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Al - £ county_id v
A B £ D E F G H I J K L M N o] P Q R s T u v W X I?
1 |countylcounty_desc voter_reg_nistatus_cd voter_status_desc reason_cd voter_status last_name first_name midl_name nameres_street_addres res_city_desc  state_zip_code mail_addrl mail_addr2 mail_city = mail_state mail_zipcod¢full_phone_irace_code ethnic_code party_cq%
2 1 ALAMANCE 9005990 A ACTIVE AV VERIFIED AABEL EVELYN LARSEN 4430 E GREEN SBOF GRAHAM [ 27253 4430 E GREENSBORO-CHA GRAHAM  NC 27253 000 0000 W ML UNA
3 1 ALAMANCE 9048723 A ACTIVE gy VERIFIED AAROM CHRISTINA  CASTAGNA 421 WHITT AVE  BURLINGTON [ 27215 PO BOX 4177 BURLINGTOMNC 27215 2291110 W U UNA
4 1 ALAMANCE 9019674 A ACTIVE AARON CLAUDIA HAYDEMN 1013 EDITH ST BURLINGTON [ 27215 1013 EDITH ST BURLINGTOMNNC 27215 22238834 W ML UNA
5 1 ALAMANCE 9129589 A ACTIVE AAROM JAMES IMICHAEL 1647 SAXAPAHAM GRAHAM [ 27253 PO BOX 98 SAXAPAHAWMNC 27340 336525 2434 U DEM
[ 1 ALAMANCE 9041748 A VERIFIED AARON NATHAN EDWARD 421 WHITT AVE  BURLINGTON [ 27215 PO BOX 4177 BURLINGTOMNNC 27215 336229 1110 W U UNA
7 1 ALAMANCE 9021947 A VERIFIED AAROM WILLIE DALE 1012 EDITH ST BURLINGTON [ 27215 1013 EDITHST BURLINGTOMNC 27215 336 999 9999 W ML UNA
8 1 ALAMANCE 9062002 A VERIFIED AAROMSON GEMA HOLT 107 TERRYWOOD tHAW RIVER [ 27258 107 TERRYWOOD CT HAWRIVER NC 27258 336578 9123 ML REP
9 1 ALAMANCE 9096423 A VERIFIED AAROMSOMN MICHAEL — CHARLES 107 TERRYWOOD t HAW RIVER [ 27258 107 TERRYWOOD CT HAWRIVER NC 27258 336 266 7615 W ML UNA
10 1 ALAMANCE COMNFIRMATIABAD PRISCILLA  MARIE 100 COLONMMNADE[ELON [ 27244 CAMPUS BOX 30038 ELON NC 27244 o] HL UNA
11 1 ALAMANCE 4] CONFIRMATI ABADIE COLLEEN MIASHEL 1097 IVEYRD #C GRAHAM [ 27253 1097 IVEYRD #C GRAHAM  NC 27253 M HL REP
12 1 ALAMANCE AV VERIFIED ABADIE JACK EDWARD  JR 612 SIDEVIEW ST GRAHAM [ 27253 012 SIDEVIEW ST GRAHAM  NC 27253 336 212 8140 W ML UNA
12 1 ALAMANCI 4] CONFIRMATI ABADIE MYRA HOLLIFIELD 612 SIDEVIEW ST GRAHAM [ 27253 617 MITCHELL ST BURLINGTOMNC 27217 336 212 8140 'W ML UNA
14 1 ALAMANCE ACTIVE AV VERIFIED ABBAS FALISA 707 SUMMITRIDG MEBANE [ 27302 707 SUMMIT RIDGERD # MEBANE NC 27302 919568 9001 B U DEM
15 1 ALAMANCE ACTIVE Ay VERIFIED ABBAS RAFAT 514 WESTRIDGE DIBURLINGTON [ 27215 514 WESTRIDGE DR BURLINGTOMNC 27215 A U DEM
1a 1 ALAMANCE A ACTIVE AV VERIFIED ABBATECOL/ROMALD JOSEPH JR 504 BROOKFIELD [ GIBSONVILLE [ 27249 504 BROOKFIELD DR GIBSONVILLENC 27249 336 449 9029 W U UNA
17 1 ALAMANCE A ACTIVE Ay VERIFIED ABBATECOLL TRACY BOONE 504 BROOKFIELD [ GIBSONVILLE [ 27249 504 BROOKFIELD DR GIBSONVILLENC 27249 f ML DEM
15 1 ALAMANCE 9083557 | INACTIVE V] COMFIRMATIABBETT D AW LEANN 3900 JOHNS CREEF GIBSONVILLE [ 27249 3900 JOHNS CREEK DR GIBSONVILLENC 27249 ML DEM
19 1 ALAMANCE 9027554 A ACTIVE Ay VERIFIED ABBEY BRENT DAVID 3304 GOLDEN OAk GRAHAM [ 27253 33204 GOLDEN OAKSDR  GRAHAM  NC 27253 ML REP
20 1 ALAMANCE 9029477 A ACTIVE AV VERIFIED ABBEY DEMETRA  AINSWORTH 3304 GOLDEN OAk GRAHAM [ 27253 3304 GOLDEN OAKSDR  GRAHAM  NC 27253 ML REP
21 1 ALAMANCE 9022529 | INACTIVE 1 CONFIRMATI ABBEY DOROTHY  ESTELLA 10294 QUAKENBU SNOW CAMP [ 27349 10294 QUAKENBUSHRD SNOW CAMENC 27349 3 ML REP
22 1 ALAMANCE 9113186 A ACTIVE AV VERIFIED ABBOTT AMELIA BETH 2876 CALLOWAY L MEBANE [ 27302 2870 CALLOWAY DR MEBAMNE NC 27302 919 ML UNA
23 1 ALAMANCE 9087980 A ACTIVE Ay VERIFIED ABBOTT ANGELA IMORTON 2006 WINMN CREEK HAW RIVER [ 27258 2006 WINN CREEK DR HAWRIVER NC 27258 336 ML DEM
24 1 ALAMANCE 9019273 A ACTIVE AV VERIFIED ABBOTT BREMDA CARMICHAEL 611 M THIRD ST~ MEBANE [ 27302 611 N THIRD ST MEBAMNE NC 27302 563 ML UNA
