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Edits

ODbjective:

Data Cleansing at the Data Entry

to assert semantic consistency of data with
nominal, ordinal and metric scales.

,,Numbers don‘t mind where they come from* (LORD)
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1. Examples

ﬁ Ex. 1: Triangle Data

— x = (2,4,3) consistent?

—

[

Frame of discernment:
x 1s a list of lengths from a triangle with a
right angle at B, and AB=2, AC=4, BC=3.

A N = _ Constraint
17 T BCMAB2=AC?
C Pythagoras 4 +9 =16

B



ﬁ Ex. 2: Relational Data

* Is the tupel
x = (0010, 015, "elementary’, "child’, "single”)
consistent?

* DB Schema as frame of discernment:

questionnaire (01d, age, school type,
household status, marital status)




2. Definitions
ﬁ Edits (Rules, Checks)
DEF

Edits are (normalized) rules (or formulas)

- applicable to each object of a data set and

- generated by relationships which exist
between attributes.

Qt of Rules
v d

E ]

Semi-structured data relational data




Editing Tasks

Given a database D on a universe U

e detect semantic inconsistencies

e correct for iIncoherent data
e Impute data In case of missing values.

e correct

Data Source .
° impute

Target
DataBase



i Objects at Data Entry

s fix-formatted Data
= Relations
» Sets
= LiSts
= Files
= Records
= Flelds /7 Attributes /7 Variables

s semi-structured Data
« HTML
= XML




ﬁ Types of Edits

« simple edits

* logical edits

* numerical edits

* probabilistic edits

e statistical edits
( based on Probability Theory )

* fuzzy edits ( based on Fuzzy Logic )



3. Simple Edits

.

& Conceptually the simplest edits
are those applied to single field or
attribute with respect to

 Data type

* Length

* Subset Constraints
* Scale

 Dimension

10



3. Simple Edits

& Examples
Syntax:

<attribute name> <predicate> <argument>

eAge type cardinal
ecode length 4
edate between (01.07.06-06.07.06)

eConsumption rate scale metric

ecosts unit €/year

11



4. Logical Edits

(cf. Categorical rules)

Example 1:

for all u eU

If le(Age,15)
or school(elementary)

then not household status(head)
and marital status(single)

Generalization:
Ifx, IsA;and x, IS A, M...Xp 1S A,
thenyis B

# Fellegi and Holt (1973, 1976),

Mamdani and Assilian (1975)
Winkler (2004) 12



4. Logical Edits

Theorem ,,Normal Form Edit”
(Fellegi and Holt (1973)

Let f, g,h* € C be compound
clauses and A,B,C,..., P,Q,R,... € 7

predicates of 2order-type. Then
f(A,B,C,...)=> g(P,Q,R,...)
<=> A h¥=.1alse.

S

where s 1s a subset of the set S of attributes

& Fellegi and Holt (1973, 1976),
Mamdani and Assilian (1975), Boskovits (2007) .



4. Normal Forms of Edits

Examples

s

* le(Age, 15)A household _status(head)=.false.
* le(Age, 15)A not marital status(single)=.false.

* school(elementary) A
household _status(head)=.false.

* school(elementary) A
not marital status(single)=.false.

14



ﬁ 4. Logical Edits - Algorithms

Algorithms exist for:
» normalising edits into NF
 deciding whether an edit 1s new

* construct the complete set of essentially
different edits

* identifying attributes to be most likely in
EIror.

