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INTRODU CTION 

It was the )'e~r 199 1 and 1 hadj",\ arrhe<! in the United Siales as an irnmi~ran1 

from Russ;a. My specialty "as pallem recognition and statistical modd;ng. and 

m)' fin;[ conlTIlci was to build a mathematical model for cash circulation in the 

USA. A go,'ommental .gency that sponsored the project prowilkd me with o\w a 

g;ga~' lc ofdala - a hUlle '-olu",e by the standards of 1991 - containing 25 years 

of inlCr-txmk trAnsactions and a \ aricl~' of othel infonnation about cash circulation. 
They h3(l a great idea th at slatistical ana lysis could identify unusual pallern! of 

cash nlO\'emenl and c\ ."("ally lead 10 the discO'-e.), of iltcg"! r.nancial ""Ii, ilie!. 

I \\'orhd bard roc tbree momh. and bui lt the best models I CQuid imagi ne. They 

absolutciy had to won.: __ but the results mooe no sense whalsoe,w. Aller a week 

of sleepless night. in search for a nJW in the logic or bug in the prognm. I fina lly 

~'Ot to the poin! o f t~' ,"g to work tm: logic by hand for" sm~H subset of the d.t._ 

The results still defied logi<:. but so did the dal:l itself. The num bers did not add 

up: the '",OlltU of money going OUt did not equal the amount o f money coming in. 

Some numbers Were Outralleously large. "Itile othe rs ridiculously smaH, This was 

my first cxposun: to bad data ""alil\'_ Of course something had to be done. nnd so 

m-er the next six montbs J did my f,rst dJt~ quality oss""ment and dot:r cI"~nsin!l 

projec,- It taught me ",,·cr.llessons 

First. data qual i!y is "cry im pon"" ,- My cliems would not gel thc resullS they 

",.mcd. and I would not gct paid. all b..--cause some tin)' picces of dat:r in the 

database were inaccurate. Secondl). data quality can b'\: t really bad. espc<:ially in 

la'ge historic:ll databnscs. According to my clients. their data were mana;;cd wi lh 

UlmOSI care. and they were certain its qualit)· would be far .Ix"'e a'-eraSe. I kepI 

"ondcring: What wou ld be the quali ty of dm. in an a,'cra£" dalJlxt.., '! Thirdly, 

lI'ith some cffon. da" qu~ l ity can be measured, analyzed, ami ;mpro"ed EH n 

though it was m)' first effon. in .ix moo ths I wos ~blc to fix 9M% of tbe data 

problems ~nd gel tile d.!sired resnits . Finally. nobody had a cine ~boLlt \I hal data 

quality was and how 10 deal with;1. Tbcre was nO d~ta qunlity profession. no 

textbooks for practitioners.;md no lJaining courses. There "ali reall ~' no"lIerc to 

turn to ~et ad,·ice . 

The experience inlJigued me "" much Ihnt ! decided 10 dedicate my career 10 dala 

quality It took longer to gel the ball rolling, but in 1997 I nnally SIarK-.:l a data 



qu~1ily .sen'ices company Now. there is (I huge dirTcrence between being a 

consuhOlli and a sen ices pro,ide._ As a consult,nI, when a client asks you. 

opinion "bom • solution dillt seems unreasonably diffic ult you c:m simpl)' ad,.ise 

mem a~ainsl Iryin~ it. and if Ihe)' <lo not listen. rou wash rour hands ,nd Quietly 

w.tch the suffe ring, As a sen'icc pro"ider, you are asked 10 sohe the problem!. 

no maller how difficult or impossible Ihe solutions. :md clients rarely take -'no" for 

an anSWer, So I had to deal with al! l.:inds of problems and figure out how 10 deal 

with all practic.1 aspc"s of d.ta qual ity in the most emcient man"cr_ I <lid nOl 

complain though:;1 was fun_ 

Somelhins else has hOPl"'ned 0l'Cf Ihe lasl 15 years_ In c:Ifly 1990... not m:m\" 

]IOople h.xl heard the words "data qua lity" hen in lale 1990s. when I 

occasionally stepped up to the jIOdium to speak al a conference, I alw.) s e~pr:cted 

rotten tomatocs nymg in my face . Data qualit)" w:tS a taboo topic. hen the 

companies that successfully COlnplclcd a dOla quahl)' initiali,'e did nOl \\'anllo talt 

.bout it in public, O,'e, time the lide has chn~gcd ~nd .lain quali ty has b«omc one 

of the hottest topics. It almost seems lite e"ere-'body wants to tnow about data 

qua lily these days. Mon: and more, data quality departments arc formed, ,nd 

many dala 'll1alily impro,'ement initiali,-es are slatted c,-ere-' year. 

Yet. the data quality profes.sion is still in its ",fane~'_ There arc YCf»' fcll' truly 

seusoned prnctitioncrs and c,.,isting training courses. Data quality books mostl y 

focus on the "what'" and "why'-of data quality, not tlle "how"' And SO dat a quality 

"'",ains • major IT problem, I ha"e seen databases of all kinds at many large 

comp:mics - IIR. panoH. financial. markeling, ""d dala warehouses, Tirey ,'aried 

in siz<:_ architecture, and complexity , but they had one thi ng in commOn - poor 

data quality According 10 some estimates, the cost of poor dala quality can reach 

:IS high as 15% to 25% of operating pro fit. The problem must be sclred. and J 

bclic"c that can onl)' he accomp li shed if the data quality professionals hJ\'c acces.s 

to practical lC .• tbooks describing data quality solutions in all detail s. Withoul 

peorcr "",thodol~' :md techniques, dolO qualuy projects can only succecd by 

accidenL 

TllOt ",os the im]lOtus behind my dec i,ion to swi tch from being a full_time sen-ices 

prOl"idcr to b«oming an educalor. O,-or ~,e laSl 111'O years I created and taught. 

seri es of traininll course - "Practical Skills for Dala Qua lity" Among se'-cr.1 

hundreds of attendees, the majorilY ga,·c "cry high assessmcn t t<) the \'aluc of my 

, 

" 
," 



dasse., 5<;Ime<lne carelessly ad,'i..,d me to write a hook based on my O()U~. SO 

that I can re,ch a broader audience And SO I did 

This book is intended as the f"$1 in a data quality so:rios h is a t~xtbook from" 

practitioner «) other pmctirioners_ For dIe lasl I~ yoars. I was "d~ta doclOr - J 

studied , diasnosed. and treated data, My objcet i'" now is to teach you "hat I ha"e 

learned about how to soh'e data quality problems f'om A to Z. 

This book consists of 14 chapters , The flr$ltwo chaptcrs gi," a broad oyC,,'i.w of 

data qunJi~' problems and the key components in a eomprc-hcnsi"c data quali~' 

prosram_ It pro.' ides the fOadmap for the entire book serio. , The rest of the book 

is dedicated 10 data qUJI ity assessmen t - the process of identi (,' ing data problems 

and mcasurins their masnitu&: and impact 011 "arious data·driun business 

processes_ Afier a brier oyon'i"w in Chapter 3. I will roll up my slce,-". and doh-. 

into the dclaiis, 

E\'Cn thoug/lthe topic is technical. I tried to do my best to make it a light reading 

h p!U\'Cd to be harder than I dlOUl;ht, and my respeet for great .uthors has grown 

lIay by day , The problem is it takes month. 10 write a book: day, afier day, afler 

day, Some day s I WaS h~ppy. and other d~Y51 "as <;ad, Sometimes 1 fdt I cwld 

do .tand-up corned)'. and other d"y. I would be beller off (Caching ad,'onccd 

calcul us, so differ~nt parIS of the book ha,-e irthcritcd different personalities_ 

Hopcfull)' )'00 will st ill t.ke pleasurc from reading this book. and .t the same time 

will flnd it practically useful in e"cryday work. 

1 am (ooking fonnrd to .ny fccdb"ck .nd suggestions, Those will certainly 

influence future "nlwmes of this proje<:1. Vou can " i,i t my website al 

\\'ww.d~taq",,!i\ygro"p.co'" "here you will find a foru,n dedicated to tl\C 
disc" .. ion of dat. qualily problems in gen~falllOd this book in partiCul'T_ 

. , 
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PART I - DATA QUALITY 
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The corporale d~la uni,·cr .. COllSiSlS of numemus dalabases linhd by <oumle&< 

real ·lime and balch data f~cd~ The daLl continuous ly nlO'-e aboul and change_ 

TI," d~l~(,~'"' ~j " ,,_lId l",,]; ," d~,igll"d "lid u ~!;Ia<k: d _ a> ale ~," ~JUgJillll' 

responsible for data e~"h~ngc, The l}pic31 .-.:snll of lhis dynamic is lhal 

informalion systems gel beUer, while data quality dctcrio.-ates. Thi. IS "cry 

unfortunate since it is the dala qualit} that determines the intri nsic value of the 

dat~ to the husincss and COnSumers. Information tcdmology sen'cS only as a 

magnifier for lhis intrinsic ",Iue, ThU!. high qualit" da(;l cotnhi.-.cd with c fTceti, 'c 

techno logy is a greal ~s .. l. but poor qualily data combined with clfecli,-. 

lcchooloS)' is,n equa lh' grealliability, 

Yel we tolerote enonnqus in:ICCuracies III the databases It h"s been widely 

accepted thm mos l dutabascs arc: ridd led with erro,,_ Th,,",, err()[!; MC the cancer qf 

information systems. sprcldinS from place-to-place and ",re:\kins oper:ltional and 

financial ha"oc. Corporatiolls arc losing million of dollars due to inaccurate data. 

What is Clcn morc disrn:artcning i5 thll the magni tude of Ihe data qUllily problems 

is continuously growing. foste",d by c~poncmial increase in the size of the 

dalabases and funhcr pmli fe rati()ll of information sySlems, This certainly qllalifies 

dUll quality nlana!;CmCIll as one ofthc most impol1:t1ltlT challcnges in th is early 

pan of lhc 2 J ~ ccnrury, 

The big port of the challenge is th:u dala quality docs not impro" c b)' itself or as a 

resull of general IT ",I> ancemen lS. O,'cr lhe years. th.: onus of data quality 

improycmcnt was placcd On modern database techno logic. and belter mfomlation 

systems. [",member well:tll HR c~ccuti\'c confidently tell ing me 0'"Cr lunch that 

nqw thaI his COn!plny has implemcnted a modem HR ~nd payroll systenl. il will 

oq longer hayc dl!.1 qu~l ity problems. " l'eoplcSofl d(ICs not ha\'e data quali ty 

problems," he .,id_ How could! respond'! ! said. "1 c:mnOl lell "{)u whe~ter or 

nO( PeopleSoft has dal. 'Ina lily problems, bllt your comp.ny cenainly do.: ~. "nJ 

thcy are not going aw"y In fact thcy arc aboul to gct much bigger," He did not 

belie,'e me: people do not lile those who prediet r:lin on a snnny day. A few years 

lalcr the rccently appointed new HR e~ccuti\'c of Ihat company cnlled me fm 

ad,' icc lboul their data qunlity stmtcg\" 

In reality. mOSl IT processes afTcet dlta quality negatively, Thus. if \\c do 

n<llhing. data qualily ,,-ill continuoush-' dcteriorlle to lhe point " here the dala will 

become a huge liabi lity. In 1:,.1 I ba,'e seen many databases lhat are hing proof 

" 
," 



(or rd rlther ",1\' , fos"ils) of this SIaI~m"nL The only way to address Ihe dalO 

QIlali ty challenge is by a IVSlemali c, ongoing program, whkh would alsen and 

in'l'IU>~ ~,J'lillg d"w I.jn~l i" I~,~b_ "" ,,~11 u. ~lJII L i"uuu,l, IUUU;I", d,lu I.junl i l) 

and prc,-enl ils fnlnn: dClcriOfalion "s much"s possible. 

II is mosl importanl lo undersland Ih~1 d~la qualil)" is nol a mO\lnlain Ih~1 you Can 

cl imb, raIse Ihe fl ag. and lire happily e,-er "ftcr. proud of your ,",compli,hmcnl. II 

is rather l i~c a gardcn thaL musl Ix: l:II;cn earc of conlinuousl)· . Wilh. effort and 

p;l lience. il c"n be made Slllnn in~ly beautiful : bul left unattended for jll'" "short 

wbile. and Ihe wcoos "ill O"C\Tu n il like se'·en·he ~ded monSlers. wOOse heads 

sro,,- bac~ fa'tcr than \'ou can slash them 

In the first chapler I will disc\l5' "",ious processes that arreC I dala quality_ I will 

oulline Ihe slntelurc of a oornprehonsive dala quality program and briefly discuss 

iii compouenl.'; in Chapter 2_ The challenge of implemenling the dala qu al ilY 

program is SO monumemal that il would be nni,-. 10 loc kle il in a single book. I am 

planning 10 accomplish this in sleps throLl!lh ~,is boo\.: series. In thi s firsl book I 

will only address d~ta qualit), assessme nt. thc first SICp in most d~t~ qunl it) 

I~iti"tiyo~ Chapter 3 offers an introduction to the lopie. while thc n:mui~ in£ 

de,'en ch"plers o r Ihe book wi ll diseuss !he detail" 



CHAPTER 1 
CAUSES OF DATA QUALITY 

PROBLEMS 

D~(a is impocted by numerous processes. most of" hich affccl its qu,lity \0 a 

cellai" degree, I had to deal with dala 'lunli1y problems on n dail)' basi~ fot many 

years nnd ha,-c secn cnl\, imasinablc scennrio of holl' data quality dctcriorotcs. 

While each situalion is different, J e,-.muall), came up w;lh a cia"if,calion slIown 

in Figure I- I II sho". 13 c,legorics of proces$Cs thai C"USC the data problems. 

grouped inl0 !luce high-I.,-cI calegoncs. 

Proo ..... Brihl[inll 
niota frn", Outo'd .. 

P'""' ..... CAlI.; n,;r 
O"h.O."",.I' 

Pro.,. •••• Chow." ... Da •• {ron, Wltl..,o 

I '--~-"-,-,_--.'.'.".;I I Do~CI .. ""ni I 'I "'=~'--"-,-"-.. -.-.--, 
.-_. 1· 1' ........... ~"K ... Oo< ...... y 

The group on the len shOll'S processes Ihal bring dat:l into the dalab= from 

outside - either m:muall~' or through , -:rious interfaces and data integration 

techniques. Some of these incoming data may be ineo~t in Ihe rorst place and 

sitnply migr~IC from onc place 10 another, In Olher cases, tl,c elTOl'S arc introduced 

, 



in the prO(:ess of data ~xt",eti otl , transformation , or lond;ng. H;gh \'olnmes of the 

da\.:! trame dramatically magni 1\' these problems 

The group on the right sh()ws I'rQl;esses that man ipulate the data inside the 

daub= •. Some ()f thcse P"""'5S0S "'" wUlinc. while mbe .. ,rc brought upon by 

periodic systCm upgrades. mass data updates, database redesign, and a ,'arie ty of 

ad-h<x: aeti,'iti.. Unfortunatciy, in pr""tic. most of the,. p""",dure, laek time 

and resources, as well as reliable meta dat:l nettssntJ to understand all dat:l qual ity 

implications, h is not surprising, then. th aI in ternal data processing One" leads to 

numerous dat:l problems, 

The I>'0up on the bouom shows processes thaI cause lICcurate data 10 bco:omc 

inaccurate O\'er time, without nny phy";cal chanses made to il. The data ".lues are 

not modified. but ~ , eir . ccurae,' lakes a plunge l This usuallv h.1ppens "h.n the 

real world object dcscribed b~' the data change,. bUl the dal:l collection prQl;C"-5C' 

do not capturo the chan);e. The old data turns obsnl.te Md incnrrecl 

In this chapter we will systematically discuss the I j prO(:esscs prescn((:d in Figure 

I-I and e~plain h,m and why Ihey negati ,'el) aITec t data quality. 

1 . 1 . INITIAL DATA CON VERSI ON 

DJlaba<es rardy begin their lifo cmpty ~lore onen the stanin); point in their 

lifeey~le is a data comwsien frem. SOnte previously e"iling data source. And by a 

~rucl twi'l of fate. il is usually ~ r.ther '-JOlon! beginning. D~ta com·c .. icn lI.'iu.lly 

t~ kes the better ha lf of ne" system. implementation elTon and almost nc,"er gocs 

smoothly. 

When I thin~ of dota con,·ersiClI, nl)' fi rsl assoc iation is with the mass ex\;nct;e!l nf 

dinosaurs, For 150 million ),e.rs. dinosaurs ruled the earth . Then one day -

BANG - a meloor came crnshing down. Many animals died on impact. others 

"",'cr reco,'e .. d and slell'ly diS'pp"ared in the ensuing dan", •••. It tonk millions 

of years fer nora and faun. to ""COYCf. In the end. ~,c fermerly dominant 

dinosa urs were completely wiped ou t and replaced by the little furry creatureS tIm 

latcf e,·ohed 11110 mis, lemu rs. and the strange apcs "ho find nothing belter In de 

than IIrite data quality books, 
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The data com-ersioo is no different Millions of unsuspectins data clemenl!; 

quietiy do their daily I,-ork umil - BANG - data com'cr,ion comos hurling althom_ 

Much d~tu 1I0' 0' ",d.:s it w ~'O 11011 d~la~~",, _ ",all) u[ lbo lud. .. ,' U""' Ilmtalt: >u 

mnch in ".nsition lh,t thcy simply die out slowl)' in the aficflll,th /.·10,t 

comp<lnle, he wilh the consequences of bad data eon,'C"lons for )·C.'" or c'-Cn 

do:cooes. In facL some data problems Can be traced to "!;I"andrathcrs of data 

con"ersions:' j,e, conl-ersion to the system from \lhich ~le dalJ were later 

con\'erled to the s),stcln from which the data is con"erled to the new system.,. 

I stili I'i"idly remember one of my first major data con"crsion projects. I waS 0/1 a 

learn implementing a nell' pension ooministration system_ Among other things. we 

needed to CO/1,-en employee oompenS3tion data from the "'legacy" HR database_ 

The old d"w was ston:d in much dctail - by paycheck ond compensmion type_ The 

new dalabase simply nceded aggregate monthly pensionable crunil1gs, The 

mapping \l'a. trivia l - tal;e alilCcord. II ith relcI'mlt oomllCnsation \ypes (pro'ided 

;IS a lis! or ,'alid cOllcs). add up ~mounLS rOf e:leh calendar month. and place the 

result into the nell" bue~el. 

The n::sult was disastrous, Half ofthe sample records I looked at did not match the 

summa~' repo'u primed from the old system. n ,e big meeting was called for the 

l"'~t morning. and in the wee hOUr!; of the night. I h:id a plCscnce of mind tn stop 

loo~in.tl for bugs in the code ""d poke into the source dma_ The data cenainly did 

not iI<kl up to what was showing on the summa!)' n:pot1S, }et the: rcpot1s were 

produced from lhese ,-cry dnl~! This mathematical puzzlc kept me up till d.,,-n. 

By then I hoo most of it fIgured ou(, 

Hal f a do1;C" compensation codes included in the aggregate amounts were missing 

from our list. In f""l they lI'e~ el'~ll missing from the data dictionary! Ce"ain 

codes wen: used in some yenrs but ignored in other yea", Records II ith negnli,'c 

"",ounts - retroxti"e adjustments - were aggregated into the preyious month _ 

which they technicaliy I>dong,:d to , ,.ther than the monlh of lhe pal'ehcck_ 

App<lrcntJ), the old system had " tO/1 of code Ihat applied nil thcse nt les to cakulale 

proper month ly pensionablc earnings. The ncll' system \I;IS cerUlinly not 

prosramm:d 10 do so. and nobody remetn~red 10 indicate all ~\is logic in the 

mapping dotumcn\. 
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It took us eighl weeks of ._<Iensi". dal, profiling, ,nalysis, and qualil~' assessmenl 

10 complete this portion of the projc~1. "hcI\Oas one """k "'os boogcled for , We 

\\~I~ Iud.), IhuuJ;J.. ~ ' "I~", l"uLI<:", \\y. Id"lil~h ~"') lU npu.~_ 111 "'"II} 

ccnHfS;on projects, Ihe dal. is ccn,-c,lcd based on Ihe mapping ,pee;r,c,l;ons Ih~t 

arc ,idiculously out..,f-sync Wl~ ' rc,li ly, The ,.suli IS prediclablc - maSS 

e~linclion ofille dala and the projcctle,ms, 

So what is il thai makcs dala coo \'ersion so dangerous? At the he,rt of the isslK: is 

Ibe facl d.al c"ery !:J'stem is made of th, •• laycrs: dalabase. business rolos, 'lId 
user interface. As a resu lt "hal use rs set: is 001 what is aClually stored in thc 

daub"",,_ Thi, i, especially true for older "'Iegocy"' systems_ During Ihe d.u 

com'ersicn il is Ihe dat.1 Simeillre Ihal i, u,uall\, 11>0 center o f 'lIcnlicn, The dala i, 

mapped !x:tll'ccn old and new dalabases, Howe,-cr_ ,ince Ihe business rule b yers 

of the source and dcslinalioD systcms arc ,-cry' diITeren!' this approach ine\'ltably 

fails. TIle eon"~rlcd dut •. "hile t""hnicaU)' correct, is inacc\lr~tc for all practical 

purposes. 

The s<cood problem is thc typical lac l of reliable mctu dntu ~bo\lt the source 

daub""". Think . bout it how often do we find ,-.Iue codes in the d~ta that arc 

missing from Ihe mapping documell1s" The alm,-cr is : Alilhe time, But how c:m 

\l'e be lie l-c an)' meta data ,,-hen cl-en such a basic component is incorrect" YCI. 

OI-er and o"er ag,ill. data com'crsioos are made 10 the specifications built on 

incomplete, incorrect, .nd obsolete mel. data, 

To s\lmm"ri~c. the quality ()( the data after eon,'crsion is directly proportional to 

the amolln t of time spenlto "nnl~'lC and profilc the data and unco,-er the Ime dat. 

conten\. 111 ~n ideal data coo"crsion project. ~ O"/. of lime is spent 00 dat. anal)'sis 

and 20% on coding transforn"lion algor ithms 

So far I ha,-. talked .bout the dala problems introduced by Ih. cOI1l'c,-,;icn proce,s : 

howe' cr. the W<,Jree data ilsdf is ne"er perfect, Exis!ing erroncous daw tends to 

mUlate nod 'pread oul during com-ersinn like a , -ims Some bad records nrc 

dropped and not com'crlCd .1 , II, Others are changed by the Ir~l1Sronn.tio\l 

roulines_ Such changed and aggrcgotcd errors arc much more difficu lt to identify 

and correct ancr con\wsion. What is e,'en worse - the bad r""ords impact 

COIl"ersion of mall)' correct dat~ elemen!s , 

" 
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To conclude, dm~ com'crsion is the most difficult pan of ony system 

implementation, The elTOr ratc in a freshly populated new database is often an 

Uld~, uf 1l,"S',j'ud~ "OO\~ ~'"t u[ th~ uld >)'>t""J [lUll ' "hich ~,~ du ," i. ~Ull\"Jlt:~_ 

As a major SOUrCe of the data problems, data cOfwersion muSI be treated with the 

utmost respect it descrycs. 

1 . 2. SYSTEM CONSOLIDATIONS 

Database c()nsolidations an: the m(lSt common o<':currcncc in the information 

tcchno l()£)'landseapc. n",y take place re£ul:u-I), when old ~'Slems arc ph=d ()U1 

or c()mbin~'il, And. ()[ course, they always fol1()w oompany mergers and 

acquisili()ns, Dal<lbasc consolidalions afier c<ITporalc mefb'CTS arc especiall)' 

troublesome because they are usuallr unpl3llned. must be eompleled in an 

unreasonably light limefr.me. wke place in the midSI of Ihe cu lluro1 dash of IT 

dcpat1mcnlS. and nrc accompanied by inC\' ilablc loss of C~l'Crlisc when key pooplc 

te."e midway through the project 

An old man once rode his P()11tiac three miles in the ()ncoming !raflie before being 

'10pped_ He was ,-cry sUT]lriscd why Cl'crybody wa, going the wrong way Thai is 

c~oc ll)' how I recl whcn in'-ol.-ed in a dala consolidalion project 

Dala consolidation faces Ihe same challenges as ini tial dala com-crsion bUl 

magnified 10 a gre.1 C~ICn l. I have .Iready discussed why com'crsions cause da la 
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quality problems The id.a of consolidat ion adds tm. "hole new dimension of 

complc.,ity , Fil;t of niL the dal, is often merged into an e.,isting nOtH;mpty 

,b,aU""", "10",,, > IHK l ul~ ~"" t..: d"l.lIg~d lilll~ OJ, m'''~ "1,""",,,,~,. H""~ ' ~I . 

often the rlCw dat3 simply docs MI fit ! 11>C effons 10 sqUCC/C square pegs into 

round holos arc pa infu l. c" on to ~n outside ObSOTyant 

11.10 .. importantl)', the dam in the consolidaled .y.lcm. ofien ol"crlap. There a .. 

duplicates. there arc o,·"rlaps in subject populations and dau historics. 3Ild there 

are Ilwnerous data COn ni CIS. The traditional approach is to setup a \I inlier-lose' 

malri~ ind icating \\hich source data clement is picked up in CiISC of a conflict. Fo. 

inslanee, dme of birth will be ukcn from $)'Slem A if p .. sem, from Syslem B 

Olhem-ise , and from System C if it is mi ssing in ooth A and B. This rareiy works 

bc:eauso it assumes that dOt:l on System A is always correct - a I.ughablo 

assumption. To mitigate the problem. the wmncr·loscr matri~ is usually 
transfortned into a complc~ conditional hierarchy. Now wc take the date of b ir ~l 

from System A for all males oorn after 1956 in Cahromia. e.,cept if ~lat date of 

birth is JanuaIy I, 1970. in which casc we take il from Sy~tcm B. unless of CO\lISC 

~\C record on System B is m3rked a$ edited by John Doe who W3S fi red for play ing 

gamcs on the compuler "hile doing data c n~', in which case we pu ll it fmm 

Spreadsheet c.. 

At some point We winner- loser matri" i. so complcx. that nobody reall} 

ltndustands ",hal is going on. The programmcrs ars"e wit h business analysts 

about the exac\ mcanin~ of ~,c word ·u nless." :md consumption of antid cpn:ss.anls 

is on the risc, It is time to scrap the approach and start O"C' , 

! will discuss the prop.:r methodology for data consolidation in thc ne"\ chaptC1". 

For now wc just conclude that data consolidatioll is olle of the lIlain causes of data 

problems and must be treated "i~, creat fear. WalbnG a tightrope is ch ild 's play 
. . 
m compansoll. 

.. 
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1 . 3. MANUAL DATA ENTRY 

Tk.p;t~ hie" ",,(omMion. mllcl> dOl" i. (~nd "ill .,1,,")" bo>l) l~'p<'d into I"" 

dat abases by people lhroll;:h y'llious [(Inns and interfaces. The nl",<! common 

SO""". of dal~ inaccuracy is Ihall!>. pcroon manuall\' entering Ihe d~la jU~1 makes 

a mistake. To CIT. aner niL i. humml People mi,type: ~'''Y choose a wrong entry 

from ~,e li5! or enler nllhl data y~Juc into the wrong bo" I h.d , at One lime, 

participated In " data-cleansmg project where the anal,-sl.> were supJIOscd 10 

carcfullr check the oorttt iions before cnlCring Ihcm - and slill 3~~ of Ihe 
correclion, Were entered incorrectly. This WIIS in a project II-here data qualit)' was 

(he primary obje'Cli,'c! 

Common error rale in data entry is much higher. O,,,r time 1 collected my 

pcrwnol indien!;,-" dala from ,-"riou, databases l\Iy collcction indudes e isht 

difforent sl"'lIings of my first namo, along with a dozen of m\' lasl name, and four 

dates ofbinh: I wos marked.s male_ female, and c,'en the infamous 'U '_ 

(o",'OlulOO and incon,'cnicm da la cnll)" forms o llen funher complicalc the dat:l 

enls)' challenge_ The sarno applies to data cnlr)" windows and web·based 

inlerfaces. FruSlration in us ing a fonn \\'ill lead 10 exponenlial increase in Ihe 

number o f errors, Users oneil lend to find Ihe eas iesl way to compiele Ihe fonn . 

e,'en if thaI means ma king deliberale mistakes. 

A common data entry problem is hand ling missing ' ·alues. Uscrs may assisn the 

<.lme blank .-. Iue 10 ,-anous Iyp'" of missing ,-alues. When "'bbnk-' is no1 

allowed, users often el11er meaningless \'aluc substitutes_ Default ,'alue , in data 

emlY fmnts arc oflCn left un1ouched _ The firsl enls)' in any lis! box is scleeled 

more oflen Ih~n an)' other enll)' , 

Good dala enlry forms and instruclions somewhal miligale dala en lry problems. In 

an ideal fantasy world. dala el11r)" is as c"'Y 10 the uscr as possible: fields an: 

labeled and organiu:d clearl)'. dala enls) fCpelit ions are eliminaled, and data is not 

reGuired "hen it is not yet "nibble or is alrc:KIy forgouen, The reality of data 

cnt~· . howc"cr. is nOlthat TO\y (and probably won ' t be for rcars to COlne), Thus 
we m US1 accept that manual data cm~' will always remain a significant callsc of 

data problem •. 
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1 .4. BATCH FEEOS 

Rnlek rC'('d s on:: lor3e l'('e"I", dM. c~ch"nec intcrr""c. bel",,,,," <~'<lcm. T1>c e,'cr_ 

incre~si ng number of dal~OOses in Ihe corporale unin:rse Wlllmun;."!., llllough 

cOllll'lcx spiderwebs or balch reeds 

In Ihe old days. "I,en R(}Illan legions "'allied 10 sac\.: a fortified d ly. they hurled 
hean' stones at il' wnlls. d.,- ,fler d"" NO! Ill:my waH, could withstand , uch all 

as .. ult In the mooorn world , lhe d:tlaba>cs suffer the S.me unrelenting onslaught 

of balch feeds ElIC h balch carries lorge "olumcs of dala. and an~ problem in il 

causes great ba,-oc further magnified by fulure fc<:ds. The balCh feeds can be 

usually li ed to lhe ~aleSi number or data 'luah\y problems. While each 

indi"idual feed may nOI cnusc 100 man)' errors, the problen!, lend to accumu late 

from hatch to batch. And there is little opponllllity to fix the CI-cr·smwing 

back log. 

So wi", do Ihe ,,-ell_Iesled balch feod program. faher? Tho source syslem Ih.1 

originalc, Ihe batch fced is subject to frequent S1n1elural changes, updates. and 

upgrades Tcsti~ g the im pact of these change. OIl thc da~ f<.'Cd, to multiple 

indepen<icnt do\\nSlre.m dalabases is a diffieu ll and a llen iml,.. •• li •• 1 SICp. Lac k 

of regression Icsl ing and qualilY IISSIIr(lOCe ine"itably I~ads 1<) numerouS d.~1 

problems ,yith batch r<.'Cds .ny time the source system is mod ified - "hioh is all of 

the timel 

Consider a .imple e_~Jmple of J payroll feed to the employee benefl l 

administration _~· 'lcm_ Paycheck dala is oXICacled, aggregaled by pay tyP". and 
loaded into month ly bucket,_ EYer)" few mooths J ~cw pay code is added into Ihe 

p:tyro ll .~' slcm to expand ils rnnclion~lily In theory . c'-cry downslream ,,'stem 

may be impacted, and thn' each do\\'nSlrearn balch feed mnst be rc-n.ln"lcd. In 

proclicc. this task oflen slips through t.hc cracks. especially since many systems. 

such as benefit admi~istration databases, arc nl""aged by Olher dcpar~nen\S or 

e,'en outside '"endors. The records \\ ith the neW c<Xl. arri,"c at the doorsteps of~ 

do'<lination database and nre promptly dropped from consideration_ In the typical 

sce~"rio, the problem is c"uSht afier l few feedr;, By Ihen, lhou,aoos of bad 

record, were created. 

The other JlIoblcm with batch reeds IS that Ihe~" quickly spread bad dala from 

da~1base to database, Any errors that somehow find their way ;1110 the soun:e 
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')'Slem will usually now immediately through the batch [..eds like "i",.e. and can 

blend well enough with the ,",,5t of the batch data to come unnoticed and cau~e the 

The batch feeds nrc especially dangerous because newly ,rri,'ed records do not sit 

quiet ly, The incoming tTlms,etions usualiy trigger immcdi~te processing in the 

IlIrg.1 datab",.. EYe" during loading, n lsting data might be changed 10 relkcl 

new transactions, Thus morc dal:! is immediately corrupted, Addilional 

processing cnn bc triggcred. crealing more and more enOfj in an ",·.Ianche of bad 

data, For c):.mpic. erroneous empiO)'ee termination ,""cords am,ing to a benei'll 

administration system will initiat~ 3 sequence of benefit calcubtions_ The resull!; 

will be fon,-arded to the benerlt payment system, which will create more wrong 

data and IIliliate more wrong aeli"ilie •. The cost of a SIngle bad =ord can run in 

10 tho,"sands of dol13rs, It is hard 10 c,'cn "Isualile the destructi,·. power of a 

balch fced full of erlOneo"s dala, 

1.5. REAL-TIME INTERFACES 

More and more data is nchanged between the systems through real·time (or ne:lf 

rcal·ti01. ) interface,_ As soon as the dot . enters one databa5C. it \ri gge rs 
procedure. n.cessaT)- to send lransactio"s 10 oth.r downstream dalab:tS.s_ The 

ad"antage is immediate propagation of data 10 all rde"ant daI3basc~. D3ta is less 

likely to be o~ l-o f-sync . You CM close your ~' cs ~nd im~gine lhe millions oflittlc 
dala pieces ny ing from database 10 dawbase across vasl diSlances with lightning 

sp"ed, making our hes easier. You see the triumph of the infonnation agel I "", 

Wi le E. CO\'OIe in his cndlcs.~ pursuit of Ill<; Road Runner. (iQi ngt Goingt G<:tsht 

The basic problem is that data is prop.:tgated too fa&l. There is liUle time to ,"crify 

that til<; data is accurat._ At best. the Yalidity of indi" idua l mtribute. is usually 

Checked EHn if a data plOblem can be identifIed, there is often nobody at the 

other end of th. line to rcoct The Irons.clion must be eiUler accepted or rejected 
("hate,er the con5Cqucnces), If daw is rej ected. it may b.: lost forc,'er! 

Further. the dal~ comes in small packets. each taken complclely out of eontc~l, A 

packct of dat:1 in ilself may look innaten\. bUI tile data in it may be totaliy 

erroneous, I once rc"i"ed an email from a Disney World rcwrt thanking me for 
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'I~yin!\ Iher~ The le~1 w~s !:rammalio,lly perfec I and would ha,'. mad. me reel 

grC~I . c.~cepl I did nOI co 10 Disney d'al year, 

lho point is that ··fastcr"· and ·"bclld' r~rd\' go hand · in.hand. More onen q~al i ty 

;,; the price paid for faster ddill"Y, Real -time data propagOlion i. no exception - ;t 

is a liability from the data quality persp..'Ctil'e Th is docs nOi ma~c it any less 

,'a luable. Real-time il1terfrn;cs .... ' ·e million. of dollars and significJntly ,mpro,-c 

efficiency of Ihe infonn,t;on systems. But data qualit~, suITers in lite process. and 

this has to be recogni'cd. When an old batch feed is replace<.! by , ".1\" real-tim. 

inte rface. the polential coS! of data qua lity deterioration must be c,·.)uated and 

weighed a!:ainst the benefit of faster dat.l propag.tion, 

1.6. DATA PROCESSING 

Dat. processing is at the h<::art of all operational systems. It comcs in many sh~pes 

and fonns - from regular transaction. triggered by users to end-<Jf-U'c-ycar 

massin calculations and adjustments. 111 litCOt}. these arc repetiti ,·. processes thaI 

shou ld wort ··l ike n clock ."· In practice there is nOlhiaC Sleady in the world of 

computer sonw~re, BOIh prog,"ms and underlying data chan!,'e and e.-oll·o, wilh 

the result Ihal one morning Ihe l)fo,'erbial sun riscs in lite WeS!. or wor$C yet, doc~ 

nol risc at ~Il 

lbe [,rst parI of lite prob lem is Ihe change U\ lhe progr~ms respoDsible for regular 

d~ta processing. Minor changes and tweaks are as regular as nonnal usc. These 

arc olkn not acitquntely tcstcd based 011 the comm011 misconception that small 

changes cannOI hal'c much impact. or course a liny bug in the code applicd to a 

million reoords can create a million errors faster Ihan you can read this sen ten ce, 

On the flip side. the programs responsible for regul'" pr(lCessing ofien la!: behind 

changes in the data cau$Cd by nel\" collection pr(lCed ur.s The ne\\' data U\av be 
Ii"" when it enters lite dalabase. but it rna" be: different enough 10 cause r,,!:ular 

prOC<."SSing 10 produce CrronCOIIS result •. 

A more subt l~ problem is IIhen processing is accidentally done althe wrong time. 

Then the correct program may yield wroog results becausc the dal" is not in the 

state it is supposed to be. A simple c~amplc is running lite pfO!;J!lm that caleulates 



I\'~ekl\' rompen!k,tion before the nnmbers from the hoors tracking sy'tem I\'e r. 

entc1'l'd 

In the"",' . documenting the complete picture of "hat is going (}n in Ihe database 

and ho\\ ,'.ri(}u. pr<>cesscs are interrelated I\'(}u ld allow us to romplctcly mitigate 

th e problem. Indi.><:d. someone could th en anal",<l the data quality implications of 

any changes In cooe. pr<>cc,sc,. data , tn",lurc . or dllta collection procedure, and 

thus eliminate une~pcclCd data errors. In pmetice. this is an insurmountable task . 

For that ~a50n , r~gular daw pr<>cessing inside th~ database I\'ill ahl',)" be a causc 
(}f data problems. 

1.7. DATA CLEANSING 

The data quality topic has caught on m recent years, and more and more 

companies rut: attcmpting to cleans<: the data. In thc old dllJ-s. cleansing waS done 

manually and was rather safc, The nel\' methooolosics ha'-e aml'ed Ihal u!>.: 

automaled dala elcansing noles to ma~e cOITI."Cli\1ns ~n masj'(, 1hese mctltoos nrc 

\1f gre at .. alnc and I. myself. am an ardent promoter \1fthe n.Jle-<lril'en approach to 

autornmed data dea n,ing. Unfonunately, the ri,ks and complexities of automate<:! 

data clean'ing Ofe fa1'l'ly well undcfltood . 

The reader ,night ask III SU'l'rise, "How come that data cleanSlIlg that Stri"" to 

COTTeet data errorS may instead crcate new oncs'r lho"" who. likc me, in thelr 

collcge year, mised "hitc& and c(}lors in the IJundt) machine will knot\' holl' 

hope lessly "din~'" the wh ite shilts becomc ancr such cleansing. And 00. despi te 

the noble goal of higher data qualit)'. data cleansing onen crcatc:s more data 

problo"" than it corrects. This situ.tion i, further complicated by the 

c(}IIlploccncy that cCOllmonly SC15 in a ficr the cleansing pf()ject is "completed," 
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OM. cleansing is dangerous mainly bccaus<: dala quality problems ;)((; usualiy 

complc_~ and interrelated . Fi~ins onc problem rna)' create mnny others in the same 

or mho. re lated dOl" clements. For instance, cmpkJ)'menl histOlY is lightl), linked 

with position history. pay rale history. and ",all), other employment data .ll,ibmc._ 

Making correc tions 10 anyone of these data calegorics will make the dat:l 

incoos;.tcnt wilh all other catego,;cs. 

r also mn51 menlion that aulomalcd data cleansing algorithms are implemented by 

computer progJams. which w>ll inevitably "0\'0 bugs . Dugs in Ihese: algorithms an: 

, 'c1)' dangerous bc<:aus<: the)' onen impact thousands of records. 

Another problem is !hal data qualil!' specificat ions oilen do not reflecl actual daln 

requl~ments, As a resu lk data may be brought in compliance with oome 

theoretical model but rcmai" incorrc<:l for actual usc . For eX3ml)le, in one of my 

e:ll'ly pmjC'Cts the client - 3 large corporouon with 3 history of 3cquisitions -

requested to cleanse em ployment histo,,, on their HR system, One of the major 

problems W3S missing or incorrect origin.1 hire date for many employees, used 10 

calculatc amount of retirement pension bener,ts . J had access 10 scyernl"lcllaey" 

d"t~ sourees and " as able to de,' isc" scries o f algoritlll"5 to COtrCCt the problem 

for o,'cr 15.000 employees. UnforlunMely. man)' of the employees ,,'ere 110t .. 
Jrhob rr liz \1 



origiMlly hired by my client but came through num.rous acqui,itions The 

!",nsion calculations pcrfomlod by the HK s)'stem wore not supposed 10 uSC the 

I""ioo uf ~JIII'I"'"I~1 1 "ilh IIr~ ",,~ui,"<.1 WUl~".Ili"~ ~liul lu tk a"~Ui,jliull_ 

Therefore, "hal tire syslem rcally exptttcd in the original hire dale field for the 

employees from acquired units waS the acquisiticm date, lioweycr, lire dam quahty 

sJ>Ccificalions I was si,-cn did not rel1cct th,t, As a resu lt. many cotrCctions were 

wrong. SillCC I had a complcte audit uail of all dala changes. it "as not too 

diflku lt to r. .~ the problem. Many data cleansing projects do not ha'e the happ)' 

ending. and newly created errors linger for years 

To summarize_ dala cleansing i. a double.edged sword that can bun Drore ~"Ul 

help if not used ca",fully I will discuss the pro!",r methodology for data cleansing 

in the nexl chapler 

1 . 8 . DATA PURGING 

Old dala is routinely purged from systems to mnke wa) for more data. This is 

normal whell a retention limil is satisfied and old dalll no lonser necessary_ 

Howe"cr. dal~ purging is highly risky for data quality 

When data is purged. the,e is always a risk Ihat some rele,,"nt data is purged by 

accident nrc purging progTOm may simply fail. More likely. the data structure 

may haye changed since Ihc la,1 purging due to a ~'stcm upgrade _ dalll cOll'-crsiOll_ 

or ~ny of thc other discu>scd abol"e proce&!>Cs, So nOn the pu!);ing mar 

acddentall)' impact lhe wrong dMa. More d.lI, I.hM in tended ~an be purged. Or 
altcmati" cly less data than intended might be purged. "hich is equall~ bad since il 

le,\,es incomplete fecQId. in the dalabase 

Another faclor that complicates things is the pn:5I:nce of erroneous dala in !.he 

dotaba.se_ The errQl1COllS data may accidentally fil the purging criteria and gel 

remo,'cd when il should be left alone. or "ice ,-crsa For ",<amplc. if the HI!. 

system is setup to purge data for all em ployees that Were terminated 0\"" fiw 
ye..-s aSo. lhcn it ,,·ill W'pe 0111 records for SOme employee. ,,·ith incorrectly 

entered tcrminatiOtl dates, 

Since purging often equals destruelion. it hns to be c.~erciscd with great care. The 
fact that il wo.ted reasonably wcll last year docs nOl; .guarantce thaI it will \\'or~ 

" 



again Ihi~ yeo. , Oal' i~ 100 \'olalile 3 ,0ml'O"nd 10 bt: Cooled around lI'ilh. Thi~ 

requires marc iophistk~lCd design of Ihe purging programs Ih3n is often used for 

,u~h" l.Ji,j~ll~dlllj~ul lU'I.._ AfI<:, "IL il '"~1II' 4uil~ ~a., '" ju.1 IIil"" ,,"I a r~" 

millions of records. So we li\'e with Ihe dala qualit), cons.:qllcnces of data pu'ging 

in almost ncr)' database . 

1 . 9. CHANGES NOT CAPTURED 

Data ca" bt:comc obsolele (and Il,us i",,,,rc'l) simply bc<;aus.: ~\e objecl it 

dcs.:ribt:s has changed_ If a catcrpillar has lumed into a butlc.ny but is slill listed 

as a caterpillar on the f,,,,h's menu, the bird is in her ,;gh' to complain aboul pool 

dala qualit)' . 

\JA;+~r, I orJ,<2 ... f.J.. 
" c.~..o\- <2 "'f';I! ... ( .1 

This situation is , '0",' commoopl",o in hum"" affairs. too. and ine"iwbly leoos 10 

groou.1 data decay_ The dala is only accura'e if il 'ml)" represents real world 

objeds_ Howe,-cr. this assumes perfccI data collcction processes_ In reality. 

objec t changes rcgul:u-Iy go unnoticed to eomputc~, Pcople mOle. gcl married. 

and c, 'cn die "ithoul f'lling out all ncec.sa",· form. to record these c,'elllS in each 

s~'Slcm where their data is SIOred. Thi. is actuall), why. in prac tice . data about 

'" 
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""me p"rSOll may be to!~lly diITerent aero" sys tems. causmg I'-,;n during 

con&Olidntion 

In this ~ge of numerous intc. f3ces across sySlCms. "C rely largely on the foct that a 

change made in one pJ:.ce will migrate to all other places. Thi. ob,; oush· d"". n01 

3lwa} s happen. As a resu lt, changes are not propagated to ali concerned databases 

and data decay •. For instance. mterfoces often 'gnore Tetroactiy" data correc tions. 

Altcrn3li,cly. IT personnel rna)' make changes using a backdoor update qucry. 

II hicb. of course, does not tri&~r an) transact ions to the do" " stream systems. 

Whether the cauSC is a fault)' daw collection procedure or a defectil"e data 

inte' foce. thc situation of data gctting out of sync I\" ith reality is rather oommo" . 

This is an example of data dec:!y inel"itably leadins to detcriorntion of the d:!u 

qual ity 

1 . 10. SYSTEM UPGRADES 

Most commercial systems gCI upgraded ~'·cl)' fel\" years. Homegrown &o fill"arc is 

oftcn upgraded sc 'craltime! a yciU". While Ilpgrades arc nOl neon\" as i'll"nsi'·e 

and pa inful as sySlem com·cr. ions and consolidalions. thc," still often somehow 

introduce d~ta prob lems How c~n a well testc<l, beltOr , ·ersion no!:"i,.. ly impact 

data quality? 

The culprit here is th~ , ssum ption th,t the data complies Wi~, what i$ thoorotico lly 

c~pcclcd of it. In procticc. aetua! dala is oftcn far different from what is described 

in data models and dictionaries. Dal, fields are used for 'Hong purpo..:s. and 

some data is miss in!: while other was massaged into a fonn acceptable to the prior 

,·orsion. Yet more data just c~ ists hannlcssl ~· as an artifact of past generations but 

<lIould not be tOllChc<l. 

Upgr><les expose all the .. problem, MOle often than not. thc~· are de'ignc<l for 

.nd teSled ag,inst "hat d>la is CXl"'cled to Ix:. nOI "hat it really is Once lhe 

upgrooes arc implemented. eYCI)·thing gocs haywire. Prople lose their hair trying 

to figure out why the "~ · stcm wmicd in the past. and the new ,ersion did 

beautifully <II the testing em·iroilluent, yet all of the sudden it breaks On e,·cl)' step. 

System upgrooes usnaliy ,mpoel dal~ quality through the described abo,·c pr""." 

of data dec:ty . HoweYer. Ihey onen require real restructuring and mass upd ates of 



th. e~isting dalO Such cb""ges conpled ",ith lac~ of reliable meta data lead to 

huge quantities of data errors. 

1.11. NEW DATA USES 

Remember th.1 dal" qua lily is defined as "filness 10 Ihe purpose of use, . The data 

may be good enough for OI'\C purposc bul inadequate for another, Therefore. new 

dala uses oll.n bring abou l changes in peree;"ed I.,·e! of data quality c"en though 

underlying data is th. same. For instance, HR systems may not care 100 m"",h to 

diffe rentiate medical ""d personal len,'. of absence - a medical Icn,'o cooed"" " 

personal lone is not:lll error for mOSI HR purposes , Bul Start using it to dotcrrnine 

eligib ilily for employee benefils. and such minule delm Is become ,mpor1ant Now 

a medicalic.,-c enlered as a personallca,-c is plain wrong. 

The new USeS may also pul greatcr prcminm on data .ccurxy OHm wilhout 

changing Ihe ddinilion of quality. Thus. a 15% crror rale in customer addresses 

may be perfeclly nne fIJI" tclemrukcting PU!llOSCS. bul t.ry to sU"'i'-e with that man) 

inaccurate addresses for billins! 

Bes;des uccurao::y. other aspeclS of datu quality mal' differ for ,-arious uscs, V.luc 

granu larity. or data r~te ntion policy. m,,' be inadequate for the new use For 

e""mple. employee compe",;al;on data retained for three year. ;s adequale for 

p.1}"ro ll adminislration but c""not be used to "nal~'le compensation trend •. 

1 . 12 . Loss OF E XPERTISE 

Oil almOSI c"c~' data quolil\' project I wor ked. the re is Dick or June or Nancy 

whose data e.'per1i •• is unparalle led. Die~ was with the dep:mmcnt for the lost 35 

years and is the only person who really understands why for SOme employ •• s da te 

of hi re is stored ;n the date of bi r~, field. while for o~,crs it must be adjusted by 

e"ac tl~' 17 days , Jane slill remembers limes when she did caiculations by hand and 

en lered Ihe r.::sults into the syslem Ihm WaS shill down in 1985, c,'cn though she 

still sometimes ncccsscs the old data when in doubt, When Nancy dc.:idcd 10 

retire, she wa< offered hourly work from home at double her salary Those arc true 

stories, 



I.luoh d~ta in dat~Mse' ha, a long history. It might h,,'e rome fmm old "Iegacy" 

S),Sle,ns or hne been ohllllgcd se\'crallim.s in the past I1te usage of d~ta f,dd~ 

"ml I "Ino COO"' dmug", mo, lilllo. T~" '''1110 1.ln" ill ~'O '''HlO (jd~ II ill,IlOilll 

totally dilT.",nl Ihing in dilTerent recolds. Knowledge of these facts allows 

c.xJlCrts 10 use the dolo plOJlCIly. WidlOUI thi. knowledge. tho data may be used 

lit.crally and with sad consequences. 

The S:Ullt is true aboul dala qua lily , Dal:l uscn in the trenches usually know Sood 

data frOIl! bad lind can slill use il efficienl ly. They know where 10 look ~nd "hal 

10 check. Withoutlhcsc • . 'JlCrts. incomct data qualil\' assum ptions are onen made 

:md poor data q""lin' become •• "fIO,ed. 

Unfortunatel" much of the data know ledse exi't. in people', minds "tber than 

meta data documenls. As the .. JlCople mOl'o on, retire , or simply forgclthings. the 

data is no longer used properly How do wc ..,h 'c this problom" Besides ereclins 

monumen!s honoring Dick, Jane. and N:mcy, what we need is ohiously a well· 

designed and mainillincd meta data reposilOry and dllia qua li t)' mela dala 

w~rt~ouscs, ntis is a great drtant to ~a,·t. ~nd mnylx: wit~ luck, ..,mt d~y. our 

names wiUlx: clched on the monumcnts 100. In the mC~n1ime. \\t must de~ 1 \\'lIh 

~\O consequences of lost eXJlCrtise in the form of dat~ decay 

1 . 13. PROCESS AUTOMATION 

Wilh the progress of informal;On lechnology. more and more lasks are aUlOmatcd . 

It ,tnrlS from fcpl:.;emenl of dat,1 enlry fonm with sy,tcm intcrf~c<:s ~l1d estond. 

10 e,"Cr)' la)'er of our li fe. Computer prosrams process and ship orders. ealculale 

insur~nce premiums. and e,'en ",nd <pam - all with no need for hum~n 

inlcf\ enlion. Where in the past a pai' (or .. ,eral pairs) of nlllmm eyes "jlh the 

full flOwer of trained inlclkct proJected the unsuspecting cUBtomcfS. now we nrc 

fully C~fIOsed 10 acomputerS abil ily to do things wrong and not e,'en feel sony 

A human wo~ld aUlomatically , '.lidale the dala lx:fon: using it. Computer 

programs l:I~c the d~ta li lernlly and cannot ",ake a proper )udgmelll about the 

likel ihood of it been correct Some ,alidation screens ma, lx: implemented in the 

aUlomated pr<xe$'.~. but Ihcse will often fail to see all data pecuIi3rilie~. or an: 
turned orr in the interest of pcrfortuance, As J /Ciull. automalion causes da ta 

dec"," 
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A"OIh~r as"""t of technology develop,nent is greater data e~po$ure to broader 

group of ~scrs F{)f in~t''''ce , Ol'er Ihe I~~t 15 yea,s it Ims become pos~iblc to 

I"'bli,h H R ~"t" e", "lHptUH" """""" ,ia , "icc '"'1"""" ,)- 'U:IU' d",J laic, illh"""L 
Ernplo)'ecs Can check their eligibility for bcnclits. ,·ariou. cducatio,,"1 progr~ms , 

and quer), other informatioo. All of the .udden erroneous Il R data became 

e~poscd, causing floods of employee complaints. The dat:l did not change. but ilS 

perceil'ed qual it)' rlctcriorated . 

SUMMAR Y 

We hJ\'e discussed ".nous processe, th.l .ffe'!:t d"h quality . In some cases, bad 

daw comes from OUL'iidc of the dntabasc through dnta cOnI enlOn., rnanllal cntry, 

or '-arious data integration interfaces, In otllcr cases. data deteriorate as a rIlsuJ\ of 

internal s),stem procossinll' Vet in man)' situ,tions, data qualit) tnay decline 

lI'ilhout auy chauges m"de to t.IlC datn ilSClf - the process We rdcrrcd 10 lIS data 

decay_ E""h of tllesc problems must be adojn,sscd if lI'e ore to =umo the dat:l 

quality management re'ponsibilill'_ The next chapter \\';11 discuss hoI\' it can be 

done through. comprchcnsi,-c data qu,lity program 

!l 



CHAPTER 2 
DATA QUALITY PROGRAM 

OVERVIEW 

Data 'IIIDh\)' program is a colle<: \ion of initi at;"cs with Ihc common objcc\i"c of 

maximi,.ing ,loU! qua lity and minimi1.ing negat;,·c impact of ~lC boo data. It is 

made up of sc\'e",1 components as shown in Figure 2· 1, 
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The first step is \0 IISSCSS the magnitude of the problem II is accomplished 

~trough a process called data qllalil), al!;essmcn\. The objecli,'. of Ih. dala quality 

assessment is to identify dala errors and meaSure their impact on \'anolls business 

proc=s. Once assessment is complete \\'e can decide what \0 do about data 
quality Firsl of all. we may want to impro,-c the data q,mlil), Ic,cl of existing 

dala This noble milialiw is ochic,-ed lhrough ~ process c~lIcd data cleansing. 

The objccti,-c of data cleansing is \(> COffeet as many existing errors as practically 

feasible nnd U1US to tum the bad data into useable and u\\st\\'onhy data. Keep in 



mind Ih~1 100"1. dal~ qualily is nOi rc alist ic. and SO th~ objec li, '~ of daL:l cleansing 

i.\ ne,'er SCI al Ihe ,bsolule. Rather. it;s defined as the qualit" lewl lha! pro,·idc.\ 

uvtilllall <lUlU Oil i",~>lJlI"JlI """ ILII" d"au,ill& 

Once we achie,'c a (eruin acceptable leYel of dab qu , lity. the next . tep is 10 

rnaint.in the slatus quo by pre,enting new mors from being inlroduced into the 

dJta This pro,'cs 10 be cxlremely difficu lt. aclllall)' far more difficult Ihan 

identifying and correcting ."isting problems. The tll'O pre"enti" e measures thM 

prO"ide the biggest i mmedi"t~ relurn on imcslnlen( "rC monitoring data 

integration inlerfaces ,nd ensuring qua lity during data con"ersion and 

consolidation_ These U1eDsurcs address the two most common '''temal sources of 

dat, problems_ Also. using the findings of the d:ll~ qualily ",sessmenl by ilself 

he lps p,evem data quality from delcrior~lion in more wa~'s than onc_ For exam pic. 

il helps impro'-e data col lection procedures and seriously limils polential data 

decay . 

While II'C might altempt to ide"li!)' ami correCI mOSI data errors. as II'eli as Iry 10 

"",,-cn t others from entering the datubase. the data qual ity will neYer be perfCl:t. 

PerfCl:tion is pr;lctically unattainable in dnta quality as 'rith the qunlity of most 

other products_ In !ruth. il is ,1,0 unnec~«ary ,ince at some point imprO\-in~ da", 

quality becomes more c-xpensi,'e illarl leaying it alone. The more efficient our daL:l. 

quality program. the higher lewl of quality we will .chine. but ""wr will il reach 

I!)(w. , Howe,'cr. accepting imrcrfcction is not the SamC as ignoring it. 

Knowledge of the dalil limitations and imperfection. c.n help use the data WIsely 

and thus sal'C time .tld money. The challenge, of course. is maJ.:ing this 

knOll ledge o<!:"ni,ed and easily accessible 10 the target user,_ The solulion is a 

comprellen,i,'C inlegrated data qual ity meta data warehouse 

Finall". oncc wc ha"e gone Ihrough all of tltC abo,-" stcps, there rcmains jusl one 

more impon:urt aspect of a comprehensi,.. data quality program - ongoing 

mOllitoring. Without monitoring e,-en thc best Inc,'enti,'. meaSureS might 

"'cn tually begin to fail. We lila)' not noliec dma qualily dctcno .. uion unlil il;" too 

late , Also. e,-cn more perreet ,"ensures will oot completely eliminate new data 

problems. To monitor data quality, lI'e Illust perform data qual it~' assessment 

recumntly, compare the results. and obscn'c the dynamics. The n:sults can thell 

be u,ed to pe rfonn more data cleansing. imprm'e preventive measures. and 

sh,,,,,,n our understanding of dala imperfe<:liOlls Thus we ha,-e come full circle 



In Ih is chapl~r we will oUlline "~rious componenls of, wmprche",i\"O d ~l.1 qu~li ly 

program and discuss Iheir role in dow qualily management. The rCSI of this ix>ok 

"ill I..: d~di~"I~d 10 dill " ~unlil~ ' n'-"'.>Jlloul TI", "lh~1 ~OIllI""'~IIl> "ill I..: 

presented in fUlU,e I"olumes o f Ihis book series. 

2 . 1 . DATA QU A LIT Y A SS ESS MENT 

The obj<:cli,.. of dala quality assessment is to identify erroneous data elements and 

cSlimate their impact on "~r;ous dala.dri,·en b~incss processes. In an ideal world. 

it wou ld be possible to detcnnine wbether or nOi e:reh dat, clement in the database 

is OOrre<;1 aad. if incorrect. \\ here il came frum and what had caused the cnur. Had 

we accomplished th.t. we could IIndc,slond Ihe """rec of cach and c,'cry da l. 

problem. Then (again in theory) we cou ld correct Ihe exisling CTTOrS an d make 

sure llial fUlure problems arc prevenled, 

In practice Ihi. pro"cs an insunnoonlable challenge. Indcrd. Ihe only way to be 

sure that a piece of data is eorreei is 10 com pall: it wi lh some 'lmsted-' souree. thai 

is. . source which is eo,"",c! IOO~. of the time_ Such wuree mal' nol alw')'$ e";st 

or a! Icas1 may nOi be readil)" ,,·ail.ble_ For example, imagine we want 10,.,l idat<: 

the dale of binh for all 1.000 employ""", o f a mid-size corpo ... tion To ,-erify 

w meonc', date of binh \\'e coul d usc a birth certificate if ~ copy was ,,-oi I.ble in 

Ihe employee file, BUI ",hal if we do not ha'c one? Then we would hal'c 10 

eonl.-let Ih~t perwn, The process of Ctlnillcling ",'leh of 1.000 employees is quite 

lengthy, 

AnOllier dIm ension of complexit) is .-uldcd " he n "e denl with historical dala. Sa)' 

lI'e Ranled to n li,btc the employment hi'lory for each employee It would 

incl ude original dale of hire. '") lem es of absence. resignalions. and rehi'e .,·enl,_ 

Employee papor fi les arc ofien kepi bUl may nol al",oJ's be complete and accuralc_ 

Conl:ICl;ng emplo)'ees may nOI help either, as Ih., may nol remember all Ihes;:: 

del,ils Or be: unwill ing to pro"ide the Infonn"tion. 

The I>oItom hne is that Ihc !ruSled souree is oflen not ca.ily a.'ail.ble_ Another 

problcm is lhe lime conS lminl on dala quality asscssment. Consider a rclali,-cly 

small HR database for 1,000 emplo)'ees , It rna)' rontain aboU1 I mi llion indi"idual 

dat~ piece,. a rather smal l si~" in today', lI'orlJ of gig~~' lCs and lCrab>·te,_ 

Imasinc funhc, that wc ha\'c acce", to a trusted ,ource of each dala clemenl (sa)' n 

,. 



paper file). and we wanl 10 "alidale ~:tCh one manually ASSlIming 1h:l1 a da la 

expc" can nlidatc one u at~ clement in 15 seconds. we come up with 15 million 

""cum!> '~4 ui,"d lu du II<" joo. Ih~ "4ui, uicul uf .buuI I" u ~~.,u,,·}· "iU~ u f full · 

time work, A",I frank ly. Ihis oSlim"le is ralher conser,."li,.. 

TI,;s appwach is ",ucasonabl), e.xpcnsi,e and tolally impraclical for larger 

dJ~lbascs. Bill eyen for rcl<lli,'ely small onc._ it makes little sense because mo.l 

databases chaJIge o,-cr lime. hen assuming that,,"e arc willing to dedicate money 

and a year of\\"oli.: by tll'O data cxperts to manuall y "alidate the data. by the time 

they were done a '"Car later. thc data 1I'0uid h",·c changed bv at Icast 1;-20"/0 , 

Thus lI'e would be chasing our tails and eont inuousl)' spend ing more time and 

money. 