25 1 ALAMANCE 9102615 A ACTIVE Ay VERIFIED ABBOTT BRIAN CHRISTOPHE 2006 WINMN CREEK HAW RIVER [ 27258 2006 WINN CREEK DR HAWRIVER NC 27258 336 ML UNA
26 1 ALAMANCE 9079257 A ACTIVE AV VERIFIED ABBOTT BRUCE CLEATON 188 LAKE CAMMAIBURLINGTON [ 27217 188 LAKE CAMMACK CT  BURLINGTOMNC 27217 336 ML REP
27 1 ALAMANCE 1389300 A ACTIVE Ay VERIFIED ABBOTT CHERYL FAULKNER 188 LAKE CAMMAIBURLINGTON [ 27217 188 LAKE CAMMACK CT  BURLINGTOMNC 27217 336 ML REP
28 1 ALAMANCE 9140392 A ACTIVE AV VERIFIED ABBOTT CHRISTOPHE BRANDON 309 BURLINGTON  GIBSONVILLE [ 27249 309 BURLINGTON AVE  GIBSONVILLENC 27249 ML UNA
29 1 ALAMANCE 9135711 A ACTIVE Ay VERIFIED ABBOTT COURTMEY LOVE 309 BURLINGTON  GIBSONVILLE [ 27249 309 BURLINGTON AVE  GIBSONVILLENC 27249 ML UNA
30 1 ALAMANCE 9028439 A ACTIVE AV VERIFIED ABBOTT DWAYNE  ROGER 2839 LADALELN MEBANE [ 27302 2839 LADALELN MEBAMNE NC 27302 563 3956 W ML UNA
31 1 ALAMANCE 9090420 A ACTIVE Ay VERIFIED ABBOTT FRAMEK PATRICK 1202 JAMESTOWN ELON [ 27244 1202 JAMESTOWNEDR  ELON NC 27244 336 227 4088 W U UNA
32 1 ALAMANCE 9079222 A ACTIVE AV VERIFIED ABBOTT GLADYS MARIE MILES 614 TUCKER ST~ BURLINGTON [ 27215 614 TUCKER ST BURLINGTOMNNC 27215 ML DEM
33 1 ALAMANCE 9129722 A ACTIVE Ay VERIFIED ABBOTT HAROLD GRANT 507 EVERETT ST #BURLINGTON [ 27215 507 EVERETT ST #320B BURLINGTOMNC 27215 ML REP
34 1 ALAMANCE 9094352 A ACTIVE AV VERIFIED ABBOTT JESSICA NADINE 2876 CALLOWAY L MEBANE [ 27302 2870 CALLOWAY DR MEBAMNE NC 27302 ML UNA
35 1 ALAMANCE 9023803 A ACTIVE Ay VERIFIED ABBOTT JOYCE HODGES 1934 TUCKER ST #BURLINGTON [ 27215 1934 TUCKER ST #A BURLINGTOMNC 27215 ML DEM
36 1 ALAMANCE 9084794 R REMOVED RS MOVED FROIABBOTT LATWOIA  BEREA 201 STALEYHALL ELON [ 27244 CAMPUS BOX 3039 ELON NC 27244 B ML DEM
37 1 ALAMANCE 9020357 A ACTIVE Ay VERIFIED ABBOTT LAWRENCE ELMER JR 110 OAKVIEW DR ELON [ 27244 110 OAKVIEW DR ELON NC 27244 336 563 4708 W ML UNA
38 1 ALAMANCE 9108338 A ACTIVE AV VERIFIED ABBOTT MARIA LYNETTE 614 TUCKER ST~ BURLINGTON [ 27215 614 TUCKER ST BURLINGTOMNNC 27215 3365701418 B ML DEM
39 1 ALAMANCE 9077192 A ACTIVE Ay VERIFIED ABBOTT MWANCY SKIDMORE 110 OAKVIEW DR ELON [ 27244 110 OAKVIEW DR ELON NC 27244 300 222 7566 W ML UNA
40 1 ALAMANCE 9035500 A ACTIVE AV VERIFIED ABBOTT PATTI BELVIMN 1202 JAMESTOWN ELON [ 27244 1202 JAMESTOWNEDR  ELON NC 27244 336 228 0571 U REP
41 1 ALAMANCE 9090949 R REMOVED RM REMOVED AFABBOTT RACHEL IMARA 103 DAMIELEY CENELON [ 27244 CAMPUS BOX 3044 ELON NC 27244 336 278 4012 ML REP
42 1 ALAMANCE 9135295 A ACTIVE AV VERIFIED ABBOTT SUSAN HANEKS 2876 CALLOWAY L MEBANE [ 27302 2870 CALLOWAY DR MEBAMNE NC 27302 919 568 8056 U UNA
43 1 ALAMANCE 91137311 INACTIVE 1 CONFIRMATIABBOTT TAYLOR RENEE 406 W LEBANON A ELON [ 27244 CAMPUS BOX 3077 ELON NC 27244 ) U REP
44 1 ALAMANCE 9120825 | INACTIVE IN CONFIRMATIABBOTT TIFFANY MURIEL ARLE 144W CRESCENT 5 GRAHAM [ 27253 144W CRESCENT SQUARE GRAHAM  NC 27253 33623304298 ML DEM
45 1 ALAMANCE 9013864 | INACTIVE IN CONFIRMATIABBOTT VIRGIMNIA — SMITH 2820 BLANCHE DR BURLINGTON NC 27215 2820 BLANCHEDR BURLINGTOMNC 27215 584 4663 W ML REP
4 1 ALAMANCE 9027717 A ACTIVE AV VERIFIED ABBOTT-LUN SHELBY LYNN 509 FERN'WAY DR BURLINGTON NC 27217 509 FERNWAY DR BURLINGTOMNNC 27217 336226 0057 B ML DEM
47 1 ALAMANCE 9108552 A ACTIVE AV VERIFIED ABDALLA  KHALED ISMAIL 605 ISLEY PL #C BURLINGTON NC 27215 605 ISLEYPL #C BURLINGTOMNC 27215 336 686 0506 W ML DEM
45 1 ALAMANCE 9128403 A ACTIVE AV VERIFIED ABDEL-MAGI LISA ANN 1841 DUNBARPL BURLINGTON NC 27215 1841 DUNBAR PL BURLINGTOMNNC 27215 214 437 8955 W ML UNA
49 1 ALAMANCE 91171921 INACTIVE V] CONFIRMATI ABDELKARIN ANMNA ELHAG 1105 PROVIDENCEELON [ 27244 1105 PROVIDENCE CT ELOM NC 27244 M ML UNA hd
