Data Quality Sensitivity Analysis on Aggregate Indicators

Mario Mezzanzanica, Roberto Boselli, Mirko Cesarini, ammhié Mercorio

Department of Statistics, C.R.I.S.P. Research Centrejadsity of Milan Bicocca, Italy
{mario.mezzanzanica, roberto.boselli, mirko.cesaratjdé.mercorig @unimib.it

Keywords:  Data Quality, Data Cleansing, Sensitivity Analysis, Insistent Databases, Aggregate Indicators, Uncertainty
Assessment.

Abstract: Decision making activities stress data and informationlityueequirements. The quality of data sources is
frequently very poor, therefore a cleansing process isiredjbefore using such data for decision making
processes. When alternative (and more trusted) data soareenot available data can be cleansed only us-
ing business rules derived from domain knowledge. Busingies focus on fixing inconsistencies, but an
inconsistency can be cleansed in different ways (i.e. tmeection can be not deterministic), therefore the
choice on how to cleanse data can (even strongly) affectgbgeegate values computed for decision making
purposes. The paper proposes a methodology exploitingeFtate Systems to quantitatively estimate how
computed variables and indicators might be affected by tloertainty related to low data quality, indepen-
dently from the data cleansing methodology used. The methgy has been implemented and tested on a
real case scenario providing effective results.

1 INTRODUCTION of data items, where items can be tuples of relational
databases.
_ Consider the dataset in Tab. 1 showing a cruise
'ship travel plan. The ship usually travels by sea, then
stops at intermediate destinations (port of calls), mak-
ing acheckinwhen entering the harbour andheck-
outwhen exiting from it.

An example of low data quality is the missing de-
parture date from Lisbon, since there is eleckout
from the Lisbon’s harbour.

Several studies, e.g. (Batini and Scannapieco, 2006
Strong et al., 1997; Redman, 1998), report that en-
terprise databases and public administration archives
suffer from poor data quality, therefore data assess-
ment and (in case) cleansing activities are required
before data can be used for decision making. The best
solution for improving data quality would be cleans-
ing a database relying on the comparison with differ-

ent (and more trusted) data sources. Unfortunately ShipD City Date Event Type
this is rarely feasible. An alternative solution is to col- So1 Venice | 12th April 2011 | checkin
lect real data and then to use it for comparison, how- so1 Venice | 15stApril2011 | checkout
ever this approach may be extremely expensive. Data so1 Lisbon | 30th April 2011 |  checkin
cleansing using rules derived from domain knowledge S01 || Barcelona| 5thMay 2011 | checkin
(business rules) is the most frequently adopted solu- S01 || Barcelona | 8nd May 2011 | checkout

tion when the previously described approaches are not

feasible. Business rules focus on consistency check- Table 1: Travel Plan of a Cruise Ship

ing and corrective actions are implemented when an

inconsistency is found. Such actions may modify,  Sych inconsistencies should be fixed before us-

delete or add data to the existing databases. ing data for decision making activities. The depar-
Data qualityis a general concept and it can be de- ture from Lisbon might be set on May“3 e.g. by

scribed by many dimensions, e.gccuracy andcon- observing that the ship usually stays in the harbour

sistency accessibility The reader is referred to (Ba- for 3 days. Of course, there is no certainty of having
tini and Scannapieco, 2006)) for a complete survey. In guessed the real value (unless the real and correct data
this paper we focus otonsistencywhich (according  can be obtained in some way), the ship could have de-
to the previously cited survey) is a dimension describ- parted either on thesy, or on the 29, or on May the

ing the violation of semantic rules defined over a set 4", etc.



Focusing on an indicator likactive travel days  checking and repairing techniques are used to detect
(i.e., the number of day spent by the ship on the sea),the data violating the model. However the authors
missing dates create uncertainty, their impact on the outline that exploiting the latter technique for repair-
indicator should be carefully evaluated when a lot of ing a complete database (and not a single transaction)
wrong dates are detected and (important) business defequires to look for repairs on a very large combinato-
cisions will be based thereon. Hereafter the term in- rial search space since transaction analysis cannot be
dicator will be used to refer to any kind of aggregate used to prune it.
information derived from database contents. Many cleansing tools and database systems ex-

The work presented in this paper describes a ploit integrity analysis (including relational integrjty
methodology (focusing on data consistency check for identifying errors. While data integrity analysis
based on formal methods) for executing a sensitivity can uncover a number of possible errors in a data set,
analysis on indicators computed on possibly inconsis- it does not address complex ones (Maletic and Mar-

tent data. cus, 2000).
Some research activities, e.g. (Fan et al., 2008),
1.1 Related Work focus on expanding integrity constraints paradigms to