Sources: Fellegi, Holt (1976), Greenberg and Surdi
(1984), Wetherill and Gerson (1986)

15



5. Numerical Edits

- Imprecise Values of attributes not
allowed

- Defined only for data types
Integer, cardinal, real, decimal

« “Constraint Programming” by LP:

Ax=>b (numerical constraints)
x>0 (non negativity)
xeX (for all attributes x)

16



Example

ﬁ 5. Numerical Edits

 Fact: The former Student s
1s now 29 years of age (X,),
stayed 6 years at elementary school (x,),
stayed 7 years at high-school (x;),
studied 5 years at an university (x,), and
1s employed since 2 years (X5).

e LP: x solves a’x > b with
a’=(1,-1,-1,-1,-1)
X’ = (X(,X9,X3,X4,X5)=(29,6,7,5,2)
b =6
X =11 range(x,)

17



ﬁ 5. Numerical Edits - Objectives

 Detect Redundancy
 Detect Inconsistency

 Error Location (misprint, transcription
error, misspelling etc.)

* model-based Imputation

Algorithms for detection & location by:
Sadiq (1986), ... 18



6. Probabilistic Edits

»

* Let f €C be a clause over a set of predicates
A,B,C,...

* Instead of a numerical edit:
f(A,B,C,...)=.1alse.

* Now a probabilistic edit:

f(A,B,C,...)=.false. with Prob>1-a

19



. Probabilistic Edits - Example

e surprise (=low probability) for any person,,
persong:
if sex(person, male) and
sex(persong, female) and
married(person ,,persong) and
le(diff(age(person,),age(persong)),-10).

» surprise for company x
If growth(profit, 30%) and
loss(sales, 20%) and

equal(year(profit), year(sales)).

20



/. Statistical Edits Example

s

Data ( six variables ):

Capital = 60 £ 1 Profit=10 £ 2
Sales = 55 £ 20 Expenditures = 45 + 20
ROI% =10x5 Margin% = 50 + 5

*Constraints ( four equations based on definitions):

Profit = Sales - Expenditures
ROI% = 100 * Profit / Capital
Margin% = 100 * Profit / Sales
Turnover% = 100 * Sales / Capital

Note: Margin% = 50% > 100*Profit / Sales=18% |

21



/. Statistical Edits

Syntax:

<variable> = <value> + <abs. error>/

< 9 error>/
<stdv>

Example:
Profit = 10 + 2 with confidence level 1-a

Sources: Schmid (1979), Lenz and Rodel
(1991)

22



ﬁ 7. Statistical Edits  modeling

= Model Specification
- random variables

- Ranges
- confidence intervals using Gaussian
distribution

= Parameter Estimation / Learning

( = only one value per variable
measured! )

= Inference (Detection, Correction,
Imputation)

23



ﬁ 7. Statistical Edits - Model

= State Space Model:

X observed state vector

a unobservable (error-free) state vector
C dependent vector

£ = H & balance equation system

Z observed vector of

VvV, W vectors of measurement errors

State space equation. x =& + v
observational equation. z = H g + w

24



/. Statistical Edits

n

= State Space Model:
u‘ = (v,w) with E(u) = 0 , I.e. no bias!

E(v,w) = 0 due to partial information
from independent data sources!

PO
E(uu) =Q = 0 R

state space equation: X = ¢ + v
observational equation: z=H & + w

Source: Schmid (1978), Schneeweiss (1989), Lenz and Ro&del (1991, 2000),
Rédel (1999) 25



ﬁ 7. Statistical Edits - Problem

m /wo Problem Classes:
1. Imputation:

Given H, P, R and x
estimate &, (= H ¢ and predict z.

2. Correction:

Given H, P, R and X, z
estimate &, {= HE

state space equation. X =& + v
linear observational equation. z=H ¢ + w

26



ﬁ 7. Statistical Edits - Estimation

= General Least Squares — Estimator of &:

Lety’ = (X,z) and J = (I, H).

min|| y—J&_,||Q-1
st. = H¢E

¥ ¢ = HE may be generalized to { = H(E)



ﬁ /. Statistical Edits - Estimators

1. Imputation:

Given H, P, R and x
estimate {= HE and predict z:

{ =Hx and 2=Hx
2. Correction:

Given H, P, R and x, z
estimate §, L=H & :