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A106185 - LR v
A B = D E F G H | J K L M I o) P Q R 5 T u N W ?
106138 1 ALAMANCE 9129972 A ACTIVE AV WVERIFIED ZLUCHOWSK AARON MICHAEL 3551 FORESTDALE BURLINGTOMN NC 27215 3551 FORESTDALEDR #MBURLINGTORMNC 27215 336 270 6878 W NL UNA
106139 1 ALAMANCE 9106623 A ACTIVE AY WVERIFIED ZMUEASKl  SEAN 4472 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE NC 27302 3363761987 O UK REP
106140 1 ALAMANCE 9112148 A ACTIVE AV WVERIFIED ZMUEWSKI  DENNIS AL 4872 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE N 27302 W UK DEM
106141 1 ALAMANCE 9094109 | INACTIVE 1 CONFIRMATIZMUEWSKl DENNIS 4472 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE NC 27302 UK DEM
106142 1 ALAMANCE 9128345 A ACTIVE AV WVERIFIED ZMUEWSKL  KEVIN ADAM 4872 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE N 27302 NL UNA
106143 1 ALAMANCE 9120294 A ACTIVE AY WVERIFIED ZMUEWSKl  SEAN CHRISTOPHE 4472 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE NC 27302 HL UNA
106144 1 ALAMANCE 9094116 A ACTIVE AV WVERIFIED ZMUEWSKI I VIRGINIA LOURDES 4872 THOM RD MEBANE NC 27302 4872 THOMRD MEBANE N 27302 UK UNA
106145 1 ALAMANCE 9089250 R REMOYVED RD DECEASED  ZOCCOLANTIEMIS PIZZOTTI 2502 § NCHWY 11 MEBANE NC 27302 2502 S NCHWY 119 MEBANE MNC 27302 W UK REP
106146 1 ALAMANCE 9083629 R REMOVED RD DECEASED ZOCCOLANTIREMATO 3141 SHELLY GRAK GRAHAM NC 27253 3141 SHELLY GRAHAM DR GRAHAM N 27253 336227 7168 W NL REP
106147 1 ALAMAMNCE 9083630 A ACTIVE Ay WERIFIED ZOCCOLANTIRITA MARIE 3141 SHELLY GRAK GRAHAM NC 27253 3141 SHELLY GRAHAM DR GRAHAM N 27253 336 227 7163 W ML REP
106143 1 ALAMANCE 9100545 | INACTIVE 1 CONFIRMATIZOGLEMAMN AN GELA LYNME 706 HUFFMAN MILBURLINGTON NC 27215 706 HUFFMAN MILLRD #BURLINGTONMNC 27215 336 227 1261 W ML UNA
106149 1 ALAMAMNCE 9137235 A ACTIVE Ay WERIFIED ZOLAYVAR  ERIC WATSON 910 COLONIAL DR BURLINGTOMN NC 27215 910 COLOMNIALDR BURLINGTONMNC 27215 3365850243 0 ML DEM
106150 1 ALAMANCE 9031369 A ACTIVE AV WVERIFIED ZOLAYVAR RUPERTO BEMEDICTO 910 COLONIAL DR BURLINGTOMN NC 27215 910 COLONIALDR BURLINGTONMNC 27215 3365 ML DEM
106151 1 ALAMAMNCE 9109021 A ACTIVE Ay WERIFIED ZOLAYVAR  STEPHAMIE ‘WATSON 910 COLONIAL DR BURLINGTOMN NC 27215 910 COLOMNIALDR BURLINGTONMNC 27215 3365 ML UNA
106152 1 ALAMANCE 9103096 A ACTIVE AV WVERIFIED ZOLLARS EVELYN NADINE 6830 TOM / NC 27349 6830 TOM WOODY RD SNOW CAMFNC 27349 3363 ML UNA
106153 1 ALAMAMNCE 9125044 A ACTIVE Ay WERIFIED ZOLLARS MATHEW  DAVID 6830 TON NC 27349 6830 TOM WOODY RD SNOW CAMFNC 27349 W ML UNA
106154 1 ALAMANCE 9113912 A ACTIVE AV WVERIFIED ZOLLICOFFEFANTONIO  MARK 108 OAKGROVEDIGRAHAM NC 27253 108 OAKGROVEDR GRAHAM MNC 27253 336 260 G673 B UM DEM
106155 1 ALAMAMCE 9107068 A ACTIVE Ay WVERIFIED ZOLLICOFFEF VALERIE 108 OAKGROVEDFGRAHAM NC 27253 108 OAKGROVEDR GRAHAM N 27253 E UK DEM
106156 1 ALAMANCE 9097324 A ACTIVE AV WVERIFIED ZORNES ASHLEY DENICE 5556 N NCHWY 43 MEBANE NC 27302 5556 N NC MEBANE N 27302 NL UNA
106157 1 ALAMANCE 9033407 A ACTIVE Ay VERIFIED ZORNES KEMNETH  ELWOOD 5556 N NCHWY 49 MEBANE NC 27302 5556 N NC MEBANE N 27302 NL LKA
106158 1 ALAMANCE 9104969 | INACTIVE 1 CONFIRMATIZORNES MICHELLE  LEE 3117 COMMERCE FBURLINGTON NC 27215 3117 COMMERCEPL #L BURLINGTONMNC 27215 336675 0520 W UK UNA
106159 1 ALAMANCE 9018738 A ACTIVE Ay VERIFIED ZORNES SHERRIE AVERETTE 5556 N NCHWY 49 MEBANE NC 27302 5556 N NCHWY 49 MEBANE N 27302 W NL DEM
1 ALAMANCE 9027412 1 INACTIVE 1 CONFIRMATIZORNES TERRY LEE 143 N STATE ST HAW RIVER NC 27255 143 M STATE ST HAW RIVER MNC 27258 5701633 NL DEM
1 ALAMANCE 9110367 D DEMIED DU VERIFICATIO ZORNES TINA 801 TROLLIN GWOWHAW RIVER NC 27253 801 TROLUNGWOOD RD M 27258 336578 0645 UK LKA