deal with a broader set of errors by introducing condi-
Data quality is a large and complex domain as re- tiona! functio_nal dependencies, i.e. functiongl depgn-
ported in (Batini et al., 2009). The work presented dencies holding only on a subset of tuples identified
in this paper can be framed on the data cleansing field Y & specific condition. However conflicts may arise
(also called data cleaning or scrubbing) which deals @mong the several dependencies, and their discovery
with detecting and removing errors and inconsisten- May be an intractable problem. Furthermore con-
cies from data in order to improve the quality of data Straints checking that involves different tuples (e.g.
(Rahm and Do, 2000). like the_ examples showed in Tab. 1 and in Sec._é_l) can
Works on repair focus on finding a consistent resulfc in a very compl_ex and large set of conditional
database and minimally different from the origi- functional dependencies.
nal one, however the authors of (Chomicki and  In(Arasuand Kaushik, 2009) “augmented context
Marcinkowski, 2005) state that computational in- free grammars” are used to extract information from
tractability affects algorithms used for performing attributes, and to subsequently cleanse data. Such ap-
minimal-change integrity maintenance. proach mainly focuses on the attribute level, whilst
Consistent query answeringpproaches focus the work prese_nted in this_paper focuses on set-of-
on finding consistent answers from inconsistent €vents semantics and consistency.
databases, whereas an answer is considered consis- “Learning based methods” can be used for data
tent when it appears in every possible repair of the cleansing. Possible techniques and approaches are:
original database (Arenas et al., 1999). The authorsunsupervised learning, statistical methods, data pro-
of (Arenas et al., 2003) investigate how to compute filing tools exploiting integrity constraints, range and
the range of possible value results that an aggregatethreshold checking, pattern recognition, clustering
query can return from an inconsistent database. methodologies, and rule discovery from sequential
The latter work shows a lot of similarities with the data (Mayfield et al., 2009; Sang Hyun et al., 2001).
one presented in this paper: both focus on evaluat- Such techniques may guess wrong information e.g.
ing the range of possible values that an aggregate in-(the next is an overstated example), they might er-
dicator may assume. However (Arenas et al., 2003) roneously conclude that double entries are fine in a
focuses only on the SQL aggregate functions (MIN, database containing a lot of incorrect double entries.
MAX, COUNT, SUM, and AVG) while the approach  These methods can improve their performance in re-
described in this paper can be easily generalised tosponse to human feedbacks. However the model that
a broader set of indicators/aggregate functions. Fur-is built during the learning phase by these techniques
thermore, as the authors state, the computation of ag-can’t be easily accessed by domain experts. In this
gregate queries in such context is an intractable prob-paper we explore a different approach where consis-
lem when two or more functional dependencies are tency models are explicitly built and validated by do-
used (Arenas et al., 2003). Unfortunately this is the main experts.
case of many real world domain consistency problem  Correction steps (also known as imputation or
(as the one described in Sec. 4). data editing) are performed in the statistical domain
In (Embury et al., 2001) the authors identify data without altering the collected data statistical parame-
integration conflicts exploiting a formal model built ters (Fellegi and Holt, 1976). Not altering the statis-
upon rules derived from domain knowledge. Integrity tical parameters is required to make inferences from



the sample data about the whole population. How- cannot deeply describe the details of their techniques.
ever, in a scenario where datasets covering the wholeHowever, since in the paper we often refer to the con-
population are available (e.g. public administration cept of Finite State Event Database, we formalise the
databases), inference is no more a strong requirementfollowing:

whilst data cleansmg.ls paramount_ Definition 1 (Finite State Event Databaselet E=
Many data cleansing toolkits have been proposed {er,...,en} be a finite set of events, and l§ta to-

for implementing, filtering, and transforming rules
b 9 9 g tal orderoperator such thate= e; = ... = &, then

over data. A survey can be found in (Galhardas etal., = =", ;
2000; Muller and Freytag, 2003). A detailed survey a Finite State E_vent Datas¢ESED) is a dataset S
whose content is a@-ordered sequence of events

of those tools is outside the scope of the paper, here o
P pap €=e,...,64. Then, a Finite State Event Database

it is enough to summarise that they implement in sev- ! .
eral ways the theoretical approaches described in this(FSEDB) is the union of FSEDs Qﬁzls‘ where k>
1. By abuse of notation we also denete ey, ..., e,

section. asESED

1.2 Contribution The following example should clarify the matter.
Let us consider the Cruise Ship Travel Plan as pre-
sented in Table 1, and let us focus on theerall
cruise durationindicator. In this case, given a set
of eventsk, a generic evendy € E may be mapped
to the attributesShiplID, City, Date, andEvent Type
namelyg = (ShiplD,City;, Datg,ETypg). More-
over, the binary operatog defined over the event's
attributeDateis used to generate anderedsequence

of events, that isve,ej € E,g < g iff Datey <
Date,. Finally, a simply consistency property could
ge “if a ship checks in to a harbour A, then it must
check out before checking in to a different harbour*
Fig. 1 shows an automaton modelling our example.
The system state is composed by thes variable
(only one) which describes the ship’s position (i.e.,
seawhen the ship is travellindyarbourwhen it is in

a port of call). Consistency verification for this ex-
ample can be turned into finding out if ament-flow-
compatible-patldoes exist in the automaton of Fig. 1

The contribution of our work is twofold: from one
side we propose a methodology to quantitatively es-
timate the impact that uncertainty (due to low data
guality) can have on indicators computed on cleansed
data. On the other side this methodology has been im-
plemented and validated against a real-world domain
application.

For the sake of clarity, in Sec. 2 we briefly in-
troduce how formal methods can be used to verify
database consistency. Sec. 3 describes the propose
methodology to perform sensitivity analysis on indi-
cators derived from low quality databases, while in
Sec. 4 areal scenario is introduced and the results ob
tained are outlined. Finally, Sec. 5 draws some con-
clusion and outlines the future work.

2 DATA CONSISTENCY e.g.,checkincheckinis not a feasible path for the sys-
THROUGH FORMAL tem. . .
METHODS In this paper we perform a sensitivity analysis (see

Sec. 3) on the impact of possible corrections in sce-

) ) ) narios similar to the one just introduced.
The idea behind this paper draws on the work of

(Mezzanzanica et al., 2011) where a database con- EType— checkout ‘
in the harbou

tentis mapped onto a set of events (called Finite State @
Event Database), formal modelmodeling the con- ” pos=harbour
sistent evolution of data is built, and the data is val-

EType = checkin

idated_ against the model by_using model che(?king Figure 1: The Automaton for the Travel Plan of a Cruise
technigues. Generally speaking, event(or transi- Ship example.

tion) in a system represents a change that may oc-

cur in the system state as a consequence of an ac-

tion. In (Mezzanzanica et al., 2011) the authors map a

database record onto an event and the attributes of th

record onto the event information. As a consequence,63 DATA QUALITY SENSITIVITY
consistency verification can be turned into a model ANALYSIS

checking problem, which allows one to exploit the

formalisation and the computational power of Model This Section will outline how to carry out indicator
Checking techniques. Due to the space limitation we sensitivity analysis on Finite State Event Databases.