E=x+K(z—Hx)and £ =H¢
K = bH .(HBH +E)_,

. : : . 28
Note: GLS estimators called Kalman Filter Equations and Kalman Gain



ﬁ 7 Statistical Edits - Example

= Data: x;, =30 £ 20
X, =30 % 10
z =50=+10

= Model: £ =&, +& =HE
Error Distributions (a=0,1):
148 0
E(vw') =P = [ ]

0 37

E(ww™) = R2= 37

29



errors Into confidence intervals
f(Xl)

i [ Statistical EdItS Transformation

x;=30+£20, aa=0.1

x, ~ N(30, NS)
/ observa‘Lion prior info
/ i K

30 - 20 30 30 +20 X

30




ﬁ 7. Statistical Edits - Example
Data: x; = 30 + 20

X, =30 % 10
z =50=x10
Estimates: & =23+12
£ =28+9
(=51+9

Effects: - Constraints satisfied
- Error Reduction ~ error variance
- Corrections right-shifted

31



[/ Statistical Edits weak Inconsistency

X2
40

¥

30]

20

107

60 X1

32



# /. Statistical Edits Stronglnconsistency




ﬁ 7. Statistical Edits Algorithms

= PRTI: Schmid (1978) at ETH ZUrich
= PRTI Il: Schmid and Muller (—=1983)

= QUANTOR: Muller and Schurer
(—1990), Daimler-Benz AG

34



8. Fuzzy Edits

Why Fuzzy Edits?

e Statistical Edits assume:
e Gaussian Distribution of errors

* Linearity (Gaussian Distribution not closed
under non-linear transformations!)

e Correlation almost unknown

 Fuzzy Edits
closed under non-linear transformations
(Extension Principle of Zadeh)

35



ﬁ 8. Fuzzy Edits Modelling

= Each variable x,, x,,...
IS treated as a fuzzy set (variable).

= A triangle type of membership function
IS assumed — may be changed.

= Error bounds from expert knowledge is
used for specifying the corresponding
supports of each variable.

= RHS of balance equations are separable

36



8. Fuzzy EdItS Modelling

|+ n(x;)

Support of X,
min=20 peak=30 max=70

Statement: x, =30 (-10, +40)

37



ﬁ 8. Fuzzy EdIts FuzzyCalc® Algorithm

X, vector of variables (observed /missing v.)
X product-space spanned by variables x

G(x) = 0 system of p nonlinear equations
F set of p fully specified fuzzy sets on X

Y
Xel= x support,
SUPPOrt;:=support,,, N support,
M SUPPOrt,,, M... N SUPPOrt, .,
and G(X) = 0.

SOLD: R. Kruse (1989) Statistics on Linguistic Data,;

FuzzyCalc® H.-J. Lenz and R. Miiller (1999, 2000) %



8. Fuzzy Sets Wweak Inconsistency

Data z=50
10 20 30 40 50 60 Ap 30



8. Fuzzy Sets Wweak Inconsistency

»




ﬁ 8. Fuzzy Edits Example 1

o 0 20 30 40 50 60 20

data: x,=30,x,=30 additive model: =§, +&,
derived: Z = 60 41



Weak Inconsistency of Data

i 8. Fuzzy Edits Example 2

¥l

derived i

observed

upport = L

] 10 20 30 < =1

observed: X,, X,, Z derived: Z =X,+X,

42



Strong Inconsistency of Data

i 8. Fuzzy Edits Example 3

derived .

w2
w Tl — we .

observec

empty overlap

] 10 20 20 40 S0 (18] A0

observed: X, X,, X;TX, dertved: 7 =X,+X,

43



Zadeh's Extension Principle

ﬁ 8. Fuzzy Set Theory

THEOREM 1: Let pe NV and
M1, Moy--s My, 1 (NOrmalized) fully specified
membership functions, and
®: RP —» R a mapping with ®e 7.