1 ALAMANCE 9132758 A ACTIVE AV WVERIFIED ZORNES TINA MARIE &01 TROLLIN GWO HAW RIVER NC 27255 801 TROLLINGWOOD RD N 27255 336420 7630 W NL UNA
1 ALAMANCE 9131499 A ACTIVE Ay VERIFIED ZOUFALY EVE 602 EHAGGARD AVELON NC 27244 CAMPUS BOX 8911 N 27244 U UK LKA
1 ALAMANCE 9124446 A ACTIVE AV WVERIFIED ZSUPPAN ETELKA HALASZ 1929 /ILLAG GRAHAM NC 27253 1929 HAW VILLAGEDR ~ GRAHAM N 27253 W NL REP
1 ALAMANCE 9121554 A ACTIVE A VERIFIED ZSUPPAN FEREMC 1929 HAW VILLAG GRAHAM NC 27253 1929 HAW VILLAGEDR ~ GRAHAM M 27153 W UK REP
1 ALAMANCE 9127457 A ACTIVE AV WVERIFIED ZSUPPAN LEVENTE FERENC 1929 HAW VILLAG GRAHAM NC 27253 1929 HAW VILLAGEDR ~ GRAHAM M 27253 336376 1365 W ML REP
1 ALAMANCE 9131401 A ACTIVE A VERIFIED ZUBLER LINDSAY BROOKE 3172 CARRIAGE CFHAW RIVER NC 27258 3172 CARRIAGE CREEK CT HAWRIVER NC 27158 8] UK UkA
106163 1 ALAMANCE 9031728 A ACTIVE AV WVERIFIED ZUBLER TAMI LAJEAN 3172 CARRIAGE CFHAW RIVER NC 27258 3172 CARRIAGE CREEK CT HAWRIVER MNC 27255 3365783028 W ML UNA
106169 1 ALAMANCE 9089569 A ACTIVE A VERIFIED ZUBLER TIMOTHY  JAMES 3172 CARRIAGE CFHAW RIVER NC 27258 3172 CARRIAGE CREEK CT HAWRIVER NC 27158 W UK UkA
106170 1 ALAMANCE 9070674 A ACTIVE AV WVERIFIED ZUBOY ALEX 229 ENGLEMAN A'BURLINGTON NC 27215 229 ENGLEMAN AVE BURLINGTONMNC 27215 336437 9770 W ML UNA
106171 1 ALAMANCE 9070288 A ACTIVE A VERIFIED ZUBOVY LI R 229 ENGLEMAN A'BURLINGTON NC 27215 229 ENGLEMAN AVE BURLINGTONMNC 27215 336 437 9776 NL REP
106172 1 ALAMANCE 9003737 A ACTIVE AV WVERIFIED ZUMER FRANK EDWARD &01 QUAKERRIDG MEBANE NC 27302 301 QUAKERRIDGERD  MEBANE M 27302 919563 3760 W UK UNA
106173 1 ALAMANCE 9008785 A ACTIVE A VERIFIED ZUMER LOUISE TURNER 801 QUAKERRIDG MEBAMNE NC 27302 801 QUAKERRIDGERD  MEBANE M 27302 919563 3766 W NL DEM
106174 1 ALAMANCE 9141817 A ACTIVE AY WVERIFIED ZUNG PATRICK BATE 2604 WOODS LN GRAHAM NC 27253 2604 WOODS LN GRAHAM NC 27253 919357 3896 W ML DEM
106175 1 ALAMANCE 9119438 A ACTIVE J WVERIFIED ZUNIGA JOSE RAMOM SAL 714 ROSS ST BURLINGTOMN NC 27217 714 ROSS ST BURLINGTONMNC 27217 3362273108 0 HL DEM
106176 1 ALAMANCE 9108610 A ACTIVE WVERIFIED ZUNIGA VANESA ELIZABETH 512 PIEDMONT Wi BURLIN GTON NC 27217 512 PIEDMONT WAY BURLINGTONNC 27217 3362700181 W HL DEM
106177 1 ALAMANCE 9112637 A ACTLa WVERIFIED ZUNIGA YANET SALAS 3845 MAEDOUGLIMEBANE NC 27302 3845 MAEDOUGLAS DR MEBANE N 27302 0 HL DEM
106178 1 ALAMANCE 9141392 A WVERIFIED ZUPANCICH MONICA ANITA 2326 N NCHWY 49 BURLINGTON NC 27217 2326 N NCHWY 49 BURLINGTONNC 27217 330310 0151 W ML REP
106179 1 ALAMANCE 9141054 WVERIFIED ZUPANCICH ROMALD JAMES 1l 2326 W NCHWY 49 BURLINGTON NC 27217 2326 N NCHWY 49 BURLINGTONMNC 27217 757 2543773 W NL REP
106130 1 AY WVERIFIED ZURFACE ROSSELL EUGENE 2074 TURNER RD MEBAMNE NC 27302 2074 TURMER RD MEBANE NC 27302 W UK UNA
106181 1 AV WVERIFIED ZWIER ANDREW MICHAEL 1497 LONGEST ACISNOW CAMP NC 27349 1497 LOMGEST ACRES RD N CAMFNC 27349 336 376 8830 W NL
106152 ACTIVE AY WVERIFIED ZWIER CHRISTOPHE ANTHONY 1497 LONGEST ACISNOW CANMP NC 27349 1497 LOMGEST ACRES RD CAMFNC 27349 831 207 9222 W ML
106133 ACTIVE AV WVERIFIED ZWIER CHRISTY ANN 1497 LONGEST ACISNOW CANMP NC 27349 1497 LOMGEST ACRES RD W CAMENC 27349 W ML
9099261 A ACTIVE Ay WERIFIED ZWIER KAREN JEAN 1497 LONGEST ACISNOW CAMP NC 27349 1497 LOMGEST ACRES RD SNOW CAMFMNC 27349 831 207 9222 W ML
J.06185| J.!ALA 9077304 R REMOVED RL MOWVED FROIZYLEA MARC 1210 WILLOW BRC MEBAMNE NC 27302 1210 WILLOW BROOK CT MEBANE MNC 27302 336 578 8580 W UM
106136
M 4 » M| neyoterl 2 [Ta] il |
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Data Profiling:
Classification of Tasks