It is worth noting that a Finite State Event Database 3.1 EXxploring the Datasets Tree

is made by one or more Finite State Event Dataset.

Data consistency is checked, and for each inconsis-we introduceccheckF SED): a function that checks
tent dataset two cleansed versions are derived whichine consistency of a Finite State Event Dataset (or a
respectively minimise and maximise a reference in- gybset thereof). In case of inconsistency the func-
dicator. The analysis is allways performed having tion returns a pair composed by (1) the error code
an indicator as a reference. Cleansing is not always (gescribing the error type) and (2) the index identi-
deterministic, since several cleansed and consistentying the minimal sequence of events being consis-
versions can be derived from an original inconsistent tent” The functions is implemented by making use

dataset. In the cruise example of Tab. 1, the departureygde| Checking, analogously to the work described
date from Lisbon can be set on any date fronf'30 (Mezzanzanica et al., 2011).

April 2011 to 8" May 2011 (for simplicity it is not Now we are in state to introduce how the UB
considered the ship travel time which would narrow (upper bound) and LB (lower bound) case cleansed
the choice). dataset are generated. For each sequence where an

inconsistency is detected, the event subsequent to

Informally speaking, the sensitivity analysis on the detection point is labelled as Consistency Failure
the indicatoractive traveldayss carried out as fol- Point (CFP). The CFP event is not necessarily the re-
lows. Two timetables are selected among the setsponsible of the consistency failure, but it is the point
of possible corrections: the former where the miss- where the failure emerges.
ing departure date is set on the!3Bpril 2011 (this For the sake of clarity, the semanticsosheckand
choice maximises the travel days) and the latter whereCFp are formally defined as follows.
the departure date is set on th® ®May 2011 (this o
choice minimises the travel days). The two datasets P€finition 2 (cchech. Let S be a FSED and let
are labelled respectively upper bound case and lower€ = €1;---,€n be a sequence of events according to

bound case cleansed dataset (UB and LB case respec?€finition 1, then ccheckFSED— N x N returns
tively). the pair< i,er > where:

1. i is the index of a minimal subsequenog =
In our example one intervention is enough to €1,...,6 such thag i1 is inconsistent whil&j :
make the sequence consistent, i.e., inserting the j <i<n, the subsequences; are consistent.
event e, = (S01,Lisbon X, checkou} where X €
[30th April 2011 ...,5th May 2011. Hence, the Lis-
bon to Barcelona travel days value (used to compute

the overallactive traveldayscan range between 1
and 6 days. Then, we can define CgBs the index of the event

afterthe shortest consistent subsequence. By abuse of
In this example each ship timetable is a Finite notation, we denote the index i of the pair returned as

State Event Dataset, and for each of them an upperf'rSt{CCheCKS)} whilst secondccheckS)} denotes
and lower bound case is generated. For simplicity an the element er. According to this notation G&=P
upper and lower bound case is generated also for con-first{ccheckS)} + 1.
sistent timetable, in this case they are both equals to The error code previous|y introduced is used to
the original one. The average values of respectively select the corrective actions to be executed. The se-
the UB and LB cases (of all the ships travel plans) are mantic of the error codes and the implementation of
computed and then compared. The gap between thecorrective actions are domain dependent. Indeed, one
two average values tell us how the indicator is sensi- can insert new eventsy de|ete' or Change existing ones
ble to the uncertainty caused by the missing data.  or a combination thereof. For each CFP several cor-
rective actions can be implemented to fix the inconsis-
This approach cannot discover all the differences tency, generating in this way several cleansed versions
among the database data and the “real world data”, of the original dataset. For each of them, the consis-
indeed a completely missing sequence of data can'ttency check has to be repeated again, since other CFPs
be detected by consistency checking. Nevertheless,can be detected in the remainder of the sequence. The
in the example reported in Tab. 1 the sensitivity anal- process is executed recursively until a (most proba-
ysis based on UB and LB case derivation can provide bly very large) set of completely cleansed datasets are
useful information to quantitative estimate the impact generated. The case that maximises (minimises) the
that uncertainty may have on aggregate indicators. reference indicator is selected as the UB (LB) case,

2. eris zero iy is consistent, otherwise it is a nat-
ural number which uniquely describes the incon-
sistency error code of the sequersge,; ;.



Figure 2: Example of dataset correction tree exploration.
Leaf nodes represent a cleansed generated dataset whil

non-leaf nodes represent datasets where CFPs still need t(f

be addressed.

the remaining cases are discarded. An example of this
process is showed in Fig. 2.

The tree of cleansed datasets showed in Fig. 2
can grow exponentially, thus making the problem in-
tractable. Nevertheless, several simplifications both

domain independent and dependent can be used to

make the algorithm more scalable. An example is
provided in Subsec. 3.2. More precisely, a Corrective
Event for a CFP can be defined as follows.

Definition 3 (Corrective Event for a CFP)Let S

be a FSED whose content is a sequence of events

€ =e1,...,6, according to definition 1. Moreover,
let CFR; be a Consistency Failure Point for S. Then
gj is a corrective evenfor CFFRs if the new dataset
S = Su{ej} satisfies CFR > CFRs. That is ei-
ther € =ey,...,gj,...,6,...,6, is consistent (i.e.,
first{ccheckS)} =n) or Shas a CFR that appears
later than CFR.

It is worth noting that some domains may require
to define aset of corrective events for a CFP (i.e.,
more than one event could be required to fix an in-
consistency). To this regard, the Def. 3 can be easily
adapted to deal with a set of corrective events instead
of a single one.