Desp ile the ohiou. flaws in th i. appwach. 1 hal'e seen it emplO) ed in practice on 

many occaSlons_ One of Ihe rompames I conslI lted had a team of 38 people 

(including t,,-o project managers. nine managers. and 27 data analysIS) working 

da} and night to ,a lidnte data in their HR database , Aner ni ne mon ths, the)' wcre 

abont 12% done. "hieh w(lS prob.1bly why I was brou~ht into the picture. 

And so tlle inc"itablc conc lusion is thai outsidc of the ,'cry small d~t..lb~scs. tOllll 

manua l data "a!idat;on is impr;1Clical. Thcn how do we assess daw quality'! 

Sampli ng approaches were suggested. mostly d",,, ing on the e~pcrie nce of quali ty 

managemcnt in other indusuies Indeed. measuring qual ity of most mas.<;­

production producls (e_g_ automobiles) relics on , comprehensi,'c im-esligation of 

sample products. You takc random sample of "utomobiles cominS 01T proouction 

line and Stud)' them to find any defect •. You also collect information aboul Cor 

breakdowns fwm rejXt;r shops, Based on Ihc results. )'OU Can CXlrnpo late tlle 

Ql-erall quality of all produced aUlomobi les 

This is not bad, We could "alidale Ihe data for a random •• mple of 100 employees 

in" mere Ihree ",wtlls. "nd thenu)' to drow conclu.sions about tllc entire database 

ba",d on dlc fi ndi nss This scales the problem down" bit. but the solution 

rem.ins impractical for larger databases or On nn enterprise -wide scale We 

"",ply ha,'e way too much uata' The endl"", gigaby\cs are incomprehensible -

lIle numbe r ofpi.:.:cs of data in usc by an ",'c rage company dwarfS the "olnmc of 

"lOy Odie' re.wuree . Besides, data i. heterogenCQUS. and so it takes a larger sa'nfllc 

10 reprcsent all different clements and situations, Our ta~ can be compared to un 

" 
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atlempt to "".ck the health of e,'ery nower and e".ry bl:lde of !:ras5 on Eonh by 

sending n few bolanillS to ch......,k out a few planl~ here and !here_ No sample i~ 

.lUall o"uugh Lu Ix: luul..od .1 iu u J~">UII"(,lo illUUUlIl uf limo _ }'~' ul"" lillg" ""uugh 

10 pro,' ide cumprchensi,-. conclusions .bontlhc o,'cmll S~tlC uf arr.i rs 

Without" belter way , the data qualil)' profession woold ne,-er OOme 10 e~isl. 

Luckily there: i. a belter way . Modem dat.b= h"yc j\l'0 important 
• hmlcterist;., that distinguish data from all other produc ts. First. thc) allon the 

data to be accessed and processed with dr;unMic s~ds, Secondly, myri ads of 

data clements stored in them .re tied b)' equally hu ge numbers of data 

relationships_ The cornbinntion of these two factors allows ".lidalins the data en 

masu by compUler Th i, is far mOre efficient than do ing it manually one dalo 

element at a time 

The main tool of " data quality asses,ment profc'i5iorml i, " dala quality rule - a 

constT:1 im Ihal ".Iidate, a dala clement or a rcblionship hetween ",,-ernl data 

clemenlS and can be implemenled in a CompUler progranl . Of course . I lise Ihe 

term dala rel ali onship here: in the broadest sense - ra nging fronl si mple enti ly 

relationships found in dalU modc1$ to comple~ business rule dependenCIes 11-.:: 

.olut ion rolies on the design and implementation of hundreds and thousands of 
such data quality rule., and ~Icn using thcm to identify all data inconsistencie , _ 

/l.liroculously. a well-designed and fmc-tuned collection of rules will identiC}' 0 

majority of datn errors in a fraclion of lime compared" ilh manll ~l "alid~lion . In 

fOCI,;1 n,,-cr wk., mon: than a fe\\' monlh, 10 deSIgn "nd inlplemenl the ruleS"nd 

produce comll«'hcnsi'-e crror reports, Whal is c"en beller. the same selUP can be 

reu~d O\'er and o,'cr .g';'l to reassess data qualily p"riodic.llv with minim.l 

effort 

Using data qualil)' rules brings compreh.ns;"c dala quality osse'i5mcnl from 
fantasy wOJld to reali ty_ Howe,'eL it i. In- no means si mple_ and it takes a skiJJful 

s~ippcr to navis ate through Ihe powerful curre nlS and maelstroms along the ",a)'_ 

Consideri ng the '-olumc ond struclural complexit), of 0 tYPICal datob<l9:. de, igmng 
a comprehe"S;,'e SN of da ta qual il)' rules is a daunling lask, The numher of rules 

"ill often reach hund reds or c\'en thousands, \"llen .orne rules are missing. Ille 
n:sull5 of Ihe data qualil)' assessmenl can be complelcly jeojXIrdiw.!, Thus the 

first chaUenge is to desisa all ru les "nd male sure that the\' indeed idcmifv all OJ 

most crl'OTS 
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It i~ also ,'cl)' h"d to design p"rfec t data quali ty ru].,s, The ones I\'e come up I\'ith 

I\'ill ofkn fail to spot some erroncous n::co,ds;md false ly ",",''usc ollie.", The)' may 

JJUl toll ,uu "hid, uutn O"'''lI:lIt i, OIlU"OUU> 0'011 "ho" tho OIlU' i. iUOlllif,ou_ 

They may identify the Same error in mm,y different ,,-a),s, Error ",pons produced 

by such rules tend to sufTer from the same m<ll<ld)' .s the data it,,1 f - poor quality. 

This imperfection. if not understood and contmlkd. will o,'crrun and doom any 

data (]uality aSS¢SSffient efTort, Minimi/jng the imperfection in the data quality 

rules and ;\Ceountin!: for it in the assessment n::sults is the second challenge , 

OMa qua]it\" rules prodoce endless n::pons of data errors. Each error applies to OfX' 

or scvernl data dC",ent< from one or se,'erollables , MakinS any sense oUI of the 

error reports is O\'cm'helming_ The sight of a SOn_page primolll or e,-en o f an 

electronic listi ng wilh 20,000 lines of error messages will make mosl data qual ity 

profcssioll:lls du<:k for cO'-er. And the error n::pons an:: just the ti p of the iceberg . 

OMa quality assc>stnent uses and creates man~' othtr types of meta da ta, such as 

data moods. dat.l catalogues. dat~ profiles. ntle definition5. and nggn::gatc qual it) 

metrics, Orsani7ins all of these metu dOl. in a mllllaseabic dmil quality mcta daW 

II >rchoose wilh a buih_in dimension,l dat~ quality seorocard is the Ihird challenge 

In Ihis book r I\'ill ~ddress these mId other challenges of dala qualit)" asse>sme nl 

;md , hoI\' hoI\' it can be successfully performed in practicc_ h is not b)' occident 

that J chose to st,n Ihis book series wilh this topic_ Oala qual it)" assessmelll is the 

cornerstone of My data ,!uality progmln. Belo\\' is a shon list of main applications 

ordat. quality :tsSCSSnlcnt ... uhs. 

• It holps 10 describe Ihe stale of Ihe data, understand how well it support.<; 

nuious proccsses. and eSlimate the cost of data problems to the business. 

• It help. 10 plan ""d pnoritize dal. deansi ng initiali,'es and e,"aluate the 

potential ROI of dam cleansing. It also pro, ides immediate inpulto data 

cleansing in the form nfthe CITors thaI must be corrected , 

• It yeatl)' simplifies data eo""c"ion and consolidation by pro" iding 

in founat ion about the dala quality in the source ~·ste",. i""alu,ble in the 

design of the largct database and data transformmion and consolidation 

algori~tms_ 



• It helps 10 undersland SO,,«'C'S of c."iSling dUla problems and innSligal<: 

wRyS of i"'I"O"ing dMU colieClion processes. 

• It helps 10 understand implicalions of Ihe dala qualily on newly planned 

dat. uses atld dal.·dri,en processes before Ihey arc pul in place. This 

reduces the number of Wlwcloome SU'Pri"", when the new proccS'iCS fail 

or al leasl do nol ""rCorm as c~p;:cled. 

• It assists in tostin g system upgrodos :md mass updates since test cases 

can be selecled .mong rccords wilh crrOlli, This helps understand hOI\" 

well thc changes 'HII work with realtmp;:rfccl dati. 

A Iso. recurrent asseSSment allows us 10 monilor ongo",!; data qualn)'. identiCy new 

problems Ihal munage 10 find the \\ay inlO Ihe dalabases. obser\'e and manage dala 

dec<')·. As you call s.:c. Ihe inlporwrlCe oC daw quality as,eSSI\lenl is hard 10 

o,'erslalc, 

2.2. DATA CLEANSING 

11 ba. bee" widd)' "cccpled th.l mOSt d.t1lbascs arc: ridd led with crrocs D.'a 

cleansin!; IS the proccs. of correc li ng lhe crTo<\cous dala ckmcnts, Unfortunately. 

II hile data e'rors are splead throughoul all parts of dalabases. ~tc dala cleansin;: 

efforts in pnlCliec 010511) focu s on cuSlon,", dMa Slandardi'Allion. de-<\upliealion. 

and m~tchins- ClcJl1sing the rCSI of the dalU is relesalCd 10 manual work 

The "'nnual dala deansing wo"' is rarely eompleled. as il usuall\' lakes crea1 

len;:th. of time, and lhe projects run alit of pali.nee hefolC any measurable succc", 

can be show n, The problem is similar 10 lhat of manunl data quality assessment. 

E,'en thou£h the yolumo of wo"' is far small cr (we arc only cooccntmlin!; on the 

errOneous data clemenl, found Ihrough assessmenl) . i1 also requires more ski ll and 

lime. Indeed. ooly a hil;lhly compelen t daln e~pert c,perienecd willt the specific 

data Can be trusled 10 make maSS dala oom:<:uons. Such e~perts arc rare and 

n.ually already OI'er loaded in .,·el)' organi'Alliou. As a resull. dala deansing gets 

,1relched o,'cr \'1m' long p;:riods of lime. 

TItC good nell, is Ihal a betler Solulion exists. h relic, on lite fae1 Ihal most dala 

errors are not arbitrary but arc caused by .ome systematic processe •. ,uch :IS 

miSlakes in data inlerfaces or nawed dala C<lllcclion proce;Jurcs, If many errors 



were introduced by Ih~ same process, Ihen thc~ "ill follol\' a pau~rn_ W;lh some 

effort and anal"t;cal DCumen, dli s patlern cnn be d;stolercd, undcrst<xxt and then 

",",,<I 10 !!IA~ ~"" ~-.: I j"", 1".lJ , jJJlil.J ~Jl"'~~' " ,jJJ);I~ oJaw""l~a",in); ill);oJ j~uJJ_ 

Th is i d~a is It.:: cornerslone of Ihe ruk..!ri,-. n approach 10 data cicansing, I h,,'c 

,uccessfully applied it m pl1lCtiec on numcrou, O<ea,lOns It allowed me 10 

complete data dcansing projects in mon ths rather than years and with "C') limil.C<l 

resources, 

I muSI admit, houe"er, that tlte approach is "el)' chalk"ging in practice. and il 

1001; me some years to full \' undemand the origin of its dilTieultics and ways to 

o,-creom. Ihem_ In facL lQOl.:ing back on some of m)' carll' projects, 1 IlIll ollen 

pualcd hoI\' Ilocky I was 10 succeed in SOme of those data cleansing proje<:ls 

despite the long odds, I did notl.:now when: the hidden underwater cum:nts were. 

:md there waS 110 place to look for ad,-ice. 

Probably the greatest challenge of rule-dri,en dal:l deansing i, that dal. qual ity 

rules arc intcrdqlCndent. Com:ction 10 a data demenl failing one rule rna) ollen 

resuli in ,-iol'l;OI1 of olher rules, Fai", re to n:co~nil';C I~is jeopardi,,", Ihe d~ta 

cleansins process. potcmiall)' introducins many ne ... errors ... hile attempting to Ih 

~Ie ones thai w~re originally found 

To be done rigbt dala deansing mUSI start ... ilh <omprehensi,'e dal, quali ly 

assessment Such a~ssment mu~t be rerun regularly during data cleansing (.00 

aller i! i. eompleloo) 10 identify new dot, problems and ultimate],' ensure thatlhe 

data quali!)' was im[lro,'ed. 

Also, il is absolutely critical 10 ha l'e an automated mechanism lracking thc 

hierarchy of lhc dMn qualily rules and their dcp.:ndcncics, This hierarch), could be 

used 10 track the implications of app lyins any cerreeli,'e algorilhm 10 the data, We 

would U5O' il to proac; li,'ely scicci only Ihe record, Ihm n",d and 're allowed to be 

proe<:sscd b,' each data correction ruk and e~ccute all ruk. in Ihe prop.:r o.der, 

Once a data ehanse is mooe. the hier:trch,- could be limher u5O'd 10 rcenluale all 

dat, qualit)' ",los ~m mighl be impacled by Ihe correct ion, 

Anolncr major challenge is Ihal aUlomOied dalll deansing relies On compuler 

programs to make corrections en man e Therefore, thcre is alwa)'s risk to miss 

some e~ceptions in t~c 10Sic or simply to han: bugs in Ihe computer code , 

Dcbo.lgging the pro!;r"",s tal es much time ,lid resourees, Soflware dOl'e!op",ent 

,. 
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induSlry has long ago r~cogni/.M this probl.m and rodd,."es il Ihrough various 

QUality assurallce t<:elmiques BUI how do we assure qua!ill' of d~la eom:clioll 

ill SUI i ~llll' " 

The ea,iest method is to execute the algorithm and , 'erif\" the results b)' simpl)' 

ch<:eking that Ihe data corrc<:tions it made are as expected. This secms caS)' 

cnough; howner. wi th the larllc number of errors of ddT.",n t types, il is olkll 

occoss:u), to design many interdependent correclion algorithms. A Ilaw in Ihe 

logic in one algorilhm may nOI become ohl iOU5 UI'lil another one is applied laler 

on in Ihe process. "'Ilhis point hOll'el·cr. many other correClions hal'c becn made . 

To deal IIith Ihis situation. il is neccSs-;lfV 10 crcate 4 sophisticated audit trail 

mc<:hanism This mechanism would permit to electronically track all change. 

made 10 Ihe daLl. easi ll' rollback data corrections 10 any poinl if necess.11)"' Ihell 

perfect aoo rerun Ihe algorithms wilh os man)' iteration, as needed to achiel'e 

acceplable results. The audit lrail mechanism is also c~trcmcly , ·.Iuable beyooo 

Ihe con' l' lelion of dala cleansing as il pro,ides reli able dala lille'ge for all 

correclcd d~I~. 

Of course. other ch~l\engcs abound ~long Ihc w.y . lion' do we idcntif~· error 

pallems? How do we dc";se best COJTCction techn iques'? fl olI" do we usc 

additional dala source," HOII" do we repon the results" When docs "UIO"'"led 

dala deansing beeomc inefliciem alld m.lIual nlid.lion becomes preferable') 

These and many other queslions will be answered in the ··Dala Cle:m, ing·· yolume 

of Ihis book series. 

2. 3. MONITORING DATA INTEGRATION 

INTERFACES 

Most data cornes into the database ~"ou!lh I'arious real_time. lIear real_time. or 

balch inlerfaces. The,., interfaces are ~IC ""urce of mallY data errors. The 

objecti,·e of imorface monitoring is to preHnt these errOIS from gett ing into thc 

dat.base, or al leasl 10 identif\" new problem. as carl)" as ""ssible 10 minimize Ihe 

damage they mll io\. The solution to interface monitoring is to desiJ;D programs 

opcralinJ; oclween the souree and l!IfJ>el d.l:Ibascs. which ~re entrusted ,,·ith the 

l:IsJ.: of all.l}"Zing tile interface data before i( ;s loaded and processed 
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1I.lonilDring ~al _tim~ int.,f3co< , tans with the ""lIIp of ,'arioos """,ens Yalidating 

incoming datalransocti(lns, These ic",ens check intcn,.1 ""50nnbi lit" of the data 

u~m"" ti"ll' "' "d! u. th ci, c,,">i>l"u~) ' " i ~, "'"'" ui,tius dillU. II ", ight l><: 

ocndici.l at times to put thc question.ble transactions in to a holdi ng arca. 

HowCl'cr. In thai caSe latcr transactions for thc same objoct mus! also be: held . 

Indecd. if we choose to tCJnporaril~ hold a new order transaction due to lack of 

SO"'e all,ibutes, Ilten a follo\\ing o'ok, <.nconation ItJnsaclion JnUs! also be held 

Of it \\ill ine"itablv fai l in processing. Thus. managing a temporary holding a"'a is 

quite a difficult undenaking. 

Screens for rcal_time interfaces will miss many errors ""cnuse there is simpl)' n01 

enough data or window of opportunity to u'" sophisticated dma quality rules . Tho 

nc~t step is to minimize the length of time til.:: bad da ta stays in the database 
unnoticed, Ncw data can be: /bgged and data quali ty rules can !.hen be applied to 

the nagged Ittords .fier they arc loaded, bltl still befot"\: much damage is done . 

Unt;) the nagged records ~re tested. they should be used with caution, Rccurring 

da\.1 quality assessment is also critical for the datal.>ascs, which rccei"e much da\.1 

~trough real_time int.rfac~s Detailed comp"ri""" of error "'ports .llows us to 

ide nt ify ne\\" data problems. im'cstil;ate their root causes. :md hopcfull" impro,'c 

thc intcrf"".,,;, 

For batch interface, a far more sophistieatcd monitoring solution can be 

implementcd, consisting of m"n), different intenkpcndcm interface monitors. In 

general. these monitors roll into two cotegories , in di"idun] data monitors and 

as£rcJ;atc mon1(Ors, 

Ind i"idual daw m(>l1itors usc daw quality ru les to lest da\.1 accuracy and integrity. 

Their objecti" e is to identify all potenti"1 data errors. An indj"idual data ,"onilDr 

can be ,'icwcd as perfon"ing t"\:CUffent data quality assessment on each batch feed. 

Such monitors \'aP' dramatically in comple"ity. Simple screen, \'alid"e !.he daw 

inside a single bateh and are tri, i,,1 to im plement, but they fmd fo\\ errors. 

Ad"anced monitors that compare dot. "cross botches (lr against target database 
identify mote problems. bult~C)' require c., tensi,·c dC"clopmen t ond processing, 

Agsrcgate monitors scarch for unc.~pcctcd changes in batch interfaces. They 
compare "arious aggregate attribute d'at1lCtcrist ics (such as counts of attribute 

"a lues) from batch to batch. l"t'tring on the foct that sucb ~ggregnlC char~ctcristics 
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chan!:. linl. from batch to batch or follow prffiictabl~ pallerns, A '-3Iue outside of 

the rensonably c~""ctcd range indicates a potenti,1 problem. Aggregate lll<)nitors 

illO "il") lU imvbuollL luuugh ~,~-' ,o,!ui, c "'-'1II" 'l"'~i"1 kllu"loUl;O ill ua'a 

JKoliling and Slali sti cal time series analysis , They can be b lScly autom~tcd and 

will catch nil unc~""cted changes In the ba lch inlcrfaces. 

The structure of d.ta monitors depends 011 Ihe balch interface arehiteclure. II IS 

relati,-cly simple for snapshot batch files commOllly used to fccd data warehouses. 

but Can be "cry cOlI\plc~ for t.rans."lCt ion h.1tch~ often exchanJ;«I between 

operational !,ransaetion procciiSing systems, In the latter case. the solution might 

in\'Oh-c a persiSICll1 stasing area - a physical dalabase where balCh files nre stored 

indefmitely along with necessary dala lineage information and dala quali ty 

fi nd ings 

If se,'eral databa",s all exchange mfonnation through various interfaces.. the result 

is allen a dangerous spidcH,eb of dala (lows. Monitoring data qual ity through all 

of tncse intcrrtlated interfaces is a huge challenge . II ma) warr~nt imillemcnlation 

of ~n informatiol! intcgrati on hub - a S)"Slcnl designed spc<:ific~lIy for ccntrali'J!d 

JKoccss ing of multiple interfaces between multiple dalabases. Of COlirse. an 

informalion inlesral ion hub bas a persiSiem Slaging .rea ~s a backbone This 

sol ution afford, the mosl Ile~ible and comprchcnsi,'e data qualily moniloring. It 

,1I0ws mainlJining det,iled dat, lineage and data qual ity met, data for fulure 

reference. It is a great anSwer to the informal ion integration ch"llcngc . 

)l.lon itoring dala quality of data inlegral;on interfaccs is 3 broad and dimcuh 

subject. J e:<peCtlO address it in the "'Data Inlegralion"' yoJume of thi s book se ries. 

2.4. ENSURING DATA QUALITY IN DATA 

CON V ERSION AND CONSOLIDATION 

Dala co",'ersi"" and con""lidalion projeclS arc O,e worst data quali ty offenders. 

While other projects m"y cause more data errors oyorali. nothing can inllic1 as 

much damage in one sOOt as data eom'ersion ""d consolidalion. This is especially 

lrue for the projects in,.o],'ing "lcgocy" databascs. If )'011 thin k of data intcgration 

interfaces as artillcr)" lire. and data deca)' as slowl~ debilitating !U!nalion. then an 
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a"erage dat, 00l1l"e",on project is a megaton bomb while Ie!lacy dat, 

consolidation is a libcxlcnninaling meteor 

The objecti"e of any d~lJ quali\\' program is to ensure that <lala qunlity docs not 

deterioralc during com-orsion:md consolidation projec L5 . Ideally. we would like to 

do C,en mOrc and use the opporlunity to i",pro,'e data quality since data cleansing 

is much en,ier to perform before eon.-cr.;ion th.n aftcrwards, 

The grcate,t challcn!,'C in dam con"crsion i, Ih .t actual contem .00 structure of !he 

source dala is rarely understood , More often dalJ transfonnalion algorithms rei) 

01' the theoretical data defi niti ons .nd data models, Since this iufonnation i, 

",,,au,. incomplete, outdated, and ineorrect, the COIl\'crted data look nothing like 

what i. ex!'<'cled_ Thus, dal.l qual ity plummets_ The S<)lution is 10 precede 

cOIll'ersion lIith e_'lensi"e dal. profiling and anal}si •. In fact. dal. qu.lily aflcr 

com'crslOn is in direct (or nen exponential) rel'lion with the amount of 

kno\\Jtdgc about actual data you possess. Lack of in·depth :mal),is will guat:lllle<: 

significant loss of data qualit~', 

Another problem is that straightforward data mO"~mcnt and tran,fonnation [rom 

source to t.rgct d~tabasc rnrely works, This is occausc e,-cry s~'stcm is made of 

scl'Cral layers, with data at (he bollO"', business rule. in !he middle, and "anou, 

presentation byer.; al the top (see Figure 2-2). [nforn"lion Ihat come. oul of lb. 

lOp la,'cr is greatly affected by the business rule.. When dala is con,-erled from 

one dat.ba", W anotl,er. Ihe bu,inc .. rule byers of the old and new sy.tem arc 

usually quite diffelent. This is c'!,<,cially truc for eomcrsion from "legacy" 

'~'otcms. which are notorious for elabor~tc hidden business rule •. In fac\. mMy of 

Ihe old systCtn rule. m.y be de,igned s!,<,ci fically to hide and h:mdlc poor data 

qualily. As ~ re.ult, el'en if tl,e data is con,-cued Wilh Ulmo,l accII""ey. the 

information that comes out of lhe nell' ,\,stem ma" beronl<; totally incorrect, The 

,0lUlion h~re is 10 inn.lig. le Ihe bu,ine'Hule layer of thc source 5I'Slem_ It is 

"IS<) critic.l to J>Crform comprchens;, . dal. profi ling "00 d.la quality assessment 

of Ihe sou r," dala before mappmg specIfications arc created. 
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Equally critical is 10 include dala qualily dellnilion and acceptable quality 

ocnchmarks inlO ~'C con l'c.sion sf'C('ifocalions. No produCI design skips qualily 

specifications. including quali!)' mctrics .nd be nchmarks. Vel rarc daLa 

eom'ers;on follows suit As. resulL nobod\' knows how suceessfulthe con,-ersion 

I"'ojecl wa.<; "n lil dal. elTorl! gel e.'posed in Ihe subsequenl monlhs and )'e~ The 

solulion is I" I'Crform c"mprehcns;,'c dala quality assessmenl "f Ihc l"'1lel dala 

upon conl'ersioo and compare Ihe results II ilh pre-derlned benchmarks. 

Finall~' , no maltcroow hard lie Iry. Ihe data lIi1l51ill hale man) CITorl!. 1\ daLa 

cleansing initial i,', is Iypically II'~ITMled . h is ",ueh easier to perronn dala 

clcansing before con"CI'Sion because lransfonmlioo lends 10 "mutalC" the 

elToneou< recorus 10 the point where Ihe nalute of the problem is much more 

difficult 10 rcco);ni, • . Also, som. bad data is ;nC\ilably and irre,-ocabll' lost in 

lInnsbtion, Unfortunately data cleansing is ",.-ely done during conl'ers,on in 

IKatlie • . The common wishful Ihinking is Ih~1 since Ihe new system is be ller ;1 

will automal ically soh e c~isl;ng dala problems. The lrulh is e.~aell)' OppoSile . 

Another problem is inoocqu. le .llocal;"" of lime and .eSOU""cS 10 the e/Tort. The 

d~la con,'crsion usually requires much more lime Ihan anticipaled. As a result it is 

rushed. and tI'e problems are disco'-ered aile. Ihe com'crsion i5 o'-er and tile data 

qualily gre"l\' suffered. In reality, ;t is "irtually imposs;ble 10 creale 3 proper 

limcl inc and !isl of c'qlCctal;ons for the com'ers;on without preliminary data 

l"'"r,linll and dot" qua!il\' assessmenl. 

" 
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O'la con«llidalion ;s e,'en more difficull lh,,,, b"io oo n,·.,s;oo ","caus. dala from 

c(msolidnlC'S sources often o"oriap and connict, Say wo must consolidate n data 

lliu ibu", I'J~"'"I in ,I",,,, s~ ' >ll:JIj> - A. B_ alld C _ Th~ ""IUIIlUII "1'1" """h is ,,, bUIld 

winner-Io>c,s malrix, "hicl! aSSumeS plccedoncc of one SOu,ce o,-er "nolher. 

Since III rcalily nO daw is IIC,fcct (CgIlCClall~' kgacy data) such :.ssumption 

inc,itably fails. 

What is c"en more troublesome;s that data consolidalion specifications arc usually 

buill wilhout deep underSlanditlg of Ihe actua l SlnlCIUn:, conlCnl, and q.lalil)' of the 

dala in each sou'ce, Cornprehensi'e dala profiling :Uld qualily :.ssessmenl is key 

here. e,-en morc so Ihan for simple data conyorsion A priori understanding of 

O''C1la~ and connicts belw.en tlte dalabases allows na,-ig.ting a safe route rather 

than m,rehing ",to Ihe OIleoming traffic lane head-on 

The correct "I'Proach 10 dala comiol idatio n is 10 ,iew il in a similar light as data 

C le.msing! We SIan with a comprehensi,-e set of tCSII. comp~ring the dala between 

all son'ces. We 'lOll' ha,'~ a rtlll lisl of discrcpanc ies. Th= dala ineons;stellciC'S 

arc conceptually \CI) similar 10 the elTOr found by Ihe dala qualily rules. While 

somc of these discrepancies may be Icgilim:uc_ without proper can: they II ill moS( 

li kely tum into true dala errors afier coosolidalion, Tbe nc~t step is to analpc doe 

discrcpancie. ""d look for patterns_ Say we CO!1c1ude th at where am' timc ,-alucs 

of. cenain attribute in Systems A and B coincidc_ they can be trusted (regardlc,", 

of Ihe ,""lues in dalabase C), Then wo can mark Ihose ,al",,1 as " trusted"' alld 

climin:tte those discrcpancies from the lisL In theory . we can also make 

corrce(;ons 10 Ihc misma(ching "alucs on C, which is why data cOl1«1lidation can 

"" "ie,,'ed as ,'ery' simi],r to data cie,"sing, 

For each group of discrepancies. ,,-e can make all indi,'idual condusion tlsing 

"anous wndi(ions, E,'c",' limc a decision is made . good data musl be mouted as 

trusted IlDd bad data can be corrected_ With this technique, we decompose the li,t 

of all di screpancies into a sel of simple groups ami deri,. a silnpic solulion for 

cach group With "'-Of}' slep. we mo,-c clo5cr 10 the ultimatc data qualit), 

objec li,'e. The approach is cenain ly not simple. especially for more comple~ 

stale..dellCndent and ti me..dellCndenl data. It requires uS to creale and Ill.nage a 

rule hierarch)'. the same as we discusscd for daU! cle.msing solulion. Howe'cr. it 
guarantecs the success_ 

" 



This is it in a nutshell , but clearly Ih. lopic de~."'",, a romp lehensi,-e lroallnent, 

\\'hich I \\'ill do in Ihe "Data Con,'orsion and (onsolid.tion·' "olume orth i, series 

2 . 5. BUILDING DATA QUALITY META 

DATA WAREHOUSE 

Thc firsl ilems 10 be called mel. dala were dala models. O,'er lime Ihe cOtICepl has 

Inken a much broadcr fonn. We no\\" appl~' lenn mt/a (iata 10 all dala Ihal pro"ide 

information aboul other data, Mela data playa critical role in Ihe infonnatioo ase. 

TI,cy lell U$ "hal Ihe dala really "'c3ns. when: il can be rout)(!, in whkh formal il 

is 'IOred_ where it came from. and wbat it is used for Meta data are the 

encyclopedia of koowh,dge about the da,", They arc the key wi thout which the 

data is like. me.sage wrillell In a !;Ccrcl code, 

D.ta quality milioli"es produce enOrmOu, .-oltrmcs of \',Iuable mel, dala. Dallr 

quali ty assessment lells uS about e~i'lin~ data problems and Iheir nnpact On 

"arious business processes. When done rc<:urrentl)', il also s]'o\\', data quality 

trends. Data cicnl1sillg determines causes of e!Tors "nd [IOSsibk \rcalmcuts. It also 

,"e,lcs an aud il trail of COlTCctions so that, nt a later point wc ~ould tell how a 

panicnla r data clement came to look the w~\' it does Imorface monilorin!;! 

identifies ongoin!;! d"t~ problems_ It .Iso tclls .oout dma lincage as docs data 

conyorsioD and consolidatioD_ 

On the other hand_ dallr qua!it), initi.ti,'os arc a great consumer of meta data , They 

roquirc detailed underslanding of d~la catalogues, d~ta modds, and aClual data 

eonlent , As! said many limes before. Ihe SUCCeSS in dala QUality management is 

largely dependenl on Onr knOll ledge and understanding of lhe data, 

Dala quality mCIa dala ""rchouse ;s Ihe collection of IOOls for orsani,alion ",Id 

analrsis of all mcia data relevanl 10 or produced by the dal. quality initiati,-es , In 

its moS! general fonn , it is" ,·c.,,' cOlllple~ .';(Jlut ion, combining elements of objcci. 

oriemed meta data rcpositoJ)' with analytical functionality of a data warehouse_ I 

must admi l thai "hil. I hay. completed dolens of data quality iniliati,'es of e,'ery 

possiblc kit)(! , ! h,,'c TIC,'cr secn Or 'mplemented a comprchensi"e dot. quali ly 

meta dala warehousc. But I hayc a dream! The day will come when I enlice my 

good friend, collcague, and great data warehousing c~pen, Do'-e Wells, 10 



collaborate with me on the architecture of" cOlnprehensi"~ data quality meta data 

w",chouse . Then togNher wc will wrile dlC f,na l "olumc of this book series_ 

SUMMARY 

We ha,'e diseussed the objecli,'cs, basie IlIclhods. and challenges of f,Ye key 

componcnlS of a comprchcnsj,'c dala qualily program: 

• Dala Qualit), Assessmenl 

• D.la Cleansing 

• Moniloring Dala Inlegralion Intcrfaces 

• Ensuring Data Qualily in Dala Com'crsion and Consolidalion 

• Bui lding Dala Quali~' Mela Dau Warehouse 

The remninder of this book is dedicated 10 data quality assessmcnt. I hope 10 

addre .. the olher components in the futu re ,·olum.s ofthi. book series_ 



CHAPTER 3 
DATA QUALITY ASSESSMENT 

OVERVIEW 

Imagine we could U,l\'e! back in time SOnlC 20,000 j'e"'s. We would nod 

oorsch,ts in tllc middle of a Stone Age lan,lscapc. The rcason we call it "stOlle 
age" is occause the carl" humans made tools and weapons from SlOne. In other 
words. Slone was the mo,1 important resource. If we could wa lk into a typical 

hun ler s hul (or a typical ca,-eman's ca,'c), \\" wou ld certainly nnd spears "ith 

sharpened Slone points. These spears were used by our carll' ancestors 10 hum 

many la'ge ani mal s. includ ing mammoths. E ,'cry lime Ihc food supplies dwindled. 

men would gmb their spca,s nod go hunling. or course. hunting mammoths was a 
dangerous business. and in many cases the spcar wou ld not penelraiC mammoth', 

'lin. Most likely the Iridow o f the poor humer would make Slire that her ne~l 

husband uscd a dirrcrcnl "tid bet(er ' I>car 

O,er lime. \h o ~gh." diff.reni breed o fhun(e rs dc, eloped. Thes. hunters w()1.lld 

,tretch and hang the skin of a previously killed mammOlh on the wall and engab'" 

in s!r-mlle cabalis(ic ritu,ls. The)' would danc e around. chant incantations. and 

Ihm'" the spears at lho wall. All lhc time ~le)' obsen'cd which spear. thrown from 

II hkh angle and distance. and accompanied by which dance and inCan('lioll . 

penw-ated (he m,mmOlh' , skin (he hest. What (he)" learned WaS incredihly useful 

(Q make Ixuel Sl>cars: i( .lso hclj>Cd dC"c lop hunt ing stra(egies (1m Ixs! 

:tCcommod.led deficiencies of the exislins weapons The,e rituals were the 

earlicst e~am plc s o f <.jU3lily assessment, and I (end (0 helic,'c that ;( waS (hose 

hun(crs who cyen(ually became my "nces(ors. 
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Now let's come b;lck 10 our time_ We now li'-e in an infonll3lion age - the lerm 

inlended 10 emphasize Ihal inConnalion is our most impona"' resource_ Modem 

humans and comp"nic, alike f'ghl thoir baUln and hunl Iheir prm-erbi.1 

mammoths wilh informalion, The SuCceSS of corporations and llo,-ommem 

inSlilulions l~rllc1)' depends on lhe efficiency wilh "hich Ihey can collcel. 

(>fgMi,c. and uli li7'c daUi about Ihcir products. cuslOmers. compelitors. and 

employc<:s. 

As was Ihe Ca>C " ilh carll' stone s]X'ar poinlS. our dala is far from perfec\. In facl. 

most organizalions are aware of the problems wilh their dato and of Ille impon"nce 

of data quali .. ,. But ther have no idea of the e"lem of Ihe problems_ T'·picall". 

dato quality is eilher grossly undere"imalcd or gros.sll' o,-erestimaled_ The impact 

of dala qua lily loyd is .Iso rarely understood, This cauSeS faillln: of many dala­

dri'-cn projects (such as new system IInpicmcntalions), Data quality impro.-cmc"t 

ini,iali\"Cs. when pUI in place. also ollen fail because no method of mcasurinll data 

quality impro"emen" is pro"ided, So we WIlSie enormous amoulllS of lime and 

mOl\C\" c"e~' d.,' , 

To soh'. the problcnl we must sIan b\" lIS>cssing data qualily. And while dancing 

and incantations al numerau. meeling. are of some ,-nlue. the problem require. a 

Jrhob " 
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more dr:J.stic sol uti on - systemat io e,·alu01ion of data in ~aroh for ~11 eITo,", and 

def,ciencies. rh i~ is the objecli ,·c of data quality a5scs.5menl. In this cbapte r. we 

"ill pJU ,i<1~ a high.l ~ ,d ",e" i",," "f the <I~'a 4" .... it) a",""n,ent pl",",~>'" 

Ineluding mai n st~ps. proj~'<:1 limcline. and project te~m makeup We then " ill 

proceed 10 discuss the process in detail in tbe remainde r ofthi. book. 

3 . 1 . PROJECT TEAM 

TI,e question. ··Who sh.lI be rc~pon.sibl e for data qualily assessment?·· is the mOSI 

frequenll)" nsked Pan of the re,SOIl for the UIleenainly is that the data qualit)" 

profession is slil l in ils inf.ncy , and SO Ihere is no clearly delin.,d group with (he 

approp".lc c~perli sc and rcsponsi bil il)·. E,"en companies that fom. D"" Quaii l)' 

dcp;mmenLS onen ha,e them Su.ITed b)' handpicked empio)"ces with genewl IT and 

data e~penise butllO speci fi c dala quality knowledse. 

I recently recei,·ed an c·mail from one of my conference class .((cndees. an 

employee of a household name corporation . who wrOlC: '-r ~m new to the data 

QUal ity ",~nngemenl world und bo,"e found myself in ch~rse of Enterprise·Wide 

DOl" Quali!\" here ol __ .• This single se ntence expl~ins the major challenge to our 

profe~~ion - most people in eh"gc of data qualily initiali,"cs lack data quali ly 

experience. ,\s a rc sult.. Ihe projects lend to folloll" one of lll"o pol'" seen ,,-ios. 

In the first scenario. projects fall imo the laps of technical pee ple within tbe IT 

group. Another attendee of (HIC of my classes - a database admi nislrator - was 

;\Sked by her boss 10 outline a da la 'l""lily assessmenl strnlcg)'. \';1))· herr 

Because. accordins to her boss. data quality assessmcnt in"oll'Cs " riling queries. 

manipulat ing data, and understanding d",abases - all parts of her resume. This. of 

course. ",akn,s much sense as .sking me 10 be a repooler for the sports seclion of 

the Chicago Tribune because I can type_ publ ished some artieles_ and watch spur\.'; 

a rOI from the COm fort of my hing rOOm coucb. 

in the second seenario. data qual;I)' assessment is pcrfonncd inside business unilS 

by Ihe dala users. This appears 10 m.ke rome sen5c. as Ihe data users can tel l good 

data from bad and arc mostly in need of quality dala. So business departments 

rometimes initiate Ihei r own data qualit)" ~SSMsment project<. Of course, the 

problem Ihen is that business users Inck lechnic~l e_~penise . which is why I keep 

gelling this question at ,Imost e,-ery clll5.S' ··Is there a tool that can do data quality 



"SSl'ssmem wilhou l ~uy cUSlom wding or queryingT My answer does nOl make 

those \\ho ~sk this qucstiou hal'PY Data quali(y asscs:;mcnt is an tT di-;ciplinc and 
J~~uiJ~' IT ~ _~I"'jli"" 

In re,Ii!}'. il w.kcs Iwo 10 lango. so a dou qual ity ",sc.,,",en! tcarn Illu,t include 

both tT sp<X:ia lisls and business uscrs. ideally al IC"'t 1\\0 of each kind. In 

.dd it ion. il nced. dala qU<llily e.xpc:rts ~ those who hne read my book or 'Ilended 

my classes ~nd "ho ha,e nrslhand e~pc:ricnec in designing. implementing. and 

fi 'lI! ' luning dnla quahl)' rules. 

3.2. PROJECT PLAN OVER V IEW 

Data qualily " .cSSmcnl projects eonsi.l of four phru;es: 

• During lhe p/'mning phase. projc~t scope and objeo ti"es arc defined. 

• During (he prqaNlriOlJ phase. data and mel" data an: ga(heroo , 

• During (he inrpltm,emllr;,m phase. data qualit)' l\t1cs arc designoo , 

• During the jinNltIJing phase, the ermr reports arc ,'alidaled hy data 

experts, llnd data quali ty rules an: enhanced to achicn maximu m 

accuracy in error identification_ 

The recommended proj<>et tean1 for an averase size data quality ~sses,,",enl project 

(e.g, ~s!>Cssme nt of an IIR dal"base) consis ts of t\\'o datn quality c~perls. One Or 

two IT professionals. ond ~t lc~sll\\'O business uSCrs (duta experts), 

Figure 3-1 depicls lhe projccl plan for a fi,..·momh dOl a qualit~· assessment 

project, It illustrates the timchnc and required resources during each phase. Of 

coursc:. th is lillldine is quile arbitr,,\)-' beeause all projects are dilTercnt, I hare 

beell in\'oked in small prCljec\S Ihat Were compl~ted in fou r weeks and -;cen large 

oncs thai too~ o\'or a )'ear. but a f,,-e_momh ti mcline is mlher typical for d<ll:t 

qllalily .ssessmenl o f an a\'eroge size d"labase, 
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Eac h projecl pha"" is showo os a horizomal block io Fi~"re 3·1. T1Je planoin!! 

ph""" i$ UBuallythe shortest, e~cept "hen d<lt. quality as""ssment is planned as <In 

enterprise .wide initi.tin_ The p"'I"'Talion phase aho usua ll)' docs nOl take n,o", 

than a couplc of weeks uniess. ofcoursc. we arc dealing \\ ith a legacy d.tabase. In 

that case. the length enn easily double . The implementation and fine · tu"ing ph tISCs 

wtc the bulk of the time. about 50% each. Usually the implementation ph."" has a 

more prediclable limeline. "hile fl ne.(Uning can stretch and muS! be belle r 

controlled 

Vertical silos in Figure 3· 1 C{)rTCSllQnd to each of tile three groups i,noll-ed in the 

project - IT on the leR data quality in the middle_ and business """rB on the right. 

The "umherB inside section~ indicate how bllsy each group is during each ph.sc_ 

Q'.rall. data quality e~ p.rts will be bus) throughout ~lC projec t, \\ hile IT .ntI 
business sroups will ooly he in,'ol>'cd ~bout half of Ihc time . AIS(). the IT f;'oup' s 
~n'ic~s arc mostly required during the preparat ion and impl~nlcnt~tion ph~-Ies. 

while Ihe bllsincss users ~re he~\'ily la~ed during fine·tun ing Th is is ~ClUal1)' why 

I prefer to h."c muhiple members in c:lCh group, el·en if the work can be: 

p"rfom,ed by a single person. 



3 . 3. PLANNING PHASE 

[kr.n ine pmjcci ""ope ;. ~ cruel"1 first step in l~e "",joel II dr;,-ct bud!:,,! . 

{imelin •. ~nd priorities_ The main issue he re is 10 specify !he SCI of d~ln elements 

on \\ hich da\.] quality assessm"n! will OIIC"to 1llcn: ~re three futldamcnlally 

diffe rem choice,_ 

The fim option is to usc dal.1 quality ."."moDl in ,uppon of n specific dala. 

dr;,'.n ini lial;'-•. A lypic.II:lS~ is (0 delermi ne qualit), of the dala usod in slIppon 

of. panicul • • bus;nc$!; process. HIS creale, a ,-cry narrow and f""used soopc of 

lI1c project oc.:ausc we know c~uctly which dala l:lblcs, records. and flClds an: 
rek"~nt and can pro,-ide dear dala quality definitions. For inSlance. HR dnlabJsc 

may be used. Jmong other thing'. 10 calc" late re(iremcnt pension bene filS. A da~, 

quality ;"",cssmcm project can bc inili.ted to dCiem,;n. qualit\, uribe datn used in 

Illis process "nd estimate cost <>ftb. bad data 

This optioo i, a greaL way to jnmp-stan a data quality prog",m in an organization 

tbaL bas none, Indeed. it IS oflCn ca.icr Lo SIan with a sm. 1I projee t lhat c"n 

produce "ngible resu its in a shon timer"me, I find this to be the e:lSiest w.y to 

"sell"' a data quality initi.tin to the management that is una"'are of the full 

magnitude of the data quality dl.lkngc . Also. it is a good ".) to start gain ing 

e,'pcricnce in data quali ty man"sement, Frankly. tbe first data qual ity assessment 

project is alw"y' ,ery hord (os i. true for an)' discipline), The chance of ,uce.ss is 

e"ponentially higber on a small. we lJ·dcr.ncd project. 

The main drawback of tbis option is tbat the .mounL of work nccc=~ to ai;''>''SS 

data quality docs not grow proportionally 10 the yolumc of lhe t"'get dat", To 

,'alidate one da13 clement lie U!;ually compare it against many o ther daL1 clemenl<. 

This ."tomMic.lly mcans thM we arc partially assessing quality of those otber da ta 

clements as \\ ell. nen if they an: out of sropc of the project. Simil",I)'. a data 

qualit)' ruk n lidat;nlJ a cenain data element Can bt' applied to all records, or just a 

su bset. with aimosl the ~me amounl of cffort. 'mus. narrowing down tbe 

rcco"""t docs not significantly dec""", the wodlo,d, 

1>ly wife and p,"ner in crime. Olg:l. was r""cntly consulting on a projoct m,l 

slartc><l oil! as qLl,lity assessment and cleansing of compcn~Lion da ta for a .mall 

group of ROO cmploycc. It was d","cn by " specifIC corporatc iniLi'li,'c Lhat 

absoluLCly needed to ha,'c thcsc data in perfect condition. The projc<:tlOOk somc 
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two mouth, \\hich sound, like a lot of wor~, Bm it look on ly one exira n""uh to 

apply the same data quality rules (wilh son,c slight mOOir.calions) 10 the da\ll for 

~,o ,o",,un;,,!; 80.000+ olll~lu)'"". 01" iUII>J)' RO I 01' <I,i. ><:"u,,11 >It:~ "u> IIIud, 
highe,-

The second oplion is 10 perform data (lualily asses,ment of an enli re databas._ 

This_ of COUl»:_ is " mueh bigger undcrt"~ing. It rrquirrs " broader look m the 

dala and dcsisn of a much greater nurnberof data qualit~, rules. Howe,'Cr. it is also 

far more efficient and produces more n luabJc: resu lts. AI the end of the project. 

we con bu ild a data qu"ht~ scorecard that shows data fllness for a nriety of 
indi,-idual objeclins m,d projects_ The results can :olso be reused bter for dot" 

cleansing and other iniliati,-., 

The final option i, 10 ,ake an enterprise_wide ,iew of data quality asse"ment. 

This. of oour",_ i, a monster of. project. and il rc~ires somc priorit intion_ But it 

has one great 3<h'anl'gc. Data .cross different databases is ollen rebted or nen 

reoiundant. Ma"y dota quality niles can be desig"cd compari"ll such d~la, Md the 

resul~1nt error reporl. arc oflen rar morc comprchcnsi,'c than what could be 

obWincd if data in ea<: h database ",as \'alidated separately. Howc\"Cr, "he" the 

project objecti,·. is li",iled to assessment of data quality inside one database, it is 

often not ju,t ifiable to bring other databases into the equation, A fler all. it .:>dds 

quile a bit of time and cost to the project. On the other hand. when data quality 

assessment is pbnned as"n enterpri se-wide cxcrcise. We Can assess d"t3 quulity in 

sncr-Ii dotabases simullMccusly unci achie,'c ",pcrior resulls, 

To summ~rile, the first option rcquires the snmllesl JlO'l~ible effort and olTers 

clearly defined ROI. The second option pro" idc! the most efficient result-Io-effort 

fltio, n.. third option is the most comp1e~ but will lihly produce the moSI 

occurntc and oo mprehen";,·c results. The choice is yours. Of course. ;t is possible 

to stm from option 0""' and proceed gradually to opt io,", two and 1hrce 

Some Olher questions need to be answered to define project scope: _ The mosl 

signifie,"nl is \\ hether or nOI the assessment i, intended as a one -l ime deal or as , 

recurring miliali,-c, There is definitely a diffcreJICc in the degree of planning and 

resources nceded for th~se IWO lypeS of projects. 

Also. it is important 10 know if any data cleansing. m:\Ss data update, or database 

restnlcturi ng iniliati,·cs are planned during lhe cOUrse of the aSSeSS"I.nt project. 

" 
," 



Any such concunenl projecls will g[e~llr im!",ct dala 'Iuality assessmo lll 11 i. 

preferable nollo hal'e e<msiderab1c changc5 to the data structun> in the cour,., of 

~!~ dar. 4~alil_' .",.",,,,,,onl. l>ul if it i, i"o, i"'tolo al 10~>1 "" mu,r L.: 1""1"''':<.1 fur 

iL 

3.4. PREPARATION PHASE 

The objecli"e of Ihis phase is 10 gel ready for daw qu~lily ro le design Th is 

in\'olves loading data 10 a staging arca. galhcring dala models and dala calalOj\ues. 

:md sening up a data quality meta <bla repository 

3.4.1. Loading Data to Staging Area 

Implemenlalion of data qualily mles will take lime and put " strain on lhe 

dal.1b=_ It IS. therefore. recommended 10 load dala mto a slaging =a i".tead of 

doing asscssment on "he" dat:tbases. A staging area minimizes interference with 

actllal prO<Juction database. There will be no performance slowdown dlle to 

OIdditional de,clop"1e,,!. debugging and c",ecution of data qualily programs. 

Loadin~ dllia 10 a staging area also allows for manipubtion of Ihe data whene,'cr 

ncccs.sary or com-c nicnl for quality asS':ssmcn1. For inslance. \I-e could ~dd 

,ulTogate ~e\', for ea,ier record referencing and nom .. lize or d~_normali~-" some 

",bie, . HO\lcycr. hep in mind th at il i~ ca,ier 10 rcyicll' error rcport' and p"widc 
re,uli. to the users when the daL1 in the staging area look largelv li ke the dala in 

the act"al dalabasc. Therefore. certain .-cstraint I1Hlst be e~erc i scd in data 

restructuring. ruld it should be loodcd 10 !.hc stagi~g arca wi th minimal changes. 
espec ially ad"isc ag~in'l changing field names and attrib,,(C "alues ewn if it IS 

con\'enienL 

Using a 'laging area afford. a ,,"[iely of olloer ad"anlages, For i".lance, data 

QIlali ty rulcs sometimes mUSI compare data from mubip!e fIclcrogcneous sourees . 

induding relational dawbascs. spreadsheets. and e,·en 1c£3CY systems. Direct 
access ~nd (~Ier)'ing of the data ill ,ueh situations are all implcmenlation 

nightmare. A staging arca brings all of the d~w into a homogeneous cn"ironment. 

Also. inside a staging arca we eM make temporary changes 10 !.he dala. add 

calculated fields and mela do," trocking a\tribules to the tables. :md perfonn m:my 
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other oom·.nienl mnnipub!ions . [n other words. ~ Slagins area offers a p13yground 

for dalo nnalysis nod dola qual it\' ruk: implemenlll1ion With in a produ'l ion 

Ja'ab""" •• uch Ii" olily "oulJ lK: """"cci, ublo 

Loading dala to a .taging area is a ."ieil\" tcchnicaltask and mu51 be done b)' the 

IT gTOUp. In thcory il shon ld not I.3h much limc. IIhilc in prac tice it o ften 

strelche. ""cr weeb, This usu~ll~' doc. nO! depend much on the aclUal effort. but 

rather on how much slake the IT group holds in the project. The more an IT group 

00)' ;nto the project, the easier it is to get lhe dal. loaded to lhe Slaging area . 

Otherwise. database manage rs \\ ill fee [ ·,hrcatene<j"" 1:>\' Ihe loss of control O"Cf Ihe 

data and might stall the project 

3 .4 .2. Gathering General Meta Data 

Data calalogue. and dal. modds are the source of numerous data quality n,les and 

a g<KXl starling point for the dOl" qual ity assessment DJta catalogue an: 

collections of basic mcta data about data attributes. TIlCy includc basic atlrib\ltc 

[iSii ng'. detailed descriptions ~nd usagc palle n" . as wcll a5 refercnce informal ion. 

inc luding "~[id ,-alucs. the ir meanings. and default , ·nlues. Dnt.a catalogues arc ke) 

to und~rstanding the cast of eharocters in the data quality assessment pIa)'. 

Data mode ls describe the structure of the data They fall ;nto four broad 

c~tegorie" Rdation~l data models depict logical relationshiJ"i beillcen ' ·ariou.< 

emities and attributes. Subj~t area modds defme main data su bjects - categories 

of high. le,·el business objects whose data is stored in me database. State_tr.msition 

modds describe the hfe crcle of comple., state-dependent objects. Temporal 

modds describe the chronological structure of timc-dcpc:ndcnt data <md cyom 

hi storics. Undcr'l.3nding thesc dola mode[,;s key to desisning data quality ntles, 

While data models are readily a"ai[ab[e. they might be inoccurate or obsolete. [t is 

"good idea to rmd out IIho keopS thcse models up--tlKlnte and IlOlI before rely ing 

on them in dJia quality rule design. When the models arc un,,'ailable (or 

iMomplcte). they can usually be rcconstfUcled through a combination of reverse 

engincermll. model buildi,,~ , nnd data ['rofihn); tcchmques. 



3.4.3. Designing Data Quality Meta Data 
Warehous e 

OJtJ qUJlity osscssment uscs meta daLl ( •. g. d.ta cJtalogU<."S. data models. and daw 

pro files) to design dat. quality rules. It also produces numerous clTOr reports and 

lorgo yolumcs of other data quality meta data, OJt. quality mct. data wm:housc is 

a collectioo o f tools for organi'.ation and anal)'sis of .11 tI'ese meta d.ta. 

Without a wcil-planned meta <.lata repository, data qu.lity assessmenl cannot be 

sueceS5fully completed. Hundreds of dlta (llI.tit)' rules .nd elTor I cports with tens 

of thousands of crrors '!"C impossible 10 m:mage :md cnsily o"crwhclm the project. 

On the othe, hand, a well_designed data quality meta data warehouse in itself is a 

,·.llIable product with long shc lCli fe. It prcsonts the assessment project results in 

"" Interacli"e dimens ional dala qU'~ly sCOfe<:ard. w hich offeT'S • high-'e,'cl new 

of data q".lity along with d,ill-downs to detailed error reports. It in tegrates data 

quality mel.' data with the dat" itself. and pro,. ides easy . ccess to data qua lit), meta 

data by both technical .od non _technical useT'S. 

It is important to design the d.ta qualit), meta data worchousc .1 the onset of the 

projeu so Ihat all coll""tOO ;md produ<;ed meta dlta neatly fal l, into place, II is a 

strictly technical task. thollgh nOll_technic~1 team members must part ic ipate in the 

design oflhe mCla data 'qlOrts to make surc that they are ens), to understand and 

,,,,,lYle, In theo,),. it can get quite cOm pie" :I1ld take a fair amount of time. The 

good ne wS is th.t data qua lit), meta dala warehouse "reh itectu,. eM be rensed 

from proje<:11O project 

3 . 5. IMPLEMENTATION PHASE 

The implemcl1lalion phase is the meal of the data qual ity lL<;scssme nt project. This 

is whcn alt data quality rules arc identified. designed . and programmed. I often sec 

project teams rushing to start "titing queties and implementing d"t3 (Inalit)' mles 

based on the dow models. This is too hast)' . The flT'St step in the Implementation 

phase is data profitin£;. and you mUSltake )'our time ,,-ith it, 



3.5.1. Data Profiling 

The lcrm '"data pror.lin~·· ori~in"ted from allribute profIling teehni cp.>cs. which 

produce btlSic allributc statistics tIS well as ,-o]ue frequencies and distribution 

charts, Nowadays ;ts meaning has greatly c_"panded and is used to describe 

"arious c'''perimcntaltechn;(11ICS aimed M c~a"'ining the data and undcrstand ing its 

actual slructure and dependencies, Occasionally I hOI" e'-en secn it used to 

describe da1:l quality ""scssm""t. bUl I draw the lille between the tll'O_ Da1:l 

profiling tells us II hat the data looks like: daLa quality assessment describes holl' 

b'OOd it is_ 

The reason data profIling is so important is that actual data i. often ,-e",' different 

from II hal is thcorcticall)' cxp.:c too. O,'cr timc. data model s and dictionaries 

oceome inoceurate . Data profil ing is like nn X-roy showing the hidden truth. It is 

the tey Ie> build ing correel doUt quality rules. As a rule of thumb. the more in· 

depth anal)'sis:md profiling lI'e <onduC( the easier i1 is (0 design a comprehensi"c 

se( of data qua lity ru les and ochiC\ e greater success in data quality assessment. 

Jrhob " liz \1 



The", 3r. m~ny d~ta profiling te<:hniques Th. following four groups arc RlOst 

useful in data quali!\, assessment , 

I. Auributc profiling e~amines the Q1Ue5 of indi,-idu al dat~ auributes and 

yields infonnation aoout b"ic ~gsreg~tc st:lli"ics.. frequent Yal"",. and 

"al"e distribution for each attribute 

2. Relat ionship proliling is an e~ercise rn irk:n lifYing entity ke,-s and 

relationships ns well as counting occurrenccs for each relalionslnp in !he 

dala model. 

3. StntNrnnsilion model profiling is a collection of techniques for anat)sis 

of the lifecyclc of slale.<Jcpcn<icnl objt<:l.< and pro"ision of ac lual 

information aboullhc order Md duration of Slates and actions . 

.j. [)cIICn<ienc" prol'iling uses computer programs 10 look for hidden 

rdationship< betwccn :tttributc \'alues 

Data profr ling is a '-aluable norci!c in itse lf and produces meta data use ful for 

many purposes. In f~CL data profolin!! can produce enough .-aluable information 10 

seriously question data qualily and justify' a data quality assessment project. if one 

h" not been appro,'ed already. 

Data profi~ng can take as much time as you affom iL Of eou,-,;c , it is faster with 

octt .. tools. and the amount oftimc is proponionalto the numocr of data clement. 

in the database. Experienced analysts armed with good tools eM profile an 

awrage·si, .. database and organi,,, all lindinss in a month wilh minimal suppon 

from the IT group, It is important 10 hal'e busine", users a\'ailable for ",sular 

consultations. as d~w profrling findings must Ix: ,.rifled Usua ll y bIlsirICSS users 

do not need to spend much time, just be .,'ai t.ble for ~ few hOll(5 a week 10 look at 

and e.~plain Ihe strange data phenomen~. 

3.5.2. DesIgnIng Data QualIty Rules 

DMa quality rules arc the main tool of the data qualit), assessment. They arc 

constraints that l'alidme data relationsh ips and can be implemented in com purer 

programs, It is rmher tri l' iallo idcnti(1' SCQI'CS of data '1-'ality rules: lhe challenge 

is in designing all or most of d,em, This requires a systematic approach It is 

imponant 10 consider all rute types. rule sources. and rule design strategies. The 
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more rul •• are initially d •• i!:ned , the benor the IInal outcome of the data quali ty 

assessn,ent project , DUl:[ quality rules f.11 into 1I,'c broad catcgorics 

I. Auributc domain con5lraims ",s(riet allowed "alues of individual data 

attributcs. They are the most b,.ie of all data quality rules since they 

apply to the most alomic data elemenls 

2. Relational inlegrily ru les ar. deri,'ed from lhe reblion~1 dala models. 

Thcy OfC more complex. appJy 10 multiple records ,II a lime. and enforo:: 

idenlil}, :md referential integrity of the data. 

3. I{uks for historical data include timelin" cOnSlnlinlS and value panerns 

for time-<kpendent nlue ~tach and el'cnt hist('Jries. Since time­

dependent da~, are the most comm(ll1 database citi/.cns (and since the~ 

arc :tIso most error.prone). these ruks typically arc a kc\' pan of dat:l 

qu.lily asseSSment 

4. Ru les for sIOl,,-dependent objects place conslJaint on the lifecyde of 

objects dc$ribed by so-called stale·transilion models kg. insurance 

claims or job applications ). DOl:[ for such objects is moSt important and 

can only I>.: , 'alidated by a special class of data qual ity rnles. 

S. General de pendenc}' rules describe comple~ attribute relationships. 

including conslrainls on redundam, deri"ed , pal1mlly dependent and 

cOlTClated auributc s. 

The entire Part II of this bool: is dedicated to the inl·cstigation of I'urious data 

quality rules:md method. for thei r identification and de.ign 

Designing data quali1y rules i. defin itely the job for the dal:[ qllali1y pJOfessionals. 

though business users must also con lribule tlorough intenielfS, TIlis step O"eriaps 

with the data profiling. With e~pericnce. it doc. n01 tde much limc_ el'cn thou£h 

lite numl>.:r or rules in an a, erag~ dala ~lalily assessment proje'Cl will r~ach 

,nerol hundred" 

All idcnti focd dota qnalit~· rules must Lhen be coded in compnler programs, Some 

rules can be implemented using tools or wi1l1 simple queries. "hile others will 

require stored p«xeduTCS or more comple~ programming, Unle55 perfonnancc 

considcralions arc CrilicJL all roles should I>.: implcmcnICd as separatc units. 

" 
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Fun!>.nn",c , rules need to be dosigned in such , \\'~y as to make an)' rule r~_ 

ewcution possi bic at any poi nt ofume 

Rule cod ing is the "'05t technical part of the project and defi nitely the 

respon.sibility of the IT group_ EYen though the number of rules is grcal coding 

them is not tOO difficu lt_ In my e.,perience , it takes far less time to implemen t the 

ru le , than to design them, Thus_ coding ne,'cr .Iows down the projec t 

The onl), serious challenge in rule implementation is holl' to orgJ"" _C a 

comprche"si"e error catalog ue, While on the !urface it seems triyial to j ust 

prodtl<'e "ariou. error «,]>Orts. the task pro"es quite challenging , A good error 

catalogue must snppottthe fo ll owi n1; functionality ' 

• Aggregate, filter, an,1 sort errors aero" , ariou, di mensions.. 

• Ident i fy ()\'crlaps and correlations betwccn errors for dilTerent rules. 