(@)
=
E

@)

—

o

®©

i’

®©

QO

Cardinalities

Single column Patterns and data types

Value distributions

Correlations & association rules

Multiple columns Clusters & outliers

Summaries & sketches

Uniqueness

Dependencies : .
Inclusion dependencies

Key discovery
Conditional
Partial
Foreign key discovery

Conditional

Partial

Conditional

Functional dependencies

Partial

Felix Naumann
Data Profiling
Canada, 2017
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Use Cases for Data Profiling

m Query optimization: Counts and histograms, functional dependencies, ...
m Data cleansing: Patterns, rules, and violations

m Data integration: Cross-DB inclusion dependencies

m Scientific data management: Inspect new datasets

m Data analytics and mining: Profiling as preparation to decide on models
and guestions

m Database reverse engineering

m “If we just have a bunch of data sets in a repository, it is unlikely anyone will
ever be able to find, let alone reuse, any of this data. With adequate
metadata, there is some hope, but even so, challenges will remain...”

[D. Agrawal, P. Bernstein, E. Bertino, S. Davidson, U. Dayal, M. Franklin, J. Gehrke, L. Haas, A. Halevy, J. Han, H. V. Jagadish, A. Labrinidis, S.

Madden, Y. Papakonstantinou, J. M. Patel, R. Ramakrishnan, K. Ross, C. Shahabi, D. Suciu, S. Vaithyanathan, and J. Widom. Challenges and
opportunities with Big Data. Technical report, Computing Community Consortium, http://cra.org/ccc/docs/ init/bigdatawhitepaper.pdf, 2012.]

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017
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- : Hasso
Data profiling as data preparation for any data management task — Plattner
CrowdFlower’s Data Science Report 2016 Institut

Data preparation accounts for about 80% of the work of data scientists

3% 5% What data scientists spend the most time doing
4%

® Building training sets: 3%
® (leaning and organizing data: 60%
® Collecting data sets; 19%
Mining data for patterns: 9%
® Refining algorithms: 4%

Felix Naumann

i s Data Profiling
Other: 5% Canada, 2017

“Cleaning Data: Most Time-Consuming, Least Enjoyable Data Science Task”, Gil Press, Forbes, March 23, 2016 11



Shortcomings of
commercial and research tools

IEH. Information Server

e.g., IBM Information Analyzer

m Usability
o Complex to configure

o Results complex to view and
interpret

m Scalability
o Main-memory based
o SQL based
m Efficiency
o Coffee, Lunch, Overnight
m Functionality
0 Restricted to simplest tasks

0 Restricted to individual columns or
small column sets

o,,Checking® vs. ,,discovery*
m Interpretation of profiling results

1A_OVERVIEW_PROJECT

2 View Details

@ You can use this pane to view anal

Frequency Values

Foreign Key Candidate Pair

W: LB By |ea|P?|lbid|liiig|eo
e —— IN;;STiGhTE — - Foreign Key Analysis
-,
[+ select Data Source to Work With e
EMPLOYEE DEPARTMENT
I Open Foreign Key Analysis (W 3

ysig details sbout a primary key column and the foreign key column that is assodated with the primary key column,

Analysis Details

[ Base C:Jiw'nnm : Paired Column
Column EMPRNC IGRMNO

Common Domain:
Yes

aired to Base:
| Common Data Values:
B 100, 0000 %

| Table (EMPLOYEE  DEPARTMENT se to Paired:
| Sl I IA IA Gﬂmon Data Values: Comman DMED
Primary Key | Yes No \[8 16.6667% | |No
| Foreign Key | to Yas
(| Data Class | Identifier Quantity ) Commeon Domain :
|DataType | INT32 INTS [
- Length 0 0
[ Precision ] 0
[ Scale ' ] 0
( Cardinality | 48 9 :)
Unique e Mo
| Constant | Mo Mo
| Definiion | No No 40 8 1
Base Column Paired Column

—t@i
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m Scalability in number of rows

m Scalability in number of columns

o “Normal” table with 100 columns:
2100 _ 1 = 1,267,650,600,228,229,401,496,703,205,375
= 1.3 nonillion column combinations

o Impossible to check or even enumerate

m Possible solutions
o Scale up: More memory, faster CPUs

Felix Naumann

o Scale in: More cores * Data Profiling

. Canada, 2017
o Scale out: More machines

o Scale smart: Intelligent enumeration and aggressive pruning

13



Hasso
Plattner
Agenda Institut

1. Basic statistics _sBELE '_,JE He ﬂI.E.E.ET..E.EI.LH.'i!;:..':'"'g:__
- uEEé%ﬂh:d;ﬁ,:Eﬁng iz“‘é",‘;‘__
2. Uniques and keys _‘gﬁg,—__{ =3 ZHETEXTMI_NILN‘ = =1,
. . %E . | == E %5 ! — =§E "
3. Functional dependencies At o o Pt - L Gz =2
4. Inclusion d denci = |=§23=§l-u P2 ggnATA CLEANSING gﬂé
- :"-'—"—: ——— |
NC USIOI’? ependencies =§w§= ;LF I] A PRUF".IN EE
and forelgn keys g:*Eb zlnmnhnnmﬁ'ﬁ"%' g?é“‘"""“nnmnnmnmsi :::E
C/D L | IATAPROFILING we DISTRIBUTED SYSTEMS = fE METADATA =2 § £: géz
5. Outlook: Other 1 —E g P§ —
i Pty =< TRATUSPHERE = L —EE e i
dependencies and more 2 g=- Eﬂiﬁ BATA  Z2 MoaTATRAWLING
= S== & wme S 32E L S - —
= = = BiL 2 g
85...’. NG E &2 upLicaTe IlmcllnllH“un:i.ﬁnﬁ?"l“ FR“EESEl:F ll!\lsuPEl TEXT ANALY: gz
— WEB I]F nATA =+ Bl  Felix Naumann

]