The process of deriving a consistent sequence of
events from an inconsistent one is largely domain

dependent. However some general practice can be

identified. Fixing an inconsistency may require to

add or delete events. Focusing on adding events to
a sequence, a trivial implementation could be to try
adding events in all the possible places and then to
check for each attempt if the resulting sequence has

departure date in the example previously described).

Now it will be illustrated how the sensitivity anal-
ysis is performed and how the possible correction tree
is explored (an example of correction tree is depicted
in Figure 2), the pseudo-code of the sensitivity algo-
rithm is split in Algorithms 1 and 2 for the sake of
clarity.

Algorithm 1 focuses on a FSED8Band, for each
inconsistent FSEL, it calls Algorithm 2 to cleanse
the dataset (lines 6-8). The Algorithm 2 takes as in-
ut the datase§ and itsCFPRs. Then it generates
e possible instanceé} as a result of all the possible
intervention activities. The consistency of each gen-
eratedS is checked as follows:

e § is completely consistent (line 4). In this case it
is added tgsronsistent

§ is still inconsistent but a new emerged CFP
occurslater than the previous one. That is the
previous inconsistency has been fixed, but a new
one has emerged in the remainder of the sequence
(line 6). Then the algorithm recursively calls
SENSITIVITY on the new instanc§ trying to fix

it.

S is still inconsistent but the correction has gener-
ated a new CFP before the previous one (i.e., the
corrective action has made the situation worse). In
this case the corrective action is discarded.

At the end of this computation, the sgPsistentcon-
tains all the consistent instances generate&fére.,
the leaf nodes of Figure 2). Then, Algorithm 2
chooses the LB (UB) cleansed version by looking for
the lower (upper) indicator value (lines 11-12).

Algorithm 1 MAIN ALGORITHM

Input: S //A FSEDB according to Def 1
ccheck //According to Def 2
ind //An indicator satisfying Property 1
. forall § € Sdo
lowerg < 0; //global lower value fol§
upper < 0; //global upper value fof
sronsistent,_ ¢, //global set of consistS
CFPg « first{ccheckS)}+1;
if (CFPg < n)//S is not consisterthen
if (do not use the simplification of Sec. 3tAgn
SENSITIVITY (S,CFPRy);
else
SENSSIMPLIFIED(S,CFPg,LB case);
SENSSIMPLIFIED(S,CFPg,UB case);

O © O NSAR WNR

10:
11:

been fixed, i.e. if the new sequence is consistent or a
new CFP is found after the original one (who disap-

peared). Another common techniques (which is used
when the time dimension has to be estimated for the
event to be inserted) is to try placing an event at the
beginning and at the end of a time slot (this is the ap-
proach used for estimating the cruise boat UB and LB

3.2 An Algorithm Simplification

A simplified version of the previously mentioned al-
gorithm can be used if two conditions are met on both



Algorithm 2 SENSITIVITY Algorithm 3 SENSSIMPLIFIED

Input: §,CFPy Input: S, CFPRg,modality
. for all g corrective action fof§ do

1 1 §B « 0; /ithe§ instance minimising ind.
2 § < apply@,S); 2. 9B« 0; /itheS instance maximising ind.
3 CFPy « first{cchecks)} +1; s forall & corrective action fo§ do

4 if (CFPS =N+ l) t.hen 4 S P app|y(a|s)’

5 onsistent, _ gronsistent g 5. CFPg « first{ccheckS)} +1;

6. elseif(CFPy > CFPRs) then 6 if (CFPy =n+1VCFPy >CFPy) then
7. SENSITIVITY(S,CFPg); 7. if § minimises the indicatathen

s else _ _ s g8« g;

9 /IDiscard the corrective action o lowers < evallower.ind(S,ind);

10: forall § e sonsistenigo 10 else if§ maximises the indicatdhen

11: lowerg < evallower.ind(§,ind); 1w YBeg;

122 uppeg « evalupperind(§,ind); 122 uppek « evaluppecind(S,ind);

13 else

14 /[Discard the corrective action
indicator and correction activities: 1) the sequence be- 15: if (modality= LB caseA §-° # 0) then
ing evaluated can be partitioned into non-overlapping &: CFPge « first{ccheck§®)} +1;
subsequences which fully cover the original sequence 17:  SENSSIMPLIFIED(S?,CF Pys, modality);
(e.g., like the subsequencesey,... in Fig. 3); 2) 18: else if(modality= UB casen §’B # 0) then
the computation of the indicator being evaluated can 1. CF Pys first{cchecks’®)} +1;
be parallelised over the subsequences identified in the SENSSIMPLIFIED(S®,CF Pye, modality);
previous step. The latter is feasible when 2a) the in-
dicator is an additive function with respect to the sub-

sequences; and 2b) the corrections carried out within

a subsequence do not affect the corrections executednUst share a common future in all the subsequences
on the other subsequences. €« wheregg > g. Note that this condition can be

If all the two conditions hold then the inconsis- €asily satisfied if the FSS modelling the FSED is a
tency fixing and the indicator computation tasks can Memoryless systems (Csiszar artier, 1981) e.g.,
be independently executed within the boundaries of & Markov process (losifescu, 1980). Under this hy-
each identified subsequence, thus greatly reducing the?0thesis, all the corrections done on a subsequence

computational effort. The condition 2a holds under Will have a common future, if all of them will lead to
the hypothesis showed below: the same final state at the end of the sequence.

Property 1 (Additive Function) Lete = er,...,en Property 3 (Not aIt_ering th_e pasl)Evc_ery correctilon

be a FSED (according to Def. 1) which can be par- of_ConS|stency Failure Points (i) will not modify
titioned into event subsequences such tfije; =¢, ~ Pror subsequences, wheregp <.

and Vi, j with i # j, & Ngj = 0, then a function  Claim 1 (Pruning Conditions) If Properties 1,2 and
F:FSED— Z* is additiveif F (¢) = S ; F (&) with 3 hold for an indicator to be evaluated on a FSE
m<n. Dataset, then the UB / LB case search can exploit a
“divide et impera” paradigm (i.e. it can be computed
independently on eadd).

