strategies for data subset selection, sampling,
and generalization depending on the semantics of the measurement and on
the properties of the computation method. The final objective is to propose a
cost model for executing analytic worflows.

The goal of this study is to define parameters: i) to trigger the most appropriate
techniques for efficient QoD measure computation, such as loading anticipation
or prefetching of the data necessary to precomputation, ii) to drive index selection
strategies on indexed data and metadata, and iii) to propose recomputation and
refreshment strategies for existing QoD measures.

Derived from these considerations, other algorithmic challenges can be identi-
fied as:

- to study data and metadata indexing algorithmics: with metadata computa-
tion, the index may become much bigger than the data volume and it is very
largely higher than the integration capacities of the RAM. The algorithms of
indexing must then take into account the various levels of memory hierar-
chy (register, masks, discs, RAM, etc.) or be distributed, or even, the index
memory must be distributed.
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- to reduce the volume of data to be analyzed for detecting data anomalies as
quickly and effectively as possible.

- to study the decidability and the complexity of the approaches combining
the detection of several types of anomalies: programs for the detection of
duplicates, outliers, missing values, etc., and those for the cleaning or the
refreshment of data have a great number of configurations (values of the pa-
rameters and variables, etc.). This raises theoretical problems (indecidability
in a general way), and practical as well (size and complexity of the models
and their sets of possible configurations).

Perspectives for QoD-Introspective Data Management
Systems

A mid-term objective of my research project consists of proposing and designing a
quality introspective data management system monitoring data quality by exploratory
data mining techniques on very large volumes of data (i.e., for several hundreds of
Terabytes and billions of records).

The idea to use data mining techniques to extract the knowledge useful for
database system administration is a very promising approach to reduce the tasks
of database maintenance, administration, and tuning. Self-administration systems
aim at managing and adapting themselves automatically without performance
loss or even with performance benefit. My next research directions are motivated
by the idea to extend the auto-administration primitives of data management sys-
tems with the management and control of data quality, and to develop the concept
of introspective systems, as well as the techniques for their implementation.

For a taking into account “natively” data quality awareness, it is necessary to
reconsider totally the traditional architectures of data management systems and, in
particular, to modify the core of the database management system. This requires
the modification of the query processor and the data storage subsystem in order to
maintain (and recover) indexed structures of metadata that characterize the qual-
ity of data (e.g., with sketches and summaries, results of statistical analyses or
probabilistic constraints), and ensure frequent refreshment.

One of the objective is to recommend strategies for the configuration and se-
lection of data and QoD metadata indexes and the materialization of quality-
constrained views in order to optimize the access time to data and QoD metadata.

Selection of data/metadata indexes and views can be very useful for the effi-
cient sharing of the disk space allotted to these structures’ storage. In this area,
my future work intends to propose indexing techniques that precompute quality-
aware joins and adapt various selection strategies for quality-constrained view ma-
terialization.
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Perspectives for Knowledge Discovery Post-Processing

The interest about knowledge post-processing has grown as a research topic in
recent years. This is motivated mainly by the intensification of extracted knowl-
edge uses in practical applications, and for the great volume of this knowledge that
makes impracticable its manual analysis and validation. When extracting patterns
with association rule discovery for example, the considerable amount of discov-
ered rules raises an important problem of expressivity and result quality evalua-
tion. The use and combination of objective measures in the post-processing step
of rule evaluation has as a main purpose to establish filters for rule selection and
validation. These measures supply an indication of the hypothetical strength as-
sociation between the two parts of the rules, and also may prioritize the analysis
of the rules set with higher contribution to the measures as they are considered for
having higher potential to be interesting.