= EESTRATOSPHERE |} BE

%E%i Data Profiling
WE B M | NIN G o= "“"“'lIHKEII OPEN DATA Knuwunu: DISCOVERY ___==52 | canada, 2017
sncm Mimn ANALYSIS == = ._M Ac H ’I_ N | N pmEcss
Y ST STSTENS s— =-m- INFORMATION RETRIEVAL £ DATACLEANSING RECOMMENDER SYSTEMS 5 = = E “
e INFORMATION RETRIEVALE=®
DATABASES ’;3 L

14



Cardinalities, distributions, and patterns

Categor Task Description
Cardinalities numM-rows Number of rows
value length [Measurements of value lengths (min, max, median, and average)
null values [Number or percentage of null values
distinct Number of distinct values; aka “cardinality”
uniqueness |Number of distinct values divided by number of rows
Value distributions |histogram Frequency histograms (equi-width, equi-depth, etc.)
constancy Frequency of most frequent value divided by number of rows
Three points that divide the (numeric) values into four equal
quartiles groups
soundex Distribution of soundex codes
first digit Distribution of first digit in numeric values (Benford's law)
Patterns, data
types, and domains |basic type |Generic data type: numeric, alphabetic, date, time
data type Concrete DBMS-specific data type: varchar, timestamp, etc.
decimals Maximum number of decimal places in nhumeric values
precision Maximum number of digits in numeric values
patterns Histogram of value patterns (Aa9...)
Semantic, generic data type: code, indicator, text, date/time,
data class quantity, identifier, etc.
Classification of semantic domain: credit card, first name, city,
domain phenotype, etc.

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017
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m Statement about the distribution of first digits d in (many) naturally occurring
numbers:

0P(d) = log1o(d + 1) — logyo(d) = log1o(1 +1/4)
o Holds if log(x) is uniformly distributed

N
@)

1 | |
LI B B I 1 T LI I B B

5 6 78910 20 30 50 100

W
o
|

._.
b2
Tad
b ==

Y
o
|

Felix Naumann
Data Profiling
Canada, 2017

% frequency
N
o

o
|

1 2 3 45 6 7 8 9
first digit

17



Examples for Benford‘s Law

m Surface areas of 335 rivers

m Sizes of 3259 US populations

m 5000 entries from a mathematical handbook
m 308 numbers contained in an issue of Reader's

m Street addresses of the first 342 persons listed

40,0
35,0
30,0
25,0
20,0
15,0
10,0

5,0

0,0

1800 molecular weights

Digest

iIn American Men of Science

1 2 3 4 5 6 7 8

% 1st digit of the 335 NIST physical constants

m % expected by Benford's law

9

L T o T Y N T Y SN T T A TR

Leading digit

Hasso
Plattner
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Heights of the 60 tallest structures

meters
Count %
43.3%
11.7%
15.0%
10.0%
B.7%
1.7 %
3.3%
8.3%
0.0%

]
7]

[ T i O L T S R

In Benford's law

30.1%
17 6%
12.5%
89.7%
7.9%
B.7%
58%
51%
46%

http://en.wikipedia.org/wiki/List_of_tallest_buildings_and_structures_in_the_world#

Tallest_structure_by_category

Fraud

detection

Felix Naumann
Data Profiling
Canada, 2017
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m Uniqueness and keys
o Unique column: Only unique values
o Unique column combination: Only unique value combinations
— Minimality: No column subset is unique
o Key candidate: No null values
o Key: Only human expert can decide
— UCC is prerequisite

m Uniques: {A, AB, AC, BC, ABC} -“-
1

m Minimal uniques: {A, BC}
m (Maximal) Non-uniques: {B, C}

Felix Naumann
Data Profiling
Canada, 2017
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Pruning effect of a pair

Felix Naum
Data Profiling

Canada, 2017
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Felix Naum
Data Profiling
Canada, 2017

Pruning both ways
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TPCH — Uniques and Non-Uniques

8 columns

@m@mﬁmi I 1@1@

Fenx Nauimann
Data Profiling
Canada, 2017
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Apriori visualized

maximal

minimal
unigque

Felix Naum
Data Profiling

Canada, 2017
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Unique column
combination discovery

Column-based Hybrid Row-based

PN

Bottom up Top down Hybrid

N/ L

Apriori  DUCC SWAN HyUCC Gordian

Felix Naumann
Data Profiling
Canada, 2017
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Felix Naumann
Data Profiling
Canada, 2017
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Scalability in the number of columns and rows

(s)

log Execution Time

m NCVoter data, 100k rows

1

10000

- DUCC

L*
—— GORDIA /
—— HCA / A/A

1000 -~ /
o /A /
100 - /A v
A/A /
A O
h——A O”’
o

1 I I I I T I T T

5 10

Number of Columns

T

15 20 25 30 35 40 45 50 55 60 65

m NCVoter,

15 columns
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10000

s)

GORDIAN
HCA
DUCC

(
-
o
o
o

|

100

log Execution Time

-
o
|

o/o

10,000

100,000

Number of Rows

|

1,000,000

28
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Analysis of DUCC

m Runtime mainly depends on size of solution set

Time (s) Uniques
140 9000
—Time - 8000

120 _
—Uniques J_ 7000
100

6000
80 ,/C-// 5000
60 AZ//

40 - 3000

:

4000

/_/y - 2000

20 - 1000
0 0 Felix Naumann
10 15 20 25 30 35 40 45 50 Data Profiling

Canada, 2017

Columns

: : : : n :
m Worst case: solution set in the middle of lattice: ("/z) uniques
29
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in NC-voter data Institut

m A minimal unique: voter_reg_num, zip_code, race_code

m A maximal non-unique: voter_reg_num, status _cd, voter_ status_desc,
reason_cd, voter_status reason_desc, absent ind, name_prefx_cd,
name_sufx_cd, half code, street dir, street_type cd, street sufx_cd,
unit_designator, unit_num, state cd, mail_addr2, mail_addr3, mail _addr4,
mail_state, area_cd, phone_num, full_ phone number, drivers_lic, race_code,
race_desc, ethnic_code, ethnic_desc, party cd, party desc, sex code, sex,
birth_place, precinct_abbrv, precinct _desc, municipality abbryv,
municipality desc, ward_abbrv, ward_desc, cong_dist_abbry,
cong_dist _desc, super_court_abbrv, super_court _desc, judic_dist_abbry,
judic_dist_desc, nc_senate_ abbrv, nc_senate desc, nc_house_abbry,
nc_house_desc, county _commiss_abbrv, county commiss_desc,
township_abbrv, township_desc, school dist_abbrv, school dist desc,

fire_dist_abbrv, fire_dist_desc, water_dist_abbrv, water dist desc, Felix Naumann
sewer_dist_abbrv, sewer_dist_desc, sanit_dist_abbrv, sanit_dist_desc, Canada, 2017

rescue_dist _abbrv, rescue dist_desc, munic_dist_abbrv, munic_dist_ desc,
dist 1 abbrv, dist_1 desc, dist 2 abbrv, dist_ 2 desc, confidential ind, age,

vtd_abbrv, vtd _desc
30
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Functional Dependencies