• Ident ify data records .ITocted by a particular erroTor a group of error!, 

• Identify "II errors for a particular datil record", sct of rec",d._ 

It is beUcr to creatc a separate program responsible for logging and managing 

errors than to cata logue errors directl} from the rule program,. The design of ,uch 

a program takes some e~pertisc mid so J\wa«, dC\'c!opment skill. 

3.6. FINE-TUNING PHASE 

D~ta quali ty assessment relics on Our ability to W;e data qual ity rules to accuralcly 

idcntify all d~ta crror.;, Howe'-cr. it is ,-cry.· diffic ult to design perfect data qual ity 

rule s. The ones \\c C(l mc up w;th will oJ\cn fail to spot some erroneous records 

and fJlsel)' ;lCctl5e others, They m~y not tell ),OU \\hich data clement i< erro neous 

",'CII when the error is ident ilied. or they may ide nti f, ' the samc crror in many 

diffe rent wa,'s_ Error repons proouced by such ru les will be inaccur.te aDd of 

limited ,·alue. 

In order to guarantee the accuracy of errOr reports . we go through . _,tcnsi,'e 

manua l data ,-erilicJtion by the dato c~pens, This is th e step when the greatest 

ti me commitment is requircd from the business USCr!. \\'bo must rc,-icw arid 

manua lly ,·. Iid,t. numcroo< data samples. Without s\lch commitrne"t, the PIOj<:Ct 

cannot succ eed. and this must be adequate I)' planned for in (1<), ance. Since this is 
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" 101 of ... ork. it is preferable to bu)' time of so,·e"l business users with data 

expcr1ise . With ~udt sctup. Ihis stel) can be compleled in aboUI ~ month. 

Ma nual ' ·erificalion alw.ys yields holes and gallS in enor idenli fi "lion by Ihe dala 

qualilY rule.. The nexl Slep is fixing these problems. So,·oral sol utions arc 

possible: 

• Design of :>dditional dala qualily rule. ensures assessment complelene .. 

• C=Uon. impro,·cmen!. or climinOlion of .xisling data qualilY rules 

impro,·c. assessment accuracy 

• Calegorization of CITOr.; identif,ed by a single data qualilY rul e into 

multiple groups helps distingUIsh ermrs of di lTettn! Iypes. 

This approach ensureS that Ihe data quality rules "ere implemented correctly. 

detected all enoes. hnl'. no fal se-posit i __ ••. ""d dearly ",doc.l. dte location and 

n'lure of each error, 

Rule fine-tuning inl·oh-cs much ""aJ)"sis ""d some additional prob'l"amming. II 

usually takes se"eml i\emtions to make error rel",r\< identif'ed by lhe dala qualily 

rule. maleh fi nd ings of dala c~pcrts 10 an ocecptablc le,·d . 

EI'entua lly we get to Ihe poi'll where Inc results of our dala quality assessmcu l C~" 

be trusted No\\' comes thc time to orGanizc ou, results_ Indecd. enor repons 

proollCed by data quality ru les ar. m'erwhclnring in mlum" an d complexity and_ 

Ihu •. are hard to usc , To maxi mize the ir nln". we must aggregate the reports into 

meaningful summaries and crCate a data qualilY seorceord. 

Aggregale scores prm-idc high·leyd mCasures of the data quality. Each scOre 

al\llrcg.tcs crrors idenli fi ed by tbe data quality rule s imo a si l\gl~ number - a 

percenl~gc of l;lood data records among ull targct duta records. By selecting 

different sroops of weel dala records. we can ereale many aggresate seorcs for a 

single dOlabase_ Well_desi!l"ed seo .... are goal dri,-en and ,llow us to make belle, 

decisions and take oclio,,_ They ca" measure data fitness for ,·.rioo.~ purposes an d 

indicate qualilY of nriou. data coll ection processe ._ from the per."""li"e of 

underslanding lite data qual ;t)" and its impacl on the bus incs~ aggrcg.t" .>Corc. arc 

the key piece ofd.l. quality met. dOl'. 

" 



A da,a qu,li,y scorecard is the cenlral produci of Ihe data qualil)' asses.sme nl 

project II pro"ides comprchensi"C infonn.l ion ,bo,,1 dUi. qual ity and alio\\ s both 

~we!;aleu ~,, "Iy>i . WIU delailed uliH·UUl''');' AI the I"~ le,d ,,[Ihe ><CUJeciUu W" 

a~n::g"tc qua l;ty ""ores, AI the bollom le,-. 1 is infum,ation .OOUI dala (IUalily of 

indi ,-idual data records. In ~,e middle arc Hriou. SCore dccomjlO.i lions and error 

reports aHowing uS to .nalpc and summari~c data qua lity ocross , 'anous 

dimensions and for dilT.rent object i,-c" 

A data qllDht)' scorecard is the key to wlder$la"lling h01\" \\ell th. data supports 

"anous dotHlri'·. n projects, It is also critical for making good dccisions about 

data quality initinti,.., Building a romprehensiye dOLl quality scorecard is thc 

Ii" a] step of d ... qual it)' assessment. 

3 . 7. ONG O ING DATA QUALITY 

M O NITORING 

It is eriliealto monitor daw qualil)' in "h"e" databases on nn ongoing basis in order 

to sec data (Jua!it)' trends. identity ne'll' dat. probleltls. and check the progress of 

data quality iltlprol'Cmcnts initiatil'Cs_ Well·desisned d.l. quality asscs.smenl 

solution creates a blueprint for recurrem daLl quality re"",,'alu~lion 

The idoa seems rather ui"ial on the surf,ce - all we noed is 10 re· run data qual ity 

rules periodlc.iI)' againsl the mOSt curren t data and comp.re the re~l1II$, Howe, cr. 

it presents .. ,-e",1 proctieal ehallenge._ FiT'St. it requires ,ddinylirne dimenSIOn to 

the data qualit)' meta data \\ arehousc. Second!)'. we musl uSC a consistent method 

for referencing ef/oncous data records 50 Ih.t \l'e can identity which of the errors 

found b)' the assessments are the !ame and "hieh arc di lTerent, Howe,·cr. both of 

thes" ehalknges ean be met rother casil)'. 

The truc Ie" of Ollr skill arises IIhcn data quahty assessme nt must be perfonnoo 

with high frequency or aga inst \'er)" large dal:lbases. In thi s case. we cannot afford 

10 replicate the emire database 10 the .tasing arca e,'e~' t;me and must e"""ute 

d:,ta q",Iily rules ag.i nst production data. Performance considofJtions become an 

issue. building dala quality scorecard i. for mOre di fficult. and data qllality meta 

d,Ll warehouses require more sophistication. 
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We ",ill .dd", .. "arious problems and solutions i""ol" ~d in ,.c~r"nl dala quali ly 

assessn ,e"l in ChaplC ' I ~ of \hi s book 

SUMMARY 

Dota quality .ssessment pJOjc:el cons iSIs of four ph.ses: 

• During Ihe planning ph.se, projeci seope and objccli,'es arc der.ncd . 

The mnin issue here is to spec ify the set of daln clements 011 which daln 

qunlity assessment will operate Th is decision dri' -es budget. limc1inc. 

and priori ti",. The planning phase is umally lhe shortesl. excepl when 

data quality assessment is pla,med.s an enlcrp,isc~ ... idc initialiyc. 

• Du ring the pn:p.wion phase. datJ and meln data are gathered. 11", 

prcpar.ltion phase al so usually docs not take more than a couple of weeks 

unless. of COUl5e. we nre dealing with a legac)" database. In that case. the 

length can cosily do uhle 

• During the implcmcnl:ot ion phase . da la qu.li ty notes are designc-d. This 

phase can t.ke up 10 hal f of Ihc pro)Ccltimcline. 

• During Ihe fmc·tuning phase. the error repons arc ... lid.tcd by dal. 

experts. and dala qunlity rules .re enhanced 10 achicH maximum 

accuracy in erro' id<;ntiFieaiion. This last phase t~~cs many iterations 

and COl" ~I'elCh on' a long ])Cr iod of li",o ifnOI mOinage~ properlv. 

The data qualily assessm.nt Ie,,,, muS! inclutk dala qual ity ".~perts. IT speoiali slS. 

~nd bu,iness users, ideally at least 1\\'0 of each kind. 0, crall. dam quolit) e.' j)Ct1-~ 

will be busy throughoUi the project. while IT and busines, group, will only be 

in,'olved aboul hal r of the lime, Also. the IT group ' S s.,,'ices arc moslh· required 

during prcp=tion Jnd Implementation ph.se,. nh ik the bUSiness u",rs arc 

he" il y t.~ed during Fine·luning. 

It is onen desir.lbk to monitor daia quali lj in "Ihc"' databases on thc ongoing 

basis . A well ·designed data quality assessment ",Iution en:ates a blueprilll fOf 

«,o urrent dOli, qualily rc"",·.lu.tion. 
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PART II - DATA QUALITY RULES 
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Data qua li ty roles arc constr:lints that \'alidate Jata relationships 3l1d can be 

checked using compoter programs. They fonn the comcrstOtle of data quality 

."o"molli. Wholl 1''''I''',t~ do,i!;lJ<:u. U" L~ 4U~lit" wlo. "lit", i<loll,ific"iull allU 

precise ciassifica1ion of 1he majmi1y of data problems, 

The key is to disco,-cr all d.t3 quality rules and enSure that the rules arc correstl)' 

unders1oOd. When SOme ruics are missing m misrepresented, the Jesuits of the 

data qualit), assessment eM be completely jcop:u-dizcd, 

Imas;ne that )'ou arc appoinlCd to be a home-plate umpire in a major leasuc 

baseb.1I game. Of courSe. you cannot do it " ithOUl knowing the rules. 1111: 

official I1l lebool< of major league baseball COlltains 124 rules. ma"Y with numerous 

sub-rules. If you miss just a couple of rules. you ma)' inad"encntly influence the 

outcome of the game - tnc one pia" that ),OU call erroneously could be deeisi,-e_ If 

you do nOi know II)";. of the rules. you can '''il)' c.usc a riot_ Also. complicated 

rules arc no less important than casy OneS. SO learning all but II)";~ of the most 

compl c.~ nIles st ill Ie.", )'OU 10'10 short of the ta'SCI. 

si,.ike z.", .. e 

,,.,11;5; ...... , J.D"" 0 vc,. 
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Data quality rules play the same role in data qualit" assessment as the rules of 

baseball in refereeing a major league game Thoy dete rmine the "" tcomel 

Jlhob " 



Unfon unalely , identi fyi ng d~la q,,~lily rules is more dimcult Ihan learning rules of 

baseb ~lI bccauSl: there is no offtcial rulcbook thaI is the same (or all datah:lscs. In 

~I ~I) I'JUj.-';I, \\~ h",~ I" t1i"""'CI Ih~ J"k~ ,"I~\\_ Abo_ ""'Jll~ I"I~~ W~ ~~~-' I" 

fmd. II hile O~'Crs require lOIS of digging: S<lmc rulcs are casy 10 unders tond and 

implement, while oihcr1; necessit ate lI·riting rather comple~ prog",ms, BuL!IS with 

baseball, all rulcs arc cqually important, Omitting a few complex and obscure data 

!jUalit)' rules can (and most of ~'e tinle wi ll !) jeopardi'e tile ent ire effolt. 

This part of the book is Ibe dosest I could come to the offtcia l data qu~l i ty 

rulcbool.: , It systcnlntieally discusscs data quality rules of all kinds and places n 

.pecial emphasi, on Ihe process and .Irategies for rule discm'el)' Speaking from 

personal experience in m'er 100 dala qua li ty asseSSment projects. I guarantee that 

if yo" stay Ibe course and s:-·stcmaticalJ), apply what you learn in the ""xt fiyc 

chapters, yo" will get a eom prchensi, 'c and accut:lLc flI lc scI. 

In Chapter ~ we t:tke the simplest "iew of the data as consisting of indhiduol 

,·. ltlC'S o f ,·arious ' Ilribu tes, TIli s pcrspccti,'e yields the first category of data 

quulit), rules - Ullnbute domnin constr~i"ts, We dise uss ~II ~i"ds of these 

conSlruinlS and show holl' 10 disco"cr them and ensuI"C tbe ir correctness Ihroush 

analysis of mela dala and eSpe<:ially dlfough dala profi ling 

(hapler 5 takes a mOTe >d" anc ed ,-iew of dala structu ... - Ihat consisting of 

imerrclated enti tie s and deseribed by re lational data model s_ Thi.\ approach leads 

us 10 the disco,-er,. oharioos rebtion~l imegrity rules. 

Attri bute domain constraints and relational integri ty rules ~rc quite ca,}, to identify 

and implement. Thc)' arc lI , ually the first to be designed in any project. HOlle,·cr, 

we ore slill way shon of the mark - the majority of important data qu~li ty ru les arc 

more complcx. In ordcr to dcsisn those rules. we need 10 lakc the subject b ·d 

,'iell' or Ihe data. In other lI'ords. lI'e ha,'c to remember that data "'present 

attributes of real \\'OTld objects. such as JJCople. whose characteristics arc 

interre lated and whose behal'ior is complex and re.tricted by logical conmaints_ 

These comtrnims c~n be translated into Ihe data quality ru les In Chapters (, 

through 8 we \\'il l di:scu-", thc:sc su bje<:I-lcyc! data qua]ity ru le , 

In Chapter G 'ye in'-cS\igatc thc timc dimension of the dota and di:scuss the mlc. 

ansins from the d)'namic rclatiooships in the data. We Strut with simple currency . 

.. 
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"'telllion. and continuity rules: p"",..d to more complex tim.line and , 'alue 

palloms: and finally graduate to !)(k;meed rules for e"ent histories 

In Chapter 7 \\'e look at the lifCl'}cles of slate·dcp<:ndcnt object~ and tbe rules 

!,'Owming the .t:nC-Imn,;tion data_ Theso rule. arc of utmo<l signi ficance because 

slatc-dependcnt object' are oflen the most important database citi/.eM, yet their 

dat. arc most error-prone. 

Finall)'_ Clmptc .. 8 disou,ses all other su bject-k,-d dala qu"lit~ ruks. It deseribes 

"arious t~ ·pcs of data dependellCies and outlines the slrategics and lechniques Ihal 

Can help idenliry Ihe rules. 

" 
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CHAPTER 4 
ATTRIBUTE DOMAIN CONSTRAINTS 

Al (he InO;;! atomic 1e,,: I, the da!a in an)' dalabasc consiSIS of indil'idual va lues o f 

\,ario". attributes, Those '"alues gel\erally represent Illeasuremellts of Ille 
characteristics of real world people. thinss. places. or ."cnts. For inslance, hcigll1 
and weight "'~ characteristics of people , latitude and longitude are cha,"c\.risl; •• 

of gct)graphical locations on Earth: and room number "nd durati on "'" 

eh""",!.ri,.; •• of a "business meeting" c'-en! 

Now. re al world objects cannot take any shaJIC and form. We do nOi expec t poople 

to b<: 12 fccI tall , or meetings 10 be held on Ihe 2 1 S'" floor. What Ihis means is Ihal 

attrihule "allics of Illesc objects call1lollakc any \ alucs bu l only cenai n rcaSQllJblc 
ones. For an,' altribute we can usually immediately toll whether or no1 a ccrtain 

,'a lnc is ,-.Iid. Since d"t.lbasos consist of numerouS atomic "alues of "arious 

atlrib"tc~> this kJgic can be applied to ,',lidalC the data and find tnc o ullic~ 

The dat, quality rules "",d to nlida lc mdi"iduaJ allributc \"alues arc commonly 

referred 10 as allribUie domain conslrninls. Thcy are the simplest and most 

cummon of all dolO quality ro l". , Rare "l1ribulcs hal'e no reslri"t;on. On the 

pcnn;llcd , '. lncs Despite apparent tri'-101i ty. OItribute domain cunstmin l.'! arc 

rarely designed properly oc.:aus.c thcr are usually based on incolTttt or incomplete 

documcnl3(ion. 

This chapler olTe"l full treatment of the topic wi~, ~'C main [<xu. on practical 

challenges in idemi fying and designing ,'ariou. coustraint type. 

• S""lion ~, l imrDduce< anribulC domain constraims_ 

• S""tion ~,2 discusses allribute_profiling techniques, \\'hich are critical for 

idcmifl"ali on of the lTue . ttrib"te do",ain constrain l.'! 

• SeClion~.4 discusses attribute fol1tlal constlOlinlS, 

• Scction ~, 5 describes, alid "alue constrainl.'!. 

• Section·1,(o presents precision Dod granul~ri tl' constmint s. 



4 . 1 . INTRODUCTION TO ATTRIBUTE 

DOMAIN CONSTRAINTS 

Allribw" dOIlW;II comtroin lS resl';cl allowed ,-,Iues of Ihc jndi' idual data 

attributes. The si mple . \ domain constrainl is oplionDlily . \lhieh p,<,,-cms all 

attribute f' oll1 laking Null. or missing. qlucs For inst,nce, FirstN,me. ",id 
LastNamc are typicall)' required attribute, - " YaJid nlnc must be present for each 

JlCr'SOIl. On thc olher hand Middldniti.1 is oJllion3!. 

Attribute domain is moot of'ten defi ned :IS a li st of ""lid \'alues_ e,g. {M_ Fl for 11>0 

attribute rcpltscnlinc gender. Doma",' of numcnc atlrihlcs usually con51S1 of a 

large or cwn infinite "umber of ,'.Incs. Snch domains usu.Il)' hal'c conSlroinlS in 
Ihc fonn of" moSe of pennilh:d \'alucs. For instance, auribUIC representing hour ly 

P-lY TalC must ha,"c ,"al"cs 110 less lhan Ihc minimum wage: I Value ::!: S5 . 75 : . 

Values of some te,t allributcs most Ix: mllde of only certa;n d'~rar:tc rs. For 

c."""plc. :on addrcSll cannot ha,'C special charactcrs. IndiYiduals ' narne. oan onlY 

ha,'e alph, chafJctc-rs. as do city namcs. Such altributes are said to haye domain 

conslfaint on tho allowed ~t of characters. Another type o f dom,in constraints 

I)'pical for tOM attribu\cs is a pallem mask. 11 applies to such attributes os social 

security numbers, phone nnrnlx:rs, or or.:dit card numbers. For "ample . social 

sccuri t)" number has the mask 999_99_99<)9 when:: eoch "is a ploccholdcr for any 

numeric character. 

A uribule domain con'1r.IinlS can be deduced from analysis of the mCla dala. suc h 

as data models. data dictionaries. look up tahles, and :tetual auributc profiles. Data 

models usually explicit l\" indicate auributcs \\"i~, optionalit)" constraints and 

sometimes e,-en list "alid ,-alues (or nillo raoges for numeric attributes). A data 

diction.1.ry. l\ hen a,~ibble. "ill pro,-idc lists of, alid ,'ahres along with a detailed 

"a ltIC description for mo .. nltri bu lcs. Looku p tables offer another source of ".Iid 

, allies. 

Howcyer. all these mcta data should be used with caulion since they may be 

incor""' t or incomplete, Data models t)'pically rel1~ctthe data structure at Ihe time 

of dMaOOsc design_ Oyer lime data models are rareh- updated and quickly bc<;orn.: 

obsolete_ espedally in the \'Olat;lo Mea of attribute domains_ Data dictionaries and 

looku p table ... are also se ldom up.to.dalC 



or II", IoSI doy oflhe y~3', For Rumone auributes. the mOSl lypioa l defaull "aluo is 

0: ~,ough. I hm'e .... cn many other ,hoices. especi~ lIy in In.;, "lcgacy" SYSIClns, 

In genem\. an,' "alue lhal appears mo.e often than the Olhcrs should be qucslioucd 

"' a candidatc for a default Hluc, For many attributes it is ,imply Iilllikcly that the 

!hIme, . llIe is ,hared by mally emil\" OCCurrences. 

4.4. ATTRIBUTE FORMAT CONSTRAINTS 

Most "alues can be "'prcscnlcd in n , 'ariet)" of 1I'0ys, For example. dale 11/ 15JJ6 

,an also be displayed as 15-N",'-06 or 111$1(1)6. Of in "'~n} olhe. \lays. The 
anlOunt $5000,00 can be .lso p",senlcd as 5,(){)() with implicit cu.rency Iype or as 

5,0£"' 3 in scientifIc formal M)' name Ark",'), con also be wrinen as ark",l)' 

withoul capilali/alion Or as _Arkad)'_ with leading and Imi ling spaces 

In theory, all of lhese forms of prcsen talion can be considered Irrele,-ant as they 

represent the same , '. Iues, Human eye would Iypically ha" e no problem 

recognizing the "alue, Howc'w. lhe compUler prosrams .<cessing the data mD}' 

ha"" difficullies read in g dillercnl fom,ats properly. FUllhc •. <"ell II'hen the dala is 

accessed correctly. l:t\:k of .tnndardi>-"lion may cause probl<ntl in readin!; and 

usi ng ~,e rcpons, 

Formal conM .... inlJ defme the expee led form in which Ihe anribute values arc 

slored in the dalabase fidd, FOnnal ennstr.ints arc mo.t impQr1anl when dca!ing 

with "Iegacy" d,tabJSes, Modern databa"". usually hide the format of all but lc~t 

~((nbnles. Howe,-cr, e,'en modem d~tabasc> ~re full ofsurpriscs, From time to 

lime, nnmcric and dalerl im. allrib"t". arC still stored in leXI field •. 

Fonn:!l cUllSl rainls fOl ""mene. date/l ime, alld cllrrCl'''Y altri butes arc usually 

reprcscnlCd as a "alue mask. a InMMOVJTYr standing for 2-digit month followed 

by 2_digi l day and 4-diSit year for the dale, Hundreds of basic formals "'" 

]IO:5'lible for such attributes. Legacy databases are ~specially prolific in usin!! 

numcrou, creali,'e packed formats to store the data in the minimum amounl of 

space. Discussion of thesc formal, would cJSiJ)- take a ~haptcr by itself and 

be longs morc to the IOpic of legacy dala colI,'crsion (I am plannLns 10 mclude it in 

the --Data Con"ersion and Consol idation" ,olume of this book series), 



Fonnat ,on<tr~;nt< are usu~lly ~"''). to identity, Data diotionaries t\'pically sholl' 

.ttribute fonnal , In absencc of a reliable data dictionar}'. dala profi li ng lools can 

t..: u><:d Iu cujJ~ct rJ~4U~lIci~> uf, ",iuu> fUl ' "~t', AJlat~,i, uf f' ~4LM;1I~) dm'l> 

he lps identify fonnal constraints. Tools orC also a"ailablc On Ihe ma,ket tl1"t can 

fCcogmzc complcx leg.cy f,eld formals and idcnlif~' d,C disobed '<I1l ,·alncs. 

The fonnnt constmints Ofe eSJlCcially IIn["nimH for lexl .mibutes. Texl altribule. 

arc mOSI onen made of a single word Ihal has reslriclion on length. allowed stt of 

ehar:ICtcrs. ~nd ma.k . For c~amplc. f'rst n~mc nlu.t be made of ~l pha cha'acte's 

and dashcs ""d St.:1rt wi th a capi tal leiter. Social =urity numOCr must ha"c the 
fOmlal 999_99_99'}9, A mor~ complex . ttribute. such os in,-oice number. may be 

defined as follows 

• The first ch ... oc1er is a cap it.llCller - the first leiter of the client 's nmne 

• The ncxt three characters cont.:1in the des isnaled numeric client 

identifier, 

• The fifth character musl be A. B. c.:, or D dcpending on the job type. 

follo"",,d by a dash 

• The nexllWO c h 'r~elers arc lastlwo digits of the i",'oice ye,r. 

• The last three characters are numcric and indicate in"oicc order number 

for this specifie job in this calendar year 

Such fonn~t constr~i~t IIhi le 1011<; and ra~lcr cOO,'oluled On paper. is easy 10 

implcnlent In a data quality rule . In fact text .!tributes with a strict "'05k arc the 

be<l from the data quali1Y pcrspee1i,'e, 

Some tc~t attributes arc made of more than onc word \\"ilh li!tle restriction on the 

indi"iduJI characters. They are often referred 10 as free_fl ow text aurihute •. True 

f",c ·flow ,·.Iues are "cry hard 10 ' ·alidalC. Fortunately. n>an' supposed ly free· now 

te,~1 attri bute. have a striCI word pallcm in actua li1y 

In orde r 10 dClenninc which "aluc pallcms "'" ,'alid, we mUS1 firs! idcntil'\' :til 

present p.ll1crns, This l:1S~ requires sophistica ted le~t.parsin!: alb'{)rithms th" may 

be on l), " 'aila blc in adyonccd profiling or standardization tools, The nc~t step i. 

to examine and explain each pattern, Values with strange p.1ucms rna) t>C totally 

incorrect or simply re quire sta"da,di-at ion. 



Co",ider attribute FullN.me, which contains full n.me for ,11 employee<_ 

Applying the pars ing algorithm produced the following results: 

• O"Ct 95% ufall "alues h.,·, a pnl\CHl {f.G!; ,Nam(. Firs/Name1-

• Oflhc remaininG ",lues, about 200 (or 3 ~.) consist of one word, most of 

!.hem rcrords with onl>' the Last Name. Such ,"alues arc incompiete. 

• The other 128 ",1"<$ co", i,\ of two words wi~,o"\ any Sl'P.ltalQrS, most 

likely in the format IFir .• {Namc I.tmNomc}. Thc$C "alues nced 10 be 

<tandardized_ 

The fotm.t ,0nstraiUl for this attribute is , ,omplex pattern mask. requITIng ,II 

", Iues to h.,-. pmtern (1.,mN"m~, FirsrN"me). 

4.5. VALID VALUE CON STRAINT S 

Many '1(ributcs hn'" a fi nite set of ",lid "alues. Valid ,'a/lie ,mlS/raints limit 

pcrminoo attribu te "alues to such a prescribed lis\. Unfortunately, ",lid ",10<: IiS lS 

arc oftcn UI!.l\"Oilablo , incomplete. or i"cofTCc!. To idontif\" ":did ," , iues. we fin;t 

need to collect counl, of.1I aclual n lues (nole Ihat he", we need i!!l , . Iues ralher 

than just frcquently occurring "alues) These counlS enn then be analyzed, and 

aClual ,-alues Can be cross·referenccd ~g~inst Ihe ,'alid ,-alne lis\. ,f ~qilnble . 

Value. that:u-c found in man)" records an: probl bly ,-alid. e,·en if Ihcy lrc missing 

from the data dic(ionwy. Thi~ Iypica lly happens wh;;:n lie"" "aloes are added after 

the origin.l database Msign and are nol added tu the documentation. Values Iha\ 

hO\-e low frcquency an: 5USp<Xt The conclusion, ncod to be confirmed by 

business usc .. 

Figure 4·3 show. frequency chan.. for Ihc allJibutcs FuliTimcHour< an d 

EmplO)·ccType and illustrates how frequency chans e.n be used to identi(\' 

attribute domain constraints 

Let'. f,rst assume thaI there an: no documenled constraint. on "aloes of mtribute 

FuliTimeHours, which lists a \\eckly won; &ehedulc for full'lime employees. 

Analysis of Ihe auribute profile dearly shows Ihnt Ihe domain eOnSiS1~ of four 

,'alues: ~O, 37_5. 35, and (} houn; pcr week. These "alues account for <)').95')1. of all 

records The r"st tlnee ale IegitintOle foil_lime schedule •. ,,·hile zero is used as " 

" 



prcclSlon_ DOia profiling tools can uSUlIlIy compute precision frequency chans 

di'ectly or at least can be coaxed to do it using relativc1y simpic fonnulas, 

Figure 4_5 il1ustralCS the usc of data profil ing in defining precision conS1I",ints, 

The frequency chan on the len sho .... dimibution of n lue precision for attribule 
Annna IP a,'Rate, The oosc,,-ed precision is 10 the nearest hundred of dollars in 

roughly 75% of reco.-ds. Aoolher 11~. of records all: e"pressed in SI.OOO',. and 
almo,t 1.8% of ,'alues are rounocd to the nem:st ~II}.()()O. These findinss are 

consistent lI'i~I the pre"niling al1ribute precision 1c,'e1 of "hundreds of dollars," 

Noll' the question is \\ 'kc~lCr or not other precision le"cis arc acceptable or 

erroneous 

I An"ualPII,}'R .... Prod",,", I I Schod"I,tlHouroO"""lanlJ' I 
8. v .... A_ "I . " " , 

~~ } 
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LoII'er precision frequenc," (12~~ ,nd 2%) is consistem wilh "",dom OCCUfICnces, 

For e"am ple. ".Iues $45.000 and S5O.000 an: ,·.Iid as va lues with precision in 

$UlI)', and in $1.000'" With prev.iling p=ision in $100',_ we generally c"!"'ct 
I (f,~ of records t(> be rounded 10 $ 1.000', and 1% of records 10 S 10,000' s for this 

reason, In practice. the numberll usua lly arc sl ightly higher due to the higher 

human appeal of round numbers, 

On the other hand. higher prec ision I'alues cou ld be crroneous or represent 

legi ti mate e~ccplions, For instancc, predsion to ne~rCSI $IO·s ~nd C,'en S Is m~y 

be ,·nlid. as annual compcno;:ltion rate of$36550 and el'en $29,355 is plausible_ If 

the percenlage of such ", lues on the eh:m decre,sod dramatically (5O"_ was less 
than 1%), I would , 'ote for the ,'alncs being errOneouS. As it is. both cxpbn,lions 

an: possible. and onl~' a business nSCr can tell the required and ,-alid precision, In 

"' , , 



this e~~mple_ prec ision of S I O's and low~r II as deemed , 'al id , IIhile the re",a ining 

records werc c()I\.idercd erroneous. lhi. """"'pic shows that in data practice. too 

mud, ~,=j,iolJ "<li' t.: ~ljuall) "lUll!; u> tou lit,l~ 

Precision conSl.roims can apply to both numeric and datcJtirne attributes. For 

numeric, allie" they derine the desired nunti>cr of decimals. For th e date/time 

attributes, precISIOn can be dcfmed as calendar monlh. day , hour. minule. or 

second, Profiling precision of dalc!lime auri bules is somewhal Irick)" The 'alues 

falli ng Oil the flfSI or laSI da)' of Ute mOlllh would be considered 10 h." e the 

precision !c"d of a monlh, Simi larly. we treal "aluc 5.50 as ha"ing one decimal 

for profiling purposes. even thollgh it can ]IOssihly be truly rncosured to two 

ekcirnals bul h",'e!he e~""t "alue or5.50. 

Granul aril), cOIlslroi ms are similar to precision constra ints Consider ~l1ribulC 

SchcdulcdHouT> listing weekly scheduled houT> for p",Himc emplo)'ees The 

"a lue frcq.tcncy d tart for !.his aUribule is sholln On Ihe ri ghl side of Figure 4-5. 

Profiling indicates Ihal all bul a few "alues a!"i! measured in incrcm~nlS of 0,25 

hom. further an~\ysis pro"cs Ih~1 ~Clua\ d~l a COlleC lion processes dri,'c this 

granularity Only such ",lIues are .-alid. The ,-a1ues 18.7 or 36.92 ",e crroneous, 

Another similar constraint is UtC unil of measureme nt. Wei~t can be meaSure in 

pou nds. kilogr~ms, or 10115. Price c~n be rep",scmed in dollar", euros. or francs 

The appropriate data qual it}' rules will require all ,-alues of an attribute to hn,'o the 

same unil of rne~surcmcm. When diffcrem ,'alucs of the same attribute arc 

measured in different units il may turn inlo a cosily dal~ qualily issue, A classical 

c"mnp1c of Ihc probkm i5 M c"pcnsi"e 5.11c1liIC whose orbit decayed quic kl)' al 

Ihe COS! of millions of dollars because 11 pic<:e of data was entered in a wrong unil 

ofmeasurement 

" 

" 
," 



SUMMARY 

• Oplion~lily conslrninls preHnl altributes fIOm lnkin~ Null , '.Iuos or an)' 
defaults used as substiMC! for missing ,".Iues. 

• Fonnal eorutmints define the fonn m which ouribute ,·.Iucs must be 
stored in the database field. Fonnat constraints for numeric and 

date/lime .ttributes usually tnke the fonn of a 'nluc IMsk Te~l 

attribules may ho'·e restriction on knSth. allowed set of characlers. 

masl.:. or word panems. 

• Valid ,.,1"" constraints limi l pcnnincd altribute ,·a lues to a prescribed 

list Conslmints [or numeric and dalel1ime aurib"tes us""lIy take the 
foml o[,'alid ,..Iuc mngcs. 

• Prec ision constraints reqnire .11 ".Iues of an .Uribm. to h.,·. the .s.amc 
precision. grnnul .... it~·. and unit o[ mCMuremcnL 

Thcre ore mnay practical challenges in identil)·mg true attribute domaias. 

Comprehcnsi'·c attribute profiling is lhe key. Without det3ilctl understanding of 

attribute profiles. dom. in conslraints will alw.), s be incomplete 311d ;ncorr~t. 



I,t..:.: ,..,..: Uich I 



CHAPTER 5 
RELATIONAL INTEGRITY RULES 

Of 311 rc,-o lutions in informa tion IcchnoloS)' , the introduction of relational datu 

modds argoably h~d the gr<:~ICSI impact. It I;a ,"c dntab= designers a rc.: ipc for 
sySlcmal;c and efficient organization of data. Now somc 30+ yc ~rs since their 

introduct ion, rebtional d~lab.sc, "re the cornerstone of the in fonn , tion unin" •. 

Tho idea beh ind rebt;onai data modeling i. surpris ing" - simple. All indi,-iduaJ 

doll. clements slored ill a d.lab, sc can be cla~s ificd into 3HribuioS of Slrucluraliy 

Slmibr persons. tbi ngs. places. or c,-ems. By creating ""pamle li'linS' of such 

simi! ~r o bjc.:ts and organizing their attributes inlo columns. we foml a lubu lar dal~ 

.truc ture . This pari wols ulldcrstOOll from the early day. of database design ~nd led 

to the prol iferation of -'legacy" databases ,,;i,h all attributes listed. column after 

coillmll. in ne,-er ... nding rows For in st ance. nn HR database would li't all 

cmptoyee~ in separate records with hllndreds o f allributcs. such as namc, address. 

compensation rates at different dates. aDd position history_ 

Relation data modeling took this idea a giant step fonmrd_ It suggested 

Ikcomposing comptc~ object' with repeating simpler parts , and storing 

information alJout . uch p1U1 . m separate listings. For in stance, employee data m a 

relationa! sllueture are broken down into a table with basic indicali'e dal:l. wblc 

II ith p.1ychcck data. table with posi tion history data, and many other tables. 

Various tables arc the" glued together by the relationships that ti c palls o f the 

SOme object e .g. data for the .ame pe~11 i. rcbted by a cOmmon emptoyee 

identi fi er used throughout all tables. 

In the pre, ious chapter. we took the most simpli sti c "iew o f the data as made up of 

in di,-idllal unrelated attributes. Relational dMa models olTet a highct ·lc, 'eI no tion 

of the data structure, In doing so. thC)' also pl(ICe many conSllaints on thc data. 

This chapter offers co mprehensive lIeatmclll of the data quality rules th at can be 

d",i,'oo f.om thc relat ional data models: 

• 5«lion 5. 1 introduces key rd~lional d~la modeling coneepls Tit(, render 

can find dclai led c.'rl~1l3I ion for these conceplS in numerous te.'lboo~s. 



• Sc<;lion 5.2 presents idenlit)" 'uks. 

• Sc<;lion 5.3 discusses reference ru les. 

• Sedion SA describe, c.,dinal rules. 

• Seclion 5.5 presents inheritance rules 

5.1. RELATION A L DAT A MODEL BAS ICS 

Relational data mood, deseri"" high_level logical data ,true lure using sc,'o .. 1 

central data modeling coneepls_ 

• EIIII(\' is a class of stru<:lUrally simi la r persons. Ihings. places. coocepts. 

or c,-cnt!; about which the dala is recorded, Each represcntalive of III 

enlit)" is called enlil), OCcurrence, 

• Artrif>urc is amoS! primili'" atomic characteristic of an enlil,,_ 

• Rda/iO/l5hip is OIl association belween occurrence, of lwo emitie,_ 

• Rdm;o/l,,/,il' "drt/illlllil)" indicates hOIl many occurrences of each cntily 

can pmicipatc in the relationship_ 

• I'rinmry k .... , is a Ilominated sct o f attributes that un ique!.- identifIes each 

cntity occurrence_ 

• Forei,,11 keJ tics an altribule or a colleclion of attributes of one enti ty 

",i lh the primar), ~~- of another en lily. 

Figure 5_1 shows Iwo enlilies tied by a simple relationship in a data model 

diagram E~lPLOYEE is nn entit)" describing all employccs for an organi ution: 

POS ITION is ~n en l;l)" dcscribing Dil a,~iIDblc positions. Entity EMPLOYEE has 

six nltributcs: Emplo)'cclD. FirstNnmc. L.stNamc_ Gender. BinhDatc, and 

CurrcntPosilinnlD_ n'e under lined a((ribUIC EmplD is nomin'led as Ihe prima",' 

I.:c)' nnd thus coch EMPLOYEE entity occurrence must hal-e a uniquc ,-.Iue of 

EmplD 



EMPLOYEE -* POSITION 

ErnployoolD P odti:oniD 
Flr. t.Namo D.",ript;Qn 
LruLNam~ Eff<>:ti"eD .. :.e 
G~nd., Poriuon1w~ 
Bi rt.hDo.t.o POte.n~I1~FullTirn e 

C u. r~n IF oo.! Ii. nID 
---------------------

.-_.0.-1, 0;.",.. Dol. _ ,. .... .. 

Entilies EM PLOYEE ~l1d POSITION in Figure 5·1 art li ed b~' the foll owmg 

relationship' 

F.(,,-j, I'o'<;1/im "wy tw (lCC"pied hy ~Cm (lr '"'" cmpl())'w~. 

Tho relalionship is depicted using sland,rd i"fornmlion cnlli~cerinll (IE) nOIOl;ol1 . 

The relationsh ip cord","lil)' on Ihc righl side of the relationship cquo]. I. while 

cnrdinal il), on thc lert side of (he rcl~(ionship is [() or I: . The rd~tionship uses 

foreign key, II'hich lie s "~ I ucs of a!(ribUIC CurrcnlPosili onlD in EMPLOYEE 

enti ty (0 !he ,-ulues of (he p,i",~ ke\' aurit>ulc Posi lionlD in POSITION entity . 

ThU5 for each cmplo),C'C. we c:m look up the "~luc of CurrcmPositionlD attri bu te 

in POSITION entity ,nd find the detai ls about his position 

Entities, entity occurrences, and ll1tibutcs arC conccjllS used in logical data 

model~. Ilowe,'cr. mony re,ders ore pIObobly more fomi liar with t.lbks. records. 

"nd ficld,. While il is not always " one·to-one correspondence. entitie, arc usually 

associated with relational database tnblcs: enlity occurrenc es correspond to 

indi,-id",1 records: and indi' idual fields typically represclll ~lItibutC$. 

In all c~mllplcs in thi s book. physical tub1es m~tch logical entities. Thi~ allows us 

to use the ICntlS inl~rchDngeabJ)'. which helps simplify the reooin g, In realil\'. a 

phsical database table will onen store data for , .,,-eral d istinct logica l emitie., if 

the emitios h", 0 ident;cal or ~t Io.st s imilar allrihule._ Alternatively. occurrences 

" 



or auribu\eS of a single emily may be di,-ided among mull iple IlIb le, Finally. a 

dalll field may 51oro "alue5 of several allributOli Such adjustments aro made for 

1"'"' [VI u"UJ~~ u~liJJJi "'li"JJ u, ~um ~JJi~,",~_ 

We refer to the data qlLll ily rules thai arc dcri,,,d from Ihe ana lysis of relalional 

data models as rel"limlU/ im~K,if}' '"/fl Thcs<:: rules "Te rcbli"dy easy 10 

ide nti f)" and Implement. wh ich makes a rdation.l data model. slaning JIOint in 

any dala quality asscssmcnl project. 

h is im.,ortMI 10 remember Iltat relalional integrity rules (and :lClually mOSI othcr 

data quality rules) mu<1 be defined in \enns of logical dala models. rather thnn 

physical datab.se design . In other words. il is entities alld .tUibuI05 thai arc 

so,-cmed by identity. reference. cardinal. and inheritance rule .. The properly 

defined rules can Ihen be translated imo the bnguage oflables. records. and fields 

used by the rule ,·.Iidalion algorilhm,_ 

5 . 2. IDENTITY RULES 

hie"'il)' Keys eilSUre that c"cl)' real world cntiw (person, thing. plocc. conccp!. 01 

cwnl) represented in Ihe dala is uniquely idcn\ifi able alld can be diSlinguished 

from ~II otller emities of tile same type They provide , rundamemal li~k belween 

O,e dala alld real world objecls 

I maSlne It..: pirates d i, iding Ihc slolcn loot accordillg 10 Ihe personnel lable ~lad 

Dog i, cngaged in a fight till dcalh with recenlly recruiled Mad DOIIg whose name 

was accidenlally misspelled by Ihc spelling·challenged captain. Wild Billy ,,00 

changed his name to One·Eyed Billy afler the lasl bailie is tl)' in~ to sneak in and 

collecllwo share s in accordance "illt Ihe regisler. Thc share for slilllislCd buI 

ilio,med Wooden.Peg Jim is up for grabs. Life would be: loogh fOJ pirates in the 

illform,t;OIl age BUI il is equally laugh for elllployees. CUSlomers. , lid ot~r 

objec ts whose daUl is maim.incd;11 the modem dalabases_ 

An iJemil)' ,"/e is a dala quality rule. which "aJidate, thai eYOf)' record in a 

d:llabasc lable com,sponcis to O£>C and only one rcal world enli ly and Ihal no IWO 

rccords refcr<:llCe Iltc ,ame ent;ty. Identity rules usually IIlust be enforced for all 

enli ti es in II relalional dala model. There fore. the number of identily rules in a 

typical dala qualit)' ,sso<>mCII\ proje<:1 w;ll be clo<e 10 the IIUlllber of clltit;o<. 

"' 



A re.der familiM "ith dOl.b.s. desisn w;1I n3tur~11)' ask, "Aren' t ;demit)' rules 

.Iwa),s ~nfor<;ed in relational databases through primary k~ys?" Indeed, according 

lU >uum] oluw ",,,old;ll!; I'I;ll~il'lc'S ~'~J.' ~lllit~ lllU>l h",~ u 1";111"'), 4c)' - ~ 

nom;nated SCI or allributcs thaI un;q.>cly ;dentines each ent ity OCCurrenCC. In 

addition 10 the uniqueness requirement, pnmary keys impose: not-Null constraints 

on all nominated allributc,. 

While primMY k~s are usuall), enforced in relational databas<:s. this docs nol 

gUarat'le<: proper entity identit)' , One of the reasons is that surrogate ~c)'s are olkn 

created and nom;Mled as prim.,y kel's. Sum,gat~ k<')' .• us<: computer generalCd 

unique ,..Iues 10 identify coch record in " !:lble. bUI their uniquene .. is 

mc,ninglC$!) for do," quality 

figure S_2 shows sc,'cral records from the E_EMPLOYEE]ROFILE I3ble. which 

lists 311 employces .long ,,-ith their bos;c indic.t;,·e dot •. The ,able has sulTOcale 

key allribute EmplD declared as " prim:ll)' k~' and enforced by the d31abas<:. Of 

course uniqueness ofEmplD for all records is guaranteed by design: ),et it docs 1>01 

mcan thnt each employe<: is properly identincd in tnc data, Employe<: Mil/o,d 

Abraham has lWO records with distinct ,'alues of EmplD but identical social 

security humber (stored in ~,e SSN amib"te), This is cloarll' an error - tho two 

records ~rc duplicotcs referencing the sante rcal person . 

. ..... • ." ~ •• '" _" _ "",<on. 

The example suggests ~\at the database primary' key docs not necessMil), represcnl 

the tnre identity key, In this case. the SSN allributc is a more appropriate 

candidate for the identity key, Indeed , all people are e.'peeled to ba"e unique 

,'.Iues of soc ial securily number. The good IICIl'S is {bat tnc logical data models 



I.-ill ooc" list the true idemit)' key", all alternate key, el'ell "hen 3 ,urrogate tey 

i,1 ,,,,ated and used as a primary key, Wilen .\\lch a tel' is "ot listed in ~'C da1a 

muud_ ,,~ >l1:IJI IUlah'L<: ''-II iuu> "I\Jiloul~. "!lel "lu ihl<: ~ulHbil ~lliu..., lU >.,<: "hi~h 

of til em hold candidacy for !he 1rue identi1y key 

Now II e call implement 111e identity rule to compare ,-alues of the true identi ty key 

for all record. . An)' duphcate "allies "re erroneous_ The problem IS usually 

created b)' one of t\\'o processes, In wmc eases multiple records are created for 

tlte s~me real lI'odd entity as ill the e~a"'ple of Ald/lI,d Abruham in Figure 5-2, In 

other eascs, the error can be caused by a" erroncous n lue cntel't'd in the key 
attribute_ For inltallce, records for Conrad Cady and Lincoln lIarr ha,'e ideDlicaI 

,'ah." of SSN attribute , lhus ,-iobting the id~mity rule_ The records c1~arly 

represent distinct indll'idual. and arc nO! duplicmes of the same entity This can be 
dClcnuined by looking a, thcir names. binh dale!. and other attributes, One ofthc 

records has an inc om:ct SSN "alue 

hen , 'alida,ing uniquenCl1 of thc correct ident it) J.:c)' m:ly oot be enough to r,nd 

all identity ,-iolat iolls, Consider aJ;uill dnta in Figure 5-2, Employee Di~g<) 

Ahrltoco is listed twice with different SSN ",tlues Furthcr analYiis shows thm 

tiles<: ,alucs hal'e on ly one distinc, digil (compare 991'>_9I'>-873/j wi th 991_96-

11738)_ Identical ,'aluc, of BinhDate (1111912), c.cnder (Af\. and Compan)' Code 

IN]) :llso suppon the theory of '11'0 record. belonging to ,he same person. This i. 

a C.Se of duplie"e n-conb, which do not .. iola'e (he identity key constraint but st ill 

brcl,k the identity rule. 

Finding these cases of hidden mism"n identit), n:quire sophi sticated de · 

dupliCU1ion wflwarc , FortUMtc1y, "arious tools arc a"ailable on the martet for de­

duplication of ",cords for I"'rsons or busin.ss~s, 



5. 3. REFERENCE RULES 

H~Jr .. ,.,'n ml". eM<" ", Ih.l e ,-c'y <cfc",nce mooe from ono enl;ly "",c"",,nee 10 

another entity oo;currence can t.: successfully ",soh-e<!. Each re ference rule is 

rcpn:scn(ed in relalional dala modcl~ b! a If/reig" kq (hoI lies an allribu(c or a 

colleclion of attributes of one cntit~, with the prim"",- kel- of :mother cnlil'l-_ 

Foreign h'ys 8"ar~nlee th,t "a,.igation of a reference aeross enti li es does not n:suh 

in a "dead end"' 

Fore ign key. arc lhe Itille holding the d"(llb.s<: (ogether. Wilhou t foreign keys, lhe 

data is like lealcs COI"criIlS Ibe ground in Lhc faU - you know thul each leaf fell 

from one of Ihe u cc~. but il is impossible to 5;1) fron! "hiol! one . 

Alm(l!;\ c"cl)' en1i\)" in a relaliona l dala model will ha'-. one or scl-eral forcis" 

keys. The usual c~ccplio"5 arc lablC5 wilh basic subject data and reference tables. 

Therdore . the numt>cr of reference rules in D typical dal~ qual ity llSSessrnenl 

project will sligllll)' e.,cced the number of entilie, 

forei!!n key. are always pre""m in data model, but ore onen not enforced in actual 

databases. Tbi, is done primarily 10 nccomnwdatc rc~1 data that may be 
erroneou,1 Solid datob"c de,ign prcciude, emering such records. but in practice 

it is oftcn considered a lesser c, il to allo,,' an "nresel, ed link in the database lhan 

10 possibly lose ,.luable data b)' not entering it at all . The problem i. intended tl) 

be fixed later. but -' Iatei' of(cn ne\'cr comes_ f ore iSn key , 'iolations aT<: csp<:cially 

Iypical for dal. loaded during data com,.,.ioru; from "Iegacy" non_,.lal i", .. 1 

'yslcnlS. or as" result of incomplete rccord purging. 

Figu'e 5_3 illu, trate< a reference rule for cnlit\" E _ STATUS _11 I STORY c()I1tninin)! 

the hi.IOIY of employ ment e'-rn!> Tho dat. model includes a foreign key thaI 

links E_STATUS_HISTORY "i th strong entity E_EMPI.OYEE]ROFII.E. 

wbic h .tore. cmplo)'cc bas ic indicat;". dala, TIie data qual ity rule re quires each 

record in E_STATUS_HIS TORY t:lble to rcrcrence a record with same "al~c of 

EmplD ~tt,ibute in E_EMPLOYEE_PROFILE. The 1\\0 ..::lccled rccords in 

E_ST A TUS_I!lSTOR Y l~ble "iohuc th is role - both reference clll l'lo"cc #11 ~(,03 . 

but no record of such cmplon,e i. found in the parent table_ 



The problem may ha,'e been caused by \"ariou, ",ason,_ The ,·alue 114603 in 

EmplD field may be erroneous. and the ",cords actuaily belong to aoorl,cr 

employee_ Altemali,dy. Ihe record for enlploycc 114603 may be mi,sing from 

E_EMPLOYEE_PROFILE table. e,g. it may hal'e e.~istcd in the pa,t but 

erroneousl)" purged. This second ultem,ti,'c will o ften result in numerous 

,·iolntions of reference ruks for l·ariOUS wbks, Assuming that the recon! for 

employee 114603 is missing from E_EM PLOYEE_PROFIL E. each dependenl 

emily with ,·arious emplo)"ee dala for this employee will hm-e OI\C or morc orphan 

records 

5.4 . CARDINAL RULES 

Ctlrfli",,/ , ,,/es define the constrainll; on relationship cardinalit),. Cardinal ruks are 

001 to be confused wilh reference rules, Whereas reference ru le< are COI\cemed 

II ilh Ihe idem it)" o f Ihe ",CUfTCnecs in referenced enlities. cardinal rules define (I-.: 

allowed number of such occurrence. 

Prob.bh· the mosl famous """mple of" praelical application of cardinal rules is 

Noah·s ark , Noah had 10 lake into his ,'e,se l lwo animals ofcxh species - male 

and fomnle . Assu ming IhM he had trocked hi s progress using a relat ional databasc . 



Noah would need at least t\\'o entities - SPEC IES IUld AN IMAL - tied b)' a 

relalion$l1ip wilh a cardinali ly of e~acll \' one on the len side and IWO on the right 

, j,,"- I" f""l. N"ah', ,~,~ lIa, ~\~" IIL" ' ~ c"lILpl~.~ as h~ ,,~c-cl~o.ll" ~ II'W~ ~,aL U'" 

Iwo selec led sJIC<:ics were of different gender - an in herilance rule lhal we \\ill 

discuss in Ihe ne~1 scction. An d, of coursc. he needed 10 ensure the proper idemi t)' 

of each animal. I imagine Ihal had Noah used modem lechnolol,;), atid had the dai~ 

quality been consislent II ilh a common le"c1 of that in modem dntnbascs, We 

\\'ould remember the SIOI)' of Noah's ar\; in the samc context as the mass 

e,:tinction of the dinosaur; 

RK 

f .... , .• a ~J-. 
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Cardinal nIles can be initially identified by analysis of dlC relationsh ips shown in 

the re lnti ooal dala models. AlmO!iC'CI)' relationship in the data model will yie ld 

two c:m:linnl rules (limiting the nwnber of occurrences for each entity pmicipating 

in the rel3lionship). Therefore, the num ber of c .. dina l rules in a typical data 

quality 3SSCssment project will be close to lwiee the number of re[;llionships. 

'" 
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Figur~ 5-'1 illu\lrate$ a relationship be tween entities EMPLOYEE "nd POSITION 

The crow·s reel notation ;s uS<.X! to describe the relntionship and is Irnnslalcd Il~ 

ful1u",. 

E",:h .·ml'l().I"<'~ "'1,,·1 jill ~l""cllv 0"" 1'''.1"11'''''. 

E(lch Imll/on nomr be jillra by zem (lr on~ fmplo)"es. 

The underlined .,onion of the relationship delines the cardinal ",les for this 

relati onship. The high lighted rero,ds ,ioiate the "'les. nte record for ~tnplQ\ee 

U 49J2 ,·iolatcs ~tC first ",Ie the fi1l5 '-cro positions). Records for position #7711 

\"iol ate the "",ond ",Ie (it;s ftlled by three differem employees). 

Relationship cardinality is oftcn represented incorrecil\" in relationa l dat, models. 

For ex,mplc. oplio",lily is sometimes buill into the enli ty.relationsh ip diagrams 

sImply beeause re,l dalll," impcrfecl Strong entitie, ","e routinely .llowed to h,\"c 

no corrcs.,onding weak entily rccords simply because database designers C~PCCI 

bad ,nd missing data . This is the ,"ery problem wc ~rc trying to address ~. the 

data qualil)" initiati,·e. The situation often occurs when dato models arc re,·crsc­

ens ineered from :le1"al database, in IInicn con.tr~ints hn,·e been relaxed to 

accommodate data imperr ecl;on 

Anlllner prob lem ;s thaI ,ommon1y used data modeling oollltions <.10 nol 

distinguish cardinali ty bc)·ond =CrQ. OllC. and m"ny. Thus.. cardinality .)n~ ..• i. 

used 3S 3 pro~l· rOf ··mOfC than onc"· Consider the s;tu3 tion rrom Figure 5-4 

w],en: cach .,osition is allowcd to be filled by IWo pari-lime employces. Tnc 

,Ilowed relationship cardina lity is then 10.1.21. Howe,cr. man) data models will 

nOl put any restriClions on the cardinal it)" of ~uch 3 relationship. 

" 
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In order 10 idc:nlif)' lruc cardinal ru les. we usc r~l"';,mdil' CilrIlintllilJ' I"uflling­

an e:<e rdsc in counting octllal occurrences for cock relationsh ip in tke data model. 

Once counted. the results are presemed in ~ eardin~lity chan showing how man)' 

of the parent records ha\'e O. I, 2. and SO on correspond ing dCJlCndem records, 

I ha\'c nOi ,cen • IOOlthm olTercd built_ in functionality for relationship cardi"alil), 

profiling, Howncr. wi th the rapid dc\'clopmCnl o f data profiling so ftware. wc can 

hope that such func tionality wi ll Ix: ,oon a\'aiJablc. la the absence of a tool. dal:l 

for card inalit), ch~ns can be gathered \\ ilh neslcd queries. 



Figure 5_5 ill"Slr~I" tlle canlinalil~' chan for the relationship belll"~en 

EMPLOYEE and POSlTION enlities fran! the example nOCl\"C. Profiling shows 

tl!al uul uf J3 . ~ 1 ~ l i>l~J I"'>.iliul!>. 

• 573 po,ilion, nrc open 

• 10.214 posi lions are ftlled b,' I employee eOlCh 

• 2.619 positions ore occupied by 2 ~n!ploy~es each 

• 95 positions arc ftlled by 3 employees each 

• 14 positions arc occupied by 4 or more employees caeh 

12.000 
to.2\~ 
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Large frequenc)" is u,uatll indicat i"e of legitimate cardinalities. "hile rare 

occurrences arc suspic ious 'Illd require further im'estigation. Analysis of the 

sample data would show that :0. 1.2: arc legi t im~tc cardinalit ies. The cardinali ty 

of] or more is erroneous. NOli" We can implement tl,c cardinal role as follows: 

Elich position milS! be filled b}' no more than "0'0 emploJ"cJ. 

The fC<:ords for 109 positions "iolating this role will be caught al ong with the 

records for employccs occupying these positions . 

')t, 



5.5. INHERITANCE RULES 

Inl,~,;"',,~~ ""I~. e~p rc.s inl~I>";ly con<lro;nls on enti" e< that ",c ","""';"I ed 

through Gc ner~linlion and s~iali'alioJl. or more lechni<~lIy ~"ollgh sub·typing. 

Conside r <nli lies EMPLOYEE and AP PLI CA NT represcilling company 

employee , and j<lb appl icant' respccliwl\' _ These entities m-crbp os some of the 

appli""ls are cwntu.lly hired and become employees. More imponamly, they 

share ,"any .ttribu tes, suc h os n"llle and dalc o f birth . In order 10 min imize 

redundancy an additional en li l). PERSON can Ix: crealcd. II houses common 
basic jndicali,c dala for .11 employees and applica"ts, and frees up ~le original 

enlili es 10 Slon: only those auri butcs unique to emplo,-cc. and applicants These 

three enl ili.s nrc said {(} hal'c a sub-typing ",lotionship. 

Data models di stinguish complcte (or exhaUSljn) nnd i"comp/erc (<Jr non­

.xhausti,-.) su b_typing relationships_ The forme r require !hat each occurrence o f 

!hc supc,-typc cntilY particlpatcs In at least one of~,e sub- types_ The \~Ucr allow 

SOme super-type OCcurrences to oclong to nei!hcr of tl1e sub-types. In the e.~:mtple 

a\>c"-o, if each pcl"SOl'l is an c["plo),oe and/or npplieanl. (hcII (he relationship is 

complete. If o!her classcs of perwns (slIch as nc~t of kin) arc stoTed in !he 

PERSON table. the relationship is incomple te_ 

Further data model s distinguish COJljoilll (or o'·erlappingJ and Jujuilll (or non_ 

m-erb pping) sub_Iyping rcbtionsliips The former allow an occurrence o f the 

super-I)'pe 10 belong 10 more than one sub-type_ whi le cl,e ianeT require !he 

occurrences of the sub-type. to Ix: mUlHall)- ",«Iusin The relO1ionship in our 

c.,ample is conjoint because some cmployc~-s ca n also be applican t ~ and \ icc 

\cl"S.l. On tile other hund . u relationship octwcen a super-type PERSON and sub­

l)'pcS PERSON_ MALE nnd PERSON]EMALE is disjoint. 

Sub-t),ping relationshi ps and thcir forms alC usually clearly show n in the data 

models. Howe,-.r , sometimes they nre erroneously represent~ by a eombin~t ion 

of sc\'eral independent fOfeign key rclal ion5hips. so ' -o~ must Ix: 'igi lant. An 

indication of a possible hidden sub-Iy ping relationship i, whon throe emitie. hal-c 

th. Same primar)" key, and twO of them h~,-. foreign keys (hat link th~m wi th the 

Ihird cn tity . Of COUfSC. ~,c numocr of sub-types can be greater !han two 

'n 



Inherit~llC~ rules enforce l'alidity o f the data go,-emed by the sub-t),ping 

rdntion~hips. For inSLllncc. tho ru le bn~d on the ~omplolC conjoint re lationship 

t..:,I' ~~JJ olllil io, PERSON. EMPLOYEE amI APPLICANT Itil , Ih" r"'lll 

f!w:,y p.:wm 1>' "" em,,'oyre. <In ""!,/lcom. fir ho/h. 

Any PERSON occurrence not found in either EMPLOYEE or AP PLICANT enti t} 

is errOlll"OUS (or 1II0re li kely points to a missing cllI ployec or ~p]llicant record ). 

SUMMAR Y 

Relational data mode ls arc a gold mine for data qunhty rules. In this ch"pter, wc 

ha,-c di~uss<:d fOlll" types of sueh n:lational integrity rules: 

• Idcnti ty rules moke SIII"C thm C'-CI) ' r''-'<;ord in 0 dmabasc tablc corresponds 

to one and only one I'l:al world cntit~, and that no two records reference 

Ihe sanle enti ty , 

• Reference rules ensure th at ner)' referenc e m~dc from one enti l, 

occurrence 10 another entity occumnce can lie succcssftlll)' rcsoh'ed. 

• Cardinal ruks definc conSl1aints on the allowed number of related 

OCtumnce~ between en li lies. 

• Inheritance rulc~ e~press integr ity consu-aints on enti lies that an: 
associ,led through genc"li!.alion ~nd speciali','l;on 

Unli ke a((rib,,)e do",ain conSU'ainlS diS(:ussed ;n the pt'<:,,;ous chapler. reb)ional 

integrity m les ~ffcct se,·cral records at a time . Also.;n cao;c of ~ rule ,-iol ' lion. ;1 

is not immediatelv o bl'iolls which of the records arc incorrect. This mokes 

impleme nla ti on and us.ge of relnlion"1 inlegrity rules somewhat morc comple" 

'J l 



CHAPTER 6 
RULES FOR HISTORICAL DATA 

Most rCD! lI'orld objects change o\' ~r (ime. Nelloom babic~ grow into pia) rol 

lOJdlcrs. IO"C-Slric~cl\ Iccll"gers. some\\'h~l depressed adults. Jnd ('inally wisc 
Illnlriarchs and p~trian:hs_ Employee positions chanse 0'-0' time. their skills 

increase. and so hop" fullv do their salnries_ Stock markets nUclU~te_ product sales 

ebb and flow_ c()(Jl'Omlc profilS ,-al) . empire. fisc and fall. and e,'en celestial 

bodies mm-e about in an infinite d:mcc of time. 

For an)' rcal world object. all bu1 " rew attributes ore dynamIC in nalUn:. The 

databases charged "ilh Ihe lask of (rock ing ranous object a!tributes incYilably 

ha,"e \0 contend wilh Ihis limc-dc(1Cn~cncy of Ihc d."a. OccasioMliy. only lhe 

currenl "alues of .uributes arc of interest. For inSlance. \\e Can chooso to only 

track the current address of our custome,., howe,'.r more of'len m leost S{)me pan 

of th. hi~tory is 5\ored. 