In this context, interestingness measures are not self-sufficient for evaluating
mining result, and the joint analysis and exploration of metadata that characterize
the quality of data which the rules are computed from, offers interesting perspec-
tives for KDD post-processing. Metadata exploration could indeed be advanta-
geously used for each of the main categories of post-processing methods used in
data mining, as:

- Knowledge filtering: when data is noisy, the mining algorithm “overgenerates”
leaves of the resulting decision tree or decision rules or association rules so
that they also cover a very small number of noisy objects. To overcome this
problem a tree or a decision set of rules must be shrunk, by either post-
pruning (decision trees) or truncation (decision rules). Similar approach is
adopted for association rules filtering with refining interestingness measures
thresholds. Nevertheless, this process could be driven with a bottom-up ap-
proach, by analyzing the metadata that characterize several quality dimen-
sions of the data set. Knowledge that is discovered from low-quality data
could be filtered.

- Interpretation and explanation. In the cases where the acquired knowledge is
directly used for prediction or where the knowledge discovery process is
performed for an end-user, the derived results must be precisely documented
and easily understandable through the appropriate visualization of results.
For decision-making, end-users also need to know the quality of the data
which the knowledge has been extracted from and possibly reconsider the
reliability of results and estimate the risk of their decision if it is based on
results that are discovered from low or unacceptable quality data.

- Evaluation. There are several criteria for evaluating the discovered knowl-
edge: interestingness measures for discovered association rules, classifica-
tion accuracy, comprehensibility for learning systems that induce concept
hypotheses (or models), computational complexity, etc. The evaluation of
several dimensions (as freshness, consistency, or accuracy) of th quality of
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data which the knowledge has been discovered from has been largely ig-
nored from data analysis, because analysts seem to have confidence in data
preparation step purging every “visible” data problem. Actually, metadata
provide additional information (e.g., describing data freshness or detecting
approximate duplicates) that may be relevant to capture the “dark side” of
data sets. Consequently, they should be considered and appropriately ex-
plored as new criteria for knowledge evaluation.
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Distance

Definition and Main Characteristics

Hamming dis-
tance

Number of bits which need to be changed to turn one string s into another string s=. This
can be extended into a vector space approach where the terms within a string are compared,
counting the number of terms in the same positions. This approach is only suitable for exact
length comparisons (e.g. SSN, Zip Code)

Levenshtein

Basic edit distance function whereby the distance is given simply as the minimum edit

distance distance which transforms stringl into string2. Edit Operations are listed as follows: copy
character from string s1 over to string s» (cost 0), delete a character in s1 (cost 1), insert a
character in so (cost 1), substitute one character for another (cost 1). d(4, j) is a function
whereby d(c1,c2) = 0ifc1 = c2, 1 else.
D(i—1,5 — 1)+ d(s;,t;) subst/copy
D(i, j) = min(D(i —1,7) +1) insert
D(i,j—1)+1 delete
Needleman- Similar to the Levenshtein distance, this adds an variable cost adjustment to the cost of a

Wunch distance

Sellers Algorithm

gap noted G, i.e. insert/deletion, in the distance metric.

D(i—1,j— 1)+ d(s;i,t;) subst/copy
D(i,7) = min(D(i —1,5) + G) insert
D(i,j—1)+ G delete

d(c, d) is an arbitrary distance function on characters (e.g., related to typographic frequen-
cies, amino acid substitutability).

Smith-Waterman
distance

Similar to the to Levenshtein distance, this was developed to identify optimal alignments
between related DNA and protein sequences. This has two main adjustable parameters a
function for an alphabet mapping to cost values for substitutions and costs, (the d function).
This also allows costs to be attributed to a gap G, (insert or delete).