Then
N():=sup {p(Xq,Xp;--45Xp) | D(X1, Xpy---y Xp)=X,
(X1, X5,---, xp) e RP}

forall x e R with
“(Xl’XZ"'”Xp):min {“1()(1)1 MZ(XZ)P"! Hp(xp)}

44



8. Fuzzy Set Theory

Zadeh's Extension Principle Example

Let p=2 and L1, U, normalized & fully specified
Membership functions, and ®: #? — R a mapping
with ©=@.
Then

p(y):=sup {min {p,(x;), Ka(Xx)} | X+ X=Y}

(X, X,)eR?

forall x e R.

45



8. Fuzzy Sets

Test Data

NoO Sales Cost Capital Profit P

100+5|80+4 | 80+ 4 -
100+ 10] 80+ 8 | 80+ 8 -

100 £ 50{80 + 40|80 +40]| - 7-9:Profit observed
- 80£4180+£4 | 2041 10-12:Profitability
- 80+8 | 80+8 | 20+2
- 80+40[80+40| 20+10 bserved

100+ 10] 80+8 | 80+8 | 20+ 2 [ =
100+ 10 80+8 | 80+8 | 30+3
100+ 10 80+8 | 80+8 | 40+4
100 + 10, 80+8 | 80+ 8
100+ 10] 80+ 8 | 80+ 8 -
100+ 10] 80+ 8 | 80+ 8 - 0,5+ 0,05
100+ 5|1 80+4 | 80+4 |36=+T,5| 0,2+0,01 | 0,4+0,02 -
100+ 10, 80+8 [ 80+£8 | 30+3 | 0,2+0,02 | 0,4+0,04 -
100 +50{80+40|80+40[30+15] 0,2+0,10 | 0,4+0,20 -

U U, [N [N U RN

Base Model: DuPont Model 46



Quanitor - FuzzyCcalc
Benchmark . DuPont-Model

No 'Sales Costs Cap Profit Profitab ROl Turnover M

1 100+5 80+4 80+4 20 0.2 0.25 1.25 FC
.......................................... 20,020 L o Ok
20464 240K 03+01 1.5+01 Q

12 100+10 808 808 35 0.3 0.5 1.4 FC
+3 +0.04 +0.05 «*0.2/0.

37 0.33 \048 144 | ©
+52 004 N.O5 +0:i16
:
Interval Lenigth!
Asymmetry!

Legend: FC FuzzyCalc
Q Quantor
Items: 100 +5 47



Measurement Errors
Effects |: Precision

= NO Sales Costs Capital Profitability (Fuzzy) (Quantor)

| 0.2 +0.1 0.2 + 0.06
. 2 0.2 + [0.18, 0.22] 0.2 + 0.11
= 3 0.2 +[1.6,2.0] 0.2+ 0.44

Error Rate (posterior)

20 1
FuzzyCalc
1.0 1
0.1 | l Quantor
li | | | Error Rate

£506 +10% +20% +30% +40% +50% (Pror) 48



Measurement Errors
Effects Il: Strong Inconsistency

Sales Costs Capital Profit Profitability ROl  Turnover
13| 100+5 80+4 80+4 30+1.5 0,2+0,01 0,4+0,02 ? Q
1103 85+2,8 72+3 26+0,9 0,2+0,01 0,36%0,02 1,5 +0.07
e et e e e e G
t n(x) N .
1 1 Sale Sales=Prof+Costs, Sales=Prof/Profitability

100 120 140 160 180 49



ﬁ Computational Aspects

= Contraction of prior supports
m /ntuitive correct shifts of peaks

s Shift Distance ~ length of prior support
=>no shift of singletons

m /nvariance Property w.r.t. model consistent
data

m Strong Inconsistency of data <=>
empty intersection of supports

= Corrected (=estimated) data fulfill
balance equations (=model)

= Bad Scalability = Use edits at data entry!