Felix Naumann
Data Profiling
Canada, 2017
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Functional Dependencies

Hasso

Person |Lineage

Hair

! Plattner
Institut
Religion
Some Functional Dependencies:
New gods
. Person - Lineage
. Person - Hair
. Person - Religion
New Gods . Lineage - Hair
. Religixn, Hair - Lineage
Old gods Ned Stark: ,#4 looks like a
reasonable quality constraint*
Felix Naumann
New gods Ned Stark: ,,I believe Joffrey oy

violates my database constraint.*

Old gods 2



Uses for FDs

m Schema design m Data cleansing (especially
o Normalization partial/conditional FDs)
o Keys m Anomaly detection
m Data cleansing o Data integrity constraints
m Schema design and normalization o Data curation rules

m Query optimization: Independence
of column attributes

m Index selection

m Key discovery

Naive discovery approach
m For each column combination X
o For each pair of tuples (t1,t2)
— If t1[X\A] = t2[X\A] and t1[A] # t2[A]: Break

m Complexity
0 Exponential in number of attributes times number of rows squared

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017

34



Current FD discovery approaches

Column-based

Row-based

DFD & HyFD

Dep-Miner

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017
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Again: Model in lattice — edges represent FDs

Minimal FDs:

CICICICICICICR.

A->E
BCDE - > A

Hasso
Plattner
Institut

95 d
290X
Q.'UZ
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HyFD: Hybrid FD Discovery

Hasso
Plattner
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C
C

column-efficient

)
D

records

results

lis,
HyF D pIiRpe::s:)rds Data

Preprocessor

Record Pair comparisonSuggestions

Sampler

non-FDs FD Candidate
Inductor

Memory
Guardian

plis,
pliRecords

FD
Validator

candidate-FDs

row-efficient

Felix Naumann
Data Profiling
Canada, 2017
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Dataset Cols Rows Size FDs | Tane Fun  Fp_MINE Drp  Dep-MINEr  FasTFDs  FDEP HyFD
[#] [#] [KBJ [#] [12] [18] [25] [1] [16] [24] [9]
1ris 5 150 5 4 1.1 0.1 0.2 0.2 0.2 0.2 0.1 0.1
balance-scale 5 625 7 1 1.2 0.1 0.2 0.3 0.3 0.3 0.2 0.1
chess T 28,056 519 1 2.9 1.1 3.8 1.0 174.6 164.2 125.5 0.2
abalone 9 4,177 187 137 2.1 0.6 1.8 1.1 3.0 2.9 3.8 0.2
nursery 9 12,960 1,024 1 4.1 1.8 7.1 0.9 121.2 118.9 46.8 0.5
breast-cancer 11 699 20 46 2.3 0.6 2.2 0.8 1.1 1.1 0.5 0.2
bridges 13 108 6 142 2.2 0.6 4.2 0.9 0.5 0.6 0.2 0.1
echocardiogram 13 132 6 527 1.6 0.4 69.9 1.2 0.5 0.5 0.2 0.1
adult 14 48,842 3,528 78 67.4 111.6 531.5 5.9 6039.2 6033.8  860.2 1.1
letter 17 20,000 695 61 | 260.0 529.0 7204.8 6.0 1090.0 1015.5 291.3 3.4
ncvoter 19 1,000 151 758 4.3 4.0 ML 5.1 11.4 1.9 1.1 0.4
hepatitis 20 155 8 8,250 12.2  175.9 ML  326.7 5576.5 9.5 0.8 0.6
horse 27 368 25 128,727 | 457.0 TL ML TL TL 385.8 7.2 7.1
fd-reduced-30 30 250,000 69,581 89,571 41.1 77.7 ML TL 377.2 382.4 TL 513.0
plista 63 1,000 568 178,152 ML ML ML TL TL TL 26.9 21.8
flight 109 1,000 575 082,631 ML ML ML TL TL TL 216.5 53.4
uniprot 223 1,000 2,439 >2437.556 | ML ML ML TL TL TL ML >5254.7

Results larger than 1,000 FDs are only counted TL: time limit of 4 hours exceeded ML: memory limit of 100 GB exceeded
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IND discovery R[X] < S[Y]

m Unary and n-ary INDs: R[A] < S[B] and R[ABC] < S[DEF]

m Detect unknown foreign keys
m Example: PDB — Protein Data Bank
o OpenMMS provides relational schema, 175 tables
o Not a single foreign key constraint!
m Example: Ensembl — genome database
o Shipped as MySQL dump files: >200 tables
o Not a single foreign key constraint!

m \Web tables: No schema, no constraints,
but many connections

m Why are FKs missing?
o Lack of support for foreign key constraints in DBMS
o Fear of performance drop for constraint checking
o Lack of database knowledge

Unary IND detection:

o(n?)
for n attributes

N-ary IND detection:

o@2" - nhH)
for n attributes

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017
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MANY: INDs among millions of web tables

e o e i _ ey g
¥ ‘}'..'t .GE:'. % ﬂ&aﬂ?@ ‘?‘ RoC 952421 Associalion’.csv
o '.‘ Wy
0,8 43666-3 43666-3'BBC_Radio_Stoke' Programming’.csv

530641  53064-1'Rotation_period ‘Rotation period of selected objects’ csv

seoagd.q  992884-4 Planets in_astrology' Ruling planets of the astrological
signs and houses'.csv