0 startover

DG, j) = D(i—1,5 — 1) —d(s;,t;) subst/copy
bhI) = max(D(i —1,j) — G) insert
D(i,j—1) -G delete

Monge Elkan dis-
tance (Monge &
Elkan, 1996)

Recursive field matching algorithm: each subfield A is evaluated against the most similar
subfield B in the comparison string using the Gotoh distance between the fields this is
combined, as:

match(A, B) = IT}I Z‘Zi‘l maxljill match(A;, Bj)

Jaro distance met-
ric (Jaro, 1989;
1995)

This takes into account typical spelling deviations: for two strings s and ¢, let s’ be the
characters in s that are “common with” ¢, and let ¢ be the characters in ¢ that are “common
with” s; a character a in s is “in common” with ¢ if the same character a appears in about
the place in ¢. Let T, ,, be the measure of the number of transpositions of characters in s’

relative to ¢'. The Jaro similarity metric for s and ¢ is:

1ol ey 1 T
Jaro(s,t) =3 ( Ts] T + T)

Jaro-Winkler dis-
tance (Winkler,
1999)

Extension of the Jaro distance metric that modifies the weights of poorly matching pairs
s, t that share a common prefix, as:

JW (s, t) = Jaro(s,t) + (pLength * pScale % (1.0f — Jaro(s,t))) where pLength
is the length of common prefix at the start of the string, p.Scale is a constant scaling factor
for how much the score is adjusted upwards for having common prefix’s.

Soundex distance

Term-based conversion where each phoneme is given a Soundex code. A Soundex code
consists of the first consonant of the term, followed by three digits based on the consonants
as in the following enumeration:

1. BPFV-2:.CSKGJQXZ-3:DT-4L-5MN-6:R.

The vowels are not used. If there are not three digits after the consonants are convert, the
code is filled out with zeros (e.g., the code of “John” and “Jon” is J500).

Matching Coeffi-
cient

Token-based vector space similarity measure which counts the number of terms (dimen-
sions), on which both vectors are non zero. For vector set X and set Y the matching coef-
ficientis | X N Y'|. This can be seen as the vector based count of co-referent terms.

Dice’s Coefficient

Term-based similarity measure (0-1) whereby the similarity measure is defined as twice
the number of terms common to compared entities divided by the total number of terms
in both tested entities. The coefficient result of 1 indicates identical vectors as where a 0
equals orthogonal vectors. C'T is the number of common terms, N1 and N2 the numbers
of terms respectively in strings s1 and sa:

DicesCoef = (2xCT)/(N1+ N2)

g-gram (Gravano
etal., 2001)

Approximate string matching using “sliding” a window of length q over the characters
of a string to create a number of ¢ length grams for matching. A match is then rated as
number of g-gram matches within the second string over possible g-grams. The positional
g-grams of length g=3 for string "john-doe" are f(1,##), (2,#jo), (3,joh), (4,0hn ), (5,hn-), (6,
n-d), (7,-do), (8,doe), (9,0e$), (10,e$3$), where '# and ’$’ indicate the beginning and end of
the string.

Table A.1: Main Characteristics of Distance Functions
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Distance

Main Characteristics

Block distance or L1 dis-
tance or Manhattan dis-
tance

First order Minkowski distance between two real vector z and y, z,y € R™ :
Li(z,y) = 327 |(wi — 3)

Euclidean distance or L2
distance

Geometric distance between two real vector z and y, z,y € R™ : La(z,y)
n . )2
i (zi —yi)

Weighted Euclidean dis-
tance

Euclidean distance weighted by W: [( — y)W (z — ) T]'/2

Minkowski distance

Generalized Euclidean distance of order p where p > 1 :
[Cr [2s —wi|P]Y/7

Lp(z,y)

1, distance

Generalized Euclidean distance:L o (z, y) = max; [2; — y;]

Mahalanobis distance

Weighted Euclidean distance with weight equal to inverse covariance matrix
Cov: Lu(z,y) = [(z = y)" Cov " (z — y)]'/?

Hausdorff distance

Distance between two sets of points or clusters, P and Q in R": H(P,Q) =
max(h(P,Q), h(Q, P)) where h(P,Q) = max,ecp minyecq ||p — ¢ is the
forward distance, and h(Q, P) = maxgqeq@ minyep ||p — ¢|| is the backward
distance.