50



»

9 MCMC Simulation

51



Example.: Business Figures

Annual Report
Sales |Profit |Costs |[ROI Capital
55 10 45 10 60
+ 20 +2 + 20 +5 +1

= Balance Equations
= Sales = Profit + Costs

= ROI =100 * Profit / Capital

equation)
. Measurement Errors Model

Xx=<Z&+u withu~ N(O,

2u)

(linear equation)

(nonlinear

52



ﬁ MCMC Simulation & Estimation

Given

M structural equation system (balance equations)
of fully separable variables

X observed state vector (missing values allowed)

. fully specified density function of x
(given mean and standard deviation)

C,, correlation matrix
Wanted
f ] é, & density, mean and standard deviation for

each state variable
53



SamPro-Algorithm

Resoving, Sampling, Estimation and Projection

beqgin

resolve (set) LHS = RHS (x) for all variables of all
equations

sample from the joint density function of all RHS
variables for each LHS (z)

estimate f, u, o of all LHS variables

estimate a/2, 1-a/2-quantiles q ,q . for each variable,
i=1,2,...p . _max

if 4., <d__flag “M -inconsistency” else

compute the distribution f‘xz restricted to the subspace

X-z =0, and U, and G2 (in case of k= 2 equations).
m o4



M-Inconsistency (k = 2)

AN

Example: Sales = Profit + Costs
_ LHS  RHS

q : qmax
q,.=19,9,>9,}

— min
mnconsistent

p

dn = {quza'"a

weak conststent

[ =[q .q,.]

—max

55



6 Experiments and Analysis

Experimental Group A
(missing values allowed)
1. Single Effect of skewness
2. Effect of correlation
3. Interaction Effect of Skewness and
Correlation
Experimental Group B
(complete data sets, Gaussian distributions,
correlation between variables)
1. Effect of M-consistency
2. Effect of M-inconsistency

56



Exp.-Group 1: Scenario 1

Normality - no Correlation

Specification of the distributions:
Profit ~ N(20,22); Costs ~ N(80, 82); Capital ~ N(60, 62)

Missing values: Sales, ROI

Histogram of sales Histogram of roi

7/\\ "] 7%
I S

57
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Scenario 2

Skewness - no correlation

Specification of the distributions: Profit ~ Exp(1/20) vs.
N(20, 20%); Costs ~ N(80, 82); Capital ~ N(60, 62

Missing values: Sales, ROI

Histogram of sales Histogram of roi
&
<
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I
o o
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—
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o
<
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0.000

0 50 100 150 200 250 300 -1 0 1 2 3



Scenario 3

Skewness - no Correlation

Specification of the distributions: Profit ~ Exp(1/20) vs.
N(20, 20%); Costs ~ Gamma(8,0.1) vs. N(80, 282); Capital
~ Gamma(15, 0.25) vs. N(60, 8.62)

Missing values: Sales, ROI

Histogram of sales Histogram of roi

g

Simulation

Density

99
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Scenario 4

Normality - neg. Correlation

Specification of the distributions:
Profit ~ N(20, 22); Costs ~ N(80, 82); Capital ~ N(60, 62

Missing values: Sales, ROI
Correlation: p(profit, posts) = -0.7; p(profit, capiftal) =-0.7

Histogram of

©

S _
3 - L,
NN © - L
8
S | /TN
Simulation

] u 0 H mean: 0.339
< Simulation Quantor sd: 0.064
g - mean: 99.998 mean: 100

sd: 6.751 sd: 8
< -

o ]l x\ 2
=}
=]

0.0:
I
T
3
aQ
=}
o

0.01

0.00

60

o
A h_’* i
o ]]]_’—»‘
[ I I I I 1 [ I I
70 80 90 110 120 130 0.2 0.4 0.6
1



Scenario 5

Normality - pos. Correlation

Specification of the distributions:

Profit ~ N(20, 22); Costs ~ N(80, 82); Capital ~ N(60, 62
Missing values: Sales, ROI

Correlation: p(profit, costs) = 0.7; o(profit, capital) = 0.7

Histogram of sales Histogram of roi

| 61
0



Scenario 6

Skewness - neg. Correlation

Specification of the distributions: (Profit, Costs, Capital) ~
Dir(10, 40, 30) vs. Profit ~ N(20, 5.92); Costs ~ N(80, 8.9?);
Capital ~ N(60, 8.6?)