Historic~1 data c(>mpri se the majori ty of data in bolh <lP"rotionaJ~) stems and data 

w.rchouse.. The)' an: "IS{) rno,t ormr·pmnc. Thoro is ahny. a chance \(> miss 

pan' of the hi story durinll dat, o(>lIootion. or incorrectly timeslump the collcctc'<l 

records, Also. hi . torical data onen ,pend )" eors inside database. and underllo 

many transfomtations. pro,'iding ptent~· of opp<>rtunity for data corrupti oo and 

decay. Thi s combination of abundance. erit ic:.1 imJ>Ol1anee. and error--affinity of 

the historical data mJkcs them lhe primJ'1' target in any data quali ty asses,tnelll 

Jlfojccl. 

'lbc llood ncws is that historical data .IS{) (>ffcr great (>pponunitics for , 'a!idation. 

Both the timestamps and attribulC "alues usua lly follow prcdimblc panem! th at 

can be checked using data quali ty rutes, This chapleT olTers cum p/chcns;,'c 

treatm ent of the dMlI quality roles for historical dala: 

• Seclmn 6. 1 mlroduce, historical dal. 

• Scclion (,.2 describes basic data qualil~' rules for historical data. 

• Seclio" (,.3 discusses ad,'anced dolo quaht)' rule! for historical dUia . 

. " 



• Sc<:lion 6..1 presents e,'cn! histories - thc more soph isticated sibl ing in 

the family of time·dependent datn - and dnta quality rules sP<'cir'e fM 

!hem. 

6 . 1 . INTRODUCTION TO HISTOR IC AL DATA 

We uSC the tenn lill,,!-JI!f'~IIl/~ltIllftribul~ to designate an object eharnclCristie that 

eh(lllgcs O,'cr time. Any " aluc of such an atlributc is only meaningrul wl>::n it is 

acoompanicd by the date oc time ofn'easuremenl. For instance. it is mcaninslcs.s 

to S4y tl'al my weight i5 165 pounds unkss I just gOl of!" !he seales in the doctor" s 

office. We e(lll only say that at a cerla;n timc. e.g. at noon on Noycmbcr 2<). 2006. 

m,' weight was 165 pounds Combin ing m~a.urements m , 'anou. points in time 

yields my weight history . We refer 10 any such senes of time·'lan'l"'d atuibutc 

measurements as "alile hi,'ory. 

A simple n lue histOJ" is usually stored in an entity eont:tining three attributes: 

objec t identifier (m~' name in the ublwe e~ample), lin>estamp indicating the 

measuremel1l date . and the time ·dependent uttribute itselr. We "'fer to an) 
dal.1b= entity with time.dependent attribu tes as a fim,,"uqwIIllcnr emity Seyeral 

timc-<lcpcndcnt ,Ilribu tc:s can c(\Cxist lIithin a single entity . Con.idcr, for 

instance. periodic cuslOmcr sun·c)'S. The :lnswe," would be l i kcl~· stored in a 

single ent;t,. with thc number oC/ime-<lepcndent allributcs equal 10 thc number of 

SUI"\'cy que.'t ions, 

Occasionall y "alue hi stories 3re stored ill repeming grour s of al1fibutes "'i thin a 

single record , This dc·nonnali lcd form is common in ·-kgncy·' dalab.lses but 

""menm~i occurs in relational databases wh ell the number of measurements is 

fixed or small 

V.lue histories ore most common on dm, ",arehousing. The typical dalll 

warchouse or dat~ man will consist of sIlapsoolll of anribUlc ,..Iues taken from 

various opera tional systems, Thu. for each attribute. it eont:Jms the .-aluc history 

with the measurements taken n u y lime a ne\\' snullShol is brought to the data 

warehouse , 

The table and "CCOmpanring chun in Figure 6· 1 show my height In ,tory since the 

carly childhood. It Was in itially collc<:tcd in lhe form of entries into my "'Baby 

'" 



Bool.::' and bter combined \lith measurements reneclCd by I"'neil marh on the 

door 10 Ill)' bedroom, h is cle.rI\' nn c~,",plc ofhistonc.1 data, Mv ",cords cwld 

l>< cum~jll"d "i~ L ~L" U"t" fUL " miHiLJU u f U~ L"L V"uple " LLL.! .""cLl ill " lime" 

d.:JlCndcnl entit~ , PERSON HEIGHT "ith .\tributes Name, McasuremcntDate, 

and Height 

The key fcalun: dilTerentiating Hlue histories from olher timc..depcndell1 data i. 

that atlributc ,',lues are on,,' known at the time! of measurement. NothinJ; can be 

direct ly deduced .rout the I'alucs between mcasurements, For illstancc il is l nOll'n 

with cCl'1ainly that I was about 64 inches tall (5'4") in Mal' 19N4 and grew to 69 

inches ", II (5 '9") by Octoher 19K5_ It is possible tim J gained . 11 flye inches in the 

fln;l lI'""k .ncr the tim measurcmell1. Or .ltem.ti,-ely lhatl h.d a growth Spurt the 

week before the second measurement HOII'c"cr. neither conclusion can be drawn 

from the data itself. 

-" ~" -" ~" "'-_r> 
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L:t's take a mon: in..dcpth look at Ihe data in Fill"'" (, . 1. n,e "",.suremem. hal'e 

been taken at periodic but rather random dates_ YeL these dates "'" nOl trul), 

arbitrary, For ins tance, the ti~ measurement coineidt.'s II ith my date of bil'1h , This 

would be tme for ~II rcoplc - the carli"st record for any [lCrson could not precede 

the date of birth , In fact we may rc:ISQnably expect the first measurement to be 

"'I.:en e~actly on the da) of birth. This lyJIC of cQIlSlIaint is common for hi.lorical 

data and is usually called the retention rule. 1 n general ret~ntiOt1 rules enforce the 

'J~ 



desired deplh of Ih. hiSlorical dnl~ They are u~u'll} eXJX"essffi in Ille fonn of 

constrain!!; on Ihe o"erall duration or Ihe number of ",cords in the hiSlory. 

Further. m,' height measuremcnts ceased in 1 'J~9 "hen I lias 1M,). nlCrc was 00 

point to take funhcr measurements - to my great disappoinuncnt I fmally stopped 

growi ng. jusl 1110 inches short of my older t:.-oillc r. Again Ihis would be , imi la, 

for most people. as the)' SlOp groll'ing in latc tcc"" or carl)' Iwcnties, The 

constraints on tile d3\c of thc mOSI recen t historical record arC usually ca\led 

cutTency niles, 

TIle "allies of my height measurem. nl. also foll"" , cer1,in predictable pallerns. 

For instance. Ihe n lue! ne,'cr decrease and change by no more Ihan fi"e inches in 

one Y.'" (.xcept in the firSI year). This would hold aue for all people. as we 

generally do!lO l gel ,hor1.r and our rale of gro"th 'la)'S "ilhin a reasonable timit. 

,uch as six inches pcr year. This simple example illustrOics how mIDly con~tra i n\S 

apply to e,-en the simplest of hislOrical data . r llesc .onsu-aints em be translated 

into dMa quality ",Ies , 

V .Iues of so"'e alu-ib"tes arc morc meaningful when accunll,la lcd o,'er a period of 

lime. E\'en for the same attribule. ~Iomic hislOri",1 clMa mal' be usefu l for OI\C 

purpose. while cumulJtj ,'c numocrs m~y l:>c more he lpfu l for another, For 

~.~",nple, indi,.iduJI prodUCI sales must be u-acked for order procure me nt bUI are 

uscless in analysi. of consumer demand pallerns, For the laner purpose. il is moro 

pcn incnt to colieci weeki)'. monthly. or qnaner1\- cum"lati,.c sates m lumcs. We 

refcr 10 an)' such seri es of cum"lati,'c lime-period measuremenlS as ",'Cumu/",,,, 
hisl,,'),. 

Accumulator hlSlorie. arc >"Cry common in dat a ",.rehous ing but nrc also found in 

mm)' olller databases. For e.~amplc. pa)'ro ll databases SlOre annual UI:<able 

compensalion hiSlories of empl~ e~s , lns",ance databases tr,..~ lotal "mOllOlS of 

ciaims per policy period for the insured , 

." 

" 
,0 



Aceumublor hislories arc rnually .l<)rcd in lime.dependent cntilies containin!: al 

ieaSl four allribulcs: 

• Objecl idenlifier (prod\>C l identifier in lhe producl SIIIeS e.<JlIlp le abo"e) 

• Time inle"·3l bcllinning dale 

• Time inle"·al ending dale 

• AUribute(,) for which the ,'alues arc ""cumulated 

The key feature differentialin!: accu,"ulator history is that attribute , 'alues are 1>01 

mcasured at ee"ain points in time. but ralher are accumulated on:r time inlcn·als. 

The table in Figure 6·] shows an c<ample of employe<: compensalion hislory, 

Accumulalor hislories arc lypieall)' go'·cmcd by an e"en gl"Cater number of 

constraints lhan basic ,·,Iue histories. Consider Ihe esample in Figure 6·2. The 

lime periods muSI hn,·e no gaps and o'·crlaps and ~II ha,'c Ihe same grannlaril}" of 

one calendar year. The mOSI Ittenl record muSI sho\\" compensation for Ihe moSl 

reccnl calendar year. Compensalion nlues also follow pauems. e,g. the)' mUSI be 

cons;slenl with lhe annual pa)' mle and lenglh of employment. In praclice. 

~mnulalor hi,to,;"" an: e,'en more . uilllble fo.- comprehen.i,-e data qual;ly 

assessmenl than 'alu" hislories. 



6. 2. BASIC DATA QUALITY RULES FOR 

HISTORICAL DATA 

We will 5U", ,,;Ih lhe discussion of data qualit,. rules ((lr hi storical daw from basic 

lim"'int! constraints, uhich '-al idate that all required , desired. or expected 

mcaSUI'C,"cms arc r<:rordcd and thaI alilimcstamps an: accurnle. nICS\: rutes eM 

be broken down into categories of currenc),. retention. conlinuity . and g,:rnulnrity_ 

6.2.1. Currency Rules 

Currency ,"les enforce the desired "frcshncsf" of the historica l data. n c}, "snaliy 

arc cxpn::sscd in the form of conslrainls 011 d,e cffceti,'c dale of the 1110S\ recent 

record in !he history. Cum:ncy leSling identifies the ),ounges! record in the 

historical data and cOI"parcs its timestamp 10 a pre-dcfincd th reshold. 

Figure 6-3 illustrates tl'e currency rule for a sample of annual employee 

compcns:uion history. The rule requi res the most rceent record for e~ch cmployee 

10 mmeh the laSI complclC cal end ... )'ear. 2006 in our example_ Dot' for employee 

~33 8 ",eetthe orileri,_ "hile the hislory for employee #33'1 onl\' gocs up 10 2004 

:md thus , -ioblo, thc rulc_ 

The rule in this e.~ample fixes the timestamp of the mOSI recent rttord OS a 

function ofloda{s date. Such ronn is common for historical data I,ith ti mestamps 

falling on lixed dates. In some "legacy- ..aluc hiSloricS. O,e last measureme nt 



might e,'en be ",quired to fall on a con<lant pre .defined dale, For inslallce, if a 

5UrI'Cy W45 conduc\Cd regularly in thc past bUI then discontinued. O,en thc 

"W'~I!") ,u t~ Cu, Ihe hi>lu, y "ill,e4ui,~ ~,c lI,u,1 ,~"el!l ,c"u,d CUI ull ~a";"il'''"''' 

10 f.1I On lhe e.~act dale of the IJst surYc)' 

An altcrnati,-c fonn orthe currency ni les restricts maximum age orlhc most reeent 

record, The term ""lOe: ' while technica lly mcorrect. is commonly used to describe 

knglh of time ,incc the rc-cord's birth (represented by its e(Tccthe date). For 

c,,"mpk. paticllt, may be cx)'Ccted to "isitth. dentist at lea,l e"cry six mouths for 

regular chedups, While the time of the last "isit lI'ili differ for all patients. it has 

10 be no earlier than six months before the toda)"', date, Th us, the aso of the 

record froo\ the last "isil musl be ic"$!; Ihan .ix months 

In some 1)'peS ofhislOrical data, currenc)' lI'ili be defined differenll\" for different 

objec t. , For instance, if the compensation history tabh: W2_WAGE III Figure 6-3 

mc ludcs data for bolh octiw and terminated employees. then Ihc cumney nile 

canl10t require cach )'Crson to hal'c records up to 2006, This "ill only be true for 

aclh'c workers. For thc Icnninated employees. Ihe mOOI recenl record musl be for 

O\e year of terminal ion , Thus. if employee ~339 resigned on D<:(cmber 15. l00.t, 

his latest com)'Cns,nion history record musl be for tbe yo" 1()(M: and hi . dala in 

the eN , mplc would be correct 

6 .2 .2. Retention Rules 

Relem;",. rli/u enforec the desired depth of the historical data. They are usuallr 

c .• pressed in lite form of constraints on Ihe o"<ra11 duralion or the number of 

reco"" in the history , 

Relent ion rules often reflect common relenlion policies and resul(l(ions requinns 

data 10 be slored for a certain pcrioo of lime before il can be discarded , For 

il\slanc~. all tax·r.bled informalion may 'IOed 10 be stored for sc\'en }cars pendin!! 

possibility of an audit Fmthcr, a bank rna)' be required to k""p data of ,11 

customer transactions for se,'cral years, 1\11 oftlt-cse retenlion rules take Ihe Conn 

of COnS tram IS on the .ge oft llO oldest record In the historical dat • . 

In SO me Cases lhe required nse oftne oldest record lI'ili 'ary from object 10 objcc t. 

Figure (..4 sho,,-s an cxnmpic of a relCn tioo rule for annual employcc 

compensalion hislory , Pa)'roll data "'Ienlion policies often require r",c years of 

,,, 



hislory 10 be presenl. The da la for employee #338 meelS Ihis crileria, "hi le the 

data for cmployee *339 seems 10 "iolale Ihe rule . Howe"cr, whal if emplO}'e<: 

U339 II U> hi, • .,] Ull JwJU"') 22.2ool? III IhiLl ~a"" au ~uml"'a""liua o.lUla oc}l",d 

2001 Can possibl~' nisI. Thus. Ihe proper relenlion rule will Tell"ir. Ihe 

eompens:alion hislory 10 go bock al leaS!. r,,-o calendar ycars or up 10 lhe year of 

hire . 

In Ihe c.xampics abo,-o. Ihe minimum aile or the oidesl record was r~trielcd . 

Occasion.,II )' masin",m aile is also conslrained . when Ihe presence or older rttords 

is considcl'l:d undesirable. For example. ]Xlyroll database may SIOI'l: employe<: 

compens:atiOll data by ]Xl)"chcck for the current year III enti ty 

WAG E_CU RR_ YEAR. and eumu l al i, -~ allnual eompensali()ll d"a for pre,.ious 

years in another enlily WAGE_PREV_ANN UAL Any o,'erla p in the dala i. 

undesirable and is el iminaled during the )'car--cnd dala rollu p when ,.alues from 

WAGE_CURR_YEAR clll il), arc aggregaled and mo,'cd 10 

WAGE]REV _ANNUA L. Tho presencc or anr records '" WAGE_CURR_YEAR wilh elTe<;li,-c dates in prior ycars is litel)' a dala enll)' 

elTor. Such errors would be caughl by the relention rule rcquirinll the timeSlamps 

of all records in WAGE_CURR_YEAR table to fall in the cumnt ,-car. 

In somc cases. retention rules demand the min imum number of records in Ihe data 

history ralher Ihan il' duralion. For inslance., golfer. hand icap i. delennincd "" 

" funelion of SCOreS in lhe lasl 20 rounds of pla~-. These lasl 20 rounds m")' "II be 

in Ihe IMI month. as I~ arc for 50me of my more fortunate rriends; buI Ihey go 

Inn 
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back all Ihe WO>' I" the 13S1 year for mc The ",lenti"n nole he", "'qui",s 1"00'" 

hislo~' 10 includc 110 less lh~n 20 rounds regardless of their Icmporal dis!rihulion. 

6.2.3 . Continuity and Granularity Rules 

Typical accllmlllalOr hislo",' is mooc of, sequcnce of mcas"",menls ag!!fegated 

O\'cr conlinuous identical lime JlCriods. For inslance, produc t S:Jles history migln 

be a collcction of thc last 20 quartcrt~· ", I"" totals Emploree comJICl\s:Jtion 

history rna~ ' be required to include annual cornJlCnsalion ror the la>l (j,'e calendar 

years. These constminlS Can be "'~SCll t ed by a combination oC 11' 0 (1313 qunli t)' 

rulei: 

• (irtlllu/uri(,· ru/~s require all mcasuren'en! periods ;n accumulator 

hiSlOries to """c the same ,i,-c_ In the product s:lles e,",,,mplc. it is a 

calendarqllaner: Cor the employee componsalion e".mple, it is aye," 

• Contilluit)' TII /'" proh ibil saps ""d O\"erlaps in accumulator hislories_ 

They ",qui", that Ihe begirming dale of each measuremen l period 

immediately follows the end date orthe pre,-;ous po riod_ 

Grallulari ty ""d con tinuity rulcs do nol appl)' to ,..Iue historics whcre 

mcas uremenls arc laken 31 points in timc rather Ihan accumulalcd o,'cr 10nBcr lime 

periods. 

Figure 6-5 illl1SlralCs the ."'ployee cOmpcnS:Jlion hi sto!"y esalliple. The car liesl 

hi sIO~' record ";olales granularil)' rule - its duralion is le ss Ih .... a year, There is a 

limc1inc sap between the records for years 2003 and 1005 - the record for ye," 

201J.1 is miss ing. Fina11\'. (lI<: 1,,"<:> mOSI recent records m'c rl ap_ The I~st record is 

mO'lli kdy redundant .nd must be rcmm'cd_ 

1<11 
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6 . 3. ADVANCED DATA QUALITY RULES 

FOR HISTORICAL DATA 

Bnsic rules cnfort<: lhal historical data co,'cr the COliI'<: desired space of lime. 

HOI\"e"cr, Ihis do.:. not yl:t gua ... "te<.: lh~{ the da ta is complete and accurale. Mon: 

ad'"anccd ",les are nc<':cssa'" to idemify possibly missing historical rcrords or \0 
find records with incorrect timestamps or \"allies of timc.dcpondcnl attributes_ All 

such rules are base<! on ,.,tidalion of more complex I"'tlcms in historical data 

They genera liy fall inlo calCJlori cs of (imcline pallcms and \'ai llc patterns, which 

willlx: discussed n.xL 

6.3.1. Timeline Patterns 

Value history timestamps usually do nOi fall Oil "lIdorn dates but folio,," some 
p.111cms. ~lr height measurements shown in Figur<: 6·1 were mostly dated in 
October because I usually checked ml' height on my binhday_ [flhis was true for 

all people , we could :;:Of a dala quality rule "'quirin.'! records to be: P"'Sl'nl wilh 

dates falling in ~,c momh ofbinh for each person alld c,'cry year between the year 

of birth and age 2U, rhis would be an example of a lime/in" ",,«ern ,u/e, 

Timcline pallcm rules usuall~' require aillimesiamps 10 ftIll inlo a cenoin repealing 

dale inle", al. such as c,"cry March or cI'el)' olher Wednesday or belween Ihe r. rsl 

and ronh of each moolh . OcCa,jOHany the pallem lakes the fonn of minimum or 

maximum length of lime belwc<:n measurements For example, partic ipants in a 

medica l sludy nlay bc: required 10 1.1.:. blood pressure ",.dings at least once" 

week. While the lenglh ohime belween parlicu lar measurements will differ. il has 

10 be no longe r than scyen days. 

Timcline patlerns are common to manv hisrorical data_ Hml'e,-cr. finding the 

pattern Can be a challenge, One useful technique is 10 colleel cOllnlS o f records by 

ealendoc year, mond], day, or 011)' other regul ar rime jlller"ai. For ex.mple. 

freq uencies of records for each calendar month (ye" and day of Ihe record does 

nOi malter) win lell if lh .. records h,,'c c ff""1i,'e dales spread rand()ml~' ",.r the 

)'~"- or if the)' follow some pnuern 

Tho chan on the len of Figure 6-6 show. il frequency chan for lhe calendar month 

of fiscal yenr-end Demus pa~'mCnts from a corpornlc payroll dalabase , Here we 



aggregated data o,'er the Ia<t 15 )'e"r~. Almost 93% of ~II records are dated in 

Murch with additionnI6.3~~ in Fcbru~r)' . Further research pro,'cd that b<Jnuse~ in 

~jal ~Ollll='~ "~l ~ nh,~), I'.j~ t..:1"~~ 1I l!t~ 1.,1 \\C"~1.. of Felllu",)' WII,! ~'" (j"1 

\leck of April. All other dates are innlid. 

The table On the right of Figure ( .. 6 shows bonus history for employee #7 ~ 172 . 

All rccords with the exception of the highl ighted one arc doted in mid-Mnn:h. The 

record dated 11211992 docs not lit the timcline patICrn and is erroneous. 

Addit ional anal)'sis show~ that ~Ie record \\'.s actu. lly for the holiday P")' 

mistJkenly classi [led as "c~r·end bonus, 

,.... U: ao..n """' ... "'" I'!_ ... 11_ .... .., ... _ 

6.3 .2. Value Patterns 

Value histories for time-dependent aUributcs usually follow systematic patlems. 

Vu/uc pullern rules utilize these palterns to predict reasonable ranges of ,-alues for 

each measurement and identify likely outl iers, 

The simplest "alue paltern rules rest,;c t direClion in "aluc ch(lJ1J;cs from 

meaSUR;mentto ",e.surement, In my height history example. mensurenlents were 

not allowed to decrease. This is by far ~IC mOSI common ru le type. Electric meIer 

mOOSUfemonts. t01al nwnber of cop ies of this book sold to-date and man)' other 

common "uributes al\"" $ grow or alleaSI remain the sam" 

A slightly more complc~ rorm or the ru le restricts tho magnitude or, .1"0 ehanges_ 

It i. usually expressed in ma.~imum (and o<:ca.sionallr minimum) allowed change 

per unil or time , For instance. hcight changes might be restricted 10 six inches per 

" '.' 



"ear Thi' does 'lOt mean ,hat ,·,It",s [10m measurement to mea,urement may not 

change by more than si.x inches. but ""her that the Chanl:" C'lIllOt CNcccd SiN 

ind,c, ,i ... ", u,t: b,!;~, "r 'h" inl'" \ al in ; "",,. Abo. wi, ') I'" of "UlJ>li~in l> \I 0' ~ 

lIell for meaSlirement made fatther aparl 

The "allic change constrainl, work \I'ell for anribules whose "alues an:: ralhc, 

'talional), . Thi. docs not apply 10 man)' reo l world .. tribute, For in.lanee. 

regular pay r:lises rarely c:<cccd 1O·15~~, bul raises for cmpkt)·ccs promoted to a 

llell' [>OSition routine ly re~ch 20 · 3~," or el"en IlIore. Since (hopefully) lhe majorily 

of cmplol"ce5 cNpcriencc II promotion atleasl ooce in their career. we could IlOt uSC 

l". hIC chaDgc constr.int for pay mtc hi<lOrics. Howe,"er. PO)' ratcs still do 1101 

challge arbi trarily 

Figure 6·7 illuslrat.s ~li, poinL The "ble on the len contain, pay rotc data for lwo 

employee,. while the chan on the right illustrates the data ""UJUy Obscrl"c the 

dala for each employee. Pay r.t1C for emplo)"ee ~ ~052 i. growing steadily. nod he 

C,'CII eNpcricnecs a big raise once in thc year 2()().t. Data for employec #2121 has a 

similar patten!. e~cept the raise in 2003 is followed by an itnmcdinle drop in lhe 

follow ing year Normal beha"ior of pay rate his!OIy for all employee of ""'51 

compani~, is a sleady increase O\'.r the years (of course I came up with ~l is 

c_xample" few years '£01)_ Sudden increase in pay rate follow-cd bl"' drop signa ls 

an error in the dma (or the cad to the dot·com bubble) In our c'<-lmplc the 

highlighled pll} mle ofS734.50 in lOll3 is erroneOuS. It was caused b)' a tytJO alld 

truc pay ralc ""a" S634.50 - consislml wilh rK,-ious and I"ier ,"a lues 

" 
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" .. .ell .. ~ 
Ih ......... nlOa .. 

The ".lue pallem rule that con identify such errors must look for spikes and dmps 

in consccuti,'e ,'alues, Here we do not restrict indi"idual ,',Iue change, but Mocr 

do not permit an increase to be followed by a decrease and ,'ic~ ,'e<sa, In otocr 

words. the rule restricts "olatil'l\' of ".Iue chanses, Rules of this tyI'C arc 

applicable to many data hislOri .. 

The rules r .. !riotins direction, masnimdc, and "obtili!), in historical data nrc casy 

to reeogni/"" and implemenL Howe\Cr, the\' only catch ob"ious offenders, Many 

unreason,ble mlues slip throush the cracks because true m lue p.l1cms c:m be 
rather complex, If the historical data is suspect and identifying the majori ty of 

erroneous nlue! is imJlOriont, no Can use mOre sophisticated time series models , 

n,e idea bc hi,1d these models is to ,iew historical data as a sequence of 

measurements. each mathematica ll y compri sed of two ]Xlr1S - s,'stcmic component 

and a random "shoc ~ :' The systemic component Can then be c~presscd usinS a 

slrict mathematical equation. sU\:h 3S the regression line, The random shock "n 

be ocs<;ribed using methods of mathc matico I statistic$. Then, the reawnnblc range 

of ,'a lues for coch mea,urement can be predicted ,nd used 10 ".lidate the actual 

data. 

The gr.:at ad\'3n1 agc of time series analysis, and especia lly the ",nrc ad,'anccd 

St~tislie~1 models. is that they prO\'ide prob~bili t}' estimates for the likelihood of 



the panicu!ar actual "~Iues fluetuatiou .. In ()lher words, rather than making rul .. 

based on commo~ scnsc (such as no changes of ol'er 25~~ from ,'al"c to nluc) we 

~"" ... ) that ~ ch~,,,,~ ,,[ u 'I"'cifi~ "lr..c"ou ";I",, kill); "[",.:,,ou "II<lo, IlUII".t 

condilions is, ''')', n,f)], This "pproach pro"ide, much mOre accurate error listings 

with fewer f.lse: posili'-es, Howe"cr. ,I '" u"poTllUll to Tc<:ognl1.<: Ih .1 une~pcclcd 

"a luc fluclualions. while unlikely. arc possible. Therefore. ad,'anccd , aluc pallcm 

rules muSI b<: used willi grut care <;0 as nO( to prod uce long listings or "errors ' 

which tum OUt 10 be nOt errors nl all, 

The relider inle'esled in Ihe lopic of lime series nn.lysis and mooeling can lind il 

.tudied in man)" textbooks. so we will not discuss it more in depth here Also. 

implemenling rule, u,ing lime series models will require sl.tistical analy.is 

software_ Fonunmciy. numerous stalislic.1 p.1cbgc, are a,'ail,bk: ou the m"he 

6.4. DATA QUALITY RULES FOR EVENT 

HISTORIES 

Time is arguabl)" Ihe 111051 illlpotlanl Il."pccI of om life , We arc surrounded by 

c.lendars and watches, and rare i$ the acti"ity that docs not invoh'c time_ E"or 

since my son entered clemcnul)' sc hooL his I ife became a colleeuon of timO'Stamps 

alTd time inler,"ls: s<:hool s<:hedule, ,occcr >;chedulc, play d~te_ time 10 do 

homework. TV time. time to play video flames. lime to flO to bed. number of days 

lil1 Chtislma~ and to Ihc ne SI \'ocalion, and eren Ihe number of ycars left 10 

OIC~umulalC college funds. And il .In~'. that way for an enlire life. c~CCpt rare 

Hallaii ,acations, I fulll" rcali,cd our dependence on lime IIhcn I once estimated 

that we ",rerence time al teast (lnc" c\'el)' fr,-e minutes in our com-ersauons Th is 

phenomenon sta,'s (rue in the datab"5es we build, Much of the data is time· 

stamped. MId absolute majoTin' of the datab"e entil;., contain historics_ 

So fnr in this chapter we discussed data qualily rules for attribule ,-alue histories . 

i,e. hiSlorics of mea,;uremcnl~ of , 'ariou, characl,risli" of peop le, bu~inesses. 

~lIngs. and olher objects, The ne~1 mosl commOn conlcnl in infomlation systems 

is Ihe data about c,'cnIS, Car acc idents. doclor appointmen ls. cmployee 1I:";ell's 

and pay raiscs = all examples of ennIS, Since " 'ents naturally occur at a point 

in lime .nd c"cllltillling is ,,>u aUy of imporUUlCe, the " 'CIII data is automalically 

historical. 



We refer to any listing of .\,cms as ",'ent Iris/lJI)' E,'elll hislories ,re morc 

,omplc,~ than ,'" Iuc and accumulator histories, First. c,'enIS oftcn apply to sc,'cr.1 

ul*,,~_ fUJ i"'tulI~~_ u d<><:IOl" upl"'illulI~1I1 ill",h~, l\", i",Ji,idu~I, - th~ 

doclor and the pOl icn!. Secondly, c,enlS somelimcs occupy a period ralher than" 

point in lImo Thus. rttording " doclor's "PJIOinlnlOnl requ"es "ppoinlmcnt 

scheduled lime and duration (or allemali\'dr scheduled SI:u1 and stop limes). 

Fin"lIy , e"ClllS are ollen dCJ;cribed with <e,'cr.l c"elll-speci fic MlribulCs. FOI' 

c.~amp1c. Ihe doctor 's apllQinttncnt can be prophylnclic. schedulcd. or due to all 

ernersenC\' It can further be an initial or" follow_up visit. and il will often rcsull 

in diagnosis 

As a resul t. timc-dependont entilies tracki ng ,,-ent histories on.n comain many 

attributes. ineiuding 

• E'enl identifier: 

• Object(s) impacted by or im'oh-ed in the e,-enl: 

• E,-em effecti". date/time ""d duration (o r cud dato/tirne): 

• E"cnl-Spccirlc al1ributcs. 

When ~ n"n,ller and tyJIC' of i,woh'ed objects and c\'Cnt-spc-cific attributes uries 

from o.-em 10 e,'enL lhe ,,'om histor\, is ofton stored in a coik'C tion of imerrel:tted 

emi lies. For e,,,,m plc, c..- occident dala con be: di"idcd amo ng parent ACCIDENT 

entity with c,-ent identifier. accidcm tyJIC_ and accidcnttime aUribulcS: deJlCndent 

ACCIDENT_AUTO enlit)' with rcfercr.ccs to in"ol\'ed automobiles: and 

dependenl ACCIDENT]ARTY cnt ilY " ilh rcfercnces 10 in,oh...,d dr;,'ers"nd 

passcnscrs, 

As the complexil} of C,'CnlS grollS. so docs Ihe Mumlxr of constraints J;o,'cminc 

the e,-ent hiswries Consider "cain the doctor appoimmenlS history For each 

aPJIOinUllClll thc du,"tion shO<Jld Ix reasonable - 1\C do not expecl to spend sis 

hours in the dentist's olTt,o for si mple fIl ling. unless the waiti ng time is included_ 

Here the appoinlmenl duration is Mt JUSt constrained by common >cnsc (as in 1\0 

less tl,.n 30 minutcs) bul IS .lso reinted to the d ingnO!li J. Funh.r, a doclor c.noot 

scc se,-cral plllicnts al Ihe SantC lime (asain, of coursc, common scnse docs 00\ 

alll-ay' apply 10 the medical profession 1 



Thc list o foonstraint< will soon and on, All oft,,",., constraint< translate into data 

QIlali t;, ru1c5 th at can be used to ,..Iid.te tile ewnt histories, In the practi,e of d.ta 

,!"ulil, ", .. o»"'~IlL ,u l~> fu, ~\~"I hi>lUJi~> unOIl u • .-"u ~' 'h~ bull uf ~,~ ~lUj~"t 

and find numCrOUS errOrs, 

Data quality ntles diseus&Cd in this chapter apply to eyent histories as well 

HowC-"er. cHnt histories .re morc complex than ' -aluc histori." Naturally. the 

da1.ll qualily rules for the ennt historics are also more di"crsc and complex. Rules 

titat arc spec ific to C"cnt itisto,ies can be dassirlcd into C"en t dependeucies. e"ent 

pre-condition ~nd j1Ost-conditions, ~nd c,·cnt·speci fie attribute ronst~;n15 , 

6 .4.1 . Event Dependencies 

Various e,'ent< in the e,-em histories ollen nlT""t the .... me objects Bocau,., of 

tllis, different e,'enlS Ill'Y be interdependent Data quality nlies can use thcse 

rlol"' ndencies to ,.,Iid.tc the el-ent histories_ 

The simplcst e,'cn! rule of tI,is kind ",striets frequency of the cl-cnts_ For cxample, 

p;ltients mo)' be expected to ,-isi, the dentist 3t least C\-Cl)' six months for ",sula, 

ch«knps_ Whi le the knl>th of tim. bctlleen pa"i<ul~t " isits will difTcr, it h~s to 

be no longer th~n sh months , 

Sometimes nent frequency can be defincd as a function of other data. For 

C"(lIl1P1c. an airplane is ",quired to undergo c"tens;"e maintenance 31ler a ce .. nin 

number of nights_ Here freqtlellcy of main tenance e"cnts is nO! n function of time 

but of another d.ta attribute_ Assuming good safety procedw-cs, a greater than 

requir~d numbe, of flight, bctw~cn m,intcn.nee e,-ents is a likely indication of. 

missing record in the erent history_ 

A constraint C.n also be placed on the number of C' ents per uilit of time. For 

cxmnplc. a doctor m"y nO! be oble to sec mOre than 15 p;lt;cnts in " uOflD.1 

world,,·_ Higher numbe, of doctor "isit< will likely indicate th"t <omc of the 

,ecords in thc e,'ent h iSl~' show erroneous name of the doctor or d~lC of ~,e "i,it 

The most comple" type of rules applies to si tuations when en,nlS .rc tied by a 

causc-and-cffcct rclO1ion_ For example , mounting" de ntal crown will in"oh'e 

&C\'eral ,'isits to the dentist. The nature. spacing.. and duration of the , 'isits are 

rdatcd. Relationships oC this kind can I>ct qui tc complex with the timinl> nlld 



nalnre of It;" ,,"xl e' enl beinS a func lion of rl,. oulcome of lhe pre,-ious .,'enl For 

i n~lancc. a diagnosis made du ri ng the r.rsl 'PlX'inl"'Cnl will inlluence follow ing 

"1'I"'iHUH~U"'_ 

In ruo" c",cs el'Cnl dependencies can onh- be found by c~tensi,-e an aly.i. of the 

n,'ure o f . ,-cnIS, Business =rs will prm-idc kcy inpul here . On Ihe flip sidc, 

c'cn l dependeneie, "nd olher comple" dala quol il}" ru l,s for eYc nt hislorics .,-, 

Iypically the soum: of finding numerous hidden dal. errors. 

6.4.2. Event Conditions 

E"CnIS o fmnny kinds do nOI ocellr.1 random bUIIRlher on ly happen under cClluin 

unique eil't'umsl:mces, henl condilions "erify Ihesc circumstances, 

Consider. Iypical new car mainlenance program, II indudcs sc"eral ,isilS 10 lhe 

dealership for scheduled maimen.nce aCli,-ilie, These acliyiries rna)' include 

engine o il change_ wheel alignment_ lire rotalion. and bre ak pad replacement. For 

each aChily. thero is a des in::d frequency. In fact. m)' new Car has a gn::alJ;adgcI 

tIlal reminds me when eac h of Ihe acl; " iti cs is due , It docs il in a beauliful 'oiee. 

b"t in no ",)Cclln;n lerms A Iypical message will be ··Yom ti.-.:s ~te due fot 

rotalion. DIi" ing the car may be VERY uns.:ofc , Please. make a IeSal U-Iurn and 

proceed 10 the ncarest dealership al a speed of no more th:m 15 miles an hour -

Since! do not appreciate this kind o f lifc·threntcning cireumstance. the nc~llimc I 

<kci<kd to ,-is il Ihe <kak"hip before ""inlenance was due Unfortunale!y. for 

ob";ous business rcnsons. the dealership would nOl do the maintenance ocfore it is 

due, As il was. my only option was to wail for the nc~t announcement ,nd lind 

"'Y way 10 the ncarcst de.lershil) allhe specd of 15 miles ~n hour. 

On a more serio us nole. Ihis constraint is an c.x.mple of c"tlll """,/ir;II" - • 
condillon thaI mU'1 oc satisficd for OIl cyc nl 10 takc place. Each specIfic car 
maintcn:mce e,-ent ha< pre_condilion, based on the car ",ake . nd modeL lhe age of 

Ihe car. cal' mileage. "nd Ihe lime si nce th e bsl e,.em of same Iype. All of Ihese 

conditions can be: implemented in a dala quality rule (or rule.) illld used lo ... lidalc 

car m3inlCn"ne~ c,-enl historic"" m an aUlo dealcfShlp database . 



In a mDre fDn", I ma~,ematic,I lil<ralUre, el'~11\ cDndit iDns ,'" commDnly di"i ded 

intD three gr'lUpS: 

• Prc-c'lndi tions must be satisfied bef'lre an e"ent can w~e plAce 

• Posl·e'lndiliDns mU<1 be mel fDr Ihe e"enl t'l be successfully C'lmpletcd. 

• C'lincidenlal C'lndilions simply arc always true 'rhen an el'ent o«urs, 

This c1assification;s based on the cause·and·clTect appr'lach_ CerWin things cause 

'lr precede Ihe e"~nt: S'lme OIM-r things ~rc caui~d by Dr follDW the e"~m Y~t 

more things simply hapI)Cn simulumeDusl1' "i th the c,-cnt itself b<.:c ause both arc 

c"used bv the SIDle rea","_ I fmd that these gradorions. while theDreticall,' ""Iid_ 

Qnen bring confusiDn tQ the design of data quality ruics, It is impon"nt to 

rcmember Ihnt from the perspectil'e of rule design. it typ ic.U}' docs nOl m.lter 

what is the cause and IIhat is the effect. Evcnt condition rules usuall y just "crif)' 

that »hen e"~nts ,re recorded, appropriute conditi'lns are met and/'lr "ice ,'ersa, 

Sti ll it sometimes helps to identi fy c"enl c'lnd ilions b\' thinking about causes "rtd 

elTeets Df th e e,'ents 

EYOnt conditiDn< arc commoo to m'lst e,-ent histories.. yet rarel)' fuU)' understood_ 

As waS the case with e\'ent dependencies, in order tD identify the.., constr.lim. \\'e 

must analyze ~,e CH n!. from the busincss perspecti,'. and intcn'ic\l' bw;inc .. 

users, 

6.4.3. Event-Spec ific Attribute Constraints 

E,'cnlS thcmlch·cs arc ol"tcn complc~ cntitics. c~(h with n",ncrous attributes. In 

the C'«Implc 'lf rec'lrding: aut'lmobile :tCCidcnt inf'lnnation. ea,h e"ent "'USI be 
accompanied b\' nt'ICh data - im'Dh'ed cars and their post_accident conditiDn. 

in\'Olwd dri,'crs and their accident accountS, policc Dmcers and their obsef\'atiDns. 

witnesses and their ,-icw of c,-cnts_ Thc list of data dements con be quite IDng. 

and the data rna)' b<.: ston:d s imply in eXtra attributes of the C\'cnl table or in 

OIdditi'lnal dependent entitie s, 

E'·enr-.'f"'I--iji<- ,mr-ihule <'oll.,lmilll.' cnf'lrcc lIwt all atlribytcs ,dennt tQ thc c,·cnt 

arc pn:scnt The e_~oc( f(>nn 'lf these constraints may depend 'ln the ""lUre of the 

.,·em and its specific characteristics_ For in<ll nce, a collision must in\'OI\'. t\\'o Dr 

more cars willt t\\'D or mDre dri,'clS (each dei,'er matched tD one and Dnly 'lne car)_ 

t ttl 



This condition will typically tm~sl"te imo a rclati"cly complex combination of 

condilional ,c!ational inlcgri ty and aUribUlC optional it,· eOllst .. i"lS 

It gelS c\'cn more exciling "hen diffcrent cven ts may h"c differen t attributes For 

inslllllee . collision e,-enlS ha\'e somewhat differcm attributes than hit-and-run 

c,ents. The fonner embroi l two Of nI()re cars. each "-;Ih a dri,'cr; the lauer I\snally 

in"oi,-c a smglc ca, with no idcmified d" ,'cr. Thus the name "cHnt-specific 

attribute e(>!lstr.ints·· has tW() e()nnNations - both the attributes and the c()nStrainlS 

are e\'cnt -ij)e('ific. 

The good ne"S is that these constrai nt~ only iccm complex \lhen you tl)' tile'" 

first lime. Wilh some e'<j)<!,ic<>cc. Cl"ent-spoc iflC auribu\e conSlfnin15 become 

easier to design At the same time. these constraints arc .. ,d y enforced by 

databases, alld erroneous data in this area prol ife, .tc 

SUMMAR Y 

Historical data comprise the majority of data in both operational systems and data 

lI'ardlOUSCS . They are n1so the mo:;( error-prone. In tllis chapter lI'e discusscd 

,·.rious l\'pes of data quali,,' rules for hiSloricnl d~ta. spccifienlly : 

• Basic timcline conSl",i"ts \'~lidntc that allrequircd. desired. or c~pec(cd 

me .. ure ments are recorded and th at all timestamps ~'c Deourate , These 

rules can be broken down into cmegoric, t>f eUITeney. retention. 

contIl\U;t)'. and g,anuiori!}" . 

• More ad\'3nced ,ules arc necessary to ident if~' llOSSibly missing histo,ical 

,eco,ds ()r to find records wi th incorrect t,mcst=ps 0' , ·~I""" of till\e­

dependent allributes. All suc h IlI les arc based on the nlidation of 

pallerns in historical dnta. They gellerally fall into categories of timeline 

patterns and , ·alue pall ems. 

• EYent historics nrc mo,e e()ntplc~ than ,-alue hislolies. As the 

comple~ i ly of el"CnlS grows. so docs the number and sophi51 ication of 

constraints gm'en,ing the e\'em hi'lories, Rules lhat are spec ific to e,-enl 

hislO,ies can be claisified into Olenl depend"ncies. ""nt pre-condition 

IlIId post-conditions. and e,'"nt--specific nllribntc constraint!; 
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The combination of abundance, critic.l iml""'lance, and error_affinity or the 

historical data ma\;es them the pnnlJl'\' target in 4n)' dalll qual i!\' asscs.lm<; nl 

l"uj~~L Wllil" ~I" <I"la 'lu"lih lui". [UI hi.tmi""! <I"t" "I" I"~I" I "ulJlf]ln Iu 

design and impicment, the)' arC emei,,1 to dol. quality ~sseSSmenl sin.::e tlh:y 

usuall), identify numerou s cri tical da la errors. 

'" 
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CHAPTER 7 
RULES FOR STATE-DEPENDENT 

OBJECTS 

In the p<cvious chapler, we discuSS<'d datn qua1i\)' rules for historical data. \\,;Ih!.he 

crescendo 011 C,'CI1\ historics. If c"cnl hislories were not oolOr1e~ enough, things 
cnn sometimes gct ncn more C.~cilins_ Most rumplex objcclS can go through a 

"'quellrc of states in the course ofthei , life cyde as 3 result ofn,io"s .,-ents. Job 

application is an example of such objects. II!; life cycle ;s a progressio" from 

submission. through pre-screening_ to applicant inte,yiew,. to possible job offe,,_ 

and up 10 an c,'cnillal hiring or rejeclion decision. Such objcc1S arc called SlalC­

dependent 

While dMa describing the hfccyclc for state-dcpc:ndent objccis can be ,-;ewcd lIS an 

e,'cnl hiSlory. it is more complex Iha" Ihal. We arc not dealing here wilh just a 

<erie. of u"fanunnle ."ems and event.spedflc nuributcs. but also with sequences 

of object Sl ates ,nd SI,le·spe<:ific auributes. The ootlom line is th,1 SWI~· 

dependent objects ~dd another dimension of complexity 10 e,'cn! historics. Yet. 

these objects arc oOen the most import~nt d"t,base citizens. and their data ~re 

mo.l error-prone, 

Adcqu~lc descriptions of the lifcc~'clc of state-depemknt objects use n special 

,pparnlus of st.ltc-1r,nsit;on modeling. StaLC-Ir~nsilion modds pro,'idc ~ "c~tth of 

import,nl data qualit)' ", Ies. whieh "c ,dati,'ely ca.), 10 identify and implement. 

11lc f'I'St th= seclions o f thi s ch,pter iwoduce stale-transition models, The 

rem, ining three sections present "~rious types of d,IO qunlit)' ",Ies llo"eming the 

lifeC)'de o f sta le-dcpcndcnl oojc.: ts. 

• Sedion 7.1 inrroduce, key concept' of sme_transition model,. 

• Scclion 7.2 describes hm'- slatc-dopcndcm objocts can be identified 

among the relational entities. 

• Section 7.3 discusses SI,tc -tronsition model prnfilinll - a collection of 

tc.:hniques "sed to annly~c the lifcc)'c Ie o r state-dc pcndcnl objccts. 

'" 



• Sc<;\ion 7.4 pf'l:~n1S data qualily rules Ih.1 can be deri,'cd din."<'lIy from 

Ihe analysi.1 o f Slale-Iran~ilio" diagr~n15, 

• Se<:lioo 7.5 discusses limeline eonS\J"~int< on lhe li feeycle of Ihe <\ale · 

dependenlobjCC1S 

• Se<:lio" 7,6 describes ad, anced mles gm'eming Ihe lifecyde of Ihe SI.IC­

dependent objccts. 

7.1 . INTRODUCTION TO STATE­

DEPENDENT OBJECTS 

Consider. c.recr of a 10y.1 Bad Dala Corporalion employee, Jane Gooding, She 

WaS originally hired in 1\159 al Ihc age of 26 . During the T\C .~I 19 )'cars. she 

~m.ined \\'ilh Ihe comp.ny II i\h Ihe e.xcepli()n of 1\\'0 maternity leal'« in 1964 

and 1%7. rcspect i,'cly, In 197K she quil her job but relurned four yeatS talcr 

After 13 more "ears of hard work. Janc finally rctircd at the age of62_ 

Jane's employment history can be describcd as " sequcnce of chronological e,-em,. 

each bringing aboul a change in her employmenl ,taIUS_ For instance, " new hirc 

e,'cnl on 3113/ 19$9 start, Jane 's corccr as an aeli,'c employee (sla lus Acrivc) 

Jane's resignation on 51J51J\I7S changed her employmenl stalus from Ada'C 10 

Tumi""red, Figure 7·1 illustrates Ihe limclinc of Janes career, 

....... ,-" .........,...r< r __ .... Jono c ........ 

'" 
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The objeot' Ihal go Ihrough a seque"". of ,131" in ~le course oflb.i r life cycle a< 

a result of nnous c"ents orc rcf~m:d 10 as ,<IIlI"","el'endent ohjeCl>_ Employees. 
jut> "wli~aliuJJ>, imU!d"IX daim'_ illlJ pJwuet uI Je" i1J~ all nampl~, uf .Iate­

<kJlCndcnlobjecls. 

Different emplo:rces ha,'e dilTcrem CareCr', Some lake one Or more lea,es of 

absencc, whi Ic olhc," do not Somc "'" terminated ond loter rehired: othcrs re"'gn 

and ne,-cr come bock, Thus, their carecrs consist of a , 'al)'inll numher, scqucnu. 

and duraliOll of e"ents and employment slaluses, HOlle,·cr. not jusl any 

wmbinJI;On;S allowed. For inslallce. no employee can be terminaled tllicc in a 

row without bein!) rehired in belween, In order to design data quali,:>- rules for 

st.lc-dependenl objecls_ w. need" modd dislingllishing , 'alid from im'alid life 

c)'dcs, 

.'ital".../rImsit;on model. desc ri be conSIJ.;n15 on Ihe lire c)'cle of sl.lte-dcpcndent 

objects through twO key conccpLS: stale and action, 

• ~'Ia/e is " unique set of CireUl1lSlanCCS in 'rhich an object may ex;" AI 

any point in ils life. the object must be in one and only one .t:ltc. The 

Slates that idenli fy po.sible beginning and ending poinls of ~le object's 
life ,,'cic are called re,m;lJa/JIN. 

• A Climl is a umque c\'cnt that re5ul15 m a cb"n~e of Slate, An aClion may 

ha\'e conditions Ihat must he satisfied befolC il oan take place (oction 

pre_condition.) or after it is completed suocessfully (action post ­

conditions) 

State·tr;tnsition mooc!s arc usually presenled by S\a\c-lr:tnsition diagrams, Figure 

7_2 depiclS such" diagraJll for stalc-dcJlCndem objecl EMPLOYEE, The fll" 

Shaded onl. rcprescm ".lid objee l .!>tes; AC/lvc (A ), Ii',mlnmed (1), On LC(fI" 

(L). Rellred (R) , and /)ca"sed (n). At any pOln l in li llie. coch objecl musl be in 

exacII), one of these stales Furth<:r. each objcc l muSI bellin the life cyde in 
terminator state Ac/,,,,, as illustrated by the while cirde on ~\e lop of ~,e diagram, 

Il~ 
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V.lid ocl ion~ an: shQlI"n as arrows connecting \·arious Wltcs. For example . a( tion 

DEAIH applies to objecis in .-l en", sme ~nd cbanges their state to Dc~cuscd. 

NOle til at !IOIne :let;ons can apply 10 objects ;n different sLates (e.g. action lJEATH 

c<lll also appl)· to employees in SImes 011 I.caw or Ilel/red) . Also. sometimes 

multiple xtions Can app ly to the Same object yielding similar stale transitions. For 

instance. tll"O d ist i"(t act ions can apply to employees Oil l.clII·e and ch~nge tl'eir 

s~tc LO 1"ermfnuted. 

We will use this model throughout thi s chapter in man\' examples of the da~ 

quality ru les:md data erroT'l 
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7.2. IDENTIFYING S TATE-DEPENDENT 

ENTITIES 

The firs! Slep tOil arch using Slalc-transition models in dala qua[;ty assessment is 10 

identify '(nte-depende nl enlities in !.he relational dala model~. There an: IWO 

approaches. 

You can sIan wilh the ,oJlysi, of high·!c,-d business objects. II'hQsc data is 
maim:uned in the database. "lb.n try 10 identify conceptually whal kind of statcs 

they c~n Ix: in and what kind of actions apply 10 them For instaTICe. insu""",, 

cialln' gel f,led. """"ned, and fin.lIy denied or "JlPfm'cd. Now it is " simple 

mall cr of finding Ihe entities in the dalabasc thaI trock Ihe desired dal;). 

,\ltcrtUlti,-cly. ~·ou can c~runinc each enlily and identify the oncs Iracking SlalC­

dependent dol:! ba;cd on allr ibu lCS. Presence of timestamp .lIribu\Cs (such as 

Ermalc) is a good starting poinl bcc~use slatc·dcpettdcnt dat~ is t)'pinlly 

dlronolosicnL Occ'lSiona!ly. simple sequencins of aClions and states is used 

inste:kl of timeslOmps. Thus. entil ies wilh ~tlribUies like SeqNum are al so slale· 

dependoncy candidales. 

The presence of chmnologi<:al O«Icr is not enough to classif~' an ent ity as Slale· 

dependent. ~or e"ample. interest ",Ie history an d p.y mte histmy arc time· 

depcndent but not Sl'lC..:icpendenl. The next due is existence of action aOOJor 

Slate allributes with name. such as ActionCodc. StatcCodc. or St~t"sCode . In facl 

a combination of timestamp with an)" coded .uribute (that is any attribute taking a 

discrele ""I of I·alues) make, Ih. emily a good candidale for S1a1 • ..:iepc lldency. 

Figu~ 7·3 shows the enlity E_STATUS_HISTORY sloring empl[}l'menl SWIlS 

hi sl[}~· AllribUic Eml,lD delilles the emplo) "" idelll il). There are Olle o r more 

records in the lable for eyeT)· em ployee. Each record COITCSpoodS I<> a period 

bellyeen employment ."Cnl.>, Th~ err~cti"e date of each record (allribute Ermat.) 

is the c,'cnt d.te aoo is exactly ol1e day .fler the end of the pre,· 1011' period 

(allri bute EndDate). The attribules Actioneode and StatcCode reference the 

em ploymenl e,·ent ~nd (he >lale ofthe employee aller the el'ent. respcCli'·cly . 

The tahk in FigII«' 7·3 sho\\'~ the dnta for pr<:,·iCM.Isly distussed employee l~nc 

Goading. For e.'~mp1c. the r.rsl reco rd ~ho\\"s that Jane was hin:d on 311311959. 

:md her sUle beeame A ct;"·c (A ). She stayed in that 'tatc WlU I ]/1 7!191rl when she 
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went on the m~temity le~,'e:IS indicated by the foliowins record, The nUlnber of 

records describins Jane's life cycte equals the number of nents in her 

~",~I"}"'~J" hi>l""_ nll: 1.>1 J~~uto.l h"" Null .atu~ ill E"o.lD~t~ "tl.Ji ~uI~. 

indicating that RClirt:l: (R) is h~'" CUITCnt state, 

· D~finu ompioyee id~nti.ty 
· Show. effective <ide of the ""lion 
· Show.la.i da,y in ou:rrenl . ta'e 
· Ind.::Nu.rnployrn t nl "", uon 
· rnWcN es new ~mp loyrn .nt ola\.<l 

The fi,," shown "moot"" contain full infonnation about the lifecvcle of a $Inle· 

del"'ndcnt object E"tPLOYEE, Some of the .lIrib"te! may onen be missing in 

practice . The EOODat. can be omitted without any loss ofinfommlion - il5 , -.Iuc 

eM always be dcdueed as one day before the EllDatc of the ne~t chronological 

record. Auributes AelionCodc and SlaleCode arc nol always presenl together. 

Sornelimes only Slates an: (rocked" hen il is deemed not si!;nifocanllo know which 

of the aclions ,"used the chmge in SWle_ In other ,"ses. only actions = tucked 

if each action uniquel,. idenlifies the new 5"'le to which tho obje-ct is transition ed_ 

When any of the auribulcs are missing , it is onen beneficial to complete (he d.", 

bcfon: ~ppl)'ing dOla quality rules to it End dales. actions. and Slates can be 
deduced from the 3\'aibble dnl:l . This. of Cour!;c. assumes that we have brought 

the data to a Slaging area first and can manijllilate il freel)' . Ha"ing a complete sct 

of ~ttributcs m~kc5 implemen ting data qualit), rules casier and more efficient. 
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7. 3. PROF ILING STATE-TRANSITION 

MODELS 

Sl..llc-,r(ll1&ilion models pm,-idc a wealth of important dJta quality rules. 

Unfonunmel" , lh~\' n~ ollen unal"ai lable or unreliable . . This problem can be 

easily ,niligalcd. as Slale·transition model s can be buih qui te casily from Ihe daw 

:md a,-ailablo metn dOLl through ""alysj, and profiling. 

Understanding the naturc of the object from the busincs. peI'SPCC!;'-C is a good 

,!"Iing point. A business mer will quickly te\1 you whal SlaleS the object can take. 

which of lhe ,laIc. arc ,-,lid termina lors, whnt acLions can <Ipply to !he object in 

each 'I~IC. and whal is lhe impact of each .xlion on the objcct Slale. This 

information can be used 10 bui ld a stalc-transition diag'"", 

HowCHr. dala docs not always follo\\ common sen.",. As is the CaSC lI'i1h mon 
Oilier lypeS o f model s ~"d meta d~ta. the only way to gctthcon right is (0 uSC datn 

profiling. 

Stllle-lransitiol1 model profit;"J: is a collection of techniques for nn~lysis of the 

lirecycle of slltc-<iel"'ndent obj""ts that pw\"ides xtual information ,bout the 

()I"dcr and duration of stme, and action,. Combining the ""ulll! of the dat, 

profiling with the information obtained from bu,iness u""'" will )'idd the correct 

state-transition model. 

7.3.1 . State and Terminator Profiling 

11,. first step in building st.te-tr;tnSilion ,,1Odc1s is to identif} all object state!; and 
select termimtor s\:ltes lrom :lIllOng them Valid states :Ire de riwd from the 

frequency diagram of t~ St.leCod. attribute obt~;ned through 'l1ribute prof"iling . 

Selec ting tenni".tors I!; a hit more complex Underst.nding the nature of the 

object from the business I"''''pecti,'o is " good starting poim. F()I" instance. it is 

deor that employc"Cs should always start the;r I;fec)'de from st,tc Anlw "pon 

b.:in:: hired. Howe,·cr. data docs not nl\\"a) s follow common sense. 

I was in"oh'cd in sc"cral HR data consolidation projcclS fonowing oorporulC 

acquisitions. When the data for employees from the acquired company is mersed 

into the acquirers HR database . it is onen deemed unnecessary to bring ,lithe 
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data, For instance. past emplOy"le"t history for the retirees may be considered 

useless - all that is required is 10 store the retire ment date and the infom,alion 

.OOUl I"',t.,"ti,"","u , "",~tU)"~ bt:udn,_ TIm" if ~ ,~ ,).'8 f", J .u~ GuuJiug fWIll 

Figure ].3 \l as integrated in lo Ihe ocqllirer's HR dalab.-\sc, ou ly the most r~-c.: nt 

record would be brought. Hcr employment history wou ld thcn seem 10 start In 

RClir~~ state. The si tuation would be the Same for thousands of other retirees. 

Sl.lIrting your emplOye\: career wi th retiremcnt seems like a drerun unless you 

happen to ha"c a "e~' rich uncle, But it is commonplace in employmcnt Slatc· 

transi tion modeis - Retiree state is onen J "Jlid tenni nJtOf. This c~ampl c suggests 

that st.:ne.transition models for real world data ma)' def)' losie_ The only way to 

ge t them right is 10 use data pmrtling_ 

Tcnninator prom ing is th e eas iest technique_ It in.-oh'es collecting tcn"inator 

freq llC nc ies and analp ing their logical ,-alidity A /ern/illa/or profile shows how 

often each state actually aPPCa" <IS the lint (Icnninatoc) record in the object 

lifccyeks. Slates wilh high r"llllcne), are likely 10 be "alid Icnn inalors. If the 

count is small com pared to Ihe IOtal count or,-alues. the dala must be questioned . 

Table 7· 1 shows tcnni"ator frequencies in the lable E_STA TUS_H1STORY from 

our ease swd)". Stale A C!I\'e is clcarl)" the only "aIid tcrmiMlOr (occurring O,'cr 

98~~ o ftimes)_ 

T ....... 'Of F,oqu"""y Po,co_ 

- t3.310 ~-
r.mnort<l m t ,5-<'Ilo 

OnL .... " O,2~'" 

11.li .. , .-
oo" .... a • .-

TOTAl. tUU 100._ 

t!1I 
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7.3.2. State-Transition Profiling 

The ~oxl Stop in build inl( slalc-Ir~nsilion models is 10 idenlify .11 ,..Iid Slalc 

Ir:ll1Silions. Thi, is cqui"alent 10 dr.winJ; arrows belween S\:lle shapes in Ihe .Ialc­

Iransilion diagram. 

As "'as Ihe Ca>C ",jlh lennina\ors, Sl31e Ir:ll1silions oflcn defy logic. For inSlance. il 

>cems mildly slmngc 10 nod any employment SUtes [ollowing /)ueascd s\:lte . Yel 

il is frequenlly considered legit imale in real world dala, IIR s"stems often ",strict 

relroacti,'e edilinH Imagine DEATH e,'en! erroneously enlered into the dal._ If 

the employee is laler found iu lhe good health. Ihe correction may lake form of 

emering the REH1RE action On Ihe following day Tbe s~'slem is then 

programmed to n:<:oJ;ni/c such a sequence of ncnt, and ignore the fJFATH 

rccord, While this SCemS illogical. il is a SQlutio~ I hayc SC<:n '" pracl ice often. In 

one case an oodi li onal Siale I'CI1dm;; neat" was introduced into the model. It was 

recorded e\'ery lime 10 indicate pending conlln" ation of the employee death, The 

inside joke in Ihc IT depattmenl was to code Ihe S"Slem 10 popup ~ -'C.II 91 1 

immediOlcly" me""'go wi ndow upon P~"dmg lkallo e,-enL 

Dal. profIling as usu. 1 corne, 10 the rescuc _ The lechnique berc is 10 collect 

frequencies of all Sla le Ir.lnsilions in actll,1 dala, An,lysis of Iheir logic,l ,.,1 idi ly 

is ~,cn used 10 bu ild proper slule·transition models ,nd implemenl dalu qllali ly 

rutes, A "tat .... l,.,m.';tioll pNtfil .. sflows how ollcn each statc Irll1Sition occurs. 

High frequencies indicale ,'.Iid lran~ilion: 10\\ freqtlencies point 10 ros-<ibl~' 

erroneous Olles. 

Table 7-2 s1,{>ws • 

E_STA TUS_HISTORY 
rorliOIl of the slate·transilion profile for wblc 

fron' our case Mud,', Inc luded arc frequencies of 

lranSilions from \"rious Slalcs 10 ,Ule Deccascd. T"nsilions from slale lI e"'"tI or 

Rctiree 10 >tMe /)ecfllsfd are clearly ,'alid. while the Imns ilion from Termm(l/cd 10 

I)cCl'a_<~d is infrequent, While il scems that tcnninalcd fonner employees arc as 

likely to die", Ihe relirees. additional analys is of the business proces= shows ~,al 

such infom'nlion will ne"e r be coll ccled , The stale tr~nsilion is i"\'~lid, aod 

obscrycd transition occurrences"", erroneou,_ 
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7.3.3. Action Profiling 

The I~st step in buildinc Statc-transilion models is to idenlify tltc :lelions 

responsible for "olid SUIte transitions. This is C4ui"olent to specifying ",Iid 

:lI:lions along all orTQWS on the stntc·(7ansition diagr;un . 