Bhattacharyya distance

(Basu et al., 1997)

or Hellinger distance

Generalization of Mahalanobis distance between two sets of points or clusters, P
and Q in R™ calculated from the means (u, and p4) and covariance matrices,
Covp and Covg of the two clusters:

[Covp+Couvg|/2

§(up = 1g) T{(Covp + Covq)/2} " (up — pg) + 5 1n /CovpliCougT

Chernoff distance

Generalization of Mahalanobis distance, where 0 < o < 1 allows unequal co-
variance matrices R, and R,:

1— T -1 1 loRz +(1—0)Ry|
05%(z —y)' [0Rs + (1 — 0)R,] (I*y)JFEIHW

Jaccard Similarity or Jac-
card Coefficient or Tani-
moto coefficient

Token-based vector space similarity measure that uses word sets from the com-
parison instances to evaluate similarity. Each instance is represented as a Jaccard
vector similarity function. The Jaccard similarity between two vectors X and Y’
is: Jaccard(X,Y) = (X =Y)/(|X||Y] = (X *Y))

where (X * Y) is the inner product of X and Y, and | X| = (X % X)1/2, i, the
Euclidean norm of X . This can more easily be describedas (| X NY|) /(| X UY|)

Overlap Coefficient

This is a measure whereby if a set X is a subset of Y or the converse then the
similarity coefficient is a full match. This is similar to Dice coefficient. Overlap
coefficient is defined as so: Overlap(X,Y) = (| X UY|)/ min{|X|, |Y |}

Kullback-Leibler diver-
gence or information gain
or relative entropy

Natural distance measure from a “true” probability distribution P to an arbitrary
probability distribution Q. Typically P represents data, observations, or a precise

calculated probability distribution. K L(P||Q) = 3=, P(i) log 54

Smith-Waterman-Gotoh
distance

Q)
Comparing two sequences A = (aiasaz---a,) and B = (bibabz - - by,)
Di]' = max[Di_l,]-_l + d(ai, b]'),max[Di,k‘j - Wk],max[Di,j,l - Wl]]

D;; is the maximum similarity of two segments ending in a; and b; respectively.

Gotoh Distance or

Extension from the Smith Waterman distance by allowing affine gaps within the
sequence. The Affine Gap model includes variable gap costs typically based upon
the length of the gap I.

Cosine similarity

Token-based vector space similarity measure similar to Dice coefficient, whereby
the input string is transformed into vector space so that the Euclidean cosine rule
can be used to determine similarity between two vectors ¢ and r, as:

cos(g,r) = 52, aw)r()/ /T, Va2 T, vVrw)?

Variational distance

Measure used to quantify the difference (or divergence) between probability dis-
tributions. This is a form of the Kullback-Leibler divergence, as:

V(PI|Q) =37, Ipi —ail.

Information  Radius or
Jensen-Shannon divergence

Measure is used to quantify the difference between two (or more) probability dis-
tributions, as: JS(q,r) = 1 [D(qllavg(q, 7)) + D(r|lavg(q,r))].

Harmonic Mean

Measure used to quantify the difference (sometimes called divergence) between
probability distributions. This could more accurately be called the Harmonic Ge-

. op; s
ometric Mean: M (P||Q) = 7, soik

Skew divergence
2001)

(Lee,

Extended from the Kullback-Leibler divergence, the skew divergence is defined
as: sq(q,r) = D(r|lag + (1 — a)r).

Confusion Probability

Estimates the substitutability of two given strings, is again an approximation of
the Kullback-Leibler divergence, as:

conf(q,r, P(a')) = P(2') 3, a(y)r(y)/P(y)

Tau

Approximation of the Kullback-Leibler divergence, as:

T(a,7) = 52, 4y si9nl(a(y1) = a(y2)) (r(y1) = r(y2))]/ (L)

Table A.1: (continued) Main Characteristics of Distance Functions
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DataManager
(from SoftwareDeployment)

*

Package
(from Core)

:

/ownedElement

*

/dataPackage

*

Catalog 0.1

/ownedElement

0..1,

defaultCharacterSetName : String
defaultCollationName : String

*

/ownedElement

*

Trigger

eventManipulation : EventManipulationType
actionCondition : BooleanExpression
actionStatement : ProcedureExpression
actionOrientation : ActionOrientationType
conditionTiming : ConditionTimingType
conditionReferenceNewTable : String
conditionReferenceOldTable : String

/ table : Table

/ usedColumnSet : NamedColumnSet

0.1

0.1 0.1

*

/ownedElement

SQLIndex

filterCondition : String
isNullable : Boolean
autoUpdate : Boolean

Schema o

JownedElement

Procedure

type : ProcedureType

NamedColumnSet

/ optionScopeColumn : Column
/ type : SQLStructuredType
[ usingTrigger : Trigger

Figure A.1: Extract of CWM Relational Model: Catalogue and Schema (OMG,

2003)
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StructuralFeature

lowner
ColumnSet
0.1
Attribute
[feature
NamedColumnSet
{ordered}*

/ optionScopeColumn : Column

/ type : SQLStructuredType optionScopeColumnSet *
/ usingTrigger : Trigger o1 . Column
- optionScopeColumn precision : Integer
scale : Integer
isNullable : NullableType
Ierll th : I’{Ilteger -
collationName : Strin
Table ;:haractgrSetNgn?e : gstringN dColumnS
; . optionScopeColumnSet : NamedColumnSet
isTemporary : Boolean / rt?ferenceé)TabIeType : SQLStructuredType
temporaryScope : String
[ trigger : Trigger
isSystem : Boolean
lfeature | 4
1
/index
SQLIndex
/spannedClass ] " .
filterCondition : String
isNullable : Boolean
autoUpdate : Boolean .
findex 1 lindexedFeature| SQLINdexColumn
IndexedFeaturelnfo {ordered} *

Figure A.2: Extract of CWM Relational Model: Table, column and data type classes
(OMG, 2003)
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model

modelLocation

0.*

MiningModel

function : MiningFunction
algorithmName : String

/ settings : MiningFunctionSetings
/ modelSignature : ModelSignature
/ modelLocation: Class

| keyAttribute : Aftribute

Class

(from Core)

model
keyValue : Any 1 0.1
> ModelSignature
model model T
0.* . V : /owner
0 <<enumeration>> 0.1
MiningFunction
classification /feature | 1.
el SignatureAttib ute
settings clustering
- associationRules - i
Attribute attributelmportance usageOption : UsageOption
rom Core) sequenceAnalysis
f Co 0.1 Analysi

MiningFunctionSettings
(from MiningFunctionSetings)

Figure A.3: Extract of CWM Mining Metamodel (OMG, 2003)
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-- Descritive metadata for logistic regression
-- on PRODUCT PRICE, P_DESTINATION and SHIP_TAX
-- SAS procedure product_price_regression.sas
-- PROC LOGISTIC DATA=PRICE-P_DESTINATION-SHIP_TAX
-- MODEL SHIP_TAX = PRICE | dist (P_DESTINATION) / SELECTION=forward; RUN;
<PMML version="3.0">
<DataDictionary numberOfFields="3">
<DataField name="PRICE" optype="continuous"/>
<DataField name="SHIP_ TAX" optype="continuous"/>
<DataField name="dist (P_DESTINATION) " optype="categorical"s>
<Value value="<10"/>
<Value value="[10,50]"/>
<Value value=">50"/>
</DataField>
</DataDictionarys>
<RegressionModel
modelName="Logistic regression"
functionName="classification"
algorithmName="logisticRegression"
normalizationMethod="softmax"
targetFieldName="SHIP_TAX">
<MiningSchemax>
<MiningField name="PRICE"/>
<MiningField name="dist (P_DESTINATION) "/>
<MiningField name="SHIP_ TAX" usageType="predicted"/>
</MiningSchema>
<RegressionTable intercept="46.418">
<NumericPredictor name="PRICE" exponent="1" coefficient="-0.132"/>
<CategoricalPredictor name="dist (P_DESTINATION) "
value="<10" coefficient="41.1"/>
<CategoricalPredictor name="dist (P_DESTINATION)"
value="[10,50]" coefficient="12.1"/>
<CategoricalPredictor name="dist (P_DESTINATION)"
value=">50" coefficient="25.03"/>