In order to define the next properties, we introduce
a relation between subsequenegg, such thag; <
£ iff Vg c€1,6j € £2,6 < €.

Then condition 2b can be rephrased as follows:
cleansing a subsequengehas either no impact both
on the previous (i.e. the antecedents) and on the fol-

Proof. Let gy being a subsequence of S from the
beginning to the first CFP met. Only the cleansed
dataset okg that minimises the indicator (computed
. : ongy) need to be expanded. Indeed Properties 2 and
lowing (|_.e. the su_bseq_ue_nt) subsequences, or €V-3 ensure that not overlapping subsequences can be
ery po_SS|bIe corrections mg,lqle a subsequence has th%Ieansed independently, therefore the cleansed solu-
same impact on the remaining future subsequencestion that minimises the global indicator must contain

These can be summar_|sed by saying _that a cleanlsmgihe cleansed version ef that minimises the indicator
intervention should satisfy the properties “Pre”servmg locally. To this regard, suppose, without loss of gen-
a common future” and “not altering the past” more erality, that the cleansed dataset that minimises the
formally defined below. indicator computed fogg is the leftmost child of the
Property 2 (Preserving a common futureEvery top node in Fig. 2. All its siblings (successors of the
correction of a CFP found inside a subsequece top node) and their related subtrees can therefore be



pruned. which can be split into subsequences bounded by
Going further, let us suppose that a second CFP isCFPs (e.g.£1, €2, ..., &). The computationand

found. Letes be the sequence of events between the the estimationapproaches can be jointly used, as de-

first and the second CFP. Suppose, that the cleansedcribed in what follows (the analysis focuses on com-

version ofg; that minimises the indicator computed puting the LB indicator value, the UB value can be

locally is the leftmost successor node. This is the only obtained specularly).

node that needs to be expanded, all its siblings can be

pruned. Without loss of generality, we can identify 1) Thecomputatiorapproach is executed on the sub-

the cleansed version & that minimises the indicator ~ Sequences and the results are investigated. The subse-

as being always the leftmost node. Hence, the com-duences where theomputation approachan be ap-

pletely cleansed dataset that minimises the indicator isPlied are marked asafewhilst the others are marked

the leftmost leaf, and the path to reach it goes through asunsafe

all the leftmost nodes of the tree. Therefore, the path 2) In subsequence actiona, is the correction (out

to the cleansed dataset that minimises the indicator isOf several others) that minimises the indicator value

the path where each indicator computed locallgon  in the subsequeneg. All the corrections o€FPy do

is minimised. Note that the cleansed versio§dhat ~ not violate neither the property 2 nor the property 3,

maximises the indicator can be obtained in a spec- therefore this subsequence is markedafe

ular way. More generally, every node of the leftmost 3) Focusing ores (the over next subsequence) the

(rightmost) path is the cleansed versiorgathat min-  correction ofCFP; using actioreg violates the prop-

imises (maximises) the indicator. If the CFPs location erty 3 (not altering the past). Consequently the sce-

would be known a priory, the cleansed version of ev- hario where the correcticay had been previously se-

ery S could be computed in parallel. 0 lected and executed i has changed and acti@a
might be no more the optimal choice for thd&P.
3.2.1 The Indicator Estimation The subsequence is marked asunsafeand is no

more investigated, i.e. no effort is spent for finding a

The simplified algorithm can be applied only to the corrective action that might fig; andCFPR. The un-
datasets where the corrections don't violate proper- certainty thalCFP; creates in its past can make very
ties 2 and 3. Conversely, a dataset violating proper- difficult identifying the correction that minimises the
ties 2 and 3 requires to explore all the feasible cor- indicator value irez (ag may result not being anymore
rected instances in search of the UB and LB values. the best choice), therefoeg is no more investigated
Unfortunately, this can lead to computational prob- and it is marked as unsafe too.
lems. To avoid this, a coarse-grained estimation of the 4) The uncertainty originated bgs will propagate
indicator can be executed, namely gsimationap- in the remainder sequences untipaint-of-resetis
proach. Theestimationapproach does not try to make found, i.e. an event from which the simplifying con-
the sequences consistent but estimates the UB and LBditions are satisfied again (properties 2 and 3) and
values with a trivial method (domain dependent) re- ends the uncertainty created by unsafe subsequences.
quiring a reasonable effort but at the price of provid- Looking at Fig. 2 this will happen when all the nodes
ing a less precise estimation (i.e., enlarging the value of a sub-tree (that can’t be pruned) will share a com-
bounds). For the sake of clarity the two approaches mon future from the point-of-reset onward, therefore
will be called respectivelgomputatiorapproach and it is enough to evaluate only one sub-subtree since all
estimationapproach. the other siblings are similar. The criteria for identify-

ing points-of-reset are domain dependent, however as

a general rule, good candidates are points for which a
PoR common future holds for every possible prior correc-
tion.
5) Subsequence, is marked asunsafebecause the
events before th@oint-of-resetare affected by un-
certainty too, whilstes is marked assafe since it
doesn'’t violate neither the property 2 nor the prop-

te; .. CFP CFP, CFPs CFP, CFPs

77777 safe | unsafe | unsafe | unsafe | safe | erty 3 and no uncertainty propagates from previous
€ € €5 €4 €5 subsequences.

Figure 3: An example of correction violating the property 6) Subs.equences violating the properlty 2 can be man-
“not altering the past”. aged similarly: the subsequences will be marked as

unsafeuntil a point-of-reseis found. An example of
Consider the sequence of events reported in Fig. 3such error is showed in Fig. 5.