Again we will usc data profiling to coll"t frequencies of nil actions accompanying 

eaclt state transition in octua! d3la. Anal,..is of their !o~ca l ,""Iidity is then used to 

build. proper statc-transition modd and implement dOl. quality rules. An action 

profile shows how onon each action yi eld, a specific ,late trnnsi tion. High 

frequencics indic.tc "alid .ction,: low frequenc ies point to poo.sibl)' erroneous 

ones. 

T.bles 7-3 and 7·..\ show por tions of the ,ct ion profile faT the table 

E_STATUS_HISTORY from our casc stud)'. T.ble 7-3 lislS frequcncies of ~II 

tenninator ""'ions leading to the initia l Ac,;,.., "ate. It is clear that HIRE action is 

the only Ic!!.itimatc tcnnin"or actiQtl here. 3,,,ounting for O,'or 97'% of 311 c.s.s . 

The other two actions "'" eithe r erroneous or "'" c.ses of panially m;"ing 

employment history . 
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Terminator Action F ....... ncy Porc ... 'oge 

~,,',," HIRE ,~ ,O" "'-,. .. 
Ad' ... REHIRE = 2.52" 

Ad· ... R ETlO~ " 0 _03" 

ro,~ ' 3,3Gt tOO_GG% 

T .... '-': ~"" .. .. T ........... AetI<>n. l.OOlng to A,_ $tal. 

Table 7·4 lists nil nctions resulting in Slale tr~nsilion from On f cm'c to 

l '<:rmimwd Two dislincl ""lions = ,-.lid here il.l:.·SIGN:md l'£11..lf. The other 

IWO fIC tions (RF.T11IF. and '_OA ) arc oul of place. 

Ac'lon F~",nCf Percon_ 

RESIGN M 75_85" 
TERM " t g _4S" 

RETIRE , ,_85" 
,,. , '_85" 

TOTAL ,~ '00.00% 

......... .. '" '" , .. :tloflOlO_ " ... OtIC .......... o , . " "''" 

7.3.4. Co nclusi on 

We hn,-e discussed ,-:nious lechnique. for stale-tr:msilion model profIling. 

including Sinte profIling_ tcnniMtor profilinll. Slale-transilion profiling. and action 

profiling. Using all of the informntion from these "arious dma pmfilcs. combined 

"'ith conceptual analysis and information from the business uSers. allows us to 

re"ersc-cnsinccr accurate stalc- lransition models , 

Stale-transition model profilins i. gellCrolly more complc~ than regular anribulC 

profiling. While I ha"c nol seen tools lhat specifically address thi s importanl nrca 

of data profiling. some c~i Sling lools can be cajoled into providing neCl'S""'" 

information Wilh liule mancm'crinll_ The profilins can also be done using some 

advanced queries and data man ipu lation techniques, 
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7.4. RULES DERIVED FROM STATE­

TRANSITION DIAGRAMS 

Reading sUte-lrans;t;on diagrams is cas~·. ,\n o bjee!'s life cycle mu Si sta" from a 

lennina(Or and can generally follow nny path tJuough the ,tTOWS. TIlis sugge<ls a 

brood data qual ity rute !.hal can be deri ' -ed dire'lt~ from tile St;llN rans;tion 

diagram and applies to a chronologic al sequence of records describing an objcc( s 

life cycle: 

• Eoch record must hal"c a ,-alid slate and oction: 

• First ",cord mUSt h,,"c a >"alid lenninalo' wilh a ' "olid lennin"!or aClion: 

• Any two sequential records must hal'e su(cs connccted \\'il h a ,",l id 

arro\\". Jnd the "lion of tho later record must be a ,.,Iid x lion for that 

arrow. 

The d,,(. qual ity rule defined in this broad form will i<lentilj.' all dilercpMcie. 

between tllC model and aClUal dal. . It IS also ",Iali,-el)' ca,~' to implemen t We 

sim ply need to go through ~I I records in chronological order ~nd , -alidall: thut they 

follo" a \'alid life cycle path on the ~tate-('DI'sition di.gr.,n. Howe"er, th is 

generic data quality rule lumps together errOfS o f many diITcrcnt types. making the 

results more difficu lt 10 analyzc_ An altemali,-c approach is 10 ,..,.l id"le a state· 

transition model through a series o f more atomic da ta quality mle, as described 

be low_ 

7.4.1. Domain Constraints 

Th,<!\: distinc t ru les can bc dcsigned to eheeJ.: the "lidity of states., actions. and 

terminators in acconlanc. with the state·(ralls ition model. 

A :it,JI" d",,,,,;n <·"">trainr limits tile sct of allowed _' Iate< to only those sllown in 

the Slate-transition model. The number of allowed S(UleS equals (he numocr of 

sm e shapes in tlte .tate_transition diagram_ lnn lid states are usually typo. inside 

otherw,,,, "alid records The true stmc can oficn be dcduced b,,,,d on the ...,tion 

n ine. 

,\ n "clioll domain colis/rain/ lim;ts the set of allowed act ions to ooly those shown 

in the state· tran si t; on model. The octions are shown near (he arrows eonn<!\:ting 



,me shapes Sometimes tl\c ,,"me act ion appears near se,'crol arrows. I""alid 

""'lions arc u~u,tll' lypos irusidc oillen. ise Hlid rc<.:ords, The true action can onen 
!J< o.l"o.luc«J ~~",o.l ullth~ ,,~t~ \ at u~ _ 

A ferminator dom";,, consf",;,,' limits the set of allowed tcrmimtors, specifIcally 

Slates in IIhich an object Can S!lllt and end its life cycle. The tcmlinator domain 

,".Iue sc1 i. ,Iw,,)'. a .ubset of tlte Slatc domain, It,..alid terminators oncn are a 

symptom of missing records al the bcyinning of I.hc life cycle, 

For the employcc slate-transit ion model diseusscd in this cha pter. the domain 

constrain ts take the follo\\ iny form : 

• State dom ain consists of [','e ,'alucs: Ac"'v (A). /kcc(JJed (V). On Lan-v 

(I.). R<'Ii",,1 (R). and T<'rmiM<lI~rI (1). 

• Act ion dOlMin consists of ninc "alues: fJF.ATH. HIRF.. LA rOFF. l.GA. 

RHfIIIE. Rt:SlGN. Rl:'l1RE. IIHWA. TERM. 

• 0,,11' A,',,,'i' (A) Slale is alloll'ed as Icnni"aIOf. 

Figure 7-4 shows cmploymenl history dala Ihal I'iolales all Ihree constrainlS: 

• The record n.;ui.:ed ( I) has in"alid stale code ~~ likcl )' a I) po, 

• The record marked (2) has i",-alid "etion code Rl:THIR/::. also a typo_ 

• The record marked 13) is the Icnninator and musl h",-o slale code: A _ bIll 

is L inslead. 

State and action dom.in cOIl,traints arc technically no di fferent fro,n tlte "'gular 

attribute domain cons1r:tints discussed in Chapler -t_ It i. simply " mo", 
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"ppropriale pl:u:c 10 desisn . or al Icall '·eri~'· . Ihem durin!; Ihe ~nalysis of Ihc Slale_ 

uansilion model. 

7.4.2. Transition Constraints 

Two additional rules can be designe<:l to check the .-a lidily of stalc lr~nsitions in 

accordance with the model , 

Stllt<'-Iraa'-;I;"" am$/rII;n/ .• limil SI31c ch.nges 10 Ihose .lIo"cd b)' the SI3IC­

uansi lion model. For c.umplc. a pe"",n who is already Icnninotcd cannot be 

lCnninale<:l again wilhoul being rehired in belwCCn. The number of allowed Siale 

uansilions equals lhe nU'nber o f arrows connccling lhe shopes on tlIC StaIC­

Iransilion diagram. In"alid slale·uan,itions oflen signify a mi ssing aClion in 

belween. 

Slatc·tr:lnsition constrainls arc often rcprcscated by Ihe stale_lransition matrix. 

wilh "from" SlalCS lisle<:l in 1011'S and "10" Slales liSled in columns hl\".lid 

uansiliOll'l arc marked with "X" al the inlerseelion. Table 7·5 shows a ,tole' 

uansilion maui.~ for Our employee Slate-Iraasilion model. The "X" al Ihe 

inlerscction of Acllw .011' Md 0" ' ,eilw column indicntcs thai Iransilioo from Slalc 

AN;W 10 state On Lcu>'C is allowcd. On Ihe other hand. Iransilion from Slale Aer;w 
to ilSClf is nOI allowe<:l, as is designnle<:l by the empty space al the inlerscelion of 

Aclive lOW and column. 

10Sl. t. 

,,- ~ T.",,/nolod ~- --~ t ..... 

"<I/¥. , , , , 
• ~ ,- , , , , 
i T-'d , 
! 

~,- , , 
__ M 

..... H . ~-,T .. n •• """"'''''" ~ 0""", 

Stau_action "m.."a;nrr rcquil\: Ihal each aClion is C(lnsiSlcnl \\i1h the change in 

11'e objeci 51nle. FlJr instance. "hen lhe I\:conJ "'ith Aa;vc Sin le is followed by lhe 

I !~ 
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record with On /.~a", SLone, Ihe ,clion recorded lI'i!h Ihe second record musl be 

UM, ,,-hkh is the ""'lion lisled nc,r the arrow conneCling Ihe IWO .We! in Figure 

7·2 

Figure 7.5 shows an c~"mplc of cmplo)'mcnl history dalO that yiobtc transition 

conslrainls: 

• The tran.ilion marked (I) from ,101e T~rmma/c" to slale On /.~aw is nol 

alloll'ed by Ihe Slalc-lrnnsition malrix in Tnb1e 7·5 and is Iherdon:: 

1I1,-alid. 

• Tho transilion m"ked (2) fmm SIaIC ACII\-"e ., Siale 0" I.~a"" " 
erroneously accompanied by Rl:"3WN action. Only W, aclion (, 

alloll'ed for !his lranSi lion. 

Let', consider Ihe firsl error ;n more <leui!. We can clearly Sec thOi rl,c data is 

incorrect. Bu l do we know which Ittord is crronC<lus'! The rul e ilself does nOllell 

us. It i, possible Ihal leIThas nC,'cr becn Icnn;nalcd :\nd in realily simply 1I'0rked 

unlil 1111312003 when he went on the lea"c of absence. In Ihal cnse, Ihe firsl 

",cord is erroneo~. Allcmati,-cly. he may h",'e lenn inalCd as the dala show. and 

the le",'e ",cord is ellle",d by misl""e_ II is also possible Ihal bOlh records arc 

,-alid. bUi kITw., rehi", d somc"hc", in belwecn Ihough the dala is missing the 

rehi re record 

In Pan lit of !his book _ we will deal mo", wilh such siluations and discuss ho,,- Io 

<kal wilh the uncertainly of Ihe errors. HOWe,CT. il i, nOI crilical for Ill;: proje<:I'1 

hand . This is where dala qualily assessmenl is fundamenlally dilTcrcnl from da la 

cleansing. For dala qualily assessmen l purposes. il is enough 10 know Iha! Ihe", is 

an elmr_ Dnla cleans ing requires us 10 go the e~tro mile and figure OUi who l is the 
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naUore of Ihe error:lfld how it can be r.~ed This makes data cleansing mueh more 

complc.~ and exc iting_ l.m pla nn ing 10 dedicate one of the "olumc_~ of this 000k 

"",ie, to ~je ",~i" u[ uula do""'i"!:_ 

7.5. TIMELINE CONSTRAINTS 

1'101 all data qualit) rules for state·dependent objects can be deri-cd d in:ctl~ from 

Ihe state·transit ion diagram. Some eonstuin1s apply 10 the timel ine and duration 

of the object li fecyclc. 

7.5.1. Continuity Rul es 

Contill"ity Till", prohibit saps and O\'crlaps in sl:lte·lrnnsit ion hi story_ [n other 

wo.-ds. they require 1h31 the eITectiw d,te of each stme record mllSt immediately 

follow the end date of the prc"ious stalc record , For c.'Uunpic. Ihe continuity rule 

for emplO)mcnl histmy in our cxample re qu ires Ihe cITecli,'c date of exh 

employmenl record 10 be exacl[Y 01">.' day aller the end date of~.c pte, jOll5 record . 

Continuity rules for slatc-dependcnt objects arc similar 10 general continuily rules 

for historic al dal:l discussed in the pre,-iollS chapter. 

Figure 7_6 -;hows an c'«Imple of cn.pIO)·mcnl stalUs hlstor)" thaI " io[ales the 

conlinuit,· rule 

• The transition m:ukcd ([) has a timcline sap - the employee 1lJlpe~rs to 

be "cli,'c from JI15119Y8 through Si t [/2001. bllt the follo'ring 

tcnnmation e,-ent has an c/Teeti,'c dJle 611212001 Instead of expected 

511212()lJ I. 

• The transition marked (2) has a timc1inc OHrI"P - the cmplo~' cc 3ppcars 

10 be tenn ;n31ed up until 1112[ 12003. but Ihe clTecli\'c dale of Ihe 

fo[[owin~ II/--"II{III-: e,'cnl is (J15f200]. 
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Violation o f 3 cominuity rulc is ,Iways ,n error. Howe"cr, it is often not clear 

"h,t the Mturc of the error is, For an o,·crl,p. one of the two dates is cerla;nly 

incOlTC>'1. though it may not be ckar which one - the end date of the prc,.ious 

record or ~le err"" ti,'e date of tile next 0"". In case of a gap, it is also possible ~m 

,nother record is missing fOf the g'p pe riod. 

The ex"",t fonn of the continuity rule dcpl'nds Oil Ihe ullit of lime used in the 

lifecycle timc1inc, The unit of lime for many real world objecls is J calendar day. 
but for some statc..:!ependcnt objects the tinleline is more detailed. For example, 

order procurements can often go through stalcs rltat on ly last hours or c,'cn 

minutes. Thus. the appropriate unit of measurement is minutes The continuity 

rule will then require the erTect;,.c date of each order procuremcnt record to be 

cxactl~' one minute aflcr the end data of the pre"ious record. Fur~ter. in par1icle 

physics the p:micJe lifelime often i. measured in milliseconds or less. and still a 

panicle can go through a sequence of interaction. ,nd '13tes . The slate·transition 

histor;' for such a particle will ha,.. continuity rules represented in ,-ery smalltime 

mcnsuremrnt units, 

Occasionally. timing of state·transitions is considcred immaterial. and only the 

order of states and act ions is tracked. In such cases. the lifecyde is represented as 
a seq"c"ce of c,'cnlS lhat Jre simply numbered II. 2. 3 ~ . Thc cont;nu;t~· ",Ie then 

requires the sequcnce of CWn! numbers 10 be continuous without &:'P5 Sequcnces 

{L 2. 3. 5) and (1 .2.1. 3} will then be erroneou •. 
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7.5.2. Duration Rules 

An obiect can olle n stay in a porticu!.r st.te for on ly a limited amonnt of timc. On 

iI1e other h~nd. it C:IIl be n:quircd to .t:l} in certain .tates for ,t least a ccrt.in 

minimum amount of time . 

IJuNifion nsle.< pUI a constraint on the maximum atldlor minim um length of time 

an obje.:t can st.;ty in any specific stntc. The simplest forlll o f the <lut ation nile is 

Ibe ;:pv-1enf:,IJ ,uk which requ ires iI1c length of lime spent in e.ch stale to be 

positi".. In othe r WOlds. the end date of an\" .tm. recOld must be .flcr the 

errecti," date. Violmions of this rule crcate time "'''rpl common in scie nce fIction 

""d leading 10 well,known time tr",cI pJr.ldoxes. 

As • curious student of ph)'si,s. J rcad m""y books about ~,e nature of time. 

Beginning wilh Alberl Einslein . physic ists h~,'e been looking for possi bililies of 

Ir.,-cling back in time. Accordin g to modem ph~ sics Iheorics, lime Im,'d can .. ,Iy 

Ix: lIChie 'cd inside the bl.ck holes or in other exolic places in the uniyo,S(!, 

be line that (;IS usual) sci entisls are l<JOking 100 far, In my experie nce. time IW,'e1 

is ,·e~' common :II1d is s imply. secrcl Ihal dal.base administralors keep from 

physicisls in hopes of gCl1ing the Nobel Prizc. 

While >-ero.length rule is common to.11 states and objects, ",me dllf:ltion rule, arc 

more complex and ,'a~· by Slate. For •. \ample. lhe length of a ho:spital stay ancr a 

heart bypass surgery can be nO less Ih"n a wcek. Thu •. a pallcnt muSI be in 

H"" pil(Jll~d St:lte allcr Url'ASS SURGERY aclion fOf alleasl sc,'en days (lhouJ;h 

",mc insurancc companies would disagl\.,<,j , This is an c~am jl1c o f a minimum 

dunllh", ruk Rul es like thai are ,·c~· com ",on and CM}" to impiemenl. 

Alternati,·c!\,. an ordcr sloil'locd ,·in o""night maillllilst be (hopcfully) deJi,'crcd 

within two business days. or onc if it was shipped before 3pm Thus. the order 

muSl be: in Slate Ship,"''' inilialed by aclion OVf:RN1GHTSHII ',IIF.NT for no more 

than two business d~ys. Th,s is ~n exmn plc of a m<IXimum durol;,,,, rul e, NOle 

thai here iI1c maximum duration for a Sla le is also a funClion of the action applied 

10 tho object For d irr.r.nl ac lions. the ma~imum (or minimum) du ration III a 

gi,'cn Sla!e \lill ' ·a"·, 
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7 .5.3. State Duration Profiling 

ldent if, 'in~ ",inimum "nd m.xi mum durotion ruks " not simpic These 

eonstro ims are rarcl)' lisled in dotumcnt.tion and must be deduced through 

an.l)' sis of the business processes nnderlyingthc state-tr.nsit ion models. Business 

uscrs c.n ".n.ll)· heIr . 

A nseful profi li ng tcchni(luC that helps identify prob.ble duration nIles is c.lled 

JI"I~ u"'01;0I1 p'''fil;IIK. It ;n,·ol",. obUlining wriootc profile. for deri"ed 

attribute State Dur.tion wi th. condi tion on the "alue of state (and poss ibl)' 

""tion) The Slate duration profilo can be gathered using standard data profiting 

tools or simple aggregate queries. 

Figure 7-7 shows st. te duration distribution for 0" I.eat" slate from our case study 

example. More fOm1.lIy it is the distribll tion of nlues of the: c.lcubted field 

[E"dOme - ElTDatcf for. 1I records meet ing condition [StateCodc - I. ). TIle 

observed d istribution shows. sharp drop·olT .lkr 3G6 day s. This is not by 

chance. Accord ing 1o th e business ru le, :my le.,·o of absence of O"er one year 

must be coded as a terminati on. Wc can Ihu . dcri,'C a maxi mum duration rule: an 

empto)'cc must not be in state On /.Cat·c for more lh:m ooe )'ear. 
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Figure 7_8 shows employ.n.nl hislo,:,' Ihal "iolalo< ~I~ duralion rules: 

• The rcC<lrd m,r~ed (I) ,iol,les Ihe 7.:ro-lenglh duralion rule. This oflen 

happens "l,cn an erroneous aelion is enlered and i,"mediate ly COrrecled 

rnlher then deleled. 

• The record ma.ted (2) has n duralion of (WeT three "cars an~ dol ales Ihe 

n".:,inmm duration rule for state Un Lcm'C_ 

7.5 .4. Cumulative Duration Rules 

Oce,s;onall ". Ihc duralio n rules will apply 10 Ihe cumulali"e amoun l of lime lhe 

obj"" t can spend in n panicul:or s\ate Wh.n J teach the full.day daLl quality 

assessment class al confc",nces, J am mllall" required 10 present for about si~ 

hou rs wilh "",-.ral breaks The same rules apply 10 all other full·day class 

inslruclors. Consider a database nack ing the lime cach inslructor spcnds in class. 

The inSlruclor is a slatc-dependcnl object going Ihrough a rcpealing sequence of 

siales: lin (;/<1$$. 0" "R",,,,-. I" C/a,'''. 0" 1I R,..,ak, The dural;on rule will 

5tale Ihallhe ,umuiali,-. amounl of lime in Slate I" C/au mU5t be no less lhan 5hr 

]Ol11in and no more Ihan 6hr]0 min . Th is is an c_,;ullplc ofa WIIIIS /lSli,'" tI",m,O/, 
rul~ Other duration rules wi ll also awly_ For insl:mce, the durOlion of c:!eh 

indi ";du,l/" CIa .. segmenl can be no mOre Ihan 111'0 hours. 

Cumulal;ve dural;on rules can gel ralher eomplicaled. A friend of mine. "ho hcs 

~nd works in a beaul;ful European ,onntry. lold me th~t accord in g 10 their fedc,"1 

labor lows a person cannol work for mOrC Ihan 213 d,,)-s in a gi,-en calcnd.r year. 

In his company. onc<: an emplO) "" reaches Ihe magic number. hi s enl!)' keycanl no 

longer works . While J en,'y my friend' s Ii fc . I do not c''''y th. progr:umncrs of lhe 
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teycord entry <) stem II ho had to incrnporate thi' <umulnti,·. dur3tion rule inlO the 

sofiware. Le(s assume Ihat the HR system U'Ck5 the employment h i.51~· in a 

t.,pi"~1 ,,~) - d,at i~., a "",ic. urclllplu, ' lll~Jlt ","Ill> di""u~""d duuu);huul d,i~ 

eh,pler. The cumulali,'c duration mic then Slalcs thaI Ihe lOlal k:ngth of lime 3n 

employee Con spend in ACliw slate du ring each calendar )'car " no more ~'3n 213 

business d.,-s, 

7 . S. ADVANCED RULES 

Sometimes actions arc too complex t" be 3dcqualc!)' described b,- a 'imple aclion 

code. R"lher. SOme addilionalaclion.spcciflc attributes muS[ be ![()[\,d. Simibrly. 

for SOme sl31es more delailed inrormallO" muSt be t!"llcked besides just the st.lc 

code. Fina l l~· . (!Clions usually da nat OCCur al random. bul rather c~n onl), happen 

WIder ecrlain unique circum'la"ces, Ad'·anced data qlla lity rules ,wify these 

circ umstances and , 'alidate llCtion-speciflc alII.! state-sIICcif" altributes, 

Action-specific and state-spcriCic nllribute c041str.ints arc prcscill in nil but the 

simplesl slate-transition modds and muSI be idenlified in Ihe proces~ of data 

quality assessment . They I\'pically yield numerous erroIS. 

7 .6.1. Action·Specific Attribute Constraints 

AClion-specijic u/(ribul.: cQI"lruitrl. enforce tMI aelio~-speeiflc .[tributes ~re 

lX'Pulated eonsistentl)' ",ith the octions, Consider for example the hf.xycle of the 

slate-dcpendent objecl Order, When a producI is shipped. the p3Cbgc Iracting 

number mUSI be recorded along ,..ilh Ihe aclion , The data quulity rule ror this 

e,-cnt ,,'ill require a "alid traekins numbcr to acoomp:m}" SHll'l'EI) aelion . 

Further, "hen ~ payment is =ei,..d it migh l be necessary to ~Iore lhe ronn of 

payment (and the amount in case or a panial pa)·n,ent). The dal:!. quality rule ",ill 

enforee thai a .-alid paym.m code (and payment amount) accompanies P A l'ltfENt 

RJ:Ct:fVf:D aclion, 

Sometimes aClion-speciflc aUri""te! ~Ie stoled along with Ihe 3Cli041 in the: muin 

!Utte-dependcnl entilY. Since di frerent attributes rna)" apply to di frerent aetians. il 

is possible to ha,'e d"zen! of action'<pe<:iflc attributes in the entity. The data 

quality mles ", illihen enf()fCe lhal for .""h aelion: ,11 bul a fe", altribules rele"'''1 
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to Ih al acl ion mUSI remain Null. while Ihe rele,'anl allri\)uleS mUSI be populaled 

wilh ,·.lid I'alues 

Figu'e 7·9 shows a possible S(',Klure of Ihe stale-dep.:;ndcnt cnlil~ 

ORDER_Sf A TE alon!; with applicable action -specific anribule conslnlints_ In tho 

emi ly you find all basic stalN,an,itio" a!lri bales .nd. addit io .. mlly. Ihree aclion· 

specific .Uribules: TrackingNumbcr, PaymentForm. and PaymemAmount The 

appropriate aclion·specific aUribulC conslraints take the fonn of conditional 

altr ibule optionahly "Ms. 

. ...................................................... , 
: I!~I . I. Condthon . l Attribu", Clftlonohty 
; If Act".Codo_ "Ell!Pl'ED" 
: Th. T,.,ki' iN"" lllberb ll"U IoIl 
; EI<. T"",k]'ijNoltlborIo lluil • 
~ ..... ............. ....................... ............. . 
-------- ----- --- --------------- -------- ---- -- --------- -, 
R .... . 2. C""dltion.J Attribut. Clftion.Jity 
if Atti01Codo '" l'A'INEIlT JlE<."'EIVED" 
Tho" P'I)'m""IF", .. 10 No' N,II 

A.rl P'I)'m., lA",,,,,.,,, Uo' Null 
Eis. Po,ym.., lF, ... IoN.1l 

" .11 P'P'r..l.Iu"".",bl'ull , ................... -- .... -................ -... .. 

Things gel e'-en more cumbersome when lbe Same field is "ol'erloalkd"" and Slores 

IlClion·specific dala for all <1<'lions. Th is approach was , 'el)' common in --legacy" 

5I'Slems and i. still u,ed a lot in practice_ Thcn the dala qualit ... rule must verify 

th.t lhe valnc of'he "'tribute is eonsistenl wilh the ",lion. 

Another melhod to tmek actioo_spccifie aUributes is 10 ereate additional dCJlCndcnt 

enli ties for different ""lions In our e~.mple an additiona l enti ty 

ORDER _SHI PI'ED would be used to trock .ction·specific 'Itri b~ lcs for SHIP PEV 
aclion, IIhile emily ORDER ]YMT _ RCVD lIould be usN to store aclion·specific 

~ltribulCS for I'AJ'AWN1" IIFC/iW!V aclion. Bolh new enlilies ~rc Ihc sub-{ypes 

of Ihe m~in Slate·dependent entily ORDER. In this case, the action·specific 

attribute constrainl \\ill require Ihat for each :tetion_ In appropriate dependent 

record is created .nd populated with ""lid \"Ol ues. 

Figure 7·10 ~how, O,e <1al. mode l for this d,ta struClure .Iong ,,-ith tI1e data quality 

rules th.t enforce the ",lion'specifie attribute conslr:!ims. The rules here take the 
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form of siandard rel'li"",,1 im.gril), conw~ims - fore ign hys .nd inheri l~nc. 

rule s - ond dom.in optionalil)" COIlitmints. 

.. ...... .... ....... ...... ...... .......... ....... ..... ........... . 
: lIul.~. R"' .... "".R~I. 
: D_. dod •• b1l '01U)~U'Yl.IT_lICV!1 ",",I h'''' fump : 
'lu:<"'th. __ n\."~Iy 'ORDEllJITATE' : ............................................................... 

ORDEHj'ill rrPED 

, ..... ............ ............ ........... .... ....... ................ ....... ............... , 
, Rul. S. A''''bu .. OpUoo>1ltj1 000 .... >10< : 
: AU ~""b" ... L. dop""d ... , .. ".;., 'ORDZRJ;HU'PED' ond UlDE:R_P'ilIT...RCVD at, : 
l.:~:'!~.~~.~.~~::~~~ ~~!; ........................... ............................. j ........................ .. .............. ....................... ......................... ~ 

R,,] . ~ . It.., .ri.a"". Rul . 
SUl' K . t<f •• nlit)' 'ORreRJn'ATE: •• 11 .O&tfl" .",; ~ .. 'ORDFlI.JlHlfTEO' &n<! 
·ORDFlIJ'YMT.1lCVlJ .'" ~ '" 01 a disjoin' ,"", ",pi.,..., ioherll.aoco ", I" b .. od e n tile 
",,"uo o[liLo ~'''''m''n.Ii.oW .\\,,~"~ ·M..o~·. In Joy,.~o·. 10< .. , . 'ORrtlR.)lT/(TE: 
,.,=! . .... th. 'A, " ""Cod • • " nb. tovol" 'SII!PPEP' ",," ~ ..... ",," .. ponrlm6 _<I> ,. 
'ORD~U:H[P!'ED' " ';'Y . .. hu. ,,,,or<l, ,..ith ·...,~"'Cod,· PA\ltE}.'T.)lECKlVEI)' 
!:L"\ b .... """"po<Loi"1i ..." ... in W!:<>RYl'UT.J«;VD' ""~t1. Un "", nO oth, 
0" ",,",,\00'" . kO<lIIl ,,.,,01. in 'h. ,ub· t,)ip' •• ~,,", be p_o.\ , ........................................................................................ . 

7.6.2. State-Specific Attribute Constraints 

For m~ny ~I"\e·d. pe ndenl objecli. il is "ecessary \() Iril\:k oom_ s\Jle·srec ific dala. 

For c,,",mple. nn octi,'c cn'ployee can be designated as fnll.ti me or pan-time and 

regu)..- or tcmpo.-,ry' These nUribtnes :Ire 001 ,etion.spccinc since they can 

change wi lhout ,ny st"te'altering 1I<tion, i.c . employees can fredy chonge from 

pan·time to fnll·time .nd "icc yer:sa but still rem.in in tl\c same Stale AC/lvc from 

the per,peeti"e of the silte'lransition model. At the Ilme time. these attributes arc 

onl), applicable 10 objects in celluin statc(s) , An emplo,ee C~11 go from pall'lime 
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to full_limo employmenl ,,-hile in ~l"le< Ac/i,.., and (possibly) 0" 1.~11"", bul nol in 

any o(her S(ale_ 

SI~I<!-'J'ffific Il"rib~fe cllnsJrllinl .• enforce lh al "tMe-specific nllribute5 arc 

populmed con,istently with the stale,_ They rail into two general categories: 

e~istenee rules and prohibition rules. E.tL<Unce rule' require that such attributes 

arc populated with some ,-alid ,'alue. while the objccts "'" in appropriate stote. 

The oppo~ite is enforeed by pro/libilioft rul"". whieh require that stale·spc.:i fie 

nttributes are not populnted (or at least their ,'nlue. do not change) "hile the 

objects arc not in the appropriate state. In our e~amp(c. the rules "Wtake the 

form: 

l. Almblae,! rrPTCode mId Rcg'!"empCm/e ""'$I he l>op"loled wilh ""lid 

Will,", lI"hll~ Ih" objecl " In ,-1111" ACliw lIr On I.,'""" 

2. Allrlhlll,'. Fl"f'TCodc lind RegTempC,,,/,, mw'l !!!!! be 1'01'"lm,," while 

Ihe object is III all)' slale mh"r 1/"'" ACli"" or On I.e","" 

Occasionally lhe $CCond rule is re placed with a weaker constraint 

2" . V"/,,cs of mlrlbure,' FTI'TC",k "iI" R"gTcml'Cmk "11<,'1 !!!l! dumgc 

... h"" Ihe ubj""/ i. '" any ''I<1I~ other Ihan AellW ur On Leave 

Typically . state·specif,c attributes an: stored in scp:untc timc-dcpendcnt entities_ 

!n our examp!e, ~ntil)" EMPLOYEE_TYPE could be crealed "ith attributes 

EmplD, ElIDnte. EndDate. FTPTCodc. and RegTempCodc . Ru le I will then 

require Ihallho inten'al, between EfIDalc and EndOote in the EMPLOYEE TYPE 

emi ty envelop all the periods when the employee is in slate ACli"" or 0" Leaw_ 

Rule 2 requ ires lhat Ihe intN,·. I, bellleen ElIDate and EndO.te in the 

EMPLOYEE_TYPE entity do not OlWlap at all with Ihe period. when the 

cmployi.'C is in nm' ,tnlc other than Aell1.\' nnd nil 1.I?(I\'e, Rule 2' requires that the 

dfect i,·c date of ony EMPLOYEE_TIPE record docs not fall inside the periods 

II hen the emplo)"ee is in an)' states other than ACI"'" and 0" Leal'C. 

Figure 7· 11 ill ustrates the rules. The bo~es al the bottom show the limeli~ for 

employment histo~' of an employee. This particular employee was hired in 1959. 

resigned in 1981 .11" 5 rehired in 19')2 and finally retired in 19')8_ Abo,·c the boxes 

are three scenarios for the EMPLOYEE TY PE data_ The first (bottom) scenario 

mcelS all d.1ta qualil)" rul~s 11k: second (middle ) seen"io .-iolme. rut~ I - stalc_ 
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'pecific dat~ are mi" ins between 1959 and 197~_ It also , -iobte, rule 2 - the dat a 

co,-cr the period oct",ecn 1 9 ~1 and 1')')2 ",hen O'e pernon Willi not employed "i th 

Ole """Pal,) _ H,,,, e, e, _ ~, i, ""Oil"' iu dUl:s lIul ,iub", ,uto 2' Filial ly. 0,0 d,i,cl 

(lop) scenario, ;olates n,le 2' - the employee changes from pa,Himt to full·timc 

em ployment II-hile in Terr>,i/lmcd S~lle, 

Rule ,-iolalrons of thi. n.ture arc , -c'y common for .tatc-<lcpcndcnt objec ts and 

more often than nol. poinl lO dala errors in Ihe sl.:llc-dcpendenl enlil), itse lf. While 

Ihese rulc5 require rath.r ad' auted cu,tom code to implcment, they are "cry 
impol"Ulnt and 1~ pic. ll\" yield a reast of data problems. 

Additional complications arise when state-specif,c auribUICS arc scored wi thin the 

,we-<lependent entity. rather th:m in separate dCp"ndent entities. For instnnce . 

employee type attributes con be si mply added (0 the main state-dependent emi ty 

E_STATUS_HISTORY_ The problom i.!hat now attribute ehnng .. !hat arc 001 

3Ceompamcd by statNransitions must be trocked. looking at the c"-lmple in 

Figure 7_11 , We find snc h an c,'ent it, 1 97~ "hcn the cn'ployec ,wi tchcd rrom rnll ­

time to p~rt-tirne employmcnt while rcm~ i nin g in Acti,"" state . How would this be 

lrl>C ked in Ihe st~te-dcpcndcnt entity'! 

• 
• .-J""""""'''' __ ;.~''"'''''',m,.-o. &.0 ...... 1 1 _ _ 

The most COmmOn sol ution tn pmcticc is to in trod ltcc. n""-statc-chnng,,,g action . 

named something like VA 'lit and uSe it e,ery time sl.:lte-spcc ific ~tlributcs ch~n£e 

,-. hlcs but the stntc itse lr does not ch~nlle_ This ncw action i •• lclli tirn~le clement 
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of Ill. stale_transition model - it applies to objects in on. or more statcs (Act"" 

and On I.eave in our CN.nlptC) .nd can IJc ,·icwcd as re sulting in state trilllsilio" 

[lUlU ill<:"" >lal~. lu U'~"J>~h ~._ It ~i1" "" add~r.l '" lire .l"le_um"il;"" rJi,,!;, "'" wKl 
,-. lid31ed through normal domain and Iransilion constraints discussed .001 e in 

Seclion 7A_ 

The ,lat.-spcc,f>c , 'alue conm.lIl l, in thi, case arc ca,ier 10 I'alidat. They simply 

require IhM slate-specific auributcs atC populated in all SUle records to which Ihe 

attr ibutes appl)' and not in ilIly other rec ords. In our cNample. Ih. rule demands 

Ihal amibul., FTPTCode and RcgT.mpCodc arc not Null for all rccords with 

Stat.Code I'alue AeriV<' (A ) or On Lem"/! (L). and Me Null in the remaining record._ 

NOie th ai in more general cases, different aUribt,les m.v be applicable 10 different 

stales 

Figure 7-]2 iUustratcs this data struclure The employcc goe. ~lfo"gh a normal 

life cycle of been hired. rcsigning. been rcbired. :md reliring. In addilion. Ille 

employcc ha, scveral chan!:e. in Slale-S»I.'C ilk allrib"les recorded by I)ATA 

aClions within Ihe periods of ocli,-e employment , 

The clai.:l in Figure 7-12 seems 10 be in accord wi~l the slale-!;pcc,nc ~l\ribulC 

consO"nint (and all olller daw qualily rules), Values of auributcs FTPTCodc and 

RegTeu'pCode ore pre""l in .11 records II ith SlateCode ,.. llIes Aeti", (A) and are 

absent in all records wilh StateCode I'alues 1"ermimlled (1) and /lellred (In 

Hml'e,-er, lhe dot, i . inaccurate_ Records marked (2) and (3) arc lisled with action 

I)ATA sUgJlcsling a change in I alucs of one or more of lh~ Slalc-Speci fic auribulCS. 

Hml'CI'cr. a comparison of I'alues belwccn records (I). (2) and (3) shows no 

eh:mgcT This malady is sometimes referred 10 as ""irtual duplicates"' - Ille Ittords 

carry mostly id.ntical infonu3tion . but are nOI enOl duplicates Records (2) and 

(3) could be remo,'cd wit!lOut any 10lsor information. 

''" 
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"Vinual duplicates" IlfC \"C ry common in Slnlc..dcpendcm cn tilies containing 

addilion al stalc.specific atnibmes. While mam' records ",n'e no purpose, the error 

is onm considcred immaterial sincc it docs not impact data use in any w~)' otht:r 

man performance. The root CaUSC for the problem can be of len tr:.ccd to initial 

con,'crsion or an interface that crcatcs morc records than nC1:essary because the 

source sySlcm trocks dala in morc dctail. 

Altcrnati'·ely. ""ittu31 duplicates"" can point to a miSlake in a "alue in one o r me 

stale-specif,c auributes. For instance record marked (2) in ~'i~urc 7_10 might be 

erroneous in Ihalth. lrue ,'alue of atnibUle FTPTCodeis/'ratherthan listed "a lue 

F. This correclion would immediately eliminale bolh problems - nan both 

records (2) and (3) woold carry legitimate changes in a s!:ltc-sJlCCific 3tnibut •. For 

this reason. a ""in"al duplicate" shou ld ne,-cr be ignored in a data quali ty 

assessment projcc!. 

Occasionally , \'alucs of slatc-spee ific nuributes are pcm,itted to be present C,'cn 

"hcn thc object is in one o f the states to "hich thc attributes technically do nat 

apply_ 11 is done usually when il is dc-sircd 10 ha'-e cas)' "<'cess 10 the las! "nlues of 

such auribu\es from the mosl current record_ For instance , it may be dcsin,d 10 be 

able 10 know "helhcr a retiree WIlS last full-lime or pm- time O\-cn while looking al 

his Current record wilh slate /l.ell ,,,,I. Sl3lc·specific attribute rules apply mostly in 

the sa me fashion in ~'"! case , lI"ilh one exception : While the attribute "nh'es are 

allowed for ~II SlnlCS, lhe ' -alucs can on l\' change" hen lhe objecl is in onc of the 

applicable '!:Ite,_ 

Cons ider lhc c.xample m Figure 7_13_ The allribuIC' FTPTCode and 

RegTelllpCode arc allowed 10 ha,-c ,-alues f(lr all records. For inSlanc e. lhe mOSI 
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recelll record - marked ( I) - show. an employe<' in Male R~lIre", but sti liliSlS him 

;tS ~ porHimc lempornry employe<:, Of course. we know lhallhis person now has 

i>.:n~1 dli,,!;,> IUciu ~lUlI 'UIII" ,,, \\"J ~ "'"'Y IIIUlll ill!;, ~ul \\~ CUll dl>U ""~ ~'~ l h~ 

was working pari-lime e,-en berore relinng, It is com-en icnt to ha,'c aceess to Ihi s 

infoTmalion wilhoul ha,-ing 10 reference earlier reconls. 11K: problem is wilh the 

record marked (2). It shows that the employee resigned and changed SlalC to 

r<'rminoted, II also lists him as pall ' lime, yel lhe prc"ious record while Ihe person 

was sl ill employed lisl5 him as f"lI·time! Th is cannOI be lruc. Stale-sl'C"ific 

attribulCs can newr change '-3Iues when the objecl i. in one of Ihe slale. 10 which 

the .Uribules do nal apply . COlching the problems of Ihis nalure requires more 

sophisticated slalc'specilic amib"le constraints 

To summanze the discussion. stal"'specilic and action_specific auribute 

con~lraints. while rnther simple in concept. can lake nlillly different fonns when 

applied to the real data_ It is imponanl to recognize that Ihe form of this data 

quality nIle will depcoo on the way lhe dala fOT the stalc-dcpenocnl obje<:\ is 

Ofl:'lnilcd in Ihe databose. 

7 .6,3 . Action Pre-Conditions and Post­
Conditions 

Slale·chtmgmg aClions and e,'en lS do nol IXCUI at r.ooom. but ralhcr can only 

hlppen undcr ccnain uniquc cireumstanccs. Action pre'eondilions and action 

post-condition~ "erify these circumstances , TI'ey nil' "CI)" si mil~r to (he e"ent 

condilions discussed in the prc" ious chnplcr. 

A<'t;m. ~.c""dit;m .. arc ~'e condilions (hat must be s;lusf.cd hefore an aclion 

can lake pbcc For examplc, ~n emplo\'cc may not be hired wilhout her job 

I ~ n 
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application being pre,-iou.!y considered and appro,'ed llms, " p","",ondition for 

the II/Rio' action in the employ men! st ~lc_lmn5iliOI\ mooel i$ pn:sence of 3 job 

"wlicaliun hi.w,) , ecUld f", ~,~ .~"'~ 1"''''''' \\i~, >l"I~ Jub O/jer An~'plc" ""d 

clTeeli,'. dale shon l}' bdor. Ih<: clTeel i,-e dale of Ihe HIRF: e,-ent . Another 

CMll11ple of a pre-condi tioo IS Ih~t " loan IS def~u lled when ~ payment IS P.1St due 

by at ieast <)IJ d~ys , Thus an :\Clion I)FFA UIJFO can on ly be applied to state­

deIXndcnt objel:t 10JII when payment history silO\\'\ payment sufficiently in 

arrears, In reality the pre-conditiOll in Ihis case can be quite more cOlnplicated arod 

im'oh-c wr;tten leS,1 temlS of the loan_ 

Actioll post_collllitiollS arc ~IC conditions \hat must be satisfied . ft.". th e action is 

,ucccossfully complct~d. for instance , upon retiremem the employee must h,,'e 

JlOSt-rctiremcn t benefns eaiculalcd and entered in the ~ppropriatc l:tblcs of the H R 

sySlem, Thus. n posl"",ondit;on for the REl1JU' e,'olll in the em ployment statC­

transition modd is the presence o[ an cmployce bene fi ts record for tile SMte 

cmploye\: "i th ~II nceessa~' attribules filled in and elTeet;,-e daled by the 

retirement date_ An example for Loan object woold be th at a pre"jOlllty dcfn~lted 

loan can be reinstOlcd into" satisfactory status ()I1ce all payments_ nlong wi th 

interest ~nd penalties. "'" broo£hlup ' IO-;:]mC_ 

Action pre-conditions ,nd ""51 'Conditions are '-c~' common 10 stotc-transition 

models. yet rarely full), understood , In order to identify these constraints, "-e must 

an.IY/e Ihe objects foom the business perspect;,·c and inte"' iew bus;ness uscrs. 

On the other hand. thes<: 1II0re compl." d~lo qu~lity rules will often filld man) 

OIhen,';S<: hidden. bUI critical, datu quality efrors, 

SUMMAR Y 

State·dependent objects go through. sequencc of sl:ttcs in the eou[s<: of !heir life 

cycle a!; a result of ,-.rious e,'cnts. J)~t. [or the statc·dependent objects is ' -cry 

cOmmon in rcol world dot~b,sc5 and i. also most error-prone, In this chnpler wc 

discussed ,'arious types of data qualit) rules for S1atc-dependent objeCIS. 

specifically: 

• Stute domain eonSlr.i nlS limil the set of allowed stotcs to only those 

shown in tI>. Slatc_tr:lllsition model 
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• Action domain constraints limit the set of allowed :\Ctions to onl)' those 

shown in the statc-Irnl1sition model. 

• Terminal'" domain conSlraints limit the set of allowed tennin't"'s, that 

is, S\Jtcs in "hich an object can sun and end its life cyctc. 

• St~te_tr:lllsition constraint. limil state chan~es to those allowed by the 

stntc-transition model. 

• Stnlc-nClion conSU"aints rcqlllre that each actiOIl is consistent "i~l the 

chango in Ihc objcct SUllo. 

• Continuil), rules prohibit gnps and overlaps in Slate- II ansilion histo'v. 

• Duration rules PUI a const"int Oil the ma~imum andlor minimum length 

of time an objecl enn Slay in an)' specifIC state 

• AClion_SjlCcinc attribute constrainls enforce tI,at act;On-sl1CCinc 

.ttributes arc populated consistently with the actious 

• Statc-sjlCcWC attribute constraints enforce that swtc-spccinc attributes 
are populated consistently with 0«: stales, 

• ACI;on pre-conditions nrc the conditions thut musl be .alisned before :Ill 

action con ta~c place. 

• AClion post-conditions are the conditions th~t must be satisfied aftor the 

action is successfully completed. 

Some oflhe>e rules arC rather si mple. \I hile others Can Ix: quile comple" and \'al)' 

",gnin~ant ly dopcndmg on the dala structure In all cases. d~ta quality rul" for 

s\Jtc-depcndcnt objects :trC k~" to successful data quality assessment. since data 

for such objects is typically 'el)' imllO"allt and yet conta in5 numeroos "'hidden"" 

crrOf5, 
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CHAPTER B 
ATTRIBUTE DEPENDENCY RULES 

h is important 10 remember that d~la rcprC5<'nt allributcs of rcal world objects. 

such as J"XIPlc. wilOsc ch~r~'lcristics arc illlcnclntcd ,lid" hose bella, ior is 
complex and rcSlrictc<i by logical constraints These conSlr~jnts cnn always he 
Iran.bled into data rcblionships and used 10 teSi the dala quality_ 

In the 1""1 two chapte,". wo prescnted lwo specific views of the data for complex 

rcal world objects. In Chapier (i we in"cslig'ICd the lime dimension and discussed 

the ci:Jla quality rn les arising fwm the dymmic relationships in lhe daw. In 

napier 7 we looked a[ Ihe lifc.:,-ch:s of sI..11c-dcp;:ndcnl objects and the rules 

gQ, 'cming the slalc-lransilion data. Howe,er. this slill lea"cs n"merous 
miscel laneous all.ribulC dependencies in the dm. describins real world objects, 

Finding such genoml attribule dependency rules is more difficull yel is key 10 the 

'uccess of an)' dala <jUnl ilr ,.se<srnen( project In Ihis chal'le r. ,,'e discuss "ariD"" 

s(",(egies .. Kllechniques Ih~1 help uS rond success ,\"ilh Ihi s challenging Insk, 

• Se<:lion 8.1 describes ,arious Iypes of allfibu le dependencies, including 

redundant atlfibUlcs. deri,'ed ,uribUle,. partially dcpcndcm allfibule,. 

aUribulc, with dependent opliooalil}. and concialed a(tributcs, 

Und~rslandinllthcse calegories aids tremendously in Ihe searc h for dala 

quality rules, 

• Se.:lion 8.2 discusses Malylieal mel hods and infonnal in"cSlignli"c 

I<xhniques for rooding ullribule dependencies, Specifically . we address 

ex!"'« ~nowlcdl!e gmherin!:, in·depth data model inn'li!;3Iioll. and da la 

gMIIl£, 

• Se.:lion 8·3 presenlS more ronnal d~p::ndeney profil ing melhods, which 

usc dal. mining. Slalistic.lmodcls. and pal1cm recognition lechnique, 10 

disco,'cr hidden dala rclalionships. 

• So:<:lion 8·4 OUllines Ihe proccS-5 of identiJi,'ing dala dependenc ies across 

diffcrcm dalaooscs. 
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8 . 1 . INTR O DU C TION T O ATTRIBUTE 

DEPENDEN CY RULE S 

We say lhat lno attributes art' dependent "hen lhe ,-a luc of the first ;!(tribulC 

influences JIO«ibk I'alues of the second allribule. Dependencies between two 

attributes (some limes referred 10 as binary relationships) arc lhe si,npiesl \0 

ide ntify and usc Howe,-cr, often more than two attributes panicipate in the 

relationship. In 1hi: laUer CJse, ,'.Iues of One of lhem (called the dependent 

attribute) nn: somehow affecled by the: val ues of the other "H.-ibnl"" Allribuic 

dcpcndcrn::ics f;cn craliy rail into liw brooo CalC!;orics: redundant . uribules. 
deri'"w .uributes, paniall~ dependent a(triblllcs, all.rihulCs wi!h dependent 

optionnlily. and corrdated nltribu\cs. 

8. 1.1. Redundant Attri butes 

Red",,,Jalll arrrihmci Me data clemenlS thai represe", the some ouribute of a ren) 

world object While a!tribute redundancy S<><s against bJ.<;ic data modeling 

principle •. it i. common in practice for se,'eral reasons. First. redundancy is 

'\"idcspr~ oo in --kga.y'· dalabases and cerlllin systems thaI were co""el1ed from the 

"legacy" ..!alab.s.:.. Secondl)'. redundanc)' is oficn ns.:d c,'cn in modcm relational 

dal:lbases \0 impro,'c efficicne)' of dala uecess. infonnation presenllllion. and 

tron,a.l;on prO\:cssing , Finally. some dala across different sy.tems is i""'lriab ly 

rcd ~lndant . 

Redundancy aeross d"lObase. is the most common r~a,OIl for using r.dund"",y 

dala qualilY rules, Consider. for e""mple. HR. payroll. and emplm'cc benefits 

administration ",'slem.. They all lrack dala about company emploHes and 

ine"it.bly ha"c much o,erbp. AI . minimunl. ali thrlOC d.tabase, will lrJCk 

employcc name. address, and dale of birth. Ohiously. Ihese dot. Cicmc:n15 arc 

redundant and mUSI hal'c identica l ""lues, 

While "'all)' data integratioo techn iques are put in pl""e to ~ecp the dmn in 

diJT.rcm systems consi.lenl, it is a lrem~ndous eha!1enge Con,ideri"!: Ihal we 

. trusgle 10 keep the dOI~ inside ~ single d,llIb , so cohe rent. it is no surprise th~1 the 

d1l:i aCroS~ systems i. oflen OUI 0[':>"[1(; , Howe"e r, this is, blessing in disguise for 

'" 



dala qualily inili'lil -~s, (ompm!on of redundanl 3mibules across dalabases is " 

sure way 10 idenlify (and el'enlualll' correct) numclOuS dala problems. 

Al1ribule redund"nc\' i~ also common \lithin a ~i nglc dalabase. A common 

cx:nnple is a .ituation where current nInes of some amibute. are stored in a 

sep.,(1)lc enl;ly in addition to being present in the mOSI recent "'cord of a historical 

dal. stack. 

Figure 8-1 iliustT1ltcs a more complc.~ .itu"lion . Orig;nal ru:.tc of hire for an 

employe<: can be found as the effecti,-c date of thc carliest rceord ;n Slatc­

dcpendcnl enlity E _ STATUS _ HISTORY. Similarly. laSI lennination dale can be: 

foutld as Ihc e[feui"e date Oflhe mOSt TC<:ent termination el'enl in Ihe sume elllity. 

Howe,'er. querying these data on the fly would be \'el)' inefficient I\I:lIIv HR 

~'stems prefer 10 slon: these allribules along "ilh other basic employee dma in" 

sep:Il1ltc cnlity (E_EMPLOYEEJNFO in Figure 8-1 ). This crcates "tuibUlc 

redundancy, 

........... 1'£x> ..... « .................. , 

Thcorelicolly. the , 'alucs of redundant altribu tes must always coincide This 

requirement. when applied 10 redundant altributes Atuibulc I and Attribulc2. 

Iran slates inlO a simple allrih"'e red""<Ia,,,;y , ,,Ie expressed ill mathemalical form 

•• 
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\\lhile redundant ,({ribnt« are expected to ha,'e identical ..,105 for all entities. in 

practice \lOC)' beg to differ_ This happens because it is onen exlremely difficult 10 

~,e"le a f",bare 1"""""" fUl 11,0 Ju," 'l"d'll>"i.utliUll (,,~id, i •. "r ~"u,"" _ th" 
original reas<Jn behind the slrong objeclions of Ihe d.la·modcl ing diseipli"" 

'!:'linsl .ttribule redundaney)_ 

In man)' dalabase, . no automatic mechanISm exisls 10 synehrOl1i7-" ilie ,-alues. and 

lite l-'lS~ is relegated to the dal.l entry personncl. This approach. of course. 

&u"raut~s numerous di screpancies in \lIe \ alues of the redundant allribut.s. 

Sometimes recurring omine processes arc used to s),nchroni,.c the d,(.(l . but ttoe 

technique has a major naw in that the data remains inconsistent between 

s)'nchmni"lion e\'enls. 

The ideal technique is to SCt up aUlomat;c triggers thaI are lripped any lim" one of 

ilic redund,,,1 .ttribute, ;, changed and flIl' CHmS 10 change ilic other one,_ 

Hem-eyer. e,-en this technique is not failsafe, Triggers 3I"C olkn hard 10 implement. 

Cons ider lhe example of the cmplO)cc"s ori&i"~l d~lC of hin: in Figll'" 8. l. 

Capluring situntions when HircDate ~\1rib"tc ischangcd in E_EMPLOYEE)NFO 

table is casy, but e~tly propaS'lti"s this chanse 10 tl-.:: E_STA TUS_HISTORY 

"ble is far fmm lri .. ia1. On th. other hnnd. eapluring all situations when \lie 

dfecti,-e date of Ihc earliest record In E_STA TUS_HISTORY Inble is changed 

pml'es quite comple~. 

8.1.2, Derived Attributes 

Val"es of deri"ed <lllTih<lte,,' arc cltlc "IJted based on ~te I'nl1XS of some other 
attributes. This ~ppmoch is wry common when the calculation is roilier complex 

and in,ol,·cs data stored in multiple records of poss ibl~' multiple entities, 

Performin g th. eakulatioll On the fiy is ~ten "ery inefficient. 

Con,ider. for instance. golf hand icap i" de~ _ h i, a .. cry IInpon""l attribute for any 

b'Olfcr as il delcrmine. handicap that one pl"}'.r has OI'er another in "compet;tion 

10 compensale for the possibly signifIcant difference in skills, For instance, a 

player wilh handicap 10 must Score at lcast fll 'e shots !en than a player with 

handicap 15 to win . Wilhout handicap the beueT player "ould "inually always 

lI'in. mating competing meaningless, 



To make it fairly reflect playef~ - skills, handicap formula has to bo rather co mplex_ 

It must account for play under diffcren t condition~ on golf courses of ",,,,,ing 

Ji(J"",ull}·. Th" ",,(ua! fOllllula i, " ""i1;ltt"<1 "'""'1;" of tl", l.>o>t to out uf tit" la,t 

20 scures, with we ights representing golftou"c difftculty_ Caku];,ting my golf 

hand,eap mde" would require .ccessmg ""d processmg ",anr records. meluding 

the history or my seores and linked ;"fonnation about the difftcult~· or the gol f 

courses I h",·c played. In pract ice, doing it on the fly is hi!;hly inemdent. Insteoo 

the central database for all m<m!)en of the Chicago District Golf Association 

stores pre-colcul.ted "alues of handicap in de~ The ind." is recalculated for ali 

member,; e,'ery two "eeks and stored in a handicap histo,)' lable It is "" e.xample 

of. deri,-ed attri bute _ 

While the gulfhandieap may nOi scem tu be a missiun critical e""'''ple (unless you 

ha,-c JUSt lost $20 on a round of golf to somcone with an incorrect handicap). 

deri"ed "[(tibutes penncatc most datahases . Dusiness e_xamples would!)e len!;th of 

employment used [or cmplo~-cc !)encfits eligibility and unused insurance 

deduetible_ 

Ob"iously the "nlues of derired attr ibutes must be in sync with the ,ttributes used 

in the calcublion. This translates into" ,{eri,·,,,{ uurihure wn.lruilll expre=d in 

",athentalical fom, a~ 

Almbmd ~ F"'it' (Allnbmc2, Allrib,,,d . ... , Armb'lIcN) 

In this fonnula. Attribute! is the deri"ed attribute, while Attri bute2 and others arc 

used to "kul.te its "olue usin!; routine designated as Flmt: 

One of the most com ",on sl""'i al Cases of derind wribu!e conS(rnints is • 

"'''u/ldllX rule, which requires an aggregate allribu\e lo equal the total of .tomie 

!cI'eI attribute "nlues_ For instance , annual compensation sto",d in W2 WAGE 

emi ty is aggregated for each emplo) eo and e,lend" year. On the other hand. 

emity E_PA YCIlECK sto"," dctails of each paycheck for each empluyee b~' p.1}' 

perioo and compensation type. Ob,iousl)". annual compens:rt;on is • deri,-ed 

attribute and must equa l lhe sum of indi,-iduul payments for that calendar ycar (and 

applicable pay ty]lCs). Th is ro"str~int is in' plcn>cnted by a balancing. rule. 

t ~ 7 
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Derived atlribUiO conSlraints on." find numerous errors, Tl>e reason< are largely 

Ih~ snme as Ihosc for the discrepancies in redundanl attribulC~ - il is \'Ct)' hard 10 

~,""I" ~ fuib"f" yOII'"",'i~"J lI,od,,,,,;,,,, ll> ~""I' U'O <1"1";11 >}ll~ WiU, u.:,i,."j 

data il is C,'en more comple., _ The deri,ed ",Iribute i, Iypieally" funclion of many 

oIher allribule", so it IS impractical to SCt up triggers on ehan~es for all of them, 

Instead the calc ulation is usuall ~' either explicitly requCSled by uscrs or pcrfonncd 

sySlomatically for alilhe data . In the former case. a Ittalculalion may ha"o been 

forgollen. In the laner case. some records may be missed due 10 a prog' = bug, 

In bolh cases retroactive changes onen throw the data of balance 

8.1.3. Partially Dependent Attributes 

The ,-ah..." of redundant and deri,ed attributes aro prescribed c~ac tl v by the 

dOl"'ndcncy_ Oftentimes_ Ihe relationship, between attrib utes arc not so exact. 

The ,'.Iue of one .(tribute may reslrict possible , '.Iuc, of another aLlributc to a 

smaller suhscL but not to a single \"Allie. We call such aLlr;butes """iullp 

dCrelUklll, 

Consider Ihe re lationship betwccn attributes HircO~tc and TerminationOatc 

containing the original date of hire and the latest termination d,te (if my) for .""h 

employe<:_ Cle~rly ~ pl:fliOll must he hired ell'S!. and terminated lat.r. Th i, 

tran,lows Into a simple attribute depl:ndcncy rule : 

7"'rmi''''llonDaI~ ". H"d)iII~ 

This relationship is bi-<!ireetional. i,e, both attribulcs afTeet one another. WithOOl 

challging its meaning, we could ",write th. rille a<: 

Tcrmin(lIi<",DuI~ - lIircf)"'e ;> 0 

Th is forn1 belter reflects the f.ct that both attributes pl.) equal roles in th<: 

constraint, 

Somelimes the Mtriblltcs participating in " relationship ha,e " discrete set of 

"" Iue~, For c~mp lc, job lit1c~ of aa employee nnd his or her bos~ "'~ some"hat 

related, I r I were a junior programmer, my supl:'" isor would be Ii~dy 1.0 hold a 
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lille of senior so fhnre denloper or pr~jcci mOl"ser, bUi 001 IhO! of sales 

Hlordinnlor or loan officer. This ton<;lrnini would be inl plomcnlod Ihl"O\lgh a 

maU i_~ ,,;11> ,"liJ (; (10 CUUl~iIlUl;"'J> , Nu". "" cuuld 1.aI." ~'" >u1.>",<.I;u"li"" ,"~I" _ 

IIhi.h liSlS Tcporting Tdation,hips bel\\ttn eomp.'n~' emplo)'C\:s.look up tille for 

c<!ell employee in Ihe po",lion tlble. and ,-erify tbe Hlue combinalion a:;ams\ the 

,'alid ,-aluc malri~. 

Regardless of Ihc type of tho allributo. the common themo here is thaI the rule 

reStricts possible I'alue combinalions of t\\"o or more attributes to a subset of all 

"lues. but not d01l1\ to a one-t()-{H1e rclat;on5hip, Any database is full of attribute 

relalionships_ and il is simply a maller of patience and Dnalysi, to identify man)" of 

them This work always pa,'s orf. as the data quality rules for parlial amiblllc 

dependencies will find large pockets of errors 

8.1.4. Attributes with Conditional Optionality 

C;mJitinnal optionulity represents situations \\here Hlues of one attribute 

determine "heth.r or not Ille o(I'or attrib~lle must take Null or not-Null, aluo ( ~1at 

is to be pre"ented or n:quircd ), Attributes with conditional optionality tecitnicall) 

are " special <= of paniilly dependent "tributes di seussed .bo'-e, Howe,'cr. the)' 

desen'c separate ton,idemtion due to Iheir highly Creq~nt occurrence in practice. 

Consider atl.ribule EmployecType. "hid, indicate, whelher or not an elllployee i., 

working a Cull·tinle or pun-lime schedule In Ihe former case. ottribulc 

Annua lSalaryRate would be rcquin:d. while ScheduledHours alTd Houn),Pa)'RalC 

would be pn:,·enied. In the I"tier CIl5C AnnnalSalar:I"Rale would have to be Null . 

while Schcdulcdllours and Hourl)' 1';lyRale would tnke not-Null yolue~. 