</RegressionTable>

Table A.2: PMML Specifications of Logistic Regression on a data subset of
CRM_DB
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-- (1) PL/SQL procedure for statistics on numerical attributes
-- and PRICE outlier detection based on IQR (plsgl_ func_igr.sqgl)
DECLARE

v_ownername varchar2(8) ;

v_tablename varchar2(50) ;

v_columnname varchar2(50) ;

v_sigma_value number;

type n_arrl is varray(5) of number;

type num_tablel is table of number;

sl dbms_stat_funcs.summaryType;

BEGIN

v_ownername := ’‘BERTI';
v_tablename :  PRODUCT" ;
v_columnname :='PRICE’;
v_sigma_value := 3;

dbms_stat_funcs.summary (p_ownername=>v_ownername, p_tablename=>v_tablename,
p_columnname=> v_columnname, p_sigma_value=>v_sigma_value, s=> sl);

END;

CREATE TABLE price outliers (pid varchar2(4), price number) ;

DECLARE

s dbms_stat_funcs.summaryType;

BEGIN

dbms_stat_funcs.summary ('BERTI’, ' PRODUCT’,’PRICE’,3,s) ;

dbms_output.put_line (' SUMMARY STATISTICS') ;

dbms_output.put_line(’Count: ’||s.count) ;
dbms_output.put_line (‘Min: ’||s.min);
dbms_output.put_line('Max: ’|[|s.max);
dbms_output.put_line(’Range: ’||s.range);
dbms_output.put_line(’Mean:’ | |round(s.mean)) ;
dbms_output.put_line(’Mode:’ ||s.cmode (1)) ;
dbms_output.put_line (’Variance:’||round(s.variance)) ;
dbms_output.put_line(’Stddev:’||round(s.stddev));
dbms_output.put_line(’Quantile 5 ’||s.quantile 5);
dbms_output.put_line (’Quantile 25 ’||s.quantile 25);
dbms_output.put_line(’Median ’||s.median) ;
dbms_output.put_line (’Quantile 75 ’||s.quantile_75);
dbms_output.put_line(’Quantile 95 ’||s.quantile 95);
dbms_output.put_line (’Extreme Count:’||s.extreme values.count) ;
dbms_output.put_line(’Top 3:’||s.top_5 values(1l)|]|’,
"||s.top_5_values(2)||","||","||s.bottom 5 values(3));

insert into price_outliers select prod_id,price from PRODUCT

where (price > s.quantile_95) or (price < s.quantile 5);
END;
/

Table A.3: PRICE Outlier Detection in PRODUCT table (PL/SQL)
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*-- (2) SAS procedure to detect outlier
*-- on PRICE of PRODUCT (sas_outlier_ check.sas)

PROC UNIVARIATE DATA=PRICE NOprint;

VAR p;
OUTPUT OUT=metadata Ql=ql Q3=gq3 QRANGE=igr;

RUN;

DATA null ; SET metadata; CALL SYMPUT("qgl",ql);
CALL SYMPUT("g3",g3); CALL SYMPUT("igr",iqr) ;
RUN;

* save the PRICE outliers;

DATA price_outliers;

SET PRICE; LENGTH severity $2;

severity=" ";

IF (p <= (&gl - 1.5*&iqgr)) OR (p >= (&g3 + 1.5*&iqr))
THEN severity="*";

IF (p <= (&ql - 3*&igr)) OR (p >= (&Q3 + 3*&iqgr)
THEN severity="#**";

IF severity IN ("*", m"**") THEN OUTPUT price_outliers;

RUN;

Table A.4: PRICE Outlier Detection in PRODUCT table (SAS)
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