Missing values: Sales, ROI

Correlation: p(profit, costs) = -0.4; p(profit, capital) =-0.3

Histogram of sales Histogram of roi

Density
o2
T
_—

Density

5 62
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Scenario 7

Skewness - pos. Correlation

Specification of the distributions:(Profit, Costs, Capital) ~
Dir(30, 40, 8) vs. Profit ~ N(20, 2.82); Costs ~ N(80, 8.82);
Capital ~ N(60, 20?)

Missing values: Sales, ROI

Correlation: p(profit, costs) = -0.8; p(profit, capital) =-0.3

Histogram of sales Histogram of roi

8 _
]

g |
o

g
]

8 Simulation 7 K Quantor
S mean: 100 mean: 100

Density
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Exp.-Group B:

Normality, Correlation

Prior Information:
Sales and ROI M-consistent vs. M-inconsistent

Missing values: no

Correlation Matrix (p €{-0.4, 0.0, + 0.4})

1 p 0 -p —-p
p 1 0 —-p p
R=|0 —-p 1 0 Jo,
-p—p 0 1 —-p
-pp p —p 1]

64



Scenario 1

Normality, Correlation

Specification of the distributions: Profit ~ N(20,22); Costs
~ N(80, 8?); Capital ~ N(60, 62); Sales ~ N(100, 10?); ROI
~ N(0.333, 0.03332)
Missing values: no

Special Set-up: = variable Mean Stdv
 M-consistent
observations of | profit 19.97 1.58
Sales, ROI costs 79.95 6.29
o p — O
capital 59.81 4.89
sales 99.96 6.37

ROI 0.33 0.03

65



Scenario 1

3D scatter plots of Profit

Common Distribution of Profit

1. Profit ~N(20,2?) j
2. Profit = Sales -Costs : | =
3. Profit = Capital * ROI ‘.

Profity

Common Distribution of Profit

Common Distribution of Profit

Profits
2

8
Profit,

14

Profity Profit,

Profit,



Scenario 2

Normality, Correlation

Specification of the distributions: Profit ~ N(30,3?);
Costs ~ N(80, 8%); Capital ~ N(60, 6%); Sales ~ N(100, 10?);
ROI ~N(0.333, 0.333?)

Missing values: No

Special Set-up:
e M-inconsistent

observations of
Sales, ROI

op:O

Variable
profit
costs
capital
sales

ROI

Mean

24.84

76.27

67.09

105.74

0.37

Stdv

2.18

6.36

5.05

6.50

0.03
67



3D Scatterplots of Profit

Common Distribution of Profit

1. Profit ~N(30,3) _

e
2. Profit = Sales - Costs
o
8 °
1 k
3. Profit = Capital * ROI,
°
I
° &
o 5
Q ° 60 a
|
10 15 20
Profit,
Common Distribution of Profit
Common Distribution of Profit
—
—
0 [}
2 o
)
o % .
o]
. ¢ Ooﬁw
0%08,
£ 5 o
. &
0 5 &
C) o 0 5
8 W q o &
o
o
S g 2 10
10 15 20 25 30 35 12 14 16 18 2/ 22 24 26 28

Profity

strong M-inconsistency !

Profit;

+0.4
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Summary

1. No correlation:
(the means of ) the simulated quantities are
about the same as the GLS estimates under a
Gaussian hypothesis.

2. Skewness of distributions:
mostly has only a small effect on the estimates.

3. Positive cross-correlations of the variables:
can lead to severe problems: The balance
equation system may become M-inconsistent !

69
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