7) The indicator LB value is computed according to For each worker, a mandatory notification (repre-
the computatiorapproach for the safe subsequences, senting areventin our context) contains several data:
whilst the estimationapproach is used for unsafe
ones. We recall that the indicator value can be com-
puted for the whole sequence by summing the values
computed in each subsequence (i.e. the indicator ise.id: it represents an id identifying the communica-
addictive). tion;

In a similar way The UB anq LB values are com- ¢ gate: it is the event date:
puted for each FSED composing the FSEDB. Then, . . .
the average values of all ttRSEDUB and LB values ~ €-type: it describes the event type occurring to the
are computed and the gap is analyzed as described in  Worker career. The event types are: 8tart or
the example of Sec. 4. the cessatiorof a working contract, thextension

The methodology introduced in this paper can be  ©f @ fixed-term contract or theonversiorfrom a
used for estimating an indicator possible value ranges ~ contract type to a different one;
on an inconsistent dataset. It is worth noting that c_flag: it states whether the event is related to a full-
the termindicator refers to a general and domain- time (FT) or a part-time contract (PT);
dependent concept (e.g., they are widely used in many
fields as statistics, economics and business intelli-
gence). To give an example, in the context of data
quality an indicator can be used to measure and im-  The evolution of a consistent worker’s career
prove the quality of the data (Wang et al., 1993) as along the time is described bysequencef events
well as to assess the reliability of the results aris- ordered with respect tedate More precisely, in this
ing from the data uncertainty (Weidema and Wesns, settings the FSED is the ordered set of events for a
1996). Roughly speaking, an indicator is a function givenw_id, whose union composes the FSEDB. Then,
able to represent or manipulate data so that operatorsconsistencys related to the “correct” evolution of a
can assess and gain confidence with data (Weidemaworker career, which can be inferred by the Italian
and Wesns, 1996). As a consequence, an indicatorLabour Law and common practice. To this regard,
should have the same characteristics of a function, an employee can have only one full-time contract ac-
e.g. being meaningful for the domain, having a rea- tive at a the same time; or an employee can not have
sonable computation complexity, etc. more than two part-time contracts (signed with differ-

every possible inconsistency there is a finite set ent companies).
of possible corrections). Moreover, if the indicator For the sake of simplicity, we omit to describe
satisfies the properties 1, 2, and 3 then the simplified some trivial constraints which can be derived from the
algorithm described in this subsection can be applied. ones above (e.g., a employee cannot hawessation

event for a company for which he does not work, an
event can not be recorded twice, etc).

w_id: it represents an id identifying the person in-
volved in the event;

empr_id: itis used to uniquely identify the employer
involved in the event.

4 THE CASE OF “THE
WORKERS CAREER 4.1 The Formal Model
ADMINISTRATIVE ARCHIVE" The first step when dealing with FSS is the definition
of the system statewhich in our settings represents
The Italian labour law states that every time an em- the worker career at a given time point.
ployer hires or dismisses an employee, or a contractof  Itis composed by two elements: the list of compa-
employment is modified (e.g. from part-time to full- nies for which the worker has an active contr&eff
time, or from fixed-term to unlimited-term) a commu- and the list of modalities for each contrat([{). To
nication (Mandatory Communication) has to be sent give an exampleC[0] = 12, M[0] = PT models that
to a job registry. The registry is managedpabvin- the worker has an active part-time contract with com-
cial levelfor several administrative tasks, every Ital- pany 12.
ian province has its own job registry recording the The FSS describing a consistent career evolution
working history of its inhabitants (as a side effect). is showed in Figure 4. Note that, for the sake of clar-
In this scenario, the job registry data is analysed to ity, we omit to representonversiorevents as well as
provide information to civil servants and policy mak- inconsistent states/transitions (e.g., the worker acti-
ers. See (Martiniand Mezzanzanica, 2009) for further vating two full-time contracts), which are considered
details. in the consistency verification.



To give an example, a consistent career can evolve 1CFP )
signing a part-time contract with companyhen ac- )

" ) : ; ShT1 SpT2 Skpr3 CPT1
tivating a second part-time contract with compgny )
inui i -ti a

continuing by closing thg sepond part-time and then (&) amp emp, emp,
reactivating the latter again (i.ecnempemp, emp j, : >
emp,emp;). 0 50 100 200
4.2 The Sensitivity Analysis (ép};}
In this section we describe how the Algorithm pre- CSm1 C 11 C11
sented in Sec. 3 is applied to the domain just intro-
duced. For the sake of clarity, we map the domain (°) 100days empj _
topics on the concepts introduced in Sec. 3. 0 100 200
e An FSE Dataset is a sequence of Mandatory Com-

munications representing a worker career. Hence

the FSE Database is a collection of careers. We

refer to a worker career &. CST2 CST2 CST

[ ]
e cchecKS) is a function that implements the FSS

depicted in Fig. 4 according to Def. 2. The func- ©

50days emp;

tion checks for career consistency and returns 0 5'30 100 206
both (1) the CFP and (2) thexror codeif an in- Figure 5: (a) A career affected by Er3, (b) Possible insertio
consistency is found. place of event closing first part tim@Ty), (c) Possible in-

e ind(S) is an indicator function which returns the ~ Sertion place of event closing second part tif@&yj. Note
that closingPT, will create no problem in the future while
number of worked days for the caregr closing PTy will originate an inconsistency when the real
The consistency check showed that several errorspT; cessation will be met.

affect the career’s data (as illustrated in Sec. 4.3). We
identified a set of error types, and for each of them we
have implemented the respective corrective actions.
Recall that each inconsistency is an inadmissible tran-
sition in the automaton of Fig. 4. In order to clarify

the matter, we provide some examples of corrective

1. ccheckS) is evaluated on the care§; if an in-
consistency is found then theESSSIMPLIFIED
on § and the respectiveF Py is called (for both
S LB and UB cases). Algorithm 1 lines 10-11.