A ralher tri,-i.l spec)al Case of conditional optionalit)' is the ,itualion where two 

attributes are n"",,"/(1' excl" sil.,. (also called di sjoint ,urib"tes). i.e. tI,e mere 

presence of a ,aloe of one .nribmc precludes a"olher attribUle from laking a 1\01_ 

Null "nlue and "icc ,-ersa Thi, sitl!.llion occurs mostly with c,'cn l-'1"'cific and 

statc-specific al1rib"tes. e,g. LastPayWorked and Ne~tSal3f)' Re,'ie" Pale, Since a 

pcrwlT is either tenmn"ted or employed. onl)' One of lhese al1ributes calT be 
POPUlaled, Note that Ihis c~~mple docs not pn:clude ,alucs of both .Uribulcs to be 

all..:nt at the samc time_ The situatioos where one or the otlrer attribute must 

always be pn:sent an: ,Iso common 
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An oppo< il~ siluOI ion is wh~n 111'0 auribUies c~n ~ilh ... be boll! p,esenl or absenl 

For insta nce. La'l\[)ayWo,ked and Tem,ination[)ate nrc ~uch attributes (somet imes 

,dollod lu"" ~ulljui"l U",i~UIO')_ Fu, "" ""Ii," "Hlplu)"" 1Iu~, 11111>11..: Null. ~ul 

"jIOn lem,in"tion oolh "ilIl.ke not·Null ,'alues. The dependency between Ihese 

Iwo alui bllle. '" ",utuol. i.e , ,'al ues of ootl, arc till! er present o r absent. Sometimes 

the dependency can ha,·c a direc tion.. For inSla nce. lCnn inatcd employees will 

oOen con tinue to get ",,"crance pa) mcnts for a II hile. Thus. attribute LastDayP.id 

may nOI have a' alue foc SOllie lime .f'tc, LaslDayWor1<ed is JIOpul. led. Howc'·cr. 

the opposite is not true - any emplo\'ec with a ,'alue of LaSlD,)'P"id must ha\'~ a 

va h., in LaSIDayWo,ked. 

8.1.5. Correlated Attributes 

So far wc ha,-e discussed simalions where ,-alucs of some attribulcs somehow 

reslriel aliowed -alnes of othe r allribulCS. Occasionally Ihe relalionships Can be 

subller. Values of one attribule can dlange the likelihood of, alues of ""IOlher one. 

though not finnl )" restrktin!;!IIlY possibilities_ We ,nil such attributes wrrdarcd 

Illy !;olf score!llld my placement in the local club tournament arc correlated - tho 
beller the score Ihe higher the JIOsition Howe,'er. they are nOl null' dcpendent 

Wilh any gi'en S(ore I could thco"'l ie~lIy pl",e any\\'here from firSl lo la'lt pl~e ~ . 

Let's say I posted ~n otherwise a,'c rago handicap adjusted score of 72 _ It could be 

tha t rh" \\'e~lheT condil ions wcre horrible, C\'ClylXlIh' shot poorly. and my seor" 

\1' 05 by far Ihe best. A ltemali,'d~', il is eoncei, .ble thai Ihe field in lhe loumarnenl 

waS 5m~1I and Cl'c~'onc played c~lrCmcly well on a nice sunny day. so rhal my 

score WaS dead lasi. 80rh scenarios arc j"IOOsible . but highly un likely. Thai scoce 

Illost 1i ~cly \\'ould land me in Ihe middle of Ihe pack 

IIlore ge ncrally \\'e Can Sll)' thai kllOIl ledge of Ihe seo re innuences our eX]'«tatiolls 

for loum:rnrent placement ""d ,-icc , 'ersa, This can be used 10 implement a dala 

qualily nrle. We could build a chart of likcl) "al ue pairs {sco",: placement) and 

tn:al Ihe othe r ,'aluc pairs as polentially CrrOneouS. Of coursc. the nrle is illC~acl 

and ",il l yield somc false positi,·c •. bUI it "i ll also calch man y errors. 

An example from <,'erydal' business databases is Ihe eorrcblion be twccn gender 

and fi rSI n~me. The m:rjority ofnnmes afe distinclly mnle or female. Thus Ihere is 

a defin ite relnlionship belll'een Ihese att ri bUle s: l\Oll'e,-cr. it is nOl cx~ct in natu re 



Finding 3 female named Fred or male named Rochel is unexpe<:ted but oot 

impossible , And in somc c=s the names arc truly C<)mmcm to booth genders. as in 

cu""> " r T~JJ) u,..J L.",_ Slill lh~ ,d"li""'hi~ call (a"J ,h"ulJ) Ix: u><:d ill a Jal~ 

llua li t)" nile. Ul1li~c1y pairs of .-.1""" shou ld be nagged as potentially errOneouS_ 

I recently rCI ielled thc resuits of a project IIhere a database with l1early a million 

records was al1.irzcd. [n il were found almost 45.000 disti nct first names Of 

them o,-er 2.600 were lisled for both men and women. When unexpected 

name/gender pai rs were identified by the data quality role, some 20,000+ records 

wcre found. Of them. absolute majority (Ol'cr 95'1'.) pr<,wed 10 be crronC<)us. 

8 . 2. IDENTIFYING DEPENDENCIE S 

THROUGH ANALYSIS 

Most of the data qualily niles can be identified through rother fonn"1 proced uTCs_ 

Attri bu te domain constr.inti c,n be found 111 dat, diction"'lcs and through 

sys\ematic attribulc profilinS. Rdal ional integrity constraints af'l: deduced from 

data models. Timdille constraints for historical d.ta "nd "ariO\IS ruks fOf e"en\ 

histories can be identified sYS{cmatic~I1,' _ Rules for state-<,kpendent objects c~" be 
inferred from ,{atc,transition models 

Still. as d,e rules get progres<iYCly more C<)mple.x_ the search for them Ix:comes 

more of an an tl,an • seience, Ai the Ic\'d of c,-ent c011diiiol1S or I'alnc pancrns for 

historical datlL it ta~c. a crcati,-c .nd ,"quisiti,'c mind ta find the ru lc._ GClleraJ 

attribute dependencies pTCsented in thi s chapter fall in the same category. Yet. 

these more com pie., business rules arc "cry import~11l as they o llen fmd numerous 

less ohiou. data errors . 

While {here i5 no c~oct recipe to disco,-cr complex attribute dependencies. a few 

:m:ur tical t~chnique, can be used_ In this ,ectian. we ,,-ill discuss infonn.l 

inl'cstig.ti,'e lCc hniqllCS The l1e~t section is de\'oted to more formal prontin!! 

mctltods 
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8.2.1. Gathering Expert Knowledge 

Nobod)' knows the dala Ix:ncr than Ihe uSCrs Unknown to Ihe bi!: bosses, the 

people i~ the Irc~ehes arc mensuring dOl. qu .li~' e,-cry d~-. And while the)' r.rel} 

can gi,'c a compTChensi'e picture, each one of them has encountered certain data 

problems .1111 dc,'eloped standard routines to look for them, 

Ta lking to the IIS<:TS nc"cr fails 10 )' ic ld othen"i", unknown data quality rules with 

many dala crrors_ And it is rea lly simple, The on ly trick ;s not to ask the uscrs 

about data quality rules_ The'\' onen will not be able to ofTer all" The right 

questions 10 nsk aTe' 

"What data do you usually check ma~u:tlly before using?" 

"What are some typical data problems you encounter?" 

A uscful techniquc is to nsk business uscrs to lnlCk all data quality fin dings during 

• "cd Of t\\'o and ma~e notcson "II identified errors, Onen it is simply lI 5Oful to 

SIt nC., t lO toose d.la e~pcrts .nd w.tch them whik the)' work, 

8.2,2. Investigating Data Relationships 

Re,' iew and analysis of ~\e dal. mode l and other mela dal. are the keys 10 find ing 

complex dala qualit\' rules, Redundanl attr ibutes Can Ix: usuall~ identified throu£h 

mela dala re,-jew Dcriycd attribllles can Ix: idenlifi ed by reading documen1~tion 

and ~"all',i~g t he meaning of each entit), and allribute. 

More complc~ allribu te dependencies Can be uneovered with a thorough 

in"estlll.llon The secret i. to .ystemnlic, lIy consider each dat" dement ond 

inquire: 

"If I knew the value of this alt ributc, what could I say 

about other data"" 

All"time yah,e of one dala clement romicI' acceptable ,'a1nes of another data 

clement, we ha,'c an opponun;1\' to design" dat. quality ru le 
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For insI3n~e , a dal. diclionary mighl say Ihal 3urihU!" LosIDayPaid is popu laled 

with Ihe date of the last paycheck for tenninated employee, We can fllld sc,'eral 

"""ful r"~1> ill d,,,, "~l""'"u'-

• All cmployees with not-Null ,'alue of LastDa"Paid arc tenninntcd, Thus. 

their current cmploymc"TIt ' latus found in allribute CurEmpSt,tus muSI be 

Tcrmmll/"" (1). The o pposite would also be tme 

• LastD,yPaid is the dale of the bS! paycheck. which is al so found In 

at trihute EffUate oflhe mo, 1 recent record of cnlity E_PA YCIIECI-:. 

We con oow im plcmCnl lhrcc allrihute dcpcndcrn:y rules 

If !.m/!)uyl'aid Is Null then Cllrf,i "pS/tlIus • "1" 

If hWf)ayl'aid I"~ NOI Nlllll'hen c,,,I,·mpSlal"., <> '1" 

Now. con~idcr a more ad,'anced ",ample, El1lit~ E_POSITION in the lIR 

datahase of Bad Data Corporation ~ontains a history of positions that c,",h 

employee occupied in lhe company Let's say ~\ere is a r.~ord in il indicaling lhal 

Alkady Maydanchik has been an Assistan t Manager since 1I112{)()( •. Whal can we 

deduce from Ihat"' 

• FirsL that means thai I was acti,d)' employed in 2006. Thus. 

employment status higtory table must show me in Arlivc statns during 

that period. 

• The salary history t~ble must show my salary through that period, too. 

FIlrther. my :IlIlary sho uld be consi~tcl1l with the sal~ry rMge for the 

Assist~nt Mannser position, 

• lVe cnn also conclude that on Assistmll Manager position musl eXIst in 

m,' dcparuncl1l and be occupied by none other Ihnn m~. This ~an be 

crosschecked ag, inSllhe dcpJltmel1l position table. 

• Finally, T muSI haYe n manager and one OJ .e,·eml subordin~tes, This enn 

be ,·erir.cd againSI a table co ntaining data on lhe reporting rcimi Ollsbip-5, 
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It i, ollcn con\'cnien! to represent ,uch logic in thc fonn of a foct lrl..." 

Figure 8_2 illn,lrates the foct tree for the last example, It c~n be used to desiGn 

numerous attribute dependency rules. 
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8.2.3. Data Gazing 
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[ knoll' many [IOOp1c who enjoy staying oul latc on a beautiful night , StMga/jog 

and wondering in awc ,,-h~t strangc and unimagmable things happen in the 

Uni"erse, [ollcn get the same emotion "hile browsing , 'anous dalabas.:s. lIbieh 

is wh)' [call it dJta ga~inS. 

Datu g,,:}ng is , impl )' a process of looking al the data:md (lying 10 ,econstruCl (be 

star)" t:>cbind Ihese data, Following the rc~1 S(Oty helps identif)' parameters ~bout 

what might or might not ha,-" happened, Once you flOd lh~t the story behind 

cenain data clements eontndiets cOlllmon sense, "00 can usually comc up ",i th 

dalll quality ru l"" to catch the di.obedient dat~_ 

[ remember ,illing with. clicn t a fell' years .go in front of a com puter and 

discussing (hc d.ta quality of their HR datab.sc. As we t.lked, I w3s browsing 
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through the data for "arious ~mpIO)-'ees _ One record OJught m~ allemion so much 

t!tnt j could not hold myexci teme,,! -'Wowl" - I sa id - "What an cnlplO)-'cc you 
ha,~ h~, ~1 He, uallJ~ i, Ma,ia_ 1'", 11 ) ' ~"" Mati. "ul~~d fUl ) UW Phillll,kll'hia 

office unlil she mO\ed to Califurnia. Knowing that YOII do no! hal-e an office on 

lhe West Coost . nd do net practice telecommuting. I CWI on ly IInagme how 

difficult it WaS for Mari a to come to worl e"e~' morning aller a four-hour fligJIl. 

BUI she pcrscl'c~d , Not ju.t lhal , hut since YOlIf compally WaS appa~Il tly in 

trouble. Maria lIori:ed the nc~ tt\\o years wilhout gelling paid, E" enlually I guess 

the sires:< from the 1JJl-cl wore her out and she resigned _ BUI your com pall\, must 

h,,-. relt a llreat obligation to slIch a loyal employ"", and SO since thcn and ti ll th is 

day you keep Maria 011 the payrolL Thi, is quite unique' " My co lleagues looked 

at me in slwck before bursting in laughter aoout lhe funny Me<:dole. Bill I did nol 
make up Ille stol) . I jusl read it from Ihe dMa. li lernllr word-by-word. 

TIle po int i. Ihal ciala rcprescnt dlaraclcriSlics of real wolld obje.:1S, such as 

people, "hose beh~\ior is comp\c~ and restricled by logical conslrainls, And so. 

:IS Ill~ ' slO'y made no ~nse, the underlyins data \\":IS cOlltemptuously ,uong_ It is 

just more diff",u ll for our human mind 10 find the inconsislency in Ihe d~ta. 

compared 10 dlC inwnsistcncics in rea l world Slorie._ But with some effort. it can 

be done_ 

Dat. ".zing i. also. u""ful mcan. to fllld paucms in known data errorn Thcse 

pallerns can be used 10 dc,' i"" an appropriale data qualil)' rule . Hcre is a praclical 

c.~"mplc. A few ycarn ago I waS in'-o j,-ed in a p"yro ll dalll qua)ily ussessment 

project. Looking'l historic.1 pay rate data. we kept find ing Slranse .-.:co,ds. 

Some we .. duplicate.: others had cleat ly too high or 100 low amOUIIlS, Still o the,s 

looked , 'alid but prO"cd incorrec t 'I'hen TCI'icII'cd bv payroll .))Ooi.l isl5 or 

compared to p'jICT ~cords We just cou ld nOi put OIIr fi ngCT'S on the pulse and 

figure 0111 whal data quality mlc-{s) would he lp liS i denti~' all of lhese problems_ 

In the process of d"~, Sal ing , we discole red that many of lhese strange pal' ratc 

records had a ,..Iue of 5 III the field with a mysleri ous n<lme ATII. Mo" of the 

norma) records had a ,-alue of J in litis field , Inlerestio"ly. d.t:1 users OCl'er used 

this field and 1Il0.<t Were not aWare of i t~ exislence_ In foc t. Ihis field was 1101 el'ell 

listed in the dala diction.!),! Such gho.1S always pique my nalural euri ooit~, . 

" 
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Cons,de r 'Ilnb~l~ P"yPcnod m,d P"C\"cic on E PAY RATE_HISTORY emi ly 

of Ihe payroll d",b=, The firSI anri ixl lc de5C ribes employee pay rale and lakes 

hI U I ~Iu~ • . A (""~n"unr"J fu, ,ala, ied ~ll!~ lu) '~~> "",.I II' ("lw~~I) "j fu, 'e"'l""a, ) 

and occasiooa l emplOlees. Tho second aUribulc specifics how frequenlly each 

em ployee gel s paycheck, The domain of the :second altribu le mcludes four 

", Iues: W (,·weekly·"). H ('"bi·wedl,··). S ("se mi-monthly"). and M ("monlhly"). 

Table 8 _1 shows a "allle affini ly matri ~ for Ihese 111'0 altribut~, 

P. yP., .... 

• • TOTAL 

• 2.375 ~.~ 91 ,911 

• • 'm 1.510 .,2&1 
0 • , • 16,693 ,. 16.697 
• • • "'" ,3,·· 12,339 

"0' 4,2.09 1.1&7 5,.36 

TOTAL •. = ~- 130,670 

Some "alue amn ily paUern, Can be immediately obsen;ed. For example. 16.693 

OUI of 16.697 records with PayC .. cle "aluc S also hal'c Pa"Period ""lue A. ThaI is. 

almost 99.98% of all employee, paid semi_monthly hal" annu,l p~' rale. This is 

suggest i"e of an actual 3mibul. dependenc)' . Funh. r analysis of Ihe business 

prOCCSll would confirm the theor)" and yield thi. da", qualit)' ruk. 

If /'U) <--')'c1c - 'S ' l1'ICn /'a),l'cTI(xf - 'A ' 

The fou r rc(oro. (ce ll marked by OJ with PayCyc1c "oluc S and ParPcriod I'nluc W 

arc erroneous 

I ~1 
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l •• m. yW<KI<od 

-"~ ~ TOTIll. 

1101 ~u11 " 1O,' ''''' ' 0,11 7 
N • • t$ ... ~O.k 

~ ~,.- , m 

TOTIll. ~ 'O,.oe '0,700 

We eln sec from the matrix that lOJl7 records h,,-e ~ nm-Null , - ~Juc of 

Ne~ISalaryRe";cwDalc, Sooue IO. Ifl.l of1llem rontain Null in LastD~y\Vorled 

(cdl marlcd by *) This is a whopping 99Xi"/. Similarly. out of 5\4 records 

with not-Null ,-alues of LastDayWorlcd. 5 ~1 (or 97. ~ J%) hll'c Null in 

Nc~tSalaryRc"ic" Date (ccll marked by *' ). These anributes arc clearly muluall )' 

e., elusi,·e. 

Yau cnn al so co mbine the two affinity concepts and build a matri x th. t lists '-a h, es 

of one attribute in rOIl-S and only Null/not_Null in 1IIe co lum"s. This technique 

helps identi ry conditional optionality eonstrainlS, 

Wilh a large "umber of auributcs, il may be impraclical to pe rrom, all the analysis. 

lnd<:<:d for just 20 aUributes the number of attribu(c pail'll ;5 380. E,en if each 

allributc can take only fi,-e , 'alucs. we ha,'e potentially 9.500 ,'alue combinations 

10 re,·iew. hardly a re asonable lask. This is IIhere al(ribule dependency profiling 

IDOl s must come in . Howe,·e •• c.'en in absencc of SIlch a 1001 you can write a 

rother simple progr:lm !hat will produce nlue .ffiuil\' mallixes for ,.,.riow; 

atlribUic pairs and idcmify caSeS with a high \'aluc affinil)' (say o\'er 95%). Then 

you enll go through a systemntic re"iew of Ihis subset of potentinl aUribu te 

dcp;:ndcrn::ics. 

Of COurs<::. , ·~luc nffinity ma1rj~cs only help you find dcp;:ndcncies octween , 'a lun 

of 111'0 aUributcs. SOlnctimcs thc re latio nship. in,·olrc more than two .((ributes. 

Finding ,·alu. affinity for a((ribute Uipiets or groups o f higher o rdcr is practically 

impossible without a ··smart·- pallern recognition tool. The good nCIH is thaI 

compl e ~ relationships im-oh 'in;l man\' aUribulcs usually ha.·c serious business 

reasons So these rcblionships arc easier to r.nd Ihrough ""al)'sis and 

in'-estigOlion _ diseussed in 1IIe previous chapter. mther th~n through dam profiling 
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Of caur"" , thi. relatianship is rather 00, ions and could be d;,duced thffiretically _ 

Howe"er, it is onen difficult to remember all possiblc rcbtionships in n large 

elatnb""" "iel, hnuel,~eI> uf atu ibuI~>_ CUlJdatiuu 1" uf,l lII); hdl'> lU ",al..~ ,"'~ thnl 

no ntles arc fOll\otlcn. 

In theory, atlributc dcpcndcrlCies can Het qui te complex and so do the patlern 

recognitian methods far their fmdi ng, Howe,-cr. since the"" techmques are outside 

of praclica] capabilities in mos II projCCts, we will not discuss them in this book, 

8.3,3. Value Clustering 

V"/",, ",,,suring occurs when the d istribution of attribute "alues falls into two or 

more cl usters depending on the nlues of anOlhcr attribute. It usually indicates 

panially dependent anribute. and e:tll be translated into condition,l domain 

con~trainLS , V. lue clustering is ,eT) common "hen a single data fIeld is lll>'d to 

store di ffcrcnI logica] aurioo tes. such as weeki), and ""nual pay mtes_ 

Cons ider the distribution of ".Iues of attrib ute P,,}'Ratc shown in Figure 8·3 It 
clearly has two distinct clusters - one with rather sman n lues and the other ",i th 

",l l"es between S 1-f,OOO and SiI-f.OOO, 

Whenc,-cr you obsc,,-c such \'aluc clustcring. further 3Jlalysis is warranted , The 

objecti"c is to identify a diser iminali ng "anable, that is. an au.ibutc o. collection 

of .unbutes whose ,·.Iues dm'c ciustcrmg for each record. SOI11C sophisticated 
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pallern recogn ition techniques can be utili,.N, but often 3 simple im'estigation "ill 

pro"ide Ihe anSWer, In case oflhe c~amplc from Figure 8.3. il \\"4S ralher CaS\' to 
wO lllir), lltal atlJil>ulo Pu)Pc, i<><l "'aUO" p<:JrOCl d i><:,ill,ill~(iJl!; ,. ,i.l.ok cooo A 

('"allnUar') corrcbtcd "ilh high P'l'Rate amount, while code fI' ("',,~ckly"") 

correlated with low amounts, 

As with other dependenc)' profiling technique •. nlue clustering can Ix: c~p" ndcd 

10 scareh [or oompln clusters o[ ,-.Iues in a multi·dimensional atuibulc spacc, 

Again . IIlc$e Ie<:hniques are oUlside of tl'e praclieal capabilities in m051 proje<:l5 . 

and "'e "ill "01 nddlcSS them in this book 

8.4. IDENTIFYING DEPENDENCIES ACROSS 

DATA SOURCES 

The explosion of software dc,'clopmonl '" the last Iwo dccAdes [OfC"er ch.nged 

lIle slructure and complcxity of the informati"n unll'crse . Organil-'ltions. large and 

small. r(X,tincly ha\'e hundreds of systems and thousands of smalk .. databases. 

files. and sprc.dsheels storing incomprehensible "ol"IOos of tbt.:l. 

II is imporlallito reoogni~e tI"1 the dow for Ille same real world object - SIleh as 

eompanv emp\ol'CC, CUStomer. or product - is often SlOred in se,·tra l syslCmS. 

Since most ch"3Cteri<1ics :md beha\'iors of , complex objeci are somewh.1 

inlerrelated. SO arc the dal. elementS ocr(l$S' .. ious dal.hases_ In foct, SOme of lhe 

data may e"en Ix: 10talJ)' redun danl Whi le database designers growl about the 

inefficiencies and costs of dat.:l rctlundanc), (and make no mislake. the)' arc righl!), 

I muSI point Ollt Ihat the rcdundaucy across .-arious databases is a gold mine for 

dala qualit) iniliatives, 

Dcsi!;ning data qualil) rules Ihal sp;tn across mulliple dat.:l sources is quite a 

difficult losk and should not be underl""en Wilhoul forethousht, Whi le such d.UI 

quality rule<; are im'al uable in data cle.nsing and dala consolidalion, Ih.ir 

usefulness is more margin,l in pure d,t. qu:tlity assessmcnL For that reason, we 

will discuss it onl), brion)' in lIlis chapler. 1.m planning 10 include delailc'<l 

Ircalmcn l of the topic in lhe "Dnt" Com'c .. ioo and Consolid.I;O/1" I'olume of Ihis 

book series. 
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For cbrirv \l'e \l'ill refer to rhe dal:lb",e~ whQ.., dal:l quality we me"ure: :is 

I",intary' tiara .oura.. In a ~imptc proje<:~ e.g. dala qualily nsscs~menl of a 

pa}wll ,Jallwa,.,. ,,~ ha,~ u"I~' II"" pliUlal} dala >UUI~~. WI",,, d,o i" "iau," i~ 

cmerpris.::""idc, s.~' dal. qll. lil)' .ssessmenl of all cmplO)cc dal. in the 

organilnlion_ Ihen .11 d.l:Ib= 'nih som. dnl<J-of-record arc pnrn.ry dala sourees. 

All Olher databascs COMt.ining potentially ",Iated data arc referred to as uco"dary' 

,/m<l.""ru. , 

8.4 .1. Step 1 -Identifying Secondary Data 
Sources 

TI'e firsl Slep towards designing cross-database data qualily nile. is 10 idelltify 

",Ie"nnl sccondn~ dala sources. This is 1101 al" ays tri" inl, Many uscful dalabases 

may nOi be reooily known 10 all but their immediOiC uscrs. It takes scyeln! 

in\en'ie\\. Wilh , .nOli' business IIscrs and IT SlaIT to identify all (lOSsibilitie.. TIle 

followmg is a list of potemial.ategories: 

• Corl'O",(e o~ralionJ\ ,"Siems m,n.ge day·lO..:Iav business transactions 

and contain atomic leyd operational dal:l-of-rccord. Th.se arc arguably 

Ihe mOSI lrusled sourees of infom" lio" "scd hy business. 

• Old legacy systems arc inherited from p.151 generat ions of software 

design m,d ol1en kept .Ii\,e 1I10sl\)' due 10 rhe high replacement COSIS. 

Lcg~cy sys\cms arc ugly behemoths Ihal often lack <Iocumenl:llio" .nd 
usc mind·boggling dJIlI structures. lronicnll)' moogk. lc£ac~' systems 

h,,'" one big OO\'Jnl~g-e O\'~r modem 3[lplicOIions - they ,re not wdl 

suiled for data ed iting and purging and thus typicnlly CQntain a wealth of 

historical dat, 

• ··Ad·hoc"· dal:lbaso, ",e systems and document. cre,led by bw;iness 

uSers for Iheir inlemal purpose.. They are a hidden IreaSlIre for d.w 

qunlity projects since they almost .h,'.),s cOllIa in highly reliable dnl •. 

Why? Simp\) because people who creale them:lre at the urne lime Iheir 

uscrs and so arc likely to be "e~' diligen" m"li"aled. and dC1ail-(lrientcd, 
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• Backups arc point_in_time im~£es of l.Ile database, They ~n: frcqucnll)' 

treated as a P"'t of disaster =0",,)' prOllt;lms or due to th. IT fiduciary 
policies. fro,en databases an: old systems Ih"1 h,,·c been Sh Uldo,,"n and 

ore no lonll~r npd.tcd or eYen maintained. Backups an d froLCn d,nab.,scs 

.re usuall~ ' stmed much longer than One would antic,p.1te. olien hid""n 

in thc far comers of cOfj)Of~tc lape li braries. They oncn contnin a wcall.ll 

of the data nO! found .nywher~ else , 

• E~tcmal dalabases from ,'arious "cndors an:: managed outside of the 

busincs~ and oOcn ha," n"oeh informalion o'orlar wilh inlernal 

dUUlbases. 

• Hard copies nre data stored in a non-ekcl.ronic format. They include 

paper forms. images. and microf'che, Whilc these dala cannot be 

direclly used in data qualily .s", .. mem, il is of len "Iher e:JS\' and 

inc.'pensi,·c to key Ihe dala into ,n elcctronic fonnat and Ihen usc it in a 

dJla qual ity miti at;,-e. 

8.4.2. Step 2 - Qualifying Secondary Data 
Sources 

A large organiz:Jti on m"}' hne hundreds of possi ble candidate dalabascs_ and it 

would be impractical and ,mprudent to use all of them. The ne~t step is to qualify 

seleel,,1 candidatc dam sourc es and doose which ones to use , This is based on 

their utilit.,. to our initiati ,'e, First and foremost. we necd secondary data sourceS 

with redundam da\.1 !O our prima,), dat a source. For i n<lan~e. if the prim.ry data 

source is an HR da tab.se. \\c need m()I"C data about the con ' l1-,n,' employees. If 

the prima,y dal, source is thc customer dato "",,,chouse. drcn we need morc data 

,bom the company customers, 

D,ta redundanc)" though. docs not gu.rOll«:" high mility for the data qualit} 

",scssmem proJc<:t. ldeall)' we WOIlt redundant data that waS collected 

independentlv. The) ha,·c the hiJ;hest ut ili ty. Datamrscs thM feed data to the 

primary data source (i,e. upstrtam data !>Ourees) ha"e reasonahly hiSh utility, 

noCl' are used to iden ti(v data errors that "ere inlroduced in the prim,,,, dalll 

source by bugs in the incoming data feeds. Finall),. databa'lCs thallll'C fed from thc 

primary dala source (i.e downstream dal. sources) are ,"",Ill' u,eless 



8.4.3. Step 3 - Subject Matching 

Suhjecf,' arc the hi~h·lc\·d business obiects whose dmJ arc stored in ~,c database. 
For c.umpl •. employees and po,itio!l5 arc among the subjects of commOn HR 

dM~basc~. In order to compare tiJc duta across data SOl,recs, We need to be able to 

match subjects in them. 

To match subjects \\'e forst necd to i<icntify ~IC main subject table in each dnt. 

souree, We then compare primary keys of these tables, If the primary ~e)'s 

coincide. then direct one_lO_on. mmching by key is possible. For exam ple_ if 

different ,"stem, identif,' employee, by Soci.1 Securi t), Number. employec 

matching is mther trivial. 

When pfimar~\' ke:,', of the main subjcctuble, di ffer. matching must use common 
attributes, For instnnce, people can Dc matched using a combination of nnme and 

birth dnte. The resu lt m.~ not ,]ll'ays be • o"e-to-<lne correspondence. For 
instance, the s.lme pen;on may be listed " ith se,'eral ,.lues of Payrollldcntifiel in 

a p'yfoll S)'stcm if that l"'"on worked at ",,'cf.1 di,·isions. 

Subject matel' ing s~ts comple.~ when matching attributcs are in a free_flo\\' tC~l 

formal, for instance. 'nntching ""ople by Mille is mon: difficult than by rocial 

securit" number. Variou, fuzzy matching techniques can be used. and numerous 

tools exi"l On the market to do the job 

If !he subjccts in question arc identified di ff.rontly 00 difTerent systems, we noe<! 

to create a subject mUlIer Ii,,/. 11m li st illl'entone! a ll subjects from all dirferent 

s),stems ~nd gi,'cs cach subject ~ unique mastcr identifier, Then "arious lookup 
tables are populate<! matching subj ect keys u!led by "annus S) stems to (he 

idc 'lI ifo cr in the maSICr list. 

Ma ny dJtab1lSCs store data about ~ubjec\S of 'a rion! tyP<'s (allen referred to as 

,ubject classesl. For insta nce. shipping dat<lbase c"" track orders. customers. and 

products; ~n HR database ""II han data for cmplO)ccs, prn; it ions. and 

beneflciarics. Sul!ject master lilLS must be created for all subjectt}""" 



SUMMAR Y 

We s.~- !hot !"o .urib,,!cs"re dep'nden! "hen the ,·.,IHe or !he fir<t "uribute 

infl\l<'nces possible "alues of lhe se<:ond Qtl,libule Anribul.<: depe ndencies 

generally f~1l into Ii"e broad categorics. 

HislOrical d,ta comprise the majority of data in both operational 5} stems ,nd data 

,,"",chouse •. They nrc .tso most error-prone. In this chapter we disc ussed ",mow; 

types of data qualil\" rules for historic.l d~la. 5pCcifically: 

• Redundant anributC'l; are data clements representing the sarno attribute of 

a real ,,"odd objce!. lllcoretieally lOC values of rcdlLlldanl allribules nlllSl 

always coincide. Thi s requirement lmuslalcs inlo • simple attribute 

redundanc)' rule . 

• V.luc, of dcriycd allributcs "'" c<llculatcd based on the ,-alues of some 

olher allribule.. Ob"iollsly Ihe "alues of deri'"ed allribtllcs mUSl be in 

sync will! the attributes used in Ihe calculation. One of the moSt 

common cases of dcril"Cd alt.ribule constraints is a balanc ing rulc. which 

requires an "sgregale atlribule to cqualthe total of alom;c le,'el attribute 

," ,luci 

• Often the "alue of 0"" .I.tribulc "ill r .. -stricl possible "alues of 'Rolocr 

.llribulc 10 u smallcr subset. but not to a sinsle ,aluc. We call such 

allribul.cs partially d~pcndcnl. A ,cry common spcci~l Case of p~rti"lIy 

dependent auribtlle s is cond itional oplionalit)'. It represent! a situalion 

where ,-alues of one attribute detenniTlC whether or not lhe othe r "I1ribute 

must take a Null or no(·Nuli ' ·aluo. 

• Occas ionally ,'alues of onc allribul.c cnn change the I;~clihood of ,"a lues 

of another one, thouSh not Onnly restricting .n)' poisibi]ilie, We call 

such .ttributes correlated, Kno"ledge of <Iltribute correlalion patterns 

helps identify unlikcl)" '-alue combinations and implement daln qu.tity 

mles, 

There is no e.xaCl recipe to diswrer complex ~I.lribtltc dependencies. Howe,'er. 

many .n.lylicailcchniqlles can be "sed, Ineluding gathering c~pcrt knowledge. Ill· 

deplh in,'cstigalion of dal.a rc1alionshi ps. and data guing, Also. fonnal 



dependency profiling melhod, use d.la mining. 'lal i<lical model" and p~llem 

recognition techniques to diKo,-cr hidden d,\lI re lal ionshi ps 

, .. 
" 
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PART III - DATA QUALITY 

ASSESSMENT 
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The r,,~der might remember ~n e~ample we discnssed in the introduction to P~rt II 

- a ba..., b~1I umpire who docs not full), undcrstand tbe ru les is a dis.ster in the 

mainl; HU"~I~J. th~ , ~uJ~J lIill ~"""ill!) agr"" that il tilk", ",u," ~,all just 

~no"ing the mles to be: a gOO<! umpire, One needs to ,1 >0 appreciate the nallm: of 

mrious mdil-idual plays. roles of diffm:n t players. and many other ""pects of the 

same. Similarly. the dala quaHt), assessment process inl'oh'cs more than just 

design of lhe data quality rules. III the following fout chapters. we will discuss all 

aspects of this proc:ess. 

In Chapler 9 we lalk .wut Ihe design. catalotuing, IUId coding of the data quality 

rules_ We ou!lin~ the struelure of the rule c~lalosue :trod discuss the ",chilerIU'" of 

lhe rule engine, 

Chapler 10 is de"olOd 10 rule fine.tuning - Ih. process of idenlif~'ing and 

eliminati ng rule llnperfections_ This Sle p is ,-e~' imponant because without fine· 

lun ing. data qualit)' rules tend to SIlffcr from the same mabdy as the dala itself ­

poor quali lY. 

Chapler II prcS<!nlS the .rchitecturc of Ihe error catalogue, II is • col leClion of 

I.blcs Ihal store: error rcports and mnnage the lin ks between Ihe errors. thc rules 

~lal ideMli ~' them. and the CIT()IlWUS dUla rccords. Without a wdl·ors~ni7cd error 

c~lalogue_ il \\ ould b. impossible to mate any sense of the oc~an of errors 

Chapler 11 introduce. aggregale data quality scoces thaI pro"ide high.le,'el 

cslimales of lhe data quali ty_ Eoch sc()fc aggregates crmrs idemified hy the data 

qttali",' rules into a single nlWlbcr - a pereentage of good dat~ records amonll some 

targel d.'ta record sc!. Wis.: dcsilln of alll!rellate scores allows uS to measure d.ll . 

fitness Cor ,'arious purposes. indic . te qualily of ,",rious data «Ilket;on process ... 

IUId mate beller decisions aboul data quality imp,o,·emen!. 

Througho ut Ihe Iext. we \\ ill wkc a dual pcrspceli,'c of dat. quality assessmen!. 

From one side We loot at the Sleps. procedures. and techniques of dala quali ty 

assessment. From the ol her side we sec ... rious calegorics of the data quali ty mCla 

data used or created in Ihe process_ This second pompecli,'. is \'0"" importanl 

because these mel. d". are lhe real producI of Ihe data qual ity assessment lhus 

lhe beller we undersland and orglUlize Ihem. the more >"al uable ou r resulL In 

Chapler 13 we summari ze the data quality mela data model and prescnt the design 

, . , 



"nd funolion.lily of th~ daL:l qua lily lneL:l dala w",ehouse, inclnding =hilCClU .. of 

Ih~ dal a qualil)' st=ard_ 

II is a ral.hcr common SilllJlion II hen we "ant 10 reassess qua lily of ~'e same dala 

periodically in order 10 undern"nd dala qualilY trends and idem ify new erron_ 

Addi ng the time dimension le) dala qualily ass<::ssmenl reqlli r~s making adjuslmcn1 

10 many of its .spects. Chapler 14 describes the .olution in dcmil. 

The COnlc nt of the upcoming ehapler.; win ge l progressl\'cly more lechnical os we 

co,'cr more ad,'anced topics in da1. quality assessmen1, Chapter 11 and Chapler 

12 arc especially difficu lt a~ We ,"enlUrc int" !he =a~ of com plex dala 

manipUlation and e"en some ma1hematical and stalisti cal analysis lIowe"cr. I 

recommend e, 'en lhe less lcchn icaUv inclined reader 10 001 'kip any of them 

enti rely 

Eac h chapler is designed in layer.; from a sim ple genern! o,-. ,yiew of the lopic 

more dcl:lilcd ."d .d"anced arc", You c.n chOO5C 10 SlOp '1Ih" poinl mal you 

feci is beyond your Ie,.! of in Ie rest and still get the genelal idea_ 

Most imponantly. Chap1er 13 i. not technical 01 difficult at alL It plm'ide •• good 

o,'cf'\'icw of lhc onateria! froon the prC"ious fOIl' ehapLCrs and culminales in the 

di.cussion of Ihe centr~1 plod...:t of dnto quali ty assessment - the inte"cli,'c 

dimcnsional dat a qual ity storecard, 

" 
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CHAPTER 9 
IMPLEMENTING DATA QUALITY 

RULES 

Data qual ity roles ar~ the main tool o f a daw quality professional. In ChaplCrs 4 

~\rough & we ha'-" icamcd holl' \0 di sco,oer Jain quality rules of "ariolls types 
through meta data anah-sis. data prQflling. ;md I-anow analytical techniqucs_ 

HOWel'OL lhi, knowledge mllS! be applied wisely 10 ""hie". any ,uccess 

I used to play soccer with friend.. En,IY Sunday sollle of us gOi together, split 

il\\o two leam •. and Ihe battle began. Somelimes only r,ve poople showed and the 

game l,-aS not prctly_ lVe ~ot c:\hauS/cd "ncr len minute. and stopped running. 

Other limes IS Of more people came, and Ihc game gOi reall}" ugly \\e were a 

,nann following the ball. something you oormally obse,,"c when walchin!: 

linde,s"""n" r, pia)' . Eyen when we had the right number of pla)'crs, i( did t'IO\ 

al\l-ay' work out well unlil we figured QUI how 10 sp lil into well-organized le~m" 

Ii,o big slo\\ guys do nor. ",ake muclt of a soccer Icam, .,.,ilh.r do r". 
defen",,,,,,n. The point being. il 13k"" the righl number of woll-matched players 10 

make a team. 

Tho !lame pneoomenon works for dala qualit) rules. Not enougn nrlcs meanS we 

cannot find .11 of the errors. but with lOll m.uy ruks the results arc unnecessarily 

difficult to comprehend. Poorly designed rules identify immaterial CrTOrs or find 

the Same e!TOrs in many difTe",,"1 "a:·s. It is p!l'isihlc [0 desisn dala qualily ruks 

in many difTerent Ways. and Ihe success o f the assessment project is greatly 

influenced by the rule design . In;s cnapler offers corrrprcherrs;ye Ircalmenl of this 

topic. 

• Sedion 9.1 describe, how rule design is affected bl' the projecl scope. 

• Section 9.2 describe, rule aggregalion and spcci:tlizalion Icchniques. 

• Section 9.3 discus.o;cs the challeages of build ing the rule cata logue - a 

group of entities thaI collccti,'cly stores definitions of data qual ily rules. 

• Section 9 . .\ presents a high-le,'cI m'e"'ic", of Ihc tcdmiqucs for coding 

rule ,.lidutiM algon!hms. 

, . , 



A spec ial topic in implementing o:i3tn qu ality rules is organ i,.ltion of the error 

,""pons , It is the challenge thaI ruins mnnr " dat~ quality assess,,,,,n! project. To 

gi\~ itj ~"i~~_ "" lIill <Ic-Ji~"", Ihe "" , i.t~ Ch~pt~, II I" thi, ,u~j~~L 

9 . 1 . PROJECT SCOPE AND RULE DE S IGN 

The pU!"JX'SC of usin g dala quah!~' rules is to identify dala errors. This leoos 10 M 

obl-ious question: "Whm constitutes a dal' error?" The fact is, there is no abS<llo1e 

in data qualit\". ""d il is impossible 10 deli"" data "c,"rael' in I·"",unm. This is 

DOthi,,/; unique to the world of data. Quality is generally defmed as "[,mess for the 

I'"rposc of usc: ' I He going 10 old castles and forts. The lOUf guide will tell )'ou 

all about IIho built Ihe easlle . why il 11'"' built. and when , fle lIil1 also menlion 

who auackcd the caslie. why and when il was a\l.acked, and how man~' times it was 

sad:ed. Finall~' . lhe suide lIill often say somethins like. "This 14"' cenlu'y ca.lle 

is s(ill in great condition: ' Secing Ihe cl"IICks. holes. and gaps. howel'cr. tells me 

otherwisc _ I clearly see why the 1';SilOrs are not allowed into some portion of (he 

building. Yes_ it is ~ greal historical monument and from that perspecti"e the 

\\"~lIs arc slill of highest quali1y_ Bul el'en a child could bring down thesc walls. so 

(heir quality from the perspecti\"e of (he original builders would be susped at beSI. 

.. k ... t +I, i~ 
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Dala 'luality i. meaS>lroo by its filue •• to ~,e purpose of use For inSlance , 

employe<: compcnS<lti(lll ~mounls used for "'~ reporling must be accuruI~ to the 

"'''" ~>I S t Th~ >~Il L~ WIJLI',,,,,",iuLl ilI11UUIII> u..,.] 'u ~"kubl~ 1~lil~!Il~'" t..:Lld'''' 

mllst (lil ly Ix: precise 10 the ne"",st SIOO. Further. annual compensation "ill 

,uffice for t 1l.~ reporting. while monthly amOumS nre """d in benefit calculation. 

Thus. if the January amount is short by ~500, "hile the February amount is S500 

too high, the data is st ill perfeclly fine for t~~ putpOSe< bill inaccurate for bellelll 

calculation, Finally. only data for lhe 10151 three years ma~ be required for ta.~ 

reporting. while amounts for the last fiyc ye,,, might be used in rOliremell1 

calculations. 

To conclude. data precision, granularity, and completeness requirements are all 

dcteTmincd by the w<ly the data is used Therefore. the f"sl step in data quali ty 

rule design is to dctcT1l1ine how the data is used and what Ille quali ty requirements 

ore. 

Dellning data quality rC<]u irements is easy ",hen the assess!nent projec t is initialed 

by Ille need to Ylldcrstand data quality implication on some dnta-dr;,'en process oc 

ini\iau'·e. Business uscrs inSlIsate projcclS with soch specific scope if\hcy ha"c a 

concern 1ll0i ~'C dala qu,lily ma,,- n01 adequalely support some business proce ... 

For instancc.1 often find employcc Ix:ncfit~ administrator,; demanding an HR data 

quality assessment project when they belie,·e the ben.fn amounts arc nOi 

calculated accurately. In all such cases. it is immc-di,dell' clear" hich data 

clements and records must be .-alidatcd - the ones that arc u""d. Also, data quali t) 

ilSClf is clearl)' defined in terms of Ihe dala usage - data is good "hen the resu lts of 

ilS use are accepl.:!ble and bad otherw;.., . 

Defining data qu ali ty requirenlents i. more difficull when Ihe impetus for the 

",scs.sment project is an ""crall .kgirc to measure qualit)' of dala in A panicular 

datab=. This rna)' b.: jU'1 a part of due dIligence and IT audit procedures. Also. 

such projects con Ix: ",quested by the business users" ho regubrl)' cOme in COll tac t 

witli the data and sec data problems. Ahemati,·cly. full dat"basc quality 

assessment can be done in anticipation of Ille database con,wsion or a neW system 

implementation, This c:l5C is more cOllll'le~ because the Smne d"ta clements may 

bo: used for n "ariely of purposes !including some unkoo"n futurc uses). and il 
may not be triY;a] to define accurale ,'S. ;noccurale data In fncl il is ofien 

nccessmy to design multiple ,'ersions of the same rule, ono for each dala quali ty 

,-. 
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deCmilion (or 10 nse error_grouping lechni,!"'" discu,sed bier in Ihis ,hapler 10 

dislillguish ermr'i within a singlc ru le), 

Anolher queslion is ",hkh of all pos.siblc rules shoold be iml)lcmCnled itl , 

p:micubr project 11 is rather intuiti.-c tbat nol :til dala qu:tlily rule. may be 

relevant, e.!>- it s<::em~ logical to onl), "Iidate the d:lt. elcmcnls Ihat arC inc luded in 

Ihe projcct scope. In ","Iity, the proJcct objec ti"c innucnccs rule select ion in a 

more subtle way, 

Let's start with a sim ple data qualit) a.s<:: •• mcnt project. Moot HR databases arc 

used (amQl1g Olher tltings) to manage employee life insurance benefits. A t) pical 

program may prm' ide ea,h employee with an annualtem! life insurance poli", in 

:m amount equal 10 three limes annual bas<:: compensation rate , effecti," al the 

beginning of the calendar year, Lei', aSsume for ,implicity thm on January I of 

each )'ear. the employer purchases all poliei"" based on Ihc compe",.ti"" rale 

dal:\. Benefits arc thcn communicated 10 all employees On n;eel)' prime"<l colorful 

statements, 

Ob"jousl)" the policy amoutlts n ill be incorrect an!' time the compensation rate is 

iltcolTttt. A typica l employee rccei,'cs the statement. ,'crifies the polic)' amoun!. 

:md disco\'Cfs one of lhl\.'C lhin,g~: 

• The policy omount IS COlTCC t. and Ihc employee sends the stotement to 

.,raigllllO the wostebaskcL 

• The polic)' amount is lower titan it ,hou ld be (bc.:~USl: the compensation 

rale waS in"ccurate on tho low side), "nd the employee phones the call 

center itl ~ fury, A 5e,,'kes specialist must res<::""h and fi~ tI'e problem, 

the polie,' mu,1 be rc.;"';ued, and benefit sl:\tement must be rC·Sl:nl to the 

emplo)'e",. E,'en ignoring lhe i",:mgible cost of burt feelings, the eOSI of 

re-work migh t be 5250 pcT case 



• The polic)' amount i. higher than it should be (bcrame thc compensation 

tate was inoccurate on the high side), and .. , the employee .till hnppily 
sends lhe Slalcmem to the wastebasket, Ae(Ua li \', Ih is would be a 

desir~blc oulcome since the O\'erpayment for a higher policy limit is 

prob.,b ly less than the cost of rc-work lIowe\'er, a good and honest 

emplo~'cc will still phone tile call cenICr. and the scj"\'ice cost will again 

run al S250 per ease, 

Thus the o'-erall annual cost of inaccurate compensation rate data is $250 time. I/>:: 

!lumber of emplayees with d'IUl enar~, For a com pan)' wilh 10,000 emplo)'ees, a 

4% error ralC would then lranSlalC into SIOO,OOO a ),ear, This is certainl , ' a 
significam amoum to justify a recurrent data qualit), ",""ssmen! project if an)' 

concern about data quali ty e~ ists , 

The objective of the project is defmcd "c,) dearly - to idcnt i ~' erroneous 

compens.uan mtes as of Janu"y I for.1I emplo)'ees eligible for the life insurance 
benefit The question no" is, " Whieh dala quality rules .hould we design,' Of 

course, we walll rules lhat ,'alidal. com(>Cnsali on mle n:cards. Some rules nre 

immediately ob,-ious, We must check that one ~nd only one record e~islS forcoch 
employee and th.t the compensation ratc itself is not Null and is reasonable (e _g_ 

po:siti"c )_ Howe,-cr, such Iti"ial con.\traintl will miss m~ny crr0f5 

Tho next Itep is to design more ~philticat cd rules_ For instance, "0 cI)<Jld 

comp= the compc:nsation mte as of January I with the pre,;ous record for the 

same emple>)'C<! (presumably before lhe la st pay raiw) to we Ihal the chango is 

reasonable, We could also ,- alidale the compc:nsation rate against Ihe "nstomary 

salary range for the positian occup ied by Ihe emplo),ee, We cou ld eYen reach out 

10 the pnyroll daWba>e and ' -erif), thai the comlX'nsntion mtc i. consistent with 

actunl pa"check data 

TItere is certainly a bendil in designing malC rules, as we are lihly to identi fy 

more errors_ Howe"er, O,en: is also downside An" comparison that in"ol,'os 

se,'ernl data elemenls creates an uncertainty of "hieh one i. erroneous if a 
discrepancy is obscryed, For \\lSl.nee, if Ihe compensation rate is S50,OOO, and Ihe 

employe .. occupies art ~A ssiSUlnl Vice-President" position 'nllt the salary ran!;c 

between S70,OOO and $90,000, it iji premature 10 deem the compensati on rate 

incorrect. It is possible that the IlOS ition is mi sl abeled and, in rcalil\', the 
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emplOlyee's jOlb is "AdminiSlr:llil'e A~,i'L1nt IOl Vioe_Presi dent" "ilh ti,e s.1Iary 

r~ngc belween $45.000 and $55.000_ Or maybe Ihe range for Illis positiOln is li51ed 

in"ul!c",~' 

In order tOl make accurate deei,iOln, aboll! data qunlir.' whon multiple da!:J 

demem, arc in\'Ohed in Ihe dala qualily nl le_ we need 10 anal),/e all Olflh~m. Th is 

require, a lOlt more 'Hlrk, os we need tOl understand and profile man~' mDre da la 

clements man arc immediately rclc,-ant tOl Dur Dbjecti,'e. More impol1lntly , wc 

II(IW ne<:d tD make judg"'ent~ about the qualily Df the data we usc in cDmpari son. 

such as employee posilion in the e~ample abo"e. The QnIy good lIay to 

accOlmplish Ibal is 10 design mOlre daln qual ity rules that "alidate these additioonl 

dala clements, Howe,'.r lhes<: rul., will inmh'. more data oIements_ which in tum 

lI'ill require mOlre rules_ The rule sc I can be viewcd as made of man)' layers. wilh 

me inncnnosl layCT ,'alidating the targel dala clements. the nc~t !:lyer , -alidatin g 

the dala clements u>Cd tD "alidatc target data clements. and so 00. 

TIlis is a IDt more IIDrld At the Same lime. We b'Ct a lOll "'Dre rcsult~. Indecd lI'e 

arc mc~suring lhe quality of mnny mDre d~ta clcmcnts than lI'e ini!ial1~' plnnned. 

Also. me nccurac)" Qf dm~ quality asscssmenl is proporlional 10 (he numocr Qf 

by(rs in the rule set ~nd th. amDunt of crossohecking helll'een "ariou! dala 

clement., As" result. both occuroc,' and ROI Dflhc data ",al i ~' "scssmcnt for an 

enti re databasc (made Olf man)' interdependent data clem ems and used for man} 

purposes) are far srealer lhan thDse fDr quality assessment Df a data subsel, 

Of course, in reality we sDmclime~ ha,'e tD <D"doct dala quality assessment 

projecls with a narrDW .CDpe. such as the hfe insumnce e~"mplc al",,"c. It oould 

t>.: duc ID budSel CQnslraints or si mply because it is Qllen easier 10 "sclr- a mDre 

specific proj<'CI ID the manas"menL In Ihal cas<:, Ihe quesliDn becomes. "HDI\" 

many lavers dOl ,,-c inCQrporate '" 

The solUl iDn is to implcmcn( daw quality rules ilcrali'ely rother than committQ (he 

set of rules from the heginnins_ We stm In- designing and implementing me rules 

Ihal in'-DII-. Dn ly the data clements "ithin the prDject seope We lhen add lhe 

""£Ond ),,}'cr wilh rule, "alidaling (arget doll! agains! oIher data clement" In our 

c~:Ilnple. wc could implement the niles cDmparing the cDmpens.1tiDn mte as Df 

Jan uary I a~ai"st historic "alues "nd aga inst posi tiDn salary informatiml. 

" 
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The ne.'1 Slep is 10 :mal) I", the results and SC' " if Ihe rules from lhe second 13\' .. 

produce potentially uo;cful fllldings H~,·c lI'e found" significanl number of 

~'w, ." If IIU. d'~11 ,,~ ~ilJl .lu~ " id, d,i. li,,~ uf 'lu~.tiu"i,,!;. Du d", ~!I '"' U, ~I 1~1' 

lI'ith the OneS found by the rulcs in the firsll.yc, ? Tf\'es. then ag,in the ne\\' rule 

probably adds little nluc (.lthough it may be used at a future point to co"f,nn th.t 

these arc trul)' errors). When many neW erroneous 1"C<:0rds arc found . ;t is worth 

checking th.! the errors .fTect ~,e t.rgct dat. eleuten! ",th.r ~,"n Ih. ones \\'e use 

in comparison. This can be done qukkly through a sample ",,·ie w. For in5wncc. 

we c.n lake to ",cords with di,crepancies belween compensation mte and position 

sal.ry range and manually check "hieh Ones are "",tually inrorr;:cl. If we lind tlrat 

a rule helps identif)' a meaningfu l number of otilerwi se missed errors in the tarb"'l 

d.,t •. it certainly deserws 10 be • part of the data quality assessment 

Then there comes the queslion of add ing another laye r. i.e . .xIditional rules 

,·alid .ling Ihe non-target data used hy Ihe rules il1 the ptCI'ious layer. In our 

c.,ample. ne could desi!;n funher niles to tcst posit ion informatioo. The results 

would help decide whic h dal~ is incorrect IIhen ou r conlpensalion rales are 

inconsistenl with posi tion sabry ranges 

A oolewOIlhy q ~oSlion is when to ulili,,,, Ihe data from other dalabases. 11 is often 

helpful to compare red undant or rel.ted data aclOSS databases: howe,·or. il is 

usually limc--conmming and c.'pen,i,·c. The decision to usc e"temal data ,omces 

in data qu~lit)' assessment is rathcr subjecti ,·c. My lypical recommendation is to 

start the asscssment using rule, within the d~tal);[sc: and add e.,temal d~ta ",urces 

if such rules cannOI frnd Ihe majority of error'S. There arc. howe'·cr. three major 

e.~cept ions. 

First. if dal. cleansi ng i~ planned 10 follow dat' qualily ~",essment, then addili onal 

data sourcel should be incorporated irnmcrlialciy si nce ~,cy lI·ill be neCC SS<lI)' 

dming daur clelftsing anyway. Secondly. if it is known thaI the dala in the c~lcmal 

dala SOm« is rdiable , it must be use.:! . For instance. we "mrld be juSlir.ed to use 

p~yroll data 1o ,.,\id.lC compcn""tion rates ifwc behel·ed Ihal paycheck numbers 

were ge nerally ,·e1)· reliable. Finally . if an enterprise-wide data qualily =ss.mcnl 

is planlled. it is always be l1 er to prioriti>;e and sehedule it in such a way that re lated 

dat . bases are .sscssed one ancr another. l"his makes data crosschecking easier. 

I • 'J 
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9. 2. SELE CTIN G OPTI MA L RULE DE S IGN 

Any e ',-en set of "'\c. con,,", implemented in m"n~' difTcrcnl ,,'or'. It u" y of 

,-i,nalizing the problem is to fi rst imagine all n"es combined in Olle enormous 

supe'-n,le. le sling c,'c,," (XI8sibic ~SPCCI of dala quality. 0" lhe other cnd of Ihe 

spectrum. we can picture ,housand, of the mosl u i,-ioJ atomic rule •. each testing 

me simples. JIOSsible condition and looking for a unique type of errOn; under 

unique CIIl:llm"aoces, In Ihe pmclicc o f rule Implementalion. will appro""hcs 

may be undesirable. and the middle ground must be found. Hewn.r. there arc 

Inany \\'~·s 10 find Ule midd le ground as the alomic niles can be combined into 

many sets of (poss ibly p;utia lly o,"cr la,lping) niles. 

Consider II simple exampic . Dala ckments A, fl. and C arc all redundant (i ,e. lhey 

must h",'e equal \'n l'Xs). This condition c:m be used to implement " single super­

rule, which gets tripped if any lwo o f ~,e three clemenls differ. Altemali,'ely , we 

can implemem lhree di.tincl .lOnlle rules, comp",in!: mdi" idual poi'" of dcmcms 

(A ag,insl B. B against C. ;u,d A as.insl C). We could also uSC n combination of 

tll"O ru les instcoo of three. e.g. rule # 1 could eomp:ll"C A aga inst B. while ru le 112 

would lest C aguinst A und B. All o fthesc options us.sumc that dlcse dala elelllenis 

arc all pan of Ihe projeci scope. Bul whal if only A is im)Xlrt:ml'? Of course. il is 

't ill ... luab!. to compare A wi~ , B ond C; yet again there are mony woy~ of doing 

il. For instonc. , we could use ru le ~I to compare A against B nnd rule ~2 10 

compnre A .gainst C. ,," nother option i, to only "a lidatc rule #2 if A :md B arc lhe 

same. 

Clearly titere arc many na)'s 10 implement the 53m. rules C,'Cn in Ihis Iri "; 31 case . 

Things gct far motc complex whell we look at more sophisticated rules, snch as 

rules ror Slate-Irons ilion moocis. The reader might asl.:. "Is there any differenccT 

Ind,""d, rule decomposition and oSgresolion do not alfect OUt abi lity to find error$ 

Howe"cr, I.hi s impacts ~IC case of error o"ol)"sil in the dat ~ quality scorec~rd. 1'0' 

eX:Ullple, man)' rulcs arc interdcpendent , i.c. gel tripped by Ihe same dala 

problems. In SOme c:oses. il is benefici.1 as il helps to eonform the nalure of lhe 

problcm. In olhcr ca,.,s, il simply leads 10 unnc<cssary duphcalion of CITU1"ll in I.hc 

TC)Xl1tS and makes ;u,a l~'si s more eUnlberwmc. 

Keep in mind that dc sillning data quality rules and cTCaling error lislings is not the 

ult imate goal of the dala qu~lit)" program. Rather. it is a step towards 



"nd~ 15Iandi"g and i"'prO\' ing data qual ity , To ochie,-. that objecti, 'e we "'ill 

ewnluall" n~d 10 idcnli ~' the true caUSC5. nature. and localion (If the err(lrs_ 

WdJ.u~, iJ;"~u u,ta '1u,lit) ,u l ~, d,,,,J~' ""~,,aL~ ~!l"" "r uirr~J~"t I..i"u,' ",oJ 
eliminate unnccessa~' duplicalion, We "ill nOw discuss Ihe main leaSOnS for and 

against rule aggreg"lion and dccon lposilion, 

9 .2.1. Rule Aggregation 

Let's Slatl our discussion wilh a simple osample of reference rules for Ihe dala 

model presenled in FilJure ,)· 1. The dala model shows fOlLr enlilies: strong enlily 

E_EMPLOYEE_PROFILE (IIld Ihree deJ)Cnden( elllilics. Each of the dCJ)Cndcll1 

enti l;es has a foreign ley 10 E_EMPLOYEE_PROFILE 

Assuming that the database does oot enforee referential i nte~t:-·_ ",e would 

immediately use the data model to design three foreign key ru les_ The first ru le 

requires that each record in enlit:-, E_STATUS_HISTORY has a com:sponding 

parent record in E_EMPLOYEE]ROFILE wilh Ihe same ,allle of key allribu lc 

EmplO, The olher 1'1<) nLle. h.,·e similur requirements for enlities 

E]A Y]ATE_HISTORY and E_PA Y_SPEClAL_HISTORY. 

R5rATUSJl IST ORY 

Y.)!MPLO'iF.EYROFILY. 

R P,\Y RA TK HISTORY 

Figure 9_2 shows records "iolnling our data qu~l ily rul~, Al together \I-e found 

eighl records "iolaling Ihese 11,,~c rules, We clearly did not miss all\' bad records. 

HowenL there i, n , ignificant problem with our approach_ Obsc,YC thaI se,,,n of 

the records ha,'e Ihe Same nine of EmplD equa l 10 114603 It i, prclly obvious 

11m Ihe real error is a missing (or mislabeled) record for employee #11.\(.03 in the 

'"' 



m,in E_El\IPLOYEE_PROFILE t.blo. On the other hand. th. record wi th EmplD 

equnllo 4H3 in lable E_STATUS_HISTORY is most likely erronOOllS. Further 

."al)".i> \\ould .huw til ,t it i.lIJi.coo.:d llil~ iu 1~"lil) ' k l"'lg> IU~jjjplm~~ U~g~. 

S<l rather lhon having eight erroneOus I\.><:ords. lie re~tly h~,.e One incOlTeCI and 

one mISsing record - for the 10tal of two. 

'10\1<. "1: .... " ..... ~ ... VI""""". 
Wh~ is lh is dislinClion SO important? From lhc data qualit)" perspccti,·e. thcre is a 

big dilTerence between eight erroneous records and 1\\"0 elToocous records. 

Furth<:r. the missing mmn cmployee record in E_EMPLOYEE]ROFILE t>blc is 

probably for more significant than having a mislabeled E_STATUS_HISTORY 

record. 

Since we dcsigllCd the three foreign tey rules sep .... atel~· . lhe resultant error reports 

do not tell us .bout this pattern. We would hal'e 10 gel lucky to find the error 

m'erinp between the tmee rules :md recognize its significance Indeed. while it 

seems obVKJIIS "hen laid down sidc_by_side in Figure 9_2, remember that in data 

quality assessmcnt projects we routinely usc hundreds of rules: and many of them 

h,,·o some ol'ellapping errors. 

Ob"iousl)', the proper design for reference rules is 10 combine .Il foreign t ey 
constraints pointing 10 Ihe same parent table ill io a single data quahlv rule . One 

error for this rule will include all orphan records with the samc foreign kcy ,..Iue. 