actions. 2. Looking at £NSSIMPLIFIED, all the feasible cor-
Erl Two different full-time-job-start events are found rective actions (suitable to fix the inconsistency)
with no cessation in between. The corrective ac-  &re applied, generating either a cleanSe(if any)
tion is to put a cessation event (for the first job) in or obtaining a new CFP fd§ (lines 3-6).
between. 3. The corrected instance that minimises (max-

Er2 A part-time-job-cessation event is found, but the ~ imises) theworking daysindicator computed on
corresponding job-start event is missing. The cor-  the sub-sequence before Py is selected
rective action is to place a corresponding job-start ~ (lines 7-12).

event somewhere before the cessation event. 4. If we are looking for the LB (UB) case df
Er3 A part-time-job-startRT3) is found but two dif- then the ”9@8 (SB) case will be expanded,

ferent part time jobs are ongoingT1 andPT2). i.e. ccheckon §-° (§7°) will be executed looking

Two corrections are available: either to cldZEL for further inconsistencies. This operation corre-

or to closePT2 in both cases before the start of ~ Sponds to expanding the leftmost (rightmost) sub-

PT3. These corrective actions are deeply ana-  tree of Figure 2 (lines 15-20).

lyzed in Fig. 5. The hypothesis listed in Sec. 3.2 should be veri-

The sensitivity analysis is executed according to fied in order to guarantee that the simplified algorithm
the simplified algorithm described in Algorithm 3 produces the correct result. The career working days
which is more scalable with respect to the one de- indicator is an additive function (the demonstration is
scribed in Sec. 3.1. Roughly speaking, for each careertrivial and therefore is omitted).

S the Algorithm MaIN executes twice BNSSIMPLI - Given an error, every corrective action tries to
FIED to obtain theS UB and LB indicator values (up- make the career subsequence before the CFP consis-
per and lower bound respectively). More precisely:  tent and leading to the same state, the automaton de-



etype, =exAc_flage = PT
Y
etypg =exAc_flags = PT

etype =exAc_flagg = PT

etype, = csnc_flag, =PT etype, =csAc_flage, =PT

etype =stAc_flags =PT

etype, =stAc flage = PT

etype, =stAc.flage =FT
L4 ="be|}0Vvso="vdArd

emp
C[0] = empr.idg,
M[0] = c_flage,

etype, =exAc_flags =FT etype, =exAc-flage =PT
Figure 4: The FSS of a valid worker’s career whste- start, cs= cessationcn = conversiorandex= extension

scribing the sequence (Fig. 4) is memoryless (if we proach will estimate theorking daysas follows: 0 is
don’t consider the state variablel$ andm(]). There- assumed as lower bound and 100 is assumed as upper
fore all the corrections will have the same future, ex- bound. The approach is very coarse grained but it is
cluding one correction type that will be deeply de- also very fast. Hopefully the unsafe subsequences are
scribed later (it is the “Er3” and in this case the vari- few with respect to the safe ones. The indicator value
ablesc[] andm[] are the responsible of violating the for safe subsequences is computed by counting the
property 2). Sequences affected by the latter correc-actual worked days. The UB and LB values are gen-
tions are marked asnsafe The “not altering the  erated in this way. The whole career upper and lower
past” property violation has been detected as follow. bound indicator values can be computed by summing
Every time a correction has to be made to previous the subsequences corresponding values; then, the av-
sequences containing (fixed) CFPs, the subsequencesrage value of all the careers UB (LB) cases is com-
affected are marked amsafe puted. The more are the inconsistencies found in the
database and the larger will be the gap between the
UB and the LB average values. This gap can be inter-
preted as a measure of the uncertainty related to the
database inconsistency.

Subsequences followingnsafeones are checked
to verify if they have still to be consideraghsafe
The presence of Full Time contract start or cessation
events act apoint-of-resetand they can be used to ) ) )
bound the extent ofinsafesub-sequences. The ra- Now let's consider the previously introduced Er3
tionale is that a full time contract prevents the con- €for. _AS showeq in Fig. 5, choosmg f[o create the
textual presence of other full time or part time con- Cessation event either of Part Time 1 (Fig. 5(b)) or of
tracts, therefore 1) it ends the uncertainty caused by Part Time 2 (Fig. 5(c)) will create different versions
previous errors and 2) forces all possible prior cor- of the futgre. Indeed rglated corrective actions violate
rections to share the same future. After all career the condition “preserving a common future”.
subsequences have been corrected and marked either We will call unsafe careers hereafter to refer to all
assafeor asunsafe the indicator Upper and Lower the careers having at least one unsafe subsequence.
bounds are computed using ttemputatioror thees- The unsafe careers are not negligible (in our case are
timationapproach respectively. Given a sub-sequenceabout 10% of the total), and then it is important to
covering (for example) 100 days, tlstimationap- evaluate the impact they can have on the indicator.



Next section will illustrate some resuls. by exploiting a more fine grained approach for esti-
mating the unsafe subsequences, but we won'’t deeper
4.3 Experimental Results this topic. These results show that:
o the Sl excluding unsafe careers is less than the
one which considers unsafe careers. This is

Average Working Day3 Results an expected result since the estimation approach
Layer| LB | UB | Modified | Consistent Num greatly contribute to enlarge thveorking daysin-
(@ | 1377|1979 YES YES | 82,989 dicator upper and lower bound distance.
(b) | 1383|1383 NO YES | 130,500 : o
Al © o |4017| nO NO 5 e The impact of unsafe careers on the indicator
@ o |a4017| vES NO 887 working dayscannot be neglected. Furthermore,
@ | 1633] L.94z| VEs YES | 61301 if we apply theestimation approachvithout con-
®) |1,383|1.383| NO YES | 130,500 sidering the point-of-resets, tH&l grows up to
B| (¢ 0 |4017| NO NO 56 26%.
@ | 0 |4017] YES NO 384 e Due to the inconsistency of the careers, data in-
Table 2: Dat_a Quality Sensitivity_ Analysis Experimental dicators Computed on the cleansed dataset are af-
Results considering (A3ll careers i.e. using both them- fected by uncertainty. Nevertheless the sensitivity

putationand theestimatiorapproaches and (Bafe onlyca- : : .
reers using only theomputatiorapproach. Note that 4017 analysis can be helpful to bound this uncertainty.

are the days between th& January 2000 and the $De- In our case, regardless the value of Sigwhich
cember 2010. could be acceptable or not (according to the do-

main requirements), the Sl represents a useful in-

We tested theéData Quality Sensitivity Analysien f_ormgtion for Iabou_r marke_t analyStS about the re-
an ltalian Province Administrative Database having liability of the working daysndicator.
214,432 careers (composed by?48 751 Mandatory ~ We implemented the Algorithms 1,2 and 3 in C++, us-
Notifications) observed between th& January 2000  ing the BOOST library to interact with the DBMS. All
and the 3% December 2010. the experiments were performed on a 32 bits 2.2Ghz
Tab. 2 summarises the sensitivity analysis statis- CPU in about 1 hour using 200 MB of RAM.
tics. The part A considers all the careers (bsdfe
and unsaf@ and the results are computed applying
both thecomputationand theestimationapproach. 5 CONCLUSION AND FUTURE
Part B of Tab. 2 excludes from the sensitivity anal-
: ; , WORK
ysis all theunsafecareers (i.e. careers having at least
oneunsafe sub-sequerjce
Tables 2 report the average value of the working
days variable for the best and worst cases layered by
the ConsistenandModifiedflags. The former means
that a career is consistent at the end of the correc-

tion process cause it was either initially consistent or . . - - . .
P y tively estimate how the inconsistencies present in a

a consistent version has been gene_rated.l\_?l’(brd!fled real database can affect an aggregate indicator (i.e.
flag states that at least one corrective action has been Kina d b dti | hat i |
applied on the career. Hence, looking at Table 2 row working days on a observed time s of) that is rele-
(zf)pre resents career.s ma de’consistent while (b) arevant for statistics on the labour market place, since

P : several indicators are based on it. Although in our
careers already consistent. Row (c) represents careers

. ; . .~ Wwork we have focused only on a specific indicator,
for which no corrective action has been found whilst :
. i . . . our approach can be easily extended to several ones
the corrective actions were ineffective for careers in

4 . compliant with the requirements showed in the pa-
row (d). Itis worth to note that (b) refers to consistent ( I . )
care(er)s which don't need to E)e) fixed, consequently per). The possibility to estimate how data cleansing

. ; . can affect indicators used for decision making is ex-
there is no source of uncertainty and for this reason

Upper and Lower bound are equals. We computed atremely valuable for decision makers. Our methodol-
SO ) : . ogy exploits the Finite State Systems and they proved
sensitivity indexS! of the working days variable as to be useful for modelling the domain rules and to au-
Sl= E%W- For the dataset which includes  tomatically check data consistency. Furthermore the
unsafe careerg/e obtained &1 = 18.2%. Differently, approach presented in this paper can avoid the com-
the S for the dataset which excludesisafe careers  putational issues affecting works dealing with indi-

is SI=7.3%. TheSl value could have been narrowed cators computed upon inconsistent data (at the price

We have described how to perform the “Data Qual-
ity Sensitivity Analysis” to assess how uncertainty
(due to not deterministic corrections of inconsistent
data) can affect indicators computed on cleansed data.
This methodology has been implemented to quantita-



of more coarse grained evaluation). Currently the Embury, S., Brandt, S., Robinson, J., Sutherland, I., Bisby
ongoing research goes into the direction of exploit- F., Gray, W., Jones, A., and White, R. (2001). Adapt-
ing model checking to automatically identify possible ing integrity enforcement techniques for data recon-
corrective actions starting from a Finite State System ciliation. Information Systeny26(8):657-689.

that models a domain. As a future work we are going Fan, W., Geerts, F., and Jia, X. (2008). A Revival of In-
to investigate the issues arising when the methodol- tég(;'ty Constraints for Data CleaningProc. VLDB
ogy proposed in this paper have to deal with indica- _n ow, 1:1522-1523. )

tors and scenarios requiring an estimation of several Felledi. I. and Hd‘.)'t’ Dd' (1976)'.A3y5tem|at'f° ?]pp'&oach toau-
indicators to address inconsistencies (including possi- tSOtrz?t?st![(i:czl gszgcigﬁ;ﬁ%'(%?g{g%g the American
ble complexity issues). We are also considering how Galhardas. H. Fl 4D S.' E d Shasha. D
to exploit statistical information about the consistent a ?506(1)%) AN gﬁ:ﬁ:ﬁﬂe’fra.r'ne\llcz)?lr(]’fof'dlr:a clegiir? L
part of a dataset to narrow the bounds of the estimated |, proceedings of ICDE '00pages 312—. IEEE Com_g'
indicator. The dataset that has been described in this puter Society.

paper cannot be shared due to privacy related isSues|qsifescu, M. (1980). Finite Markov processes and their
We are working on building a fictitious dataset that applications Wiley.

can b? used as a testbed for Comparl_ng formal rneth'MaIetic, J. and Marcus, A. (2000). Data cleansing: beyond
ods with other approaches (e.g. learning based meth-  |ntegrity Analysis. InProceedings of the Conference
ods) in the context of inconsistency detection and res- on Information Quality pages 200-209.

olution. Martini, M. and Mezzanzanica, M. (2009). The Federal Ob-
servatory of the Labour Market in Lombardy: Models
and Methods for the Costruction of a Statistical In-
formation System for Data Analysis. In Larsen, C.,
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