Such a rule will find Iwo errors in our e~ample the first one for EmplD equal 10 

4M3 alTecling One record, and thc second onc ror EmplD eqn"lto 114<.03 affecting 

SC'·cn records. 

'"' 
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9.2.3. Derived Rules 

It IS naturnl to a,k whether or 1101 rule deSl!:1I should be dri,-en br codin~ 
complexity and processlIIg efficie""y, For e"-lmple. simple forei"n key , -iolalions 

Can be identified b)' a mthcr tfi" ial query. "hile nlidating an aggrCSalCd reference 

rule requires n creati"c solution . I h,,-e secn people choose not to aggregate rules 

just because it maJ;cs coding more complex, 

This logic is wrong, The complcxity of programmIng the nile nlidation 

alganti"", should pia)' no significant pan in rule desi gn WhOle,-er you ''''C 

during coding "ill be p.lid back exponen,i,lI" oncc you start analyzing data 

qualily ,",se"menl results. Remember that'kc \'alue of dma quality assessment is 

oot in the emcicncy o f ,he ruk implementation programs. but in the accuracy nod 

us-,bil,!)' o r the dnla qualit)' scorecard nnd detailed error reports, 

I alwIlYs ",commend using der;,'eu ",Ie., in order to mitigate coding «,mplcxity . 

Dc,i,'cd niles do not operate on the actual data but rnther manipulate Md aggregate 

the results of other mle-<, Consider again the foreign key rules example, Ra~r 

than trying '0) aggregate indi,.idual fO)reign key rules illllllcdia(civ. wc cO)uld leep 

them scparotciy _ Thu , we h,,-c th= primar". fO)reign l e,' rulcs: 

• Rule /,'Kf: .',/ilTUS 1fI,\1WIJ' finds three ermrs_ - -

• R"lcFK,F. PAr RATF. HISTORI' finds ,hrcc ermT5 

• Rule FK,E PAY SPECIAL HISTORY find. two errO)rs - - -

Eac h error identi fies an in di,-idual o'l'han TCCOTd_ 

Nml we design a dori,-ed rul~ R£n.RI::.NCE. £_ £JolPLOJ't:i:."--.PROF1LE ,ha, take, 

all errors fmm ,he prlmar\' rorclgn ley nile, ~nd pr()Cesse, ,hem into) aggregaTe 

le ,-d errors. This deri,-cd nile finds :md 3gb'fCg3tcS all errors rercrcncing record, 

\\ ith the same EmplD, Naturally . it wi ll r,nd two errors - olle for empIO))'ee IMR3 

~rre"t ing one record. ~nd the second onc rO), cmplo)'ee ~11 460J afTc~ting se,'en 

rcemus, 

Using dcri"ed niles simplifies rule codinG and makes nile DggregnliO)n decisions 

I.s. pain ruL In ... ence. dcri\'ed nil •• allow 'he application O) r cO)mumn cmlccpls 

O)f stnlctmal PfO)gronllning 10) d.la quali,y OSSOS!llTcnl. We start by dceO)mpo;>:Sing 

rule. inm simple ,ub-nlle. thJl are casy '0) im plement and lese Then we usc 

.. , 



dcrind nol", to manipulate the re.ull. and build the logically desired 3ggregated 

rules. 

9.2 .4 . Error Grouping 

More orten than not, a single data quality rule will find errors of different kind., 

Consider ~g3in the aggregated rererence rule discussed abo,·e. The rule clearly 

yielded two distinct lyJIC' of errors - those with" parcr1t record mis,ing and those 

with a child n:cord mislabeled, It can be ,cry important to know "hich error 

caUS!! i. morelikcly to make proper judgments aOO,1I data quality . 

noe nole ~pecinlil.ation .- iew would Ix to split the rule inlo 1\\0 sub· niles. BUI can 

we delcnninc for sun: "hich errOl" is of which In>o:'.' Thc answer is probab lr no. 

In practice. there i. usually no reliab le way 10 delenn;ne the exacl nature of each 

error ... least not al the beginning of d,e project and nOi "ilhout eXlensi.-e 

:mal)'si', BUI we hO\'. some clues that indicate which causc m"y be more rkel\, 

for each crror. 

For instance. if "'e find complete employment history and pay role hiSlOl}-' bUI 1)(1 

part"l etlll'loyee 111'0filc record. we call conclude ~131 Ihe laller is IIIOS\ likely 

mlSl.ng. Similar ly. if we on ly find one orphan pay rale record with no parenl 

employee profi le record ~nd no records with the same EmpJD in othe r table •. we 

,~n deduce th~III'e record is I'mbabl\' mislabeled, 

In ortler 10 accommodate Ihis important knowledge. we ~sc erNlr gmul'mg­

crealion of mullrple sub·glUl.l ps of error.; identified b)' a .ingle rule. For in>lmlCe, 

we can categorile all error.; into th"", groups' 

• Errors witb orphan records in two or more tables, 

• ErroT!; wilh ",,"eral orph;m record, confrned to" single llIble, 

• Errors wi lh onl)' one orph~n ""ord, 

This allo\\', us 10 kccp the errors togedler for ea,~· aggregated analysi" and yel 

pro"ido. enough dcoompasilion 10 "ccoum for ihesc errors diffcrcntl), wben 

building aggrega1ed dala qualily scorttard., 

Error grouping is one of Ihe mOSI importanl l~chniqucs in error analysis, m.ilding 

Ihe data qu"lil)" sc:orcc.ud, and d.1lil clcnnsing, In pmcllcc. rare dilla (IUalil)' rules 
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T~bl. 9_2 shows how 3 simple dala qua lily rule - an anribule domain constrailll ­

i,1 slored in the rule liSling_ The rule hns numeri, idcn(ilicr ( II and dcscripti,-c 

'liJ.lHC (DOAlAIN,c'_ SI'A lV!i.t:Ml' j l 'I'E) Id",",,,,j,,~ lu le I) I'" ""J lit" ~I~ j~UI" I " 

II hieh (he eons(,.in( applies. lis form.1 delini (ion allows immediate eod in~. \I hilc 

the informal d=ript;on can be understood and .-orilicd by non-(eehnica l uscrs 

F"""aIOenoKlo n, 

inTo" .... D .. ",I",.,.: 

Empo), .. typo mll1l . h , be 0 root .. ;onol") Of .,.,nwll 01 .",u,- two """.cl<B. v.ith the 

fnt one • • R rJe?A"l Of r ("t"~''l'l'no:[ tho .. ""no:[ one • • F \fl*b ... l Of P r",,~" 
I .... ·) A I Ol~e r ,,-.... . .. ..... IkI , 

A. we discussed in the ]lre,-ious =tioo, man)' rules find errOlS of different t),Jles. 

We usc error groups to dilfercnt;atc such errors. Each group must be gi"en an 

idenlifier, " dcscripli,-e name, and • definition . We do nol require diSliaguishing 

belween form~1 and informal desc riptions since group definitions are I)'p ically 

mlhe! simple_ Table 9-3 shows Iwo error group. for rule # J from T .ble 9-2 

E"",0YH Typo i.1M 

G!oup B. 1"" • ...-v.Iue. Emf'/oy..TypoNoti" (0, RF. RP, TF, WI 

T •• 10 "-,, !" .. eo-oup. ro< I n ........ Qual., .... 
Eac h data ,,"ali~- rule can apply 10 one or sc,-c rJl 'llriooles from 011C or sc''Cr~1 

data e~tities. We uSC Ihe l<:rm rille "oml/in to d~scribe , collection of dal. 

clements to which the mle applies. The blsie mle listing docs not define mle 

domains. though the domains c.n be deduced from the formal de r. nitions , A mOre 

ad"lll\ccd mle cawloguo pro,-idcs structured informal ion abou t data cntilies and 

altributes 10 which each rule applies, This infom'atioo can be queried to construct 

a IiSI of all dala qllali~' rules crentcd for a specific subsel of dala clements. Such 

reports a!low us to keep trac k of ,,11 dal. clements ,-alida(ed in , project. They are 

also in" aillable for the pllrposes of eh.nge managemcnL 



!10UPS For e~"mpk, rule #2 has one generic error !:raup that holds all urors. 

Rule ~ I has two groups. whilc rule N3 hAS four groups. 

9.4. RULE CODING 

We nOW knon how to des'gn and c.tal ogue dala qualily ru les. Th rough analysis 

and profilin.s. we h,,'c prepnrcd and doc umcnlCd u comprehensi,'c list of rule s. 11 

is time to comider tile ,ooinS of rule , alid.tion algorithms. 

It is a natural desire to loo~ for a tool ~,at can be used to quic~l)" and easily 

implen~nt nil data Qua li ty ,,'ks. Unfortunately such ye arn ing is totally unrealistic . 

No dOlO quali ty tool on tIlc m:or\;el tooay can be uscd 10 casily defmc more Ihan " 

tiny frac tion of the data quality rules Also_ in recent years <cyor.1 commercial 

business ",le cngmes ha,'c become " 'ailable, "hich can be used \0 'mplement 

SOme dala quality rules. HowcHr, tIlesc cngnl<:s do not largel data quality rutes 

direct ly and so arc not cosy to use. Hopefully, funcliona lity of the tools will 

c~PJnd in the fllllm:. In tile meantime. We ha" e to rely on more basic "I'Proochcs. 

such (IS using SQL or generol proJ;!1llllming languages. to rodc tile bul~ of dala 

qnality rules 

Fundamentally, there are two appraoches to cod in~ rule , 'alid'iion .Igorithm •. 

The fir~t method is to si mply write indi, idu.1 progra",s (in SQL Or" progr:umning 

bnllnOSe ) for each dab quality ru le. The sc<;ond melhod i. 10 utilize a lable-driwn 

rule engine, which wi ll use stored rule paromelcrs to cxec ute tile ",ks, In procticc. 

a combination of bolh works be.t. In Ihis seclion we will olfel an o ,'c,", iew of 

Ihcse Icrhniqu~s. 

9.4 ,1. Writing Individual Programs for Each 
Rule 

Consider tile attribute domain constraint for a\tri bute EmployccTypc, It rcslriclS 

,·. Iues oflhe attribute to {III-; liP, 1'F, TP. O). A rather lti,ia! Query' 9_1 con be 

used 10 ,..Iid.tc this data quality rule. All =o.ds returncd by Ihe que", ,'iobtc the 

rule . and tIlus we c:on simply process this qUCI)' record by record and rcgister dala 

errors (,,-e will discuS/l how \0 e.lalogue data errors in Ihe Chapter I I). 
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·lo., do, po ... ;. 0 _ ""ib"," • i. popWtod...." "'" .,.,.",.,. dot • • 1 ........ 

poychod:!or t orminolOd""~ for . 1 oti1or .mp., ......... d.y po"," 1n\J" be bionic 

9.4.2. Using Parameterized Rule Engine 

11 is qui le .,b,'i.,ns Iha l ntles o f si mi lar Iype will ha,-e ,-et) sim ilar 

impicment"lions, For inslnnce_ nil ~llribute oplion"lil,. consu.inl. can be: 

implemenled by a s eneric QU\:l) ~-3 , The quCT)' l..lkes lhree paramclcn: 

htlil),Namc nnd AllrJb",~Namc ~fere"ce the alUi bule 10 "ltich lhe rule i$ applied. 

"'kile l)cjil1dIVa/"diSl is a commn· ~paraled lis! of default n lues used as 
.ubstitutes for NuU n lucs_ Of course. the "OR" part of the "WHERE" dause in 

the SQL is not necessary when no de fault nlues exist . We coold wri le a program 

that l..lkcs EntJl)Nomc. A llrihlllcNome. and D"follil Va/ucLI5I os p<lramctcu_ builds 

the appropriale SQL sl.:ttcmcnl. c~C(;uICS it. and catalogues all errors, Such a 

rrogratn cou ld Ihen hoc used to "alidate all aliribulC oplionalit)' constrainlS , 

,,," ,y,., .... 
~.'"'b"'''':.o. .... '" '"'CL 

O'-y .... , G ..... I< .......... fa v ......... C .......... e.....,' ..... 

Simi lnrly, all foreign key ntles on a single allribule c~n be "~hd~led nsing generic 

Query 9.~ , It has four parantClc rs: the ItI'O names of ~'C reiJled cnlilies 

({'(>rImIEntiryand ChlldEnllrr) nnd the two names of (he linked key fields in the 

respecti,.e emities (l'urentK,'yl'-ie!d and ChildKqF"idd,_ We could wrile n 
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SUMMARY 

In lhi' eh,'plec. we ho,'c di<cu,..,.d ,",,,,,,,,. ,,,,,hniqll"" fo, nM d"";gn or><! 

inlpienlcntntion along ",i~l the nrchitectme of the rul~ catalogue. Here arc lhc 

"'nin takeall 3)'5 from this chapter' 

• Data precision, granularil)' , and completeness requirelnents nre all 

determined by the wny the daln is nsed , Therefore. the first ~lep in daUl 

quality rule design is to dctennine hoI\' lhe dala is used and what the 

qualil)' requirements are. 

• Dofming dalO quality requirements is easy when the assessment project 

is initiated by the nced lO umkrstand d.l. qual ity imphcation on SQlne 

data·driyen pnx:ess or initiati,'c, h is more difficult when the impetus 

for lhe a5<cssmcnl projccl is un o,'crall desire to measure quality of dal. 

in n I,articular datarose. In lhe lauer case. the same data clements mny 

be used for. "arie ly of purposes (including some unknown fUlure uscs). 

and it may not be tri"ialto define accurate YS. inxcuratc data. In facL it 

is ofien necessa~' lO design multiple ,e .. ions of the ~"mc rule, QIle fo' 

OJch quality defmition 

• It is ra~,cr intu;t;,'e that not all datu qualit)" rules ma)" be rele.-ant in a 

project. e,g, it s"'ems logical to only ,'alidatc the data clements that :u-c 

inc1uoloo in the project scope. Further. "hile there is a benefit in 

designing more rules (as wc arc likcly to idcnti fy more errors). there is 

also" downsi de , An)" comparison that in,·ol .. es additional data clements 

creates an u"certainty all to "hieb one is erroncous if a di<c,ep,mcy II 

ob""n·ed. 

• Designing dala qualit)" rules and creating error listings is not O,e ultima te 

goal of !he dato quality program Rathe., it is a Slep toward.l 

understanding and improving dMa qualil)". To aohie,. th~l objCClin \Ie 

will c"cntuall~' need lO identify the lrue causes. Mtnre. and locat ion of 

the erro('1 , Wcll-dcsigned dllW qua!ily rules cle:u-I)" scparalc errors of 

di fT.rent linds and eliminate nnnec~s3ry duplication We use rule 

aggregat ion. specialilalion. and elTOr grouping to design the best set of 

rules. 

". 



• A rule catalogoc is a group of entities that eollcct i,-dy stores deConitions 

of d~ta q",lity rules. It consists of the main nile listi ng. rule ~roups. rule 

domains. atld (ophonol) pw(llt1cters uscd by \he rule engine for rule 

e~""ution. ,\ ni le listing enumerales all designed data quality rules and 

pro"ides Iheir detailed descriptions. A nile grou p table slore,; definitions 

for all error groups. A rule domain specifics data clements (entities and 

att ributes) affected by the nile. 

• Fundamcnl..llly. there are t\\'o approaches 10 coding the rule , -alid,tion 

aI50ri thn,s. 1bc CorsI method ;s to simpl)' \l rile indi, idual programs ( in 

SQL or a rrogrumming language) fo r each data quali ty rule . The SCCOI\IJ 
method is 10 de'-clop a I..lblc·dri"en rule engine. \\'hich will usc stored 

rule parameters to execute !he rules_ In proctice, a combination of both 

i~ most drocli,-c_ 

19', 
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CHAPTER 10 
FINE-TUNING DATA QUALITY RULES 

The object ;,·c of the dato quality assessment is to identify all data errors. 

Considering the 'olume und s!factum] coml'bily of a ('pical dal~b= . this is n 
daunting task OW" Oplimism in tackling the problem should certainly cause an)' 

normal pcrro" to question our sanit'-_ The r~:lSOn n-. accept the dallcnge has 

nothing to dQ with our Slate of mind or ),outhful ab.ndon. Instead, we possess the 

moSI powerful tool - data quality rules. They can Ix: dc:si£llCd and implemented 

by hundreds: the)' can \'alidal" millions of dala pieces in minutes: and they can 

find nen the sneakiest datn CITaNl 

HOlI'e,-cr. there is a cn lch. It is "cry Imd to dcsil>11 perfec t dal~ 'lll.lil) ru les. The 
ones we come up with \\'ill oflen fail \0 spot some erroneous records and falsch­
accuse others, They may not lell you "hioh dala element is ermneous e,'en ,,'hen 

the error is ide ntined, They may identify Ihe SlIm •• rrm in manl' d ilTerem W'l' S. 

lbi, imJlCrfcetion. if not under.;tood and controlled. will Ol'Crrun and doom an)' 

dala quality assessmem elTo". 

But do not desl'lir - Ihere is a solulion l MOSI rules can be "nne-tuned"' to near 

JlCrfcction. Thi, problem can hardly be addressed at the onsct of the project 

lnstc:ld. we start by desi!;"in!; Md impicmentin!; the most compiete sct of data 

qu"lity rules within the rmject <tOile .s di, cu<sed in the la,( chapter. We then 

anal",l' Ihe resu lts to nnd and eliminate n Ile imJlCrfections as best we can. Thi s 

JlfOCCSS of rule fine'luning is the subject of thi, chapter. 

• Scrlion 10. I offer.; an Ol'er,.ic\\, of "",,'iltle rule imJICrfections 

• Seclion 10.2 introduces fOllr steps of the rule fone.tuning process. 

• Sc<:tion 10,3 describes how 10 itlentify rule imperfections. 

• Section lOA shows how to anal)'1l' rule imp;;:rfCClions and find patterns 

inlhem. 



• Sc<;lion 10.5 discusses methods for clim in~t;ng false pwJliws - rule 

, · iol~tions thnl under close e~~min~tion I'ro'·e 10 be correct data. 

• Se<:lion 10.6 pn:sents t«,hn iq....,. for dealing lI"ith fi lls" "'·gllIiVl'f _ errors 

missed by all data qualit\" roles 

• Se<:lion 10.7 outlines "ays for using error groups 10 el iminate siUlations 

when errors of differ",,1 t'"pes nre found b,· lhe .same rule 

10.1. RULE IMPERFECTIONS 

D.ta quali ty assessment relics on our ability 10 use d~ta qual ity rules to accur~tcly 

identify all data errors. By \hal wc mcan find ing and identifying each and c,·cl)· 

erroneous reeonl Ho\\"cl"er, this pro,·e. 10 be a major challenge Data quality 

rules onco raU short in at Icast th",e departments 

First. Ihe fact \hat thc daw arc tcsted b) hundreds nr c'·en thnusands nf Jat, qual ity 

rules d<lC5 nol gU:1I"lIIIt"" that :til errors arc idcntified. The data mighl conform 10 

all appl ied rules and still be ina""urate. With the increMe in the number and 

,·ariet)" oflhe rules more errorS WIll be found. Yet tire question remains: ··HolI" 

many crrors did we miss·)·· 

Secondly. while well·designed rules Can identify data errorS C/I maSSe Iilcy will 

often yield numerouS false posi t;, ·e •. Without a S) Slemat i. approach to \I"e~ding 

oot 1he false positi'·es. the,· tend to o,·emon Iile Clfor reports ~nd oonm the ellti", 

effort of data quality assessment. 

" inally. most dmn quality rules test sc,·cral data clements nsainst one another. 

Whon a rule \·iol,liOl1 is identified. it is often not ohiou. \\hieh of the d,t:I 

clements is incorree\. Knowing the e~oct locntioo or the error is e,itical since the 

quali!)· of differen t dJt:I clement' mO}· h.,·e different imporWnce. The error mO}· 

be critical in one of th~m bllt negligible in the other one. 

Consider, for e.xampic, the auribute redllndancy rule ror Hirdlate attribute . 11 

re:quire:s the employc<:'s origin.,l date of hire: (llircDate in E _EM PLOYEE_1NFO 

Iable) to coincide with Iile dTceli,·c datc of Iile earliest =0'11 in Ihe employmcn1 

history (EflDale in table E_ST ATUS_HISTORY). 



Figure 10_1 sb(}ws rele\'ant dal~ ror Iw(} empl"y.e!. The left panel' shol\' 

HireDate "alues while the right I)ancis sh(}w .mpl(})"m.nt hi51~' dat. in 

E STATUS HISTORY w~l". - -

Ob"i(}usl)" dala ror em ployee # I ]226 (top table.) \'io lates the rule and thus will be 

identified as an elTor. "hile dala ror employee # IS (bol1om tables) will pass the 

rule . Now 1ct"s compare these resullS with the truth (assumin~ Ihat II-e ha"c done 

researeh and found out when each emplo)'ee ocluall)' was hired) 

• Employee ~] 1226 is acluall~ part of M acquired company (coded as GB 

in Compan\'Code field) _ Employment with this ocquired e(}mpany docs 

not coun t for any fiR purposes. Thus employee #1 1226 was assigned 

HireDate as of the acquisition date 9115119')(,. The original emp]oyment 

history with the acquired com pan\' was loaded into the 

E_STATUS_HISTORY table during data consolidation for 

infonnationa l purposes only. Ou r rule docs nlll accoun t f(}, this s)ICcial 

case and produces Ihc false pooiti.c. 

• Employee ~ 18 has an original hire date recorded as 512011996 in bolh 

HireDate field and em ployment history. 0." ru le II ill. therefore. not gel 

trip)ICd . In foct notIC of the desiGned rulcs identifies il as erroneous. 

Howe,'er. the data is wrong! The actual date of hire is 6/3/1996. 

These arc \'cry important deficienc ies Our rule is simply inaeeurate:md must he 

impro\'cd bt.:fon: we can rely upon its results to c\,aluate Ihe data quality 



Chop'<r IU _ f ln, -Tunln" P ... Qu.lIo~ Rnl .. 

Fig~rc 10_2 sJ;o\\. IWO mOfC dala examples in ~,e same form,1. DalO for bolh 

employees is lruly in",curale and il docs "iolnle Ihe hin: dale nllrib~IC redundancy 

,ulo. TI .. , II., ,ulo "u,,"",I) (iud, I\,u "'lUI> H",,",e,. il ,It"" u"' ilLllio" '" "hid, 

of Ihe dol3 clements is erroneouS. 

1'Igo.o-. '0>-1: .,_,,,, ~, .. ,,,. 0 ......... ,.,... '0'"'' b, '"" _,... 

NOli. imagine again that \\e h.". conduc led rescarch and found oul "hen exh 

employee acluall)' was hired BdOl'- ,rc our (indings: 

• Employee 113000 was 1IClually hired on 511]/19'lH . Howe"er. his d,lO 

were nOi entered inl" the system unlil 5/13/ 1'l'JK During d31a entry the 

inilial emplo)'menl hisIO!)' record "uiomalically ddauhed 10 the then 

dale. and Ihe fiR administr~lor forg04.I OJ "'ake the correclioo. TI'cn:fon: 

in Ihis case. the erroneOUS daw ekmenl i$ the emplo)'ment his\Ol)' 

r.card. 

• Emplo)'ee N4506 was a\:lUally hired on 6/16.l 19H4 and lIorted for ~,5 

)'c:tr"S until "'Ii ring on 1212(>11992. 311 in 1ICCmd,nce wilh cmplo)'ment 

hiSlO",·. Two years laler she relurned 3S , lemporn",' employee , nd 
worked fmm horne until 4/11200 1. Due IOJ a software g1itch_ HireD",e 

"31uc for all rehired retirees "as changed 10 Ihcir rehire dale. TIms 

H,reDnle for emplo)'ce 114506 "-OS resel 10 71 171 11)95 and bccmnc 

incorrect. 

In Ihis c~ample Ihe ru1c correc ll)' indicates presence of an ClTOr. but it eanOOI lell 

IIhieh ,«ord is incorrect. [I may be acceptable for preliminar)' data qualil)' 
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a.se •• ment. but this mus, be i",pro"w before a serious d.ln cle.nsing initi"i"e 

CaJI be undertaken , E"en for d~'n qualilY a!.Sessmcnt. such imprecision m~)' be 
,;!;" ifi~",,'- h,,"S;""_ fUI "'illJU ~ I"_ UI~' "" loa," a ~I """"'lhal """~ Hi,cDa'" lJU' 

001 employment hisIO')'. If we arc asked whcther Of nOI the dala qu~l itl' is 

adequate for this JlffiCC". we cannol pro"ide a rci iablo answer, 

10 . 2 . RULE FINE - TUNING PROC ES S 

The c .<~mples of nok imperfections prese.:nled in Figures 10_ I and I 0-2 ",~kc da ta 

quality "",e",ment result. incomplete and parti.lly inaccurate The objecti\'e of 

nole rone_tuning is 10 idenli~' such imperfections and enh.nce Ihe noles as m"ch as 

possible . 

Rule r,ne-Iuning rehes larllcly on m.nu.1 ,'enfo"tion of Ihe sample data .nd 

comparison of Ihe results wilh Ihe errors identified by thc data quali ly noles. The 

discrepancies must be addresse.:d through rule redesign. error grouping. "nd OIher 

1Cchniq.x:s, Any rule impcrfccl ions Ihal cannOI be eliminaled mUSI 01 leasl be 

understood ruod (lCcountcd for in the dal' qu.IiW seorc<:.rd. The JlffiCess of nole 

fine. tuning i",'oh'.s four step. shown in Fi!:(urc J 1J..3 

Identify'''i AnalY'i"i R.o Handhn~ 
Rul. imporf90tjcn 

Enhancement Rom~Inin .. 
imperiedionl PaL(.,-,1 lu uN 

....... ,w,,,, ... .. R ... ..-.. • .......... _ .. 

n'e objecti,'c o f the first step is to ide llli(v rule imperfections, The second step is 

de\'OlCd to tho :m. lysis of our (,nding' . nd the search for patterns, On the third 

'tep we enh:mce the no les in order to e liminate .. many Oaws as possible, These 

~"ce ,tcps arc repeated ito'"ti,'ely unt il we are satisfied wi th llIe results. c~noot 

make furthor impJOYemenls. or simply run out of resources. Ideally at that point 

we hne a set of rules Ihat 3CCur.llci)' identify and locale each and nery dala error. 

In rc,lily lI'e usuaUy SlOp shon of Ihi s objecl;"e , On the fonal , lep we t s\imale 

pcrccnUlgcS of residual false.: POSilil'c! and false.: negali,'e •. as well as quantify other 

error uncenainlies. 

Jrhob rr 



gel more ~rrars ""lidal..:! wilh the <.lme amounl of"or1.:. Secondl}> now e~p<ns 

.Iso look for ~1TQfS lhallhc dala qualil)' rules possibly missed. Finally, e~pcns do 
IIUl "c .... ..J Iu w".lo"laild ",,)ll1i,,); ,"buul ~," wI",. hl>l" ,oJ, ~jO) , j lllpl) full"" ~,"j, 

oorm~1 dala \'ali dation rOllline - indeed mOSI dala '::"pens han, to ,.lid,11. dala 

from time 10 time as a pan of their c'·cryda~' work 

In fael, an e,-en beller idea is to h.H do ta e"pens deansc the data from the 

scle.tcd sample. At this poinL it will take them 00 more work to make the 

corr~ctions onc~ Ihe in\'~stigalion is done. As a re~uh, the work i~ oot jusl a step 

in our rule fine·luning c~ereisc. bUI simullaneously a data impro"cment effort. 

Under Ihis banner you may find il ea.si~r to eonscriplthe d.l.1 e~pcrts 10 help in the 

projeci 

Ofcou'!>e. once Ihe e~pcns ore done "i~, dala ,.lid.lion we can simply comp.:"" 

thei r findin:;s Wilh Ihe errors idenlified by Ihe dala quali ly rul"" and produce lis\5 

of canfinned errorS as well as an)' discrepancies. This is the same inforn,alion wc 

II'ollld ha,'e oblained if the dala espcns were dircctl)' "uhdaling Ihe error ,eporlS in 

the fIrst place. 

10 .3 .2. How to Select Validation Sample ? 

The second question is. "How to select subjccls for manu,1 "alidalion?" Of 

course. it;s im practical to h,\,e an c.,(>Crt , 'eri(,' e"ery crror. Fonunalcl)".;t;s 3100 

unnecessary _ All We need islo v,lid:rtc a "rl,er small sample_ A sampl~ made of 

, few ~und",d subjecls is typica ll)' enollgh 10 identif)· .11 rule imperfeclions thaI 

impact many errorS_ 

Indeed, im'gine" darn qual it)" rule thaI initi.lly yields lOll false llOsili,es 0111 of 

1.000 errors (1 0"10 role). It con be shown sl,tislically that ,f"tcr ",'-,."-mg only 

scwn sample crron. the odds of finding a false posil;'e = o"cr 50/50, The odds 

grow 10 o,er 9 against I .flcr only 22 S<1mplcs. Thus. for. rule wilh a re.w"ably 

I"go fraction of falso posiliws. we only need 10 ,·:rJidalC a small sample before we 

find a reprcsenwli,'e problem, Since rule imperfections are Iypieally SlSlcmic. 

finding e,'en One or IWo false positives would often be enough 10 sec the pallelll. 

enhance the rule. and eliminate Ihe problem, 

On the other hand. if a rule has 10 false positi,es oul of 1.1101) errors (I 'Y. ratc). il is 

'"' likely thaI we ,,·i ll hil on. of rl'em even flon, a large sample, Jndeed, we n«d 



70 errurs re\'iewed 10 ha\'e a 50150 challce of hillinG one false po,ili,·e Th i, 

basicnlly mcans Ihal we arc unlikely to idenl ify such minor prob lems in P'"OI'ticc . 

n,o \;<><.<.1 110'" i ,' Lim' ~u'" 4~"lily """""'"Oll ' ~"'" llU' load, fUl L1,0 "'~l> " ill, 

ullim ' lt perfection . There;s nol much praclic~1 diller."cc bclwccn h"-,"g 1.000 

or 9<)0 errors_ So c.-en if OUr ru le, h.'-e a rew false: po.ilin" and false: nCJlati,-e, 

here and the1\'. we do not need 10 be C()l1ccmed with Ihe o.-crall rcsullS, 

The s.lmpic si"" is typically percci,ed as :m all-imporlant que stion on marl} 

project, and is co'·ered ill mysteries, For illSlancc. it is a conlmOIl misconception 

that the sample needs 10 be proponional to the si,.c of the database . II is also a 

misconception that mathematics offcrs an exact formub for ortimal s.lmple size_ 

The typical r.sull of these misconceptions is that project team, end up with a milch 

bigge r sample (an d thus much more ..-ofl,) than really ntees,ary E,'en more 

disappoint ing is that you can get marginal results from the ycrificalion of a !:lrgc 

sample if the sample records are not properly sdcrted . 

The truth is that bow the snmplc is selected is f~ r ".,ore imponnnt thall how big it 

is, For nOw !cr. ignore the question o flhe ultimate snmp le si,c. Instead. we wili 

~ddrcss the iSSllC of how to se lect subjcrts into the , ample, Fl.ll1damentally. we 

need a sample dl3lmeets two criteria 

• It allows us 10 make sa fe concl usions about Ihe numbers and types of 

inaccuracies in the data outside of the ",mptes. 

• It yields as much infom'atioo a-> possihle aboutl1lle impl'rfec tions, so we 

c,n Use i( to fmc· tut>e the ru les, 

The second objc"i,'c is far more important. Indcrd . if we find rule i,nllCrfections 

we sund a good chance of el iminatinG Dlost of them_ Our error ropom will then 

b.: .. cry accurate_ and estimat ing the number o f residual in:tecuracies becomes a 

somewhat mute poi nt 

The fir>t objecti' e is .chic,'ed by using a fOndnm sample . i,e . ll hen tlte selection 

criteria arc not biased towards certain I)' I"'S of subjcrlS, An ideal method llSCS a 

computcr_gcner~tcd n ndomizer to pick sampt. subjects_ TI,i. principle is rarely 

followed in practice For instance . I often """ sample sdcction delega ted to the 

da", e~pcn., who are usuaJly bi.sed towards wh.1t Ihey know abom the data aM 

tend to seicct know n "~pecial cases."' Thei r samples. then, do 1101 randomly 



repr .... nt all dn a problems and are of limited ,·ulu., While it ""tually he lps to Jel 

the e~p"rts pick sample subjcel~ in addition to the basdinc !;amplc. the baseline 

il.df "IU.I Ix: "l~al"cI "I"'" IWldu,,,I)'. 

The second objective is lIChic\"Cd by using a represcnl:!ti,'c sample , i.c. a sample in 

II'hic h ~Il rc lcl'ant Iypes of su bjects arc reprcscnted. BUI how do you identify 

reb'ant typcs of subjccti? In lhi. eonlCXt. .ubje<:t type •• re defined as groups of 

subjcets with similar t)P"S of CITon. And of course (as is I)'pieal in all methods 

r<:lying on sampling), if We kne\\ all about error types we would 1I0t need to hllild 

the sample and wocf: on the rule flnc·mning in the firS! pili«'. So this de fin ition 

docs n01 help us 

Mathemntical stmislies suggeSlS thaI a larse enough r""dom snnlple would mOSl 

certainly he represcntalive due 10 Ihe la w of large numbers, bll1 li e do not \\anl a 

large .ample, Furthcr. a sample ",I""led totnlly at "ndom will be biased towarrl5 

larger groups of errors. This would 1"0';' well if the crrol"!l thcmsch-es were 

randon,. but in real it), moot crTOl"!l are systemic. Th us li e only need to find . fel\" 

nM imperfc'Ctions of any Kind to IllnKC general conclusions. The bott om line is 

thai we need a few s;unples of c"cry- kin d, r~thcr than a 101 of samples from a few 

rutes with the m~jori ly of errol"!l 

Let's say we want to end up I.-i lh 10 .,mpte subjects lI'i lh errors for each rule. 

How can we bu ild 5Uch a , ample'! It seems Ifi,-iat on the .~urface - just sdect 

randomly tu subjec ts for each rule, ri ght1 Wron g! Thi, 1I'0uid work if Ihcre was 

no o"erlap belween populations of subjects with errors found b)' different rules. 

However. in reality rn~n)' subjects ~a"c mult iple erTOl"!l. And so when we scl""t 10 

sample, from ru le # I. onc or morc of thcm will likely h.,·c crren in olher rule,. 

say rule #2, Then if we selected 10 more subj""l< from rule N2. we would end up 

with II in 10lal. r'lher than 10, In f~ct. iflhc o,wlap Ix:twcen e,·cry· pair of rule. 

was 10% and we scle<:ted randomly to subjects for each rule. we would end up 

with aboul 2tl samples for eaeh rule, .. ther than 10. This is aclu.lly good ne,\'S. 11 

me,nS Ihat we nccd a smaller o,'c .. ll samplc than mitially thought In othe r 

words. 10 get 10 samples from 3U rules we Iypically need much le ss thcn 3fltl 

sam ple 5U bjects, like ly as fell' as 150-200. 

The .ctual algorithm for selec ting 10 sample subjects with eITOI""!! for each rule is 

rather tricky. In faci. there is no c~act 1t)J!lhod. I uSC a simple. rather informal 

rOC ICh 



10.5. ELIMINATING FALSE POSITIVES 

Con,ide< I"" f~l.., posilil'e e~"mpTe from Fig""," 111.1 (sho"n 'enin in Fig"", Ill­

.j). A dala expert could clearly communicale lhe reason IIhy the error we found 

for employo:-c 11 1122(, is ~ f~l5C ))Osili'·e. The employee is actunlly pan of an 

acquired company (coded as GH in Company Code field). and employment with 

Ihis acquired company does nOl eounl for any HR purposes. The HireDate is 

correclly sci to the first day of the employment with the: parent company. The 

employment history shows pre"ious employment with the acquired company for 

information purposes. In this case HireDnt. simply does not hal" to mateh the 

efTecli"e date of the carliest record in tbe employment bistory. Rather it must Ix: 

sci 10 1hc firsl do)' of employment with the main parent compan)" (or one of;15 

original .... bcl i,isions) 

We can nOn" t~· to find the pattern thot can be: used to enhance the nrle. First We 

need 10 delermine all of the acquired companies Ih Ol fal l in this category- and 

identify their eompan)' codes (fo und in the CompanyCode field). So:-condly. we 

need to determine an algoritlun for ,'alidaling the yalue of HireDate for all 

employees from Ihese ac qu ired comp:ll1ies. 

The c~pc" may suggcsi using company acquisition dates. which can be found in 

COMPANY table. For instance, the acquisition date for company Gil is listed as 

9/ 151l?%. Howe,·cr. we eannollrust1hc c~[lCrts blind ly. No disrespect. but 90ul 

of 10 general rules suggested by data e~[lCrts Dre wrong. II is not for the lack of 

mo" ledge. but rather because daw e~pe"s are used 10 thinking ,boUi indiv idual 

situalions <,{her than in (errns of gellCral rules. 

To check thl: acquisition date theol)' we could Siarl by ",,,ning a report showing 

HircDate ,-a lue for DlI employees "hose employment startS with an acquired 

!1J 
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CO"'I"'"y B=d on Ihc e_~]X'n'. opin ion. we e~]X'<11O lind all employees from 

(iIJ to h~,-c Hird)~tc of'" 1511996. What " -0 might ~CIUal1\' find ii thaI Oflly ~bout 

halfuC ~J~m du_ AII"~J~J 31J'"/. h~,~ Hjl~D"", uf 11/111')')6. )~I U >lu.Jb £h>Up 

has Hi",Datc of 511511 '>97: and SOme emplO)'ees ha,-e dates in between. 

Amled ",ilh this kIlO" ledge, we go back to our data experts and promptlr I~am 

that cmploycc, from tl1c comp'''y GB were transferred in 5t.ges_ Ihus the ma"y 

d~lCS. Thc iame is true for se,'cral other ocquisilions. This situation is ,'cry 

typic"l o f wOlking with data eX]X'lts. TIley ha"e a tremendous amO\lnt of 

kno"lcdge bUI u~ually cannot summ;u-i~c il. You h.,-c 10 a5k the righl qucstions 10 

gCI the righl answers. and fmding exoeptions from Ihe rules is the besl Wa\- 10 nsk 

lh. righl questions_ 

So no\\' we ha," delermined tim HireDate [or employees from acquired 

comp""ICS docs nOl ha"c 10 fall on the acquISition date listed In COM P ANY labl._ 

Whal do we do now? One suggeslion ;s to sim ply asswne that nn)" of the dales 

during the acquisition period are ~eeeillabk. HOlle!'cr, Ihis is nol ~ ,'el)' ace'lra!e 

rule if ~le period c~lCnds o,'cr i(;\'Cral years. We can ensi)), miss man)' errors. 

DMa ga,,ing gi"cs uS another altcrn nti\'c , A look althe data in FigurelO--' suggesls 

that the acquisition was coded in ~le employmcnt hislory as one-da)' tcnninat ion 

on 911-1/19% and rehire on Ihe following d~' We can usc Ihi, palleTn to malch 

Hi",Date againSI the dale of tl1e jll:"Jlflll! record A repoll again is in order. 

ch""king thaI the lec hn ique was nsed for all acquisition. , More likel)" than 001. tl1c 

report will shol\' some funher kinks that require 1110rc in,'estigalion. I loH my job! 

The boItom line is Ihat rule fine-tuning is a process that takes mueh data nnalysis 

and imcstigalion. 11 "Iso Iypically result. in ooding n )01 or special logic to the 

rule s 10 make them more aceurale . The further you go. tl1c more precise will be 

Ihe dala quality "scssmenl. Fonu"'lel)". "ith reasoMble effons il i, 31mo,1 

al\\ ny, pos,ible to make rules quile precis<:. 

Wilh Ihe be51 efforl, it is ofien inc"iwbk Ihat some rules will still produce fals<: 

positi\,.o_ Therefore. we will alwa ... have ,omell'hal innated error coums_ To 

adjust for this phenomeoon we Can eSli ",nte fa)sc positi,'e fractions and use tl1cm 

when tahul'ling aggregate d. w qualit)" sco",s (sec Chapter )2). The best c51ima le 

for tl1c r~lse POSilhc fraction is the ratio of the number of ",main ins foliC posit;'c. 

in the ,ample among.1l ""iewed ,alnplc,. In o~\er words, if \\C I'alidated 20 



Now we can use this forumb to figure oUltru. desired sample si~e Sa\' wo h"'c 

UI~en a sample of 15 error.; idClIlified by a rule and found no (,lse posit;'""~'! tor at 

I~.>t ,,~dilllilla'~ol all ,.h~t ,,~ ( l>WKi ~~' fll ",.tUllillJ; u ,~ ,uk "hid, i> t.h~ ""'''0 

thing for us), Now. we do not know how m,ny false positi,'es this ruk really has , 

but we can bet 8 against 2 thaI the [r""tion of false posi tiH! among all identir.ed 

errors is no more than 10°;', nose arc good enough odds for me, Of course. the 

p:.lSSibilit)' o f ha" ing c,'cn 9% raise positi"cs may bc 100 unscl1 ling , 'Theu wc need 

a sl iShdy bigger salll ple. For inswnce. a sample si/,C of 3 I gi,'cs uS the s;tmC ~ 

.gainst 1 odds that Ihe fracnon of Illise posili,,"! among aU identified errors is no 

mOfe Ihan S'Yo, We can lune Ihe sample sil.es 10 our desired Ic,-eI of com fon or 

SImply acccplth. comfort 10,-01 pro,-idcd by II certain s;tmplc sizc 

Ono import:ml thing to keep in mind is thul this (om\U1J docs nol guaran tee 

anything but only Si,os you the odds, If we appl), tile same logic 10 many different 

rule s, il "ill work for most bul not for all. Indeed , if you play a g~mc "ith 8 

~sainst 2 odds e,'er and o,'cr nl>ain. ~'ou will slitt lose somc ti mes. Thus. bascd on 

the fommla wc can -S:I)' lhal most rules wi ll h~"e no more th(lll 5% of false 

pos it;,-.s. but some will prohably 11m. o,-er 5% At lhe ume lime. many will ha,'e 

W')' less than 5';~ 

,\1 Ihe end of the day. let", rememhcr ~,at we are dea ling with good records falsely 

accused by our dala qualily rules of hcing erroneous. Haying a few oflbese is not 

as b"d .s h,,·ing erronCOus records sneaking in among the good cit i~cns, So we 

are .. re here c"ell ifwc miss a few false posili'-e'. Once wc finish data qualit) 

assessmcnt and proceed 10 data cleansins, we will ine,·itably fiud these 

1"!p:lr:1I0rs. 

10.6. HANDLING FALSE NEGATIVES 

False negal;,·c, are data errors not found by an)' rules, Those arc thc most 

dangcrons .00 sneaky criminal s. Examples of false nogati,'cs arc often idcntificd 

during sample, al idation. Th-c challenge is to design new dala quality rules that 

'rill " teh thc missing erro~, Somelimes the dala e_~perts can 01Te-r suggc>lions by 

descnbing how Ihey were .ble 10 identif,· Iltese errors, In olher cases. data galing 

he lps [lOd something wlU,u.1 in the data_ A common tcdmique i, to find an 



Chop'<r IU _ f ln, -Tunln" P ... Qu.lIo~ Rnl .. 

10.7. HANDLING UNCERTAINTY IN ERROR 

LOCATION 

Consider Ihc 111'0 csamples from Figure IU-2 (shown again in Figure 10-5). Bolh 

are legit imate CITOI"S . Howe\"er. in the first c~se HireDate is correct. while (I\c 

dfccti,c da(e of Il'e firS! cmplo,""'cnt histor)" record is erroncous. In Ihe second 

case employmem history is accurate. while HireDat. is incolTcci. 

Sample \":uid1llion will idcmi(\" d,i •• itu1llion Fwthcr i""c5lig1ltion would 

hoperu 11)' pro,-idc the cxplana(ions. The first Siluation is an example of "delayed 

da," entry" inlo the systcn, . We can idenlify all si milar s i(u,,(ions ra(her 

accurately. (hough not wilh 10001. preci sion. An adcqualc alsorilhm would look 

for all situations "here HireD"te precedes clTe<:li'"" date o f the car liest 

cmploymen t history record b}· lcs.s than (wo we<:~s. 

The second si tuation is also rolhcr simple. Due to a sofiware glitch . HireDale 

\'a lue for all rehired retirees WaS ch"nscd to the rehire dale . We could eas ily 

idenlif,' all rehired ret;rees and sec thallh;s is Hue . If fonunale enough to be in an 

organization that docs fom .. 1 sollwarc maintenancc Inlckin!:, we may e,'en be able 

10 include in Ihe nole Ihc period of time for which the glitch existed. 

An d "hat if we cannot find good error pallcms'l Often"!,'OOd lechniquc is to r",d 

:KIdit;onal data elements rclOled to the dala compared in thc rule. We can usc such 

dala clements as "tic-breakers:' who decide l\ hieh of Ihc dMa clements are more 



Once we identify p.luerns, the next step is to enhance the ru les, We oan 'plit th.m 

into sub·rules. but ~ !>otlcr sol Ulion is 10 inlroduce ~rror groups In our case we 

ha,~ ~U"~ );Iuu~>_ 

• Hin:Datc pn:ccdcs the earliest employment history record by less Ih~n 

two weeks, 

• HireDatc ooinc ides wilh lhe .Ifceti,-o dato of tile Jl.EHlRJ, rocord in 

emplo)'mont hislmy for " rehired relir",, _ 

• All other errors 

NOie thai we al\\'""s h",-e the lost '"und=ificd"' error group_ Sample re,'iew by 

cXlICrts should ~l \\'a)'s Ix: focused on thc errOrs from Ihis group_ As "e r.nd mure 

JliIllcms_ we cuntin"e recla,,,fy"'g errors from thJt group rntu the known JliIUerns 

The reader ",ay DSk. '"Aren"t we goinll to far"'" Indeed a more narrow ,'iew of dala 

quality asscssmcnt is sim pl)' to identif), errors. nOl c~plain their causes. 

Investigating the nalur¢ of th. errors belongs to th. dala quality i"'I"o".ment 

initiati,·, . This is partially true, which is "hy I defer funher diseussion of the err or 

paltems and error grouping to my future book on dala oIeansing. Suffice it 10 "","' 

here lhat if }ou can rmd some error grou~ with differenl error typ"s, il is ,'ely 

useful to creale them 

It is .lso useful 10 esti",ale how often each of the reconls affected by , rule is 

erroncous ,mong ,11 idcntified errors. For c,;:'ilnple .• a~· wc rc,-iewed 20 sample 

erron from the HireDate r"le and concl"ded th ~t it> Ii"e of lhem IhreDale was 

erroneous. while in the remainin!; 15 the carhcsI employment history rCC<lld was 

,naeCUfl)te. Then our best cstima~ for the probability lhat HircDatc is Incorrect. 

gi"~lllhe n,l. violalion, is 5120 or 25'Y •. This infonnalion c~n be u""d 10 build a 

1II0f\) aceurale data quality """,ccard We will discuss the topic funher in the ""~t 

two ch,pters, 

l!n 



SUMMARY 

In Ihi, eh.'ple' we h~"o di..,,,,..,d Iho p'''''''''' o f , ,, Ie r.""_I"nine The P"'l"''''' of 

fin~ ·tuning is to idenlify and dimin3te "arions rule imperfections. which generall y 

fall into three main c~tcgorics' 

• F~ls<: IlOSiti" es are rule \'iolations that under a dose c~ami n atio" p'ol'e 

to be legitimately COrTCct dalm 

• Fals<: "egati,'cs arc errolleous data not found by allY dat~ quality rules, 

• Uncenai,uies in error location an: situations when. nole comp"es two 

or more data clements and identifies an inCOIlsistency but cannQl Iell 

wbich of the data clements is incollcct. 

The process of rule fine.lUning inI'Dh-cs four steps. The objecti"e of the fi~1 step 

is 10 identify rule imperfectioos, The onl\' way to accomplish Ihis is Ihrough 

manua l Hrifie.tion of the sample dala by the dOl. c~pcrlS The second slep is 

de'oled 10 the analysis of sample nrifica\;on findings and the scarch for panerns. 

0" tl'e Ihird slep lie enhance the ruks in orde r to eliminale a~ many flaws as 

possible, Typical enhancemenl-S include narrowing the rule scope and adding error 

group • . In addition. new rul~s sometime. must I>c desi&,,~d. and some ori£inally 

designed ru les arc eliminated 

The.., three steps are re peated iterati,'ely unlil we an: smi,fied with Ihe reslI lls. 

can"ot make funher imprm·emell ts. or $imply mn oo t ofrcsourccs. Ideally allhat 
poinl we haye a set ofrulcs thai aecumlcl)' idenLify and loc.te each ~Dd ",'cr), data 

er'or. In 'ealily we usually Slop well shOll of Ihi s objeel i,c. 0" Ihe final step we 

estimalc percenlages of n:sidu.l false positi,'cs and false ncgatiHs. as \l'dl as 

quanti ty other error unCCMintic" 



CHAPTER 11 
CATALOGUING ERRORS 

The mai~ object;,·c of dat a quality assessment is to identify erroneous data. To 

~\at CI\(I we design numerous d~la quality luleS and usc them to " ro<locc an o,"el1 

grcaler num~r of lengthy error n::ports. While it seems rather simpic to ston:: 

these error ,cpons. the las\; pco,-cs quite challenging in pf1lctice. I ha,'o ,ecn many 

<lata quality assessment pmjcel!; successfully producc hundreds of .r!(lf ""POliS 

and gel subsequently totally IOSI in the meta dala jungl e_ The sight of a SOU-page 

prinlOut or c'-en of an electronic listing with 20.000 lines of error mcssaHcs will 

make most dalD qualil~' proression ~l s duck for CO\'cr. 

To gel any si~incant \'al nc out Of lhe dala quality a.scs~mcnt initial ;,". we need a 

well-structured. qucryablc clewoni. errof catalogue. An ideal error catalogue 

would support the followin g fuoction.lities: 

• Aggregate . fi ller. and sort errors across ,"arious dimension'>. 

• Ideoti!)· ",·erlaps and correlations between errors for diffc!X'nt rule'>. 

• Identify data records ~rrectecl by n p.:lrlieu l~r errO r 0, n group of errors. 

md 

• Idcnti fy all errors for a p.:lrlicu la, data reoord or a !oCt o f records. 

This funclionalily can o nly be ach ic,·ed if Ihc: error calalogue <lOrcs all Cm.Jf 

report< in a relational structure thm l in~s errors with rules thar identify them and 

"ith erroneous data records themselves In this ch.pter. we will discuss such 

arc hil.C{U", 

• Section II 1 introdu ocs basic clTor calnlogue coneepls. 

• Se<:{ion 11.2 pr.seOli methods for tracking potenli ally mi ssing records. 

• S""lion 11.3 introduces:m important concept of errOl" locmion, 

• Section 11A discusses elTor cro ups 

• SccliOl1 II '; deseribes Ihe rn~chanisrn for subject-Ie, cI erro' {'acking. 

llJ 



Chapin I I - C.'" I"~"i,,~ [r,''',., 

• Sc.:lion 11,6 presents lhe SlIlielu re of error mess'g\:s, 

1101. ERROR CATALOGUE BASICS 

An rrror t:al"loK"~ is a sroup of emities Ih,. coliectiycJy ,lOre. information aboul 

all idenlifled Jal. errorS. An error e.L, loSuc is Ihe Core part of d,la qualily mela 

data, I will sturt the onal)'s is of the erroT e.".logue archilecture from a simple 

e'<8lt1plc. Consider the .llTibule domain eonw.inl described in T.b le II-I. 

ForlnOl D.fin~ion : 

II>I",maI D .. <,I",ion: 

EmplOy" t)'po most . _ .. 0 f """"oIonol·) 0< CO_ ol . .. <IIy .... """", __ • ""'" "" 

r ..... ono • • R f rev<lf.orl or r ('t<i 1fll'Of'l'l'l 0"" tho ' '':0'''' one o. F ("f\III-limoO

) or P f pon· 

Iino'), A' ""'or v . .... 0 '" ""olid , 

Figure 11- 1 shows 11'0 records in E_EMPlOYEE _STATUS table with in,-.Iid 

"o lues of EmployeeT)'pe allribute. Rule #1 from Table 11 , 1 \\i ll identif)' both as 

erroneous, Ho,,-do we record these error,;n the CrroT cataloguc') 

Firsl of .11. each error must be registered in • general error listing. Al 0 bare 

minimum ":>eh enny in this liSlins mUSI be gi"en 0 uniq ue error idenl ifler and must 

also reference Ihe dala quality rule thaI found Ihe error, 

Additionally we lI'antlO be able 10 ident ify the dala nxords \\here ~I e errors arc 

found , Consider Ihe erroneous =ords in Figure I I- I ElICh can be identified by 

the combination o f the table n,me (E_EMPLOYEE_STA TUS) and the " uluc of 

" , " '.' 



the prim'~' key field E"'pID_ In ge",",,"I, we can rdcrencc any record in !.he 

database by a oombinntion of its ,.ble name and the ,·.Iue of n unique identity k",·. 

Such ,do,o"co ,eli.bl> di,u"J;ui>l,o, ,11 Ic""u,d,_ TI,o 'l"o"iull ,,"CUII'"'_ "hid, 

ide ntity kLy' to use? 

The simplest solulion is to add a surregalC key altribute to al1tablcs and use il for 

rdereneing. Table E_EMPLOYEE_STATUS '" Figure 11·1 has such" surrogate 

key field n:uned RecordlD. II is actually coo,'enient to ha,-e" common name for 

~\e s"nogale key in all database tables. No,," we can easily reference. 1I erroneous 

I"t'cords using a simple identity key mooe up of the table name and Rc-cordlD 

,-alue_ For instance. records In Table 11·1 are referenced "' 

(E £1Ill'I.ol'EE STATUS; 1661~ .nd :1:.""-EMI'I.OrEE_.'>TATUS; 190-lj 

Figure 11_2 shows basic error cot.logue al"t'hilccturc made of two l,bl" ERROR 

table ,imply li,ts .11 en"",,, and pro" idcs reference to the data quality ru!cs ~,"1 

fouod eoch eITOr. ERltOR_RECORD t.ble references octu.1 cOOneeuS records. II 

muSI be a separate table because a single eoor "ill e lkn alTect multiple rccerd! . 

.....,. 11-2: a .. " A« ... """ ", ... ~"'" e'''1<9>0 

Let's look al the IHy the coors = registered in Figure 11_2. Rule #1 finds "" 

enoneou! value RFf in EmployecTyp\: for employee 136495. It logs. nCII" entry 

with n uniquc ErrmlD equal to I into the ERROR table . A linked elll".- i. made in 



Ihe ERROR_ RECOR D labl~ It has 1M same Error!D 3nd identi fies Ihe err(}lloous 

record M coming from E_EMI'LOYEE_STATUS Ulble w ilh ReeordlD equal 10 

1662 , 11'0 [J, .. ", i, '''''' "" '"l'lo"'. Wo ~ill' u><: i. lu Juo;~lo all O'WIlt:UU' '"~Uld, 

The re:>de r m:l)' wonder. '"Why arc we using a surrogale ker 10 reference erroneous 

reeordsT ' Arlor aiL mOSI dal3 lables ha,e a pri mary key, "hiel! ean be used for 

referencing, Ho,,-e,·e .. ming actual primm)' keys may be undesir.ble for sc:"eml 

reasons , Fim of alL primaI)-' keys are nOI al"'ays enforeed by the dalabases (we 

e"en include iden tit)' mles to check primary key "iolations in the data qu~lity 

assessmenl). When key duplications an: possible. the kcl' canl\()t be used for 

rel iable record referencing. Secondly. some dal:l table. rna,' hay. composile key. 

made of muhiple ~l1ribules with ,.arying dalO types, Using values of such keys in 

the error calalogue presc:nls significant cha ll engcs. This is why I recommend 

using surrogate keys in place of aclua l primal') keys, enn when the primary k~')s 

ex isl. 

Surrogale keys are easy to creale nhen data qualit} assess ,nent is done in a Siaging 

~re~, rnlher Ihan againSI Ihc produclion dal:llmsc . I always recommend using a 
stagi ng :tfCa IIhen Ihere arc no plans to exeClilC d",~ quality assessment 

recurrently On lbe other hand. IIhen data qualilY as!;Cssment is donc on a regular 

basis. we often hal'C to run tho ru les direclly against the producli<m database: and 
thus we arc stuck with the actual struclure of the databosc. We will discn .. Ihi. 

silualion in dcl.il in Ch.pler l ~ , "hieh is dedicaled 10 Ihe spccilies of recurrent 

d.", qual il~ ' aSSCSSmclll. 

11 . 2. RECORDING M ISSING RECORDS 

Noll' consi der a s li ght]', 

[ _STATUS_HISTORY enDty 

more complex foreign 

(described in Table 11-2) 

kc\" constrainl for 

Any lime an orphan 

record is found in E_STATUS_H1STDRY lable with nO malching r.:c,ml wilh 

.. me EmplD in E_EMP LOYE E_ PROFILE lable. an error must be recorded, 



Formal Defi"~ion: 

In_ O .. ",lplion: 

Eve,.,. 'tcOIG irI tl>t _pIoymtnl ''''1 .... lii0i0,.,. rnusI,,",,1 EmplO '''lflocirlg . n "101"'11 

"",ploy" .. "" ., "'" rna;" I mplo," pror.to IObll , 

..... 11·Z: foreign K., """",at .. '''' l!..al~lUa-,U""'Y 
Figure I I·, displ,ys dala ,'iolaling this rule . II shows Iwo records in 

E_ST ATUS_HISTOR Y lable for emplo)'"" N 11-1603. There is no =ord of such 

an emplo)ee in E_EMPLOYEE)'ROfILE lable , The foreign key constrainl (rule 

N2 rrom Table 11·2) "ill idenlify lhe error. How do n e record il in lhe error 

calalogue'! 

TIle challenge hm: is lhal lhe error "M be c~plained eilhcr by erroneous q lues of 

(mplD in E_STATUS_HISTORY records or as a missing record nith EmpID 

equal 10 11-1603 in E_E~IPLOYEE_PROFILE lable. We already know how 10 

reference E_STATUS_H!STORY records in Ihe error ,,'I,logl>O (by using ",ble 

ERROR_RECORD), BUI hOIl do we log a possibly missing record'! We cannot 

reference what docs nOI e"iSI! Yel we eannOI ignore me possibili ly. Missing 

records on: as ,mporlonl as erroncOus records and mu sl find meir "')' tnlO lhe 

e!Tor TCp<>r1S and. ultimately. me data qualit)" scorecard. 

""'" • • t ... , _ord ..... h .... ~ K.y """",',, 
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The solution necessitates the introduction of an additional table into Ihe error 

cnl.logue. The ItCII ERROR_RECORD_M ISSING lable ;s used to tr:>ek p<mibly 

",i»ill); , ~"u"h_ figu,~ 11-1 illu;,U" L~> ~,~ ,,,,<: u{ tl," """ 1a~1~_ 

Rule n i. applied 10 Ihe daL1 from Figure J 1·3 and find. a foreign key yiolalion 

for records "ilh Empl D equal to 11.!603. II logs Ihe errOr wilh uni"", ErrorID 

equal 10 2 inlo Ihe ERROR lable. Two linked entrie, arc made inlo the 

ERROR_RECORD lable, They reference Ihe 1"0 orphan records (RceordlD 

~333.\~ and #33350 in lable E_STATUS_HISTORY), In OIddilion, nn ~nt'" is 

logged into ERROR_RECO RD_MISSING tabk indicating the possibility of one 

record missing in E_EMPLOYEE_PROFlLE_ We can now usc Ihe error catalogue 

to locate all erroneous record. and also 10 connt polemiall,' missing record,_ 

11.3. ERRORS AFFECTING MULT I PLE 

RECORDS 

I.10st data quality rules nff""'t SC"crnl records. onen in SI: ,·eralt.bles. Thus "hen 

on error is found. one or more of these record, could be erroncOIIs_ We mU'llog 

all potentially erronoous or missing records in the error catalogue so they can be 

bier identified for funher anal) sis. For instance . for the foreign key error shown 

in Figure 11-1. we catalogued both orph1l1l record, "nd" potentially mi •• ing parent 

record. Now lI'hen "C d..-..:idc 10 run an error report Or build the dala quality 

srorccard. all possible errOr. will be accounted for. 



But" hat if we conclude that 75~. of the time the foreign key "iolation is caused 

by a missing pan::m =ord. and 25% of the lime orphan n::cords an:: mislabeled') 

w~ ~u"' lu~u"d th"m ulL ~ ut II .. ", "" "" lllu\.." >Ul" lt ~lt ~," "'WI> "' " !"ul"'ll, 
cOlln lcd~ Indeed , a 'luc')' tallying all catalogued r~,<:ords will count Ihn::c. in 

reality we ha"c 1wo erroneouS records with probabilil)' 0,75. or one mlssmg record 

with probabi lit)' 0, 25, Un der no circumstance do we ha,'e three erroneouS TCeords. 

This problem will persist fOT most data qualit) ruies, We will inescapably 

o\'cr~timatc tbe number of erronroU$ rccords. Whnt we need to do is somehow 

ilSsisn error probabilit\' factors to the potentially erroneous n::cords. 

The first solution th~t comes to mind is to add EIfIJrProbnbility attribute din::ctl" to 

the illbl.s ERROR_RECO RD and ERROR_RECORD_"llSSING :md popu late i1 

during lhe nile ex"cUlion. But it is , 'cry inefficient Firsl. we end up storing Ihe 

same "ait., with e,'c')' enor More imporlantly. ,f we later concluded Ihat ou r 

(l.75f1U5 probabililies were off and 0.910.1 were more pn::cisc. we would be 

forced to rerun the rule. 

The proper !iOlulion is to introduce the concert of ~n'f)l" /o"al;"" that marh 

records in simil~r cireumstances, Enor loc~tion" musl be selected in such n w:l}' 

~lal frx all records from the same localion the probability 10 be in error is the same. 

For instance, a foreign key constraint would ha,'c two erTrx localions: 

• Orphan rc<:ord. 

• Missins parent record. 

FiguTC 11-5 incOTpOfaleS loc~tions into lhe error catalogue From Figure ll-~ . The 

list of locations nloog with error I'robabilities for each one i. >lored in n new ~lb!e 

RULE_ERROR_LOCA TION, We theo n:cord localion for each erroneous record. 

Orphrm E_STATlIS_HISTORY n:cord. are properly assisned location A. while 

potentially missing record in E_E~lPLOYEE_PROf!LE ,able is designated "i lh 

locatIon It We do not ne<:d 10 Slore error probabilities in ERROR_RECORD and 

ERROR_RECORD_"IlSSING tables as thesc can be accessed by queries. but we 

show them in Figure 11·5 fore""" ofunderst.lnding 

And wh al if we concluded that the error is always indicative of a missing p"rent 

record In E EMf'LOYEE_PROFlLE table? Then, ofcoursc . "C do not h"e 10 

log orphan Ii _ STATUS _ HISTORY records into d,e enor catalogue Howeye r. if 

11 'J 



il was desirable 10 calalogu" such records (for inSlance for re fere',," purposes 10 

know which records were used by Ihe rule), we "ould lis( Ihem under a iPl'd"1 

I""",i"" " X " ..""jg,,~J ~'lU' l', ul>"l>ilil,' O. 

_" "of: ~"" 0:.0._ 'ne .. ..,. .... ~I .. I.ouI_ 

Keep in mind thai the assignment of records 10 lo<:alions is dri\'en by Iheir 

likel ihood of l>cing in error. nol by their physical locatioo , For c,xamplc. consider 

!he aggregated reference rule that ,',Iidale. all fon:ign ke~'. referencing 

E_EMPLOYEE_PROFILE entily. ,\ single error wi ll aITecl records in all 

dcPl'ndenl cn lilies wi lh lhe SlIme \'aluc of lhe key allribul. EmpIO missing in lhe 

parenl E_EMPLOYEE]ROFILE enli(y, This rule \\ill sli ll ha>'e 1\\'0 error 

Io<:alio",. Indeed. we h.,'o onl~' lwo po .. ibilities: e ither a parenl record is missing. 

or all ehild records are mislal>cled. Therefore local ion A can l>c "$Cd to refer to all 

orphan records in all dcPl'ndcnt entities. 



Consider "'lOther ~nmpl c , St"te ·\r"n~itioo rules limit , 'alid pairs of stal~~ in 

sequcntial !'I:cords. Each error will therefore impact two records in the Sillne stnte_ 

<k:1"'"Jo"t outi,) . Auu" ,i, " ,u) iuJi"" 'e tbil l U,e ru,", ,e"",J is IIIU' O l i~d) 'u t...: 

correcl, say in 90'% of cases, Ihan Ihc second. To incorpornlc Ihis IIC would 

inlroduce Iwo elTOr loc.lIon.: 

• Firsl (carlicr) record. 

• Second (lalcr) record. 

We will then ,ssign appropriale probabilities to these localions. Now we h,,-c an 

error aITecling records in !he same lable bUl assigned 10 diITerent localions. 

11 . 4 . ERROR GR O UP S 

When a rule has muhiple error groups . We r>eed 10 categon~e each error inlO ilS 

group, We also need 10 account for Ihc jX>SSibilit\' thai elTOr probabililies by 

loca1ion \':II" for diITere nt error group,. 

Consider the example of the aggregated reference rule that ",Iidale, all foreign 

keys rdere"eing E_HIPLOYEE_PROFILE cntity . Eaeh error "ill aITee! all 
orphan n:cord, wilh Ihe ,,,nne EmplD in all depende nl emilies. We e,", colegori7.c 

all errors into Ihree groups: 

• Errors wi lh orphan records in Iwo or morc I.bks 

• ErrOlS wi lh "",'eml orphan records confinoo to" single ",ble 

• Errors wi lh On I)' One O'l'han n:cord 

We c,", .ea$onably eonclude thaI errors of group A arc mOSI likciy caused by a 

mi .. ing parenl record. while error, of group C arc more likciy explained by " 

mislabeled chi ld r""ord. Ass"n,. that the estimated error probabili!)' by lotation i~ 

3 S s~o\\'n in T3blc 11·3. 

G,oup A -.. Groupe 

l oution A: OrpIron _ ~ - M. 

Loullon B: P. ,.", R« oo-d ,~ - •• 

J,hob " 



To full) incorporale error grouping into lhe error catalogue we must first add 

Ell'QrGroup ~l1ributc to the main ERROR table in ~,e error caIn logue , Funher we 

"'u>1 ucIJ • '"'" lalole lu .. "'~ "'WI pw loaloi li ty ,h a [JUJU T.I.oI" t J·3. 

Figure J 1-6 illustrale. lhis solution. The 101' four lables arc lCcbnieally parts oflbe 

rule catalogue. Obsc,,'e the roUOI,ing: 

• RULE t.ble lis ts rule U REFERE NCE.E_EMPLOYEE PROFILE 

• RULE_GROUP wble defines lhrce error sroups for "" Ie U , 

• RULE_ERROR _ LOC A nON table dcSl:ribcs lWO locat ions for ""Ie U~. 

• RULE_ER ROR _PROBARILlTY wble stores error probabilil ies 11) mar 
group:md localion as sbown in Table 11.3 

The bonom three tables in Fi!:ure 11·6 arc pans or the crmr cauloguc. ERROR 

table lists lwo errors. The rm;1 eITOr (ErroriD equal to 4) "lTects scI'en Olph"n 

records in three lables [or the !!.arne employee. Ob",,,e how il is recorded: 

• ERROR table assigns the errOl 10 group A ofrulc ~4. 

• ERROR_RECORD lable references all ",,'en Olph," record. Lookup 

inlo RUlE_ERRORJ'ROBAB1LlTY yields the prob.bilily ,,:rOo 1lllls 

we are ce rta in Ibe"" orp han records ore ""tu,lly ,·.lid. thougl1 we decided 

10 lisllbcm in lhe error e~1310!:uc for reference purposes. 

• Enll">, in Ibc ERROR_RECORD_MISSING lable indicates Ih~t one 

record IS ml ss ln!: m E_EMPLOYEE_PROFILE. Lookup In 

RU LE_ERROR_PROBABllITY ohl"ins lhe probJbili ly one. mcanlUg 

d'al we nre cemin a record for this employee is mis'ins· 



The second crror (ErrorlD cqual to 5) im'ol"Cs " single orphan ~ord_ 

Accordingly, ERROR table assigns the error to gro up C of rule #4. 

ERROR_RECORD table rderences the orphan record (RccordlD ~ 206 in 

E_STATUS HISTORY table) classified mto location A Lookup into 

RUL E_ERROR_PROB ABILlTY yi elds (he probabi li ty OX This mcans thaI 

record ~206 is crronoous wilh MOO!. prob.lbil ity. 

Keep in mind thal thi s techn ique assumes mutually cxclusi,·c error groups. i.c . 3 

siluation "hcrc each error falls into one and onl)' one group. A so lution for 

HJ 



m-erlappins ,!:roup< is also pos,ible, but more eomple~ I recommend using 

mutually e~dusi,-c group~ "hene"cr possible for basic grouping purposes and C(lr 

<k:ClIJiug ~JlU! 1""Ihl~iliti~. , A<ld iti",,:J g"'u~. ~." Ix: ddillt:<.l u. WI;> in ~j~ ~''''J 

mes,age, as discussed in """lion 11.(, 

11 . 5. SUBJECT-LEVEL ERROR TRACKING 

In Chapter 8 we introduced the concept (If subjects - high_le,'e) business object' 

IIhose dal:! are stored in thc d,l.base, For e~amrlc , employees and Jl"Osilions are 

:"nong the subjccts in c(lmm(ln HR dJI.boses: shipping dalabase subjects would 

include orders. eust(lme .. , and produels. Subjects play. critical role in daw 

quality initia li,-cs 

First of all, dala qualily is more m,"",ngf,,1 when defined Of! the subjeci Inc! 

rllner than the =0«1 le,-el. Indeed. knowing Ihat \0% of emplorees hale 

intorrttt HR data. or that ~% of insurance cla ims h: ... o malerial errors, is far more 

important Ih~n knowing Ih~t -1-% oC dala m:olds in Ihc u.wbasc arc erroncous. 

Subject Ic'-c1 qualil\' measurements Can be easier translated inm Ihe cost of bad 

data and ROI or d,t. quality initial;l'es 

Sec(looly, many dat.1 quality rules (lJII'rale on the subjecI_le,'el dala_ For instance , 

stale_lransition rules rea lly apply to subjects as • ,,~\Olc ralhcr than 10 individual 

records, E '-en sueh simple rules as foreign key c(lnstraints arc more meaningful on 

the subject le\'eI. Recall holl' we aggregated \'arious forei"n key oonslrainls inlo a 

composile reference ndc 10 se<: all orphan records for U\C s'me empio,'ce, 



HoII' do we accomplish Illal? We cannOl simply reference Ille subjecl from insi<k 

ERROR table sitlCe an error nl",' imp~ct muhiple ~ubjecls_ A proper solution is 10 

...lei am>lh", "'"" ~~l~I,,!:u~ la~l" ERROR_SUBJECT. fil>u,~ [[_s >-I",,,. lhi. 

e.'panded errOr calalogue wilh errorS (4) and «(,) logged in. 

&ror (4) is logged \lith error identifier ~IOI. "hilc error «(,) is logged "i th 

identifier 1/217. As you can sec. ERROR_RECORD table references all four 

alTeoted records (two for cach error). At the S<lme time ERROR_SUBJECT table 

indicates that bolll elTOrs alTeet the same cmplo)'cc 1/193585. The u-aoce is now 

complete. The data can Ix used to ron subject-Ie'-ct datu qual it\" reports. 

Note thut in the general c;tSC of multiple subject classes und multiple 

helerogeneous daL:lba<cs. we would need to create a master subject list for each 

cbss. That is "h\- we ha, •• ((ribme SubjeclCIas£Name in ERROR_SUBJECT 

L:Iblc . We could also usc these master list. to track the status of each data qualit)' 

rule for <xh subject. For instance. "'0 could add Boolean flags for neh dal:l 

quality role to indicate whether or not each subject passed Or failed this rule . This 

mechanism would lr<:mendousl)' speed up subject-b'd efror reporting and also 

help us manage imcrdependcnc ies Ixlwecn dala qualit), rulc ~ 

H 7 



• ..... ,,~, b .. ........ . "" . R.' .. _ ...... 

For instanee, message for the lim error (ErrorlD # 12) tells uS that for employee 

~ 11~603 a total of 15 orphan records were found in Ii"c en ti tics, Specifically. one 

record in E_EI>IPLOYEEJNFO, onc record in E_EMPLOYEE_STATUS. two 

records in E_STATUS_H1STORY, nine 1'e(:ords in E]AY_RATE_HISTORY, 

:md two records in E_PAY_SPEClALJlISTORY . This elearl" indie~tes th~t a 

comprchensi,-. sct of record. exists for this employee in all bUI the main 

E_EMPLOYEE_PROFILE table, A sim il ar si tuation applies to cmploHc 

~ 1 53379 (third row for ErroriD # I·n 

On the other hand. the message for the I",t error (ErrorlD # 17) shows that for 

employee N80S2 there ure eight orph:m records. all in a sinSle l.lbk 

E_PAY_RATE_IIlSTORY. The next (0 last error has identic al message for 

cmployee ~212J. These errors likely nJ"c the sa,ne cause bu t still differe nt from 

that for the first two errors_ This conclusion would Ix: difficult to arriyC without 

compreheDsi,'e error messages. 

SUMMARY 

In this chapter we ha,'e diseussed the structure of (be Cfror catalogue - a group of 

cnti ti es that <ol leeth'ely stores infornwion nbo.,t all identified data errors. These 

arc key components of the rule catalogue: 

• Eoch error mUSI be !'Cgistered in a generalli sling ERROR, Each cnt.y in 

this listing mu", Ix: gi"cn a unique error identifie r and must also 

refe!'Cnce 1he data qual ity rule that found the error. 



nllm~rs_ COll"~rsely, delailed error rcpon. are unusable "hen Ihe \"Olu",. of 

errOfl; is SO brcc Ihat the report scrw~ only \0 disc()\lrag\O and not 10 enable data 

4U~lil-, i"l!,,'''"'''""! 

Many scores can be crealed for a single databasc _ Some can measure dala firne ... 

for , 'arious purposes: olhers can indicate qualil)' of ,'ariou. data collect ion 

processes. An.ly.is of agGregate score. answers key data quality questioo •• such 

•• 
• What is the impaci of the emIT!; in )'oor database" 

• What arc the SO\lTt:es and cause. of the errors') 

• When: arc mo.t o f Ihe errors lihly to b<: found? 

Let'. consider Ihe main categories of aggregale dala SCOreS 

12.1.1 .Scores Measuring Impact of Bad Data 

Data qualit), is ddincd as --fitncss for tlJc purpose of use ." Therefoo:. data qualily 

should ~ primari ly measured in ",Ialion 10 data usnge, For e""h purpose of use. a 

sp.:ciflc aggrcJ;:ate 'cOO: con be Iksigned. Rememher thm "ggre~"tc s<orc is 

defined as the pcreenlage of good daw records among aU data records. The S<Ore 

m.osuring fimes. for a spe<'ific purpose of use narmws the scope 10 only relO,'anl 

records and only con~idcrs data qualilV rules 110 .1 pr<><iucc ",.leri.1 errors for Ih is 

panicubr purpose_ 

Scores bu ih ~round data uscs pro,-ide infomlniion On the imp""t of the bad data. 

This allow. estimating the cost of bad dala. C>'alu~ting potential RO! of data 

qUJlily ;ni ti'l i,'cs. and selling comel C~JlCCla(ions for d.t.-dr;\,en I'lOjec\s, 

For t~al1lple. a human rc:so urces da1abase stl""cS many pllrpose5, On. of thelll i~ 

t""king health insurance participalion Employees with inl'alid dam rela\Cd to 

health insurance plan c1igibilin· and panicipatiDIl u ill ge l inco"""l cOl-erosc_ 

Such crrOrs are ,'Cry cosily •• lId hOI-ins 5% rale of cmplo)'ccs with inco"""t data 

here is lomlly ullacccpl:lble _ 

A human reSOurce dalabase may also be used as a SOurce for a ne ,,'ly buill data 

mart about emplo)'ee education ]c,'c)s. A differen t . uhsct o f data is used for th is 



I'urpo.~, and crrors are nOi "' critic~1 lbe 5% error r~te (or m~I' be cl-en 15%) i. 

probably ",~cpt~ble 

Aggregale soorcs mcasuring filness of data for ~cn.ain purposes of usc are the mOSI 

valuable of all . Often the entire objccti,-c of a data quality assessntent project is to 

calculate One of such scoreS 

12.1.2.Scores Identifying Sources of Bad Data 

Data cOmes to the dol:lbasc in different ways. Some rttord. arc manually entered 

Ihrough , '. rious intcrfoccs. Others are clcctronicalll deh,-ercd from other 

dnt.bllSCs through \ 'ariou~ inlcrf:lCes. ASgregate s.cores bn~d on the data o,igin 

pro, ide estimatcs of the qua lity of the dal:l obtained from a particular source, 

Such scores arc defined by narrowing down the records 10 a .ub"'"t from a 

common origin The,' are critical for identifying sources of bad data .,Id 

impro"iog dal:! collec tion procc.",", 

Consider. for instance .• retirement plnn admi nistration database It collects basic 

indicati.-e d.ta. such as employee addresses and em ployment st.lus changes. from 

a human resources system It .Iso ob\.li1lS employee and employer conllibul;ons 

amounl, from a payroll system. Finally, . lI ocation of the money on each 

emplo:cc's account amons the funds comes thrC<lgh m:mual enuy f'olll paper 

fonns or I ia dir~ct d.t~ entry b) eIllJllo,,~es on an intranct_ R«ords of c~ch o,igi n 

can be identified rather occur.llCll'. and a£S'''I;a1c SCQres can be built $Cparatcl)' for 

these grou ps or data . These scoreS will indicate which data collection processes 

an; mOSt al fault. Such knolllcdgc Can be Jlut to use Immcdiatciy to sa,'c moncy 

by ' '''prOlug the mOst ddcctiw process, 

A simil.r concept in'-o['-cs ",easuring the quality of the dala collcc\cd durmg • 

specific period of time. Indeed, it is "sunlly imporUIIlI 10 knOll if the data errOIS 

are mostll- historic or IIc,e introducod recently_ Tk prc""ncc Qf recent errors 

indicates 0 greater need for data collection irnpmn,ment initi"i,-es_ Such 

measurement can be accomplished by :m aggregate score wi th constraint> 00 the 

timestamps of the ",!c,'ant records, 

Choice of seOreS for thi. c.tegory is dri,'cn by uooerst8l1ding the processes by 

\\ hich dol:! is collected and updaled. While it takes some erTort to obtain this 

information. it olTers the most pow~r ful dimension for quality imprOl'ement 



""tions - those that mm'e the .1T0n beyond data cleansin!: to deC""t pre,'.nt ion IC 

yoo learn. for e~"mplc. tb at a higb frequency of !;Ome CtTor t"pcs is imroduccd by 

" 'I""""ir,~ d~p~jt"'~lIt (UI ~»t~Ill). ~j"" )OU "ill' ",:l ~I"'U ~j~t ~lIu"l"d!;" "itil 

train ing. mon itoring, inccnli,'cs. or other tactics, Simibrll'. by knowing Ihat error 

ralcs ,"crease dunng specific business cydes (dnc to bud:;cting Or :;cne ral S<llruy 

adjustment) you can aCI to enhance or ;mpro,'c those business process..s.. 

12.1 .3.Scores Identifying Location of Bad Data 

Errors are usually IIOt disllibuled uni formly Ihrougholi l ihe dalabase. Some lable" 

for inSI.nee. ha'e more errors Ihan others, Scon:s buill for logical subsets of dala 

he lp us understand distrib ution oC errors in the databa.., Thi, in its tllm is helpful 

II hen priori li/.ing data cleansing ini(iati,'es 

/)uwl", ,'e score simply counts ,11 records in the dalabase ,nd errors fOllnd by all 

data quality rules, While it is md,er useless. it is easy 10 produce and looks good 

among all olher more '-aluab le measures on Ihe dala qllllily scorecard, 

Enri(r .<co",. count all ~rrors in ~ach lable, They are easy to produce and 

IIl1derswnd, A table" it h a 20% error talc is usually a betlcr candidate rot 
automalcd data cleansing tIlan a lable with a I'Y. error mle, 

Suhjuf populutioll scores count all errors for a pankulaf population of subjects_ 

Such &IOortS an: kc~' to understanding o"erall data qual ity. For e~amplc. 

employees from dimrent subsidi,ries may h,,'e drastically different data quali ly 

in tile human reSOUrces s"-slem, If I_W. of cnlployc<:s from , ubsidia'"l' A ha"c 

errors. ,nd then number for subsidiarv B is I';'. we eerwinl~' h,,,, some 

breakdown in data colkclion Cor the fomler, We now know ,,-here lhe data quali ty 

,mpro,-emcnt imtiatiI'C ,boll st.u t. Also. since data deanslllg IS often done on tile 

subje<:t !c"c!. it is imponant 10 identi f)' populations of subject with mon: datl 

problems_ 

12,1 .4 , Record-Level and Subject-Level Scores 

Rccord-I",'c/ score. lDeasure the percentage of bad data records among aU 

considered records. For "",,mille. rccord-It,d score for E_STA TUS_HIS TORY 

lIIblc meaSureS the perttnwge of good rccords mnong all records Re<:ord·le,-d 



<eon,. are 'lOt re ferellced from many p!oces ill ~,e meta data. Tab!e ll_! iHu$lrOles 

Sl.'orc CII~' for ~ si mpio c~a n'plc. "hie], wc wi ll usc throughout this chapter. 

"~iI"~.t. $"" . 1 1. MlNlM3J::W_PA ITERN$ 

Ile~n>llon: 

A. "... HR <lo .. ..nnng p"je<l io """,, ,","d. ~ ......... "'I)I'Y •• dot •• ot oWI. ,I, •. oold 

'"., . '" on,,/,. PIIn" .... ol oge ... '~ 10<.1 ro-guIo ' .mplolO" .,,"" C<I<IIf>O"Y. Tho 

fndin!l ' wll no! be "'"" to moo opodIIc: <Iocisionl .t>ou In<!i.<lu.o'om ployo!u . bt.O """" to 

judge 01>0",," In " "",fk:. t llOing pano"... 

Tho "".jed "",,00. t . ... Il>o ~.Io ".~d in ........ " omployrn<nt " o'n . Tho .1>jeQ .... 01 

tllio '~~'Ogot. o«>ro ~ 10 .... 1.>01. " •• _ or tlOt quo",", .1 t""" <101. ;. O""quol. 1." ..... 

p<ojoCl. e . .... on ..... ""''''. ,,," _" wil be ma<Io '0 ~ . no'"", <10" 1OUfCO. ~'!o 'm 

PII"" t <10,. cIo'''''''g . p-o "'.' " "'occu"t ...... <loll";. or " on o"ndon It. prajoCl. ft is 

\r(IOj01"SIOO<I'nallt>lr . . .. " •• os no! bo .,.,r.CI lOr '''mpIO, •• ,. _ '.'.' r ....... "" 
be""'m." .f 00'lIo . mplOy'" ",II oorr.CI <10:0 It...,....re<I n". _t)" 

12 .3.2. ldentifying Relevant Data Elements 

Now \hJt we described ,he KOrt objecti"e. we need to rk fllle .cte>"all\ data 

ctcmcII\$ Onl\' elTOrs ill thcs<; data dements lI"ill count towards the Sl.'ore. 

According 10 the definition gi\'oll ill Table 11_1. the data clements rdenn! to the 

project in Our c.,.mple an: 

• Employee's orig inal hire da te (HircDatc in E_EM PLOYEE_INFO) 

Ot>scr\'e that d\cse dat a clenlclllS ~fC S[ored in "",para'e tables. They c:m on ly be 
used together if the lables are propcrl'· joined using the key field EmplD. TIms. 

lI'e hal'o o l'orall fi, '. relCl'm" fields ill two Lables. 11\esc dala dements must be 

logged into SCORE_A TTRlBUTE lable in the SCore c~,alob'llC <IS shown in f igure 
12_1. 



objecti,'c, Since data quality is ddtncd as fitness for the purpose o f u<\:. SlIme data 

clement may be considered accurate for (me purpose :md erroncous for another. 

TI,;, j, ~'I"'~j"lJ) hu~ f", "'~l< I uJ~ I) 1"" "" ~UlI ll'kl~II~"", I ~1~lIt;UJJ, ~UII ""~-,. iUKl 

precision. Thus. a rille c3n aITcct the dala demenl bm b.: decm ed im m31eri al for 

the scOre objecli,'e. 

Oecosionally we ha'-c siluation. when ",me of lhe errors found by a rule an: 

maleri~1 for ccr!.lin objccli>'cs. nh ile olher errors arc nol. A good ",Iulion in Ihis 

case is 10 crcale error ;;roups sep(ll"al ing errors of each 1.:;nd An aliernali"e is to 

splil Ihe rule inlO IWO or more groups. each nlidaling data fllness for a spc\:ific 

purpose_ 

Once we ha,'e completed our :malysis. the li st of rel,,':mt data quality rules (and 

optionally error groups) must b.: 101!6",d in the scon: "la10guc lablc 

SCORE RULE, A porl;on of Ihe lisl for our c.umplc is shown in Figure 12-3_ 

NOli ce thai I ha,e chosen 10 kccp the ErrorGroup field blank. Th is i ndic~lcS Ihat 

all error grOllps are rele,anl. 

12 .3.4.Defining Relevant Subject Populations 

Now that we identified perlinent data quality rules_ the next step is 10 define 

records and subjecls. "hic h will be counted duting score labu lation, We" ill Sl~rt 
from spc\: ifying Ihe subjecl pop"I~lion since ;1 is ofien used to define rele'-Mt 

records, Also_ subjccI population is ob"iousl)' directl)" used for the subjccl-Ic,'c! 

score tahulation_ 



In our e_~ampk, the de finition seems tr i ,·i~l. The , ubject population inc lude, all 

past and current regular employcc~ whose dOl" is stored in the HR dalObase. The 

~~~\",,,.1 h~I" i. "J~);"lal:' tl"" " " ilJ~ llul i lll~I".loo i ll tlala rUI 1""11"'''") 

cm pl oyecs. Mo.e fonn~lI\" these emp\oyecs Can be selected using cri teria : 

Figure 12-4 shows thi s infom'ation is logged i" to SCORE_SUBJECT ",ble in the 

seore cataloguc_ Thc reason we necd a sepam!c caUlloguc L:lblc rather than ""ding 

at tribu tes to SCORE "ble is because many dat."lbases have multiple subject 

classes For instancc. a b", ne,"1 HR database ma)" ha,-' data for cmplo)"ees. 

retiree s. and positions. In that casco a si ngle aggregate scoro Can be tabulated 

separately for "arious subject classes. Th is would translatc into multiple en tries in 

SCORE_SUBJECT table in the soon: cata logue. one Cor each pertinent , ubject 

class. 

Since we only have one su bject class - cm p\oyecs - in our data quality ass.::ssme nt 

]ll"oje<l. ""d assumi n~ that all the data are depende nt on thc main employee list 

stored in tablc E_EMPLOYEE_P]{OFIL E. wc could reference !hallable directly 

instead of using the master li st. Howe"er, r alll"a)"s recommend creat ing subjcct 

mastcr lists. as it mn~cs d~t ~ qualitr 1I"0r~ muc h casicr. 

Whcn ~'C subject selection condition is rcl~t i '·ely simple (as in our esample). it 

cnn be applied on the ny du ring score tabol ~tion . Howe'·cr. thi s tcchnique is not 

effici.nt and onen tOlOlly imp,"clical for ,omplos conditions_ A bo iler solution i~ 

to ood a Bookan nag to the subjcc t Ill a5tcr I;~t for c3ch aggregate score and 



populole it either with Tn,e (for subjeolS th~t are peninom for lloat score), or Fulse, 

The scOre condition then simply references tbe appropriate Boolc~n nc1d, We "ill 

~d<l,""" Ihi. i""" rW~'"' j" s.:~tiuu 12.6_ 

The m,in problem with population conditions is that we orc usmg somewhat 

inaccurate dat~ to sclcc t rele,'ant subject populatinn. The problem is ,-cry difficuil 

10 deal with since it is of a "chickcn-and-<:SG" t~'pc. We arc usins the condition to 

mClSure data quality. but we need qual ity dMa tn uSC the cnndition properly . In 

truth. the simplest practica l approach is to il;nore the problem assum ing that the 

d"t~ used to c"al,,"te t]x, condition arc reasonahl,· aceUr.!te . 

A more appropriate approach in the spirit of dala quality and duc dilil,'encc is to 

add n data quality scorc me:tSllring qlLllily of the dat:! Wle d 10 e,-aluatc the 

condition. Thus we would ~dd a score measuring accuracy in determining rel;ular 

employe<: population , The score would tell U5 ~boo t the fraction of misidentifIed 

regular emplnyccs. Now we can simply combine the results of both scores in Our 

dat~ q"al it~ · scoreca,d. We will add'csli this issue further in Sect ion ! 2.6. 

12.3.5.Defining Relevant Recordsets 

The final pan of defiaing on aggregate score is to specify rele\':tnt records_ Only 

thesc records will Ix: counled during score tabulation_ In our example, these 

inc lude all records III (abies E_EMPLOYEE_PROFILE and 

E_EMPLOYEE_INFO for employee. from the ~clected s~bject pop~lation, We 

store this infonnation in the SCOre catalogue t~blo SCORE RECORDSET as 

shown in Figure 12-5. 

1'Jg<.<. " .. : sc"'.c .... og .... l'.U ..... A."",", Aoc"' . .... 



• Each score is mlii( for a parli cular objecli," !hal delermi nes rcle,'anl caSI 

of ch~raclers inc luding enlilies, allribUles, dala qual ilY ni les . rccordscu, 

and subjoxt population. All of thesc definitions mUSI be carefully 

organized in Ihe SCore C~131 0!llle. SO Ihe} c" n be used for labulation and 

.n"I~s.i, of ,-"riOIl5 seo"", 

• Tabulaling" SCore requi"," idcnlilYing ,nd cOllnting all rele,'am 

records/subjcc .. as "ell as the ones wi lh CTTOrs If Ihe rules wcn: 

n.lwlcss. the task would be ralher simple and cou ld be accomplished 

using straightforward q ueries of n\Cla dala from a rule calalo!;lIe, errOl 

.allliogue, and seore c,'a logue. 

• The straighlfOl"w.rd calculalion, lend 10 und:rslale dal. qualilY because 

of "arious rule impcrfOX1ions. To produce more aoxuratc esli""'te! we 

need to .ccounI for possible falsc positives, false ncptives. arod 

uncert.1inly in errOl" localiOIl among the enors. This call be accomplished 

using marl'tmatic.l techni""cs of "'I)'mg complexity_ It is imponant 10 

uooersland Ihal Ihe calclliations can be mooe infinitel) compl e~ in lhe 

name of h iSher 

eS1imates only. 

.1101'-00 

acomac>', bil l no m~((er what we do Ihe," .emui" . . 
So some shoncu\! in score t.lbul~tiol\ urc ceTlainl), 

• Wh ile score tabulation is one ofthc most eomplc.~ aspects of data quali ty 

a"essment. accura te aggregate scores are a eritic,l resuh of da," quality 

asscssmen!. The)' help Imlls!"e dala qualily aS$CSSlI\ent results into the 

cost of b:ul data, ROI from data quality impm,'emeni initiati,-cs. and 

cxpectations from Ihe dUla..:!ri,-,n projoxts, Thus Ihe errOit in accurate 

SCore t"bulali on is not wasted. 
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13.1.6.Step 6 - Fine-Tuning Data Quality Rules 

D.t. quali l\' aSSl'lllme'U relies on our .bili!\, to uso; dala qu ali ty rule~ to accurately 

identify all data errors , Howe,'er. it i. ,-ery' difficult to design perfect dala quah~' 

mles. The one, we come up with will often fail to spot some erroneous r""om. 

and falsely xcu:;c othefll, They mal' nol toll ),OU which data clement is erroneous 

e,'en when the error is identified. or they may identify the same error in many 

different "":I)'s, Error .-.:ports produced by such rule. tend 10 su frer flom the 5.1mC 

malady as Ihe da ,a itself -poor quali!y , 

In OldCllO s.we our data quali l)' assc:ssmen l efToris from imminent doom, we nU'SI 

maximi',e the xeurae)' of error reports, This is accomplished throu gh the process 

of rule ftne. tuning Rule fme.tuning relie< larl:\cly un manual \'erinca'ioo of the 

"'mple data WId comp.mson of the resu lts with the errors identified by Ihe da la 

qualil)' rules. The discrepallcics are addressed through rule ledesign, error 

grouping. and Oiher tcchniquC'S, Any ,,,k imperfections tl,al cannot he eliminated 

must at kast be understood and occounlCd for in ~'c dala qual ity scorecard. 

Of oourse, the ability 10 access, m~nipul~te. and analyze errur reports is key 10 !he 

success of rule fine· tuning. Howe"er, it is equally imporlan t to ha"c the ability to 

xcess, man i pulat~. and analyz" data profile, ""d other general meta data. This i, 

"no~,er m te for integration of. geller:1i me ta data repository' with DQMDW 



Rule fine_tuning plays n dua l role Crom the meta data pcrspecti'-e. On one hand, it 

produces and a ~ompn:hensi"e lisl of rule imper Cc~li()"s, which a .... used to 

~!d!Wle~ ~!~ ! ll l~, iUld i ll'I"''' ~ (h~ """'"laC" "r ~l~ ~JJ'" e"(~l"J;U~_ A" ~,~ "~"'l 

hand, il 'luantifiL'S fCsid ,ml rule imperfeclions, including percen'"gc! oC Calse 

posili,-cs among errors identified by each rule, probabilit ies of crrors by location 

:md crror group for rules comparing multiple dala clemen IS, and eSI;m.tes for !he 

number o f errors missed by all rules, These are importanl ilLl;redienlS of Ihe data 

quality mela dala, 

" . _. _. _--_ . _ ..... _ .. 
• s" .. ca!>.loo:"" 
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13 .1 .7.Step 7 - Tabulating Agg regate Scores 

Error reports prod ueed by data qual it" rules prm-ide detailed inf01matio n aoout 

data qua lity , While extremely ... Iuable _ lhese ~rrur reports are o,-cmllClming in 

' -ohmIC and com plexity. A££I'C£,te seore, help make sensc out oC the Jun£lc oC the 

numerou' and lenl;thy erroT reports, They prm 'ide hiSl!·!t,·cI estimates orlhc dala 

quality. Each score 0SWCg.lC'S error.< idenlified by the data qu~lit) tUle~ into a 

single number - a pc,ccntnh'C of~ood data rccords .m(lug all target data records. 

By SC ICCliltg difTorclttgroups oflnrSol datJ rttords. nC cnn creatc mnny aggrcsate 

s<:ores for a single dalabasc. Well-dcsigned s<:orcs are goal dri" cn and all ow uS 10 

make better decisions and lake ""tions. For instance , the), can measure daL1 fitness 

for ,.,rious pUIpOS,", or indica le qualily of data colleclioo processes From the 

perspcctiYC of undcrst:1I1ding the data quality and it, impact on thc bu,iness_ 

aggregate scores ilfc the)' key piece of dala qualily mela dola, 
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13.2. DATA QUALITY SCORECARD 

An d M'" U'e ,,'c1oo me Ihe "lI imOle fc.,, 11 of '''Of cm ft 'm"nship _ Ihe d.1l" qu.lil), 

seore~ard. l )Qw 'f"IIi{1" ."('uur.:unl is tlle cenlral proouc{ of !he dala qu~lily 

assessmenl projeel. It pro"ides comprehensi"e in[ormation ~bout dala q\l~lilY ~nd 

allows both a~rcgu{ed analysis and detailed drill-<lowns A well.designed dal:l 

qualily scorecard is the key 10 underslanding how well the dat, £upporls ,~rious 

d.l.·d",'cn pmJccls, II " ,Iso crilie.1 for making good dec i.i""s abolll dal:l 

quality ini iiali,es. 

In olller words. a dala quality seOrtt:ll"d is "hal dala qualily asstSSm~nl is all 

.roul, We can <pend 'nonths d<:s igning, implemenlins. and finc ·tuning dala 

quality rules. lVe Can build a neal rule catalogue and e~lcns;,' C error calalogue. 

Bu{ withom a daln qua lity scorceard. all we ha\'c ore rnw materials. No ",nount of 

forewood wi ll make you wann in lhe wimer unless you can m.l;e a decem nre 

As the n.me suggesls. , d. l" qual it,· scorecard pre5<>nts dal. qu,lily scores. 

Howe,'er. Ihis is onl)' on Ihe sur[.ee: Ihe d.I, qualily scorecard IS , 101 mOf. _ 

Unfon~nalCly. many data qualily assessment projects in"cst lime and cffort in 

de . ign ing and implemcnting dJta qualil) ruies and building erro r rcpotlS hnl stop 

there, Some b'" one mon: step an d eSlimate some ~gg{cg~te ,""orcs. mosl ly [or 

reporting to the management. But {h~ really important step (hat c~poncntiall)' 

increases the \"Oluc of dala qu,lity assessment is 10 huild lhe dala quality scorecard 

that is not jUil a report. bUI a ,"aluablc .".Iytical tool. Of all the time and mone}' 

im'estments in the data qual ily assessment this one has highest ROJ 

figure 13.9 represents the data quality scOfceard as an infonnulion pyramid At 

the lOp 1Cl'ci arC aggregale seores ; al lhe bonom k,-cI is infom,a lion abom dala 

qua1ily of indi, idual dal, rccords. In Ihe middle ore yoriOl" stOre decompositions 

and error reports allowing us 10 analyze and summarhc dala quality across ,'arious 

dimensions and for dilTereni oojcc{i,·cs. A dala quali ly scorecard inlcj!ralCS da la 

qua lily mcla dMa with general mc\3 data and aclual dal~ itself. II brings 10gCI!~r 

all components of UQ_I'fLlW and is undoubtedly its mosl imponam fw,etion In 

One word - il is a ",",,-eious resnll of , \\cll-done dam qu.tilv .ssessmenljob_ 



13. 2.2.Sco re Decompositions 

Next I~yer in the data quali t\' seorcc~rd is composed of ,-"';ous score 

decompositions. which show contribu tions of different componcntS to the data 

quality. Table t3·2 illustrates an example of SCOre decomposition along the data 

tablt dil11CIISioll . It demonstrates how aggregate score MINING j;}'fI']A 1T"'RNS 
IS comprised from sub·scores for two indi,-idual data table s. 

E EMPLOYEE PROFILE and E EMPLOYEE INFO_ - - - -
• • • 0 

! • , 
• • , • > 
0 0 • ~ ~ • • • 

All T_rgo< Record. 5,198 4.987 10.Ia5 

Roeo<d. _ od b, Errors '" , .~ ,.= 
En.,..."... RKotd, " '" "~ 

Mi .. i<>9 _ord, 0 '" '" 
Cornplolo . .. , S'or. 100 ,(1% ~~ ~~ 

AcOur.<, S,ore ge , I~ &5,3~ 9' ,~ 

0 .... 11 s.:o.e 911,'" 61,"" OO~ 

f .... '~I : :1<0<. 0.,.". • ..... . io<>gO ... , .... or-...... 

11 is cloar from this point of ,-;"w that lho records in E_EMPLOYEE_ INFO tab le 

ha,-c man)' morc problems than those in E_EMPLOYEE]ROFILE_ Indeed. the 

profile rt.'Cords arc nearly perfect with nO missing data and less than 2% errors: 

II hile employment dates arc missing for o,'er 200 employees, Md another 700+ 

ha'-e elTO!\COu5 data. We can immediately sec lI'here the heart of the problem is. 

1H1 
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A nricly of decomposi l ion~ are 1'O~~i ble along ~e,'eral main dimensions , 

incl uding' 

• o.:compositions across data eleillents shon cOlltribut ion 10 Ihe agj;rcl;~te 
score by errors for different entities or altribules (sec cnmplc abo,'c). 

• [kcomposit;ons across data quality rules show contributions to the 

"ggrcgalc SCore by errors identified by different mlcs (c.&- rules of 

differcnl lypcs) 

• Decompositions across ,ubjecl POPUlalions ,how cllfllribUlion, 10 the 

.ggregmc score by errors for d ifferenl gTOUpS of ,ubjeets (e,g. employees 

fTOm different subsidiaries) 

• Decompositions across record subscts show contribu ti ons to tlK: 

asgrcgatc score bJ' errors in differcllt sroups of records (e,g. more recellt 

,'S, older records), 

13 .2.3. lntermediate Error Report s 

Tile le\'e! of delail obwined Ihrough nrious score decompositions is most certa inly 

enou~ 10 understand where most dala quality problems come from. Howe,'cr. if 

we wanl to in,estigale dala quality funher. more drill-downs :uc necessary The 

nc~t step would be 10 produce ,'arious repons of in di,'idual crrors thai contnbUie to 

We score (or sub·s<:ore) l.bul3tion TileS<: reports Can be filtered and S<lrtc-d in 

,'arious ways 10 beller Wlde'Sland Ihe causcs, n.tUI\:, and masniludc of the data 

problems. 

For c~ample. Figure 13,[11 show, ~n crrur lisling for rule 11112. which match" 

original hire dale (siored in Hil\:DalC field of E _EMPLOYEE JNFO I~blc) as~i nSl 

the effecl i,·c dal~ of the cruli." record in Ihe emplo\'mem hislory 11 lisls,lI 1.076 

discrepancies, For c..:h of them. Ihe "'pon indicates EmpJD for the employcc 

whose d:u a arc ineo rrec i and also shows the two dales th Jl are SUppD,c-d 10 match. 



'" '" 
'" '" 

655a 2129J1900 "" lonon960 
4541 41Z!J1966 .. M3f196S 
1169 511 111970 OS 9!lf1970 
Elll~ 111121'1998 .... 11.'311990 
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In .ddition \0 mor reports (such as the report shown", Figure 13-10), we could 

look ~l the aClual erroneous dat:l. This. of course. assumes t.h~l VQMDIV is fuli), 

intcgf31cd wilh actua l production data (or staging dat.). Erroneous record liSlings 

c:m be oblaine<J b\' joining the elTor catalO!:uc lables \I illl data wbks. This is 

illustrated in Figure 13_1 L which contains a report of the same CITQ['j found by 

rule 11 112 but in the form of .clu.llislinHs ofaffccl.cd dala records. Sid •. by_side 

compa,ison of the 1wo affecLed tables gi,-cs more octail s ince i1 allows us 10 sec .11 

dat. in the erroneous rc<:ords. It helps loc.le and comel indi,-idual errors. 



13.2.4.Atomic level Information 

Al the "cry bouo," of the data quality scorecard pyramid arc ",pons showing the 

qu~lity of indiyidunl larget records or subjects. Thcse .tomic leyd dal. rcpons 

identif)' fttords and subjects .ffected b~' errors and e,'en sllo\\ the probabil ity that 

c;x:h of them is erroneous, 

Figure 13-12 comains n pottion of such a listing. It shows three records from the 

target population in f _EMPLOYEE)NFO lable. Along with the data it pro"ides 

error probabi lily for Ihe aggregate ,core M1NINGJ:Aff'_PA17"ERNS The fim 

record hOI.'; error probabi li ly 1.00. meaning it is erroneous wil h ccMai nl),_ The 

second record has error probability 0.24 me:ming that it is affected by one or more 

errofS but is rather unlikely to be erroneous, A more likely scenario is that the rule 

comjXIres it with Mother data ekmcn t that is indeed crroocous, Finally. thc laS1 

record has error probability O,()O. meaning it WaS not affected by any identif'ed 

errors. If we loo~ed at ~le complete li>ling of all records and .>dded up .11 error 

probabilities. the result would \icld the Accu,"cy Score (\\ilk a minor adjustment 

for OO,,;bly mi"ing errors) 

"'g<w. ll·' 2: A_ 1-0 .. , 0." Q .... , R ..... 

Of coorse . if we arc in the error i",-.,tiHation mode. il is useful to be ab le to SCt up 

yanous f, lters on the record list It would also help 10 drill down funher:md sec 

IIhich errorS by ,,-hich niles afTect a paMicu lar record. Thus. ir we drilled-down 

the record 11 1-''> from Figure 13-10. we would see Ihat it is .fTeet<"<J by a single rule 

~ 112. which compares HireDatc ncld against the effcct;,·c date of the earl;est 

record in employment h islo~' _ We would further learn Ihat 10"/. or errors round hy 

the rule arc d""med f.lse posil;,·os : ~nd of the rem.ining errors HireDale is 

expected to be erroneous in OIlly 27~. of cases. while employment history record is 

incorrect in 73% of C=5, 

The alomic lav" completes the dala quality scon.'card pyramid, As the reader can 

see. the p~ram id staMs from the aggfCgate scores and dcmonstmtcs how tbey IIcre 
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obuined. I\"hi eh pon;ons of lhe data h"'e mOSI I'roblen,s, and el"cmually which 

ind il'idunl n::cords com,ibUlcd to Ihc ooscrwd crr"r ICI'ct 

13.2 .5. M iscella neo u s Defi niti on 5 

Tho repons Ihroughoul the data quality scorecard refen::nce sco=. dala clement •. 

and data qnality rules, II is "ef)' uscrullo hne direct access I" th e dennitions of 

these components, 

For e,~ampl e, for each score in Ihe data quality scorecard, it is usefnl to hal'c a 

drill·down to the SCOre dcscri ption, It pro"ides all infomtation from th e scon:: 

catalogue inch,ding score objec t;I'e , rc!cl'ant data eleme!'I'. data q,m lily rules, 

, ubjects. und rc<:ords. This is illustrated in Table 13·3. 

Seor. N.mo ~'NING_E~P _PA ITERN S 

Seo .. Objoclive A n. w HR d, ta."*'"'II projo Cf is __ . d It ..... u .. . mplo';H 
d" •• 01 b"", tOra •• "" ",hfl to ... tyZo ".:to, •• ol . lIt·.I ..... ro, 
,I ,,~ u lar empoloytH of Iho oo""",ny. Tho obi<olNo of "'is 
' IIIIreval. """" is 10 ... Iu.te who""', 0' ""' _ iIY 01 _ d.hr io 
, ,,"quo,. 10, """ prl);o<:t 

R.levantD01o E_EMPlOYEE_PROfll E.EMP _ID 
EIemo. ls 

E_EMPlOY EE_PROfl lE ,8IRTH_OATE 

E_EMPLOYEE_INFO,EMP _'D 
~EMPlOY EE-'NfO.HI RE_OA TE 

E_EMPlOYEE_INFO.REHIRE_OATE 

R.Io""nt Rulos RLM ' 7 PKE_EMPlOYEE_PROFIlE 

RcOe f9 PK~EMPLOYE~INf O 

RLM 11 7 PKE_EMPlOY EE_,NFO 

RcOe 121 REl_OPT.E_ EMPlOYEE_INFO 

_ .... 1 SUbj«ta Subjo<:! CI ... EMPLOYEE: Left 
I E_ E~P l OVEE_ S T", TVS , E rrrpojU 1)I't, 1) • 'R' 

ReI.va n, Ro<Otd. ... "",.1 Uo< • "'00"," tor "10 •• ,,, """ioGlO 0t'Iy 

~EMPLOY E E..PROf' lE - 1>0 ~Ie Itt., 
E_EM PLOYEE_INFO _ 00 1!IO<'if<: Mo, 

Further drill-downs could pro,'idc detailed informat ion aOOUl each of the rele l'anl 

data elements (obtained from the data catalogue and data pror.los) and data quality 
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The enor listings are a step towards analy,is of the error, on the momic le,'.1 

Integration of lX}.IofOW with "'"'tual data allows us () generate many useful atomk 

l~, d ~J lUJ '~I"'Jt._ Bduw u,~ >UUJ~ nil"'I'I~._ 

• List of dMa ,,-,cords afTected hy a particular data problem or a group of 

dala problems 

• Li.t of nil ClTQrs that afTeet a panieul.r =ord or a group of records 

• List of all .bill "-'cords ~nd dala errors for a particular subject prescnted 

in an integrated subject browser 

For instance. a simple join of the error catalogue with an actual data table woold 

produce the li st of;ill poh::nli.lly erroneOuS records in lh:u p,,1icuiar l" ble, rather 

than Just errors found by " particular rule . Such repons will hsl c!!e h =ord 

sewf;\1 times if it happens to be .!Tocted by mul(iple errorS. The listing can no\\" 

be fillered and SOIled by eil her the data ,·alues or :reross the ru les, thus g i"ing more: 

Oe.,ibility to error analysi s. 

Atomic level error reports can c,·cn be made ,'·ailablc to some of the data uscr., 

This allows the users to judge quality of the records before making nn)" decisions 

based On the dala. It is a dream appli cation or OQMO!V. 

SUMMAR Y 

In this chapler we discussed thc conten t and functionalit)' o r the dnw quality meta 

data warchUlise (lJQMOW). Here arc the key conclusions: 

• OQM!) W;s a collection oflOOls for organizalion and analysis ofa11 ",e ta 

dat.l rele\'a'" 10 eM" produced b~ the dalll quality initiali"s. Meta data 

u.e<:l in a data quality ","sessmont pmjects falls into four broad 

calegorie" aggregale ,"Cia data. rulo mela data. atomic meta dala, .nd 

geneml meta dal.. Integration or all the meta dala into an efficie nt 

OQMlJW is critical to the ultimate ,alne of data quality :.ssessmcn\. 

• A dilla quality scon:cru-d is lhc central product of lhc dal.;) qual ity 

assessment projec\. It pro, ides COlnprehensil'e information about data 

quality and allows both uggrcgtllCd analysi s and det ai led drill-<lonn s. It 

;s not ju!t a repon but also a ' -ailLlblc tool for data quality annlysis. 



CHAPTER 14 
RECURRENT DATA QUALITY 

ASSESSMENT 

Am:ssmcn( i, key 10 understanding data quality. The data qual ;!)" scorecard 

pro"ides cOll1prehcnsi\'c information nbout d,11n ~I.I1CSS for \'orious purposes. 
Assuming thai some flaw s arc dis<;o,'c",d. the nc~{ step is to initiate l dOla quality 

impronmcnl program, including dal, cieansing and enhancement of dal:l 

collcel;on processes. The qu~Slio" then becomes, how do we mcasurc thc success 

of such programsl Without" cle", way to show data quality lmpro'·cmcnts. it is 

impossi ble to undcrmnd the \'aluc o f tile program, analy~c il s shortcomings, and 

make enhancements. The sol ution is to institute n Teem •• m data quali l) 

assessment "hcrea:s data quality lIill be rcc,"al uatcd periodically 10 show the 

progress 

Another aspect of data Guality is Ihat 11 may be a(Xcpwblc today but may quickl y 

delerio'ale Ol'~r lime , Recurrenl dala qua li ly a~seSlimenl aUo ... s us 10 eSlablish 

quality benchmarks. monitor treods. and identify new causcs of dala prob lcms_ 

On the surface recurrent datJ qualily assessment is triy;al. We simply need 10 re · 

run the establisned process pcriodie.Uy and obscn-e iIle result.. In prac lice 

challenges .bound. This chapler prescnts a eomprchen! i,'c Irealmenl of Ihe 

problems and solutions for reemrcnt d.t:I quality assessment. 

• Section 14- 1 oul lines iIle basic approach to recum:nt assessment, It 
shows how to make adju,lmcnlS to data quali ly rules 10 accounl for 

chan,!.'Cs in dOia structure. as well as how 10 build a dynamic dal. quality 

scorecard 

• Section 1 ~-2 shows holl' 10 monilor dat:l qualill- on lhe momic ICI'e! It 

describes mechanisms for comparison of error calalogues produced by 

con ... ",lI1i ... assessment ru ns, 

• Seclion 14·3 outlines mcchnnism. for adding time dimension 10 lhe data 

qualily mela da la warehouse, wh ich is ncccss.11)· to .na l) '~e dala qualit)' 

trends O"e, man)' .ssessment run s. 
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• Sc.:lion I~·.t discusses Icrhn iqucs for pcrfonning asscssmcnl ""ainSI 

prodUCli(ln dal" (Iireclly, bypassing d~ta SInging area, 

14.1. BASICS OF RECURRENT DATA 

QUALITY A S SESSMENT 

leI's sa)' wc would lil e 10 chcrlthe quality of data in a par1icul~r dalabase C"Cf)' 

six months. Thc first time we execute asseSl;mcnl ex""ll) OS was discussed tnus 

far in th is book. Wc bring the data 10 thc St:l!;inS arCa, So through dal. Mal)si. 

and profiling: desi!!n, implemenl, and flne'lune dala qualit)' niles: populate the 

datnqualit), mcta data wiIl"\:house: and build thc dalll qunlily scorecard, The nexl 

lime we II"Mt 10 run lhe as"""n,en! all wc nc.:d I" do is backup the Siagins area 

and 1J(2.lfDW wipe: oUi the error catalogue. reload the mosl recent data dump back 

10 the staging area. and rerun all data qualily rules. This procedure will produce 

the new data quality seorecard ""iekl)" ""d with practically nO extra work. 

Of COUTse, the reality is somewhat more complex Fir.lt of aiL this approJCh 

assume. thai the rules \\il1 successfully appl)' to thc new dala dump. This requires 

<=f,,1 rule dcsi~n . We muSI .,·oid relying on tr:mporal data characteristics, For 

instance. data curreDC)" ru les c,mHot use constant dOle 11112006. but instead musl 

use • f "nclion returning n",t day of Ihe current )"car. In general, any dynamic nile 

p:ual11cterll l11ust be: consolidated in a scpamte function or a database lable th.t c<ln 

t..: updated bcfore each run. 

hen properl,. designed rules will d~e:l) ' and produce wrong fl:sullS (or e,en fai! 

outrighl) IdleD lhe data structure challg~s between as/;CS,me nt tuns or \\hen the 

business niles lhat are the basis of data qualily rules change. Thefl:fofl:. blind f<'. 

execution i< likely 10 cre.te man)" problems. The solution is to pcrfom' 

comparali,·, "'lal)'~is of the data be:meen Ole dum p!;. This includes a simple 

compariSO<l of Ole dOt:l slmcture and , r.ther .d,·anced comparison of daL:l 

proflle~, fOr1un.tely. data profile comparison cM be lorgel)" automoted. 

recommend writing u program th.t runs through all aspeclS of Ihc profile! and 

idcntincs an)' signific'''l changes for further reyiew. For insl\lncc. ,·u!n.:: 

frequencies can be cosi l)' contrasted, and any change of more than 15% can be 

deem"d significanL I also like 10 look for new or disa~.ring 1'.1".,; "rod large 

ell"'lgcs in agsrcgatr: sL:llislics (such os mean or standard dC"iation). Similarly. 



relational profile~, state,transition profile~, and ollrer data prome components must 

Ix compar""'! 

Once "C find an~ d'anges in d~ta stroctUr<:, i( is nCCCSSa'" 10 understand how they 

imp"" dOl" qualitv rule._ We can narrow down ,be list ofprn;sibly imp:octcd rules 

by se lecling on ly (hos.:: "hose rule domain includes alTec,ed 3l1ribmes, Aner Ihal 

it is ,tnctly" manual ",,"lylic,,1 proce"", lVe need to undcr>,,,,,d lire ,,",ure of the 

changes to the data structure and then re,-ieU' lire rule e'!..llogue :md decide 

II hellrer or 'lOt the n,les will sti ll work properly, So,ne rules always must be fine:­

tuned hefo'c each asse""ment run, 

Once wc.re comfo"ab1c lIral the rules will work adequately. we can e.xc.ut. lIrcm 

and build lire new d:ll. quality scorecard_ The ne~t step;' '0 analyze the change. 

in ,he resu lts_ lbc things to compare arc aggregate SCOreS and score 

decompositions , os wdl"s summary error counts b)' mle_ Genemlly speaking, anr 

sisnifiean, change must he analyzed and c~plained_ Sometimes the analysis will 

indicate ~'at data qualit)' has chanscd. TI,i, is cxltCtly lire rc",It nC are looling for 

in selling up rccum:nt dotn qua lity assessment. Hopcfull~·. the dal.:l quality has 

impro"cd_ Othcrwise. if data quality Ions deteriorated, our finding~ can be used to 

identify "lCans for future impro,·emems. Anollrer possibili,y is lira, dat" qu.lity 

did nm rc.II" change. but some changes '0 the data require funhcr modiflCatioo of 

the ru les_ While we II)" 10 colCh .11 such situations tbrou!(h • priori comparati,·c 

daw profiling, Some will alII ')'s sl ip 'hrough thc cracks and get .'''/;h( on the back 

cnd of tlk nsscosme"t run, 

Onc more challenge to oodres! i. that some new errors might ha,-c hecn introduced 

into the data that are not caught by any of Ihc e~isting ruic5, The onl)' solution 

here is additional manual data re,'ie", and rule fine.tuning. Ideally \Ie w.m '0 

utili>e thc findings of daw user.! in the cou rse of their nom,al lI'ork hetween the 

",,,.,,so,en! runs, sincc many data problems arc caugbt on n daily basis in ,he 

'r<:nchcs, This will sa,-e " n"cc<:ssal)' e~ ,,,, m",lUal dOl" Hrific.tion. To do SO we 

must creme. process by ,-i"ue of which .11 dma quali~' problems found by lire 

data uscrs:trC repo"ed, 

Assuming that we o,·erc:unc all Ihc obstacles.. "'C now ha,·c lire s<:cond dala quality 

snapshot, We ca" repeat the procedure to creale s\lch snapshots regularly. While 

we Jose the details of each assessment Nn when wc repopu late data staginS arcn 
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and error ca(alo!;u<:. (he . tunmary result< can Ix: maintained and integrated into n 

dy namic data qual ity repon. We can definitel\" add time dimension to the da'" 

4uulil~ ><;UlC..oU"J >w"m",) ""d ".""~ Je""' '''I''',iliuu I~)~", Thi, ~rru"J" u high_ 

Ic"cI "iew of dala quality (rends. Table 14-1 ilhtst,3tcs a dyna mic scorecard 

.ummary from three conseculi,-c assessment runs, 

• • • , 
• , 

• • • ! 1 ! , 
• 

I 
, , 

t ! i ~or. N ..... J ~ 0 

~.~ 9\ 9'1(. 90,0'1(. &\ . ''1(. 
MINING_EMP _p~nERNS !lolIA " 5 _!'I(. M~ 7~.YIl. 

!lolI,7'11o &7 0'1(. ee.J" 77.~ 

!lolI,~ 'IIo ... &1.5'110 77.5'1(. 
COMP _DATA !lolI.O'llo 114_8'1(. 8 17 .. 77.5'1(. 

!lolI,3'11o 114.0'1(. &' .3'110 77,4'1(. 

&3, 3" ~7.~'I(. 8t .:III 8e.4'1(. 
[ OU_COM PlIANC E g;z .... !lolI_!'I(. gl t .. .~ 

~,S'llo Wo. $36'110 ... 
..... , ... " T' ..... t. Dot. o"'. y seo ... 

We Can see from Tablc 14·1 tha t thc quality oflhedata used in the data_mining 

project (M1N1A'GJ."M"J'ATTERNS score) has de teriorated. e,en ~,ough fewer 

dol:! records are mi ssing, Thi. is a cause of ConCern and ind icates a systematically 

failing data coll ection proce.s, On Ihe other hand . data quali(y for ed""a(ion 

compliance rcporlin~ (H)UJ:O,I(f'UANCf: score) signilicmlt ly impro'·cd. 

probably as a rcsuit of a data·clennsing project. Note that any signilicanl 

impro"cmcnl in data qualit), must Ix: anal",-cd and e"l'lained. In abscncc of a data 

qua lily impro\'cment init iali,·c. such a result may Ix: indicati,-c of a na\\ in dallr 

quality rules 
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Cl, " ,,, ... I~ Rr<u,r .. n, fl ",. Q".Il,) ... , .. '".",,, 

Wil h a persiSlenl m""" subject list, Incking error dynamics i. rail"" 

straightforward_ lhe easiest mcO,oo is to build ;md compare subjccl·b).'·ru le Slalll~ 

mall jc~., Eoch "'~~ i,~ h~> >u~j~"l> j" lU ... , , ul~> j" ""luuUl'. ;lILd a ~ ~>1"" n~g j" 

the intersections indieatmg II hClher or not,n error was identilicd by a spccilic rule 

for" spe<:ilic subject Stalus malIice. 3rt CIISY to populatc based on errOr 

catalogue tab le ERROR_SUBJECT. Superimposing matrices for consequent runs 

pr(\\"ide list. ofa ll chan];c. in subject dara qu,lily. 

This is illuW"tcd in Table 14-2 .hOlling portions of two superimposed subject 

s((Uus malIices. For cilCh subject thc top 101\' of Oags cQlTcsponds 10 the ",su its of 

the pre,-ious run. while the boltom row shows the results of the following run, 

Highlighlcd flags in dic ale error changes, for ins'anee. subjed III hod an errOr 

found by rule Nl4 in the original assessmcnt run , which was nOi found by the 

second run. Instead. rule IIU identified a new error. Further. subje<:\ #2 had no 

errors in the original assessment run, but no" hns an enor found by rule ~35 : 

subject N3 had ~n error in rule H20. but has no errors in the new run. Of course. 

the matric~ ~ need not be comp:rrcd m;munlly, [nSIC:«!. a simplc query can idemi/)' 

and "'l"'" all dise .. pancies for funher nnalysis 

• , , , 
"~, "6"'0,>3. ><;~~., LB . 5~ H'OL 'J.~6H~" H 567aOO, 

SuIljId . , """yt."""UU""·"r'''''''' ''''""''""Y"'''''''.'''''~t;';''~'n:''''''''""'' ""NY"'","'"""""", .... ,,,,,,,,,.""",,,,,,,,·,.,,",, ,,,, •• ,,,,"'''ft,""",i.~''"'' 
S<Jojeet _2 ",'""',t;,:",,"""" ..... "', ',"m'"" .... "<NJ,''';",''~_~,.;, '',''~''''''''''''~ 

"".""'"-,;"""",",_s,; ", ' t,"""'oN."""",;"'J"Y"."",;""·,,~,,,,,,,.,,,", 

Sutjoet .3 .<O'"'"'"'~"'''' '"''''''''''"",m,"'N"-'W'''';W''"_'''.',,,,,,~W"'''''~'' 
·' N""" ""'''''," 'n"''''';'' '''':: ' ''''~'"'{''"t''",,..,~'''; r'''m_·'''''"'' 

Subject le\'eI comparison is useful but5till docs not pro"ide information ~bout da ta 

quality changes on the mO'lI atom;e 1.\'01 - indi,-idu,1 records, The "bilily to easily 

ide nt ify iudi, idu, l records Wilh now e.TOI'S "Imld be im'aluablc for ongoing da," 

qualit~· management Of course. e\'el)' time we execute dala qu,lity assc .. menl 

tI1e error catalogue liSis references to ~1l erroneous records in ERROR_RECORD 

~,ble . Funhennore, lie add dat~ qualit)' metn datn r,eld~ to nil tables and populate 

the m during score t..lbuiation :10 that \\'c can tr!ICk t~e quality or each record. s.:, 
wh,t is the big dc~l? C",,', wc ju" match this information" Thc problem i. thaI 