I 175797-1 175797-1"Sun_sKgn_astrology”.'Sun signs'.csv
177750-2 177750-2.'BBC_Radio_Manchester'. Programming’,csv
89462-4 89462-4.'Asirology_and_the_classical_elements’. Triplictiies by
SEASON’ LSV
2132131 213213-1Dallon_Park’.'Opening times’.csv
! 470402- .. |
. ’ R e ke ol o oo
Celestial Objects Rotation period Rotation peried Zoom (1-5)
Stin 25379985 days (equatorial) 35 days (mgh latiude) 25d9hTm116535d ; X
Mercury 58.6462 days 56d15h30m30s R (logarithmic)
e hﬂm!ﬂlmlc
Venus 7243.0187 days 2243d0h26m 2
Earth 0.99726968 days 0d23h56m4.1005s
Moan 27.321661 days  synchronous toward Earth) 27d7h43mil5s Dataset
Mars 1.02595675 days 1d0h37Tm22663s
allFiters
Ceres 0.37809 days 0dohdm270s
. 0.4135344 days (deep intenor) 0.41007 days (equatonal) 0.41369942days 0d9h55m29.3750d9h50m30s0d 9h55m 43.63
AUpREY (high latitude) s

Satum 044403 days (deep interior) 0.426 days (equatorial) 0.443 days (high 0d10h39m2450d10h14m0d 10h 38 m v
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Many Other Kinds of Dependencies

dependency, 157

afunctional, 234

algebraic, 228-233

axiomatization, 166, 171, 172, 186, 193, 202-
207, 227, 231

capturing semantics, 159-163

classification, 218

conditional table, 497

and data integrity, 162

and domain independence, 97

dynamic, 234

embedded, 192, 217, 233

embedded implicational (eid), 233

embedded join (ejd), 218, 233

embedded multivalued (emvd), 218, 220, 233

equality-generating (egd), 217-228

extended transitive, 234

faithful, 232, 233, 239

finiteness, 306

full, 217

functuonal (fd), 28, 159, 163-169, /63, 186, 218,
250, 257, 260

general, 234
generalized dependency constraints, 234
generalized mutual, 234
implication
in view, 22|
implication of, 160, /64, 193, 197
implicational (id), 233
implied, 234
inclusion {ind), 161, 192-211, /93, 218, 250
acyclic, 207, 208=210, 211, 250
key-based, 250, 260
typed. 213
unary {uind), 210-211
inference rule, 166, 172, 193, 227, 231
ground, 203
join (jd), 161, 169-173, 70, 218
key, 157, 163-169, 163, 267
logical implication of, 160, /64
finite, 197
unrestricted, 197
multivaloed (mvd), 161, 169-173, /70, 186, 218
mutual, 233
named vs. unnamed perspectives, 159
order, 234
partition, 234

[Abiteboul, Hull, Vianu: Foundations of Databases, 1995]

projected join, 233

and query optimization, 163

satisfaction, 160

satisfaction by tableau, 175

satisfaction family, 174

and semantic data models, 249-253

and schema design, 253-262

single-head vs. multi-head, 217

sort set, 191, 213,234

subset, 233

tagged, 164, 221, 241

template, 233, 236

transitive, 234

trivial, 220

tuple-generating (tgd), 217-228

typed, 159

vs. untyped, 192, 217

unireladonal, 217

and update anomalies, 162

and views, 221, 222

vs. first-order logic, 159, 234

v§. integrity constraint, 157

vs. tableaux, 218, 234
dependency basis, 172
dependency preserving decomposition, 254
dependent class, 246
dereferencing, 557, 558
derivation, 290

Naumann
Profiling
la, 2017
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Other dependencies

m Detecting multi-valued dependencies (MVDs) and join dependencies
m Detecting denial constraints (DCs)

m Detecting order dependencies (ODs) emp_name rank salary

oSELECT emp_name
salary ,,orders” rank
40k

FROM employees
Brown 2 60k

ORDER BY rank, salary Johnson 1

o SELECT emp_name
FROM employees
ORDER BY rank Remove rank

Felix Naumann
Data Profiling

Replace with Canada, 2017

salary (if index
only on salary)
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Partial dependencies

m Aka. “approximate dependencies”
m Do not perfectly hold

o For all but 10 of the tuples

o0 Only for 80% of the tuples

o Only for 1% of the tuples

m Also: Approximate dependencies
m Conditional dependencies

m Matching dependencies

m Metric dependencies

RFD

abbrev. RFD name
ACOD Approximate comparable dependency
ADD Approximate differential dependency
AFD Approximate functional dependency
CcoD Comparable dependency

CFD Conditional functional dependency
CrFD? crFD with built-in predicates

CFD" crD with cardinality constraints and synonym rules
CMD Conditional matching dependency
CsD Conditional sequential dependency
CD Constrained functional dependency
DD Differential dependency

eCFD Extended conditional functional dependency
FFD Fuzzy functional dependency

MD Matching dependency

MFD Metric functional dependency

ND Neighborhood dependency

NuD Numerical dependency

OD Order dependency

ODg oD satisfied within bound &
ODEA oD satisfied almost everywhere
OFD Ordered functional dependency

PD Partial determination

POD Polarized order dependencies
prerD Preference functional dependency
PAC Probabilistic approximate constraint
PED Probabilistic functional dependency
PUD Purity dependency

RUD Roll-up dependency

SD Sequential dependency

SFD Similarity functional dependency
soft FD Soft functional dependency

TD Trend dependency

TMFD Type-M functional dependency

[Caruccio, Deufemia, Polese: Relaxed Functional Dependencies XCFD
- A Survey of Approaches. TKDE '16] /X

XML conditional functional dependency
XML FD with o and @ approximation
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Conditional Dependencies

m Given a partial IND or FD: For which part does it hold?
m Expressed as a condition over the attributes of the relation

m Problems:
o Infinite possibilities of conditions
o Interestingness:
— Many distinct values: less interesting
— Few distinct values: surprising condition — high coverage
m Useful for Integration Folix Naumann
o Cross-database cINDs oy
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Outlook: Profiling new types of data

Hasso

{9 .1
OB

b DailyMed (11,271)

» DBpedia (4,222,586)

¥ Diseasome (9,047)
¥ W diseases (4,21:
¥ W genes (9,743)

P DrugBank (19,694)

P LinkedMDB (631,003

m Traditional data profiling:
Single table or multiple tables

m More and more data in other models
o XML / nested relational / JSON
0 RDF triples
o Textual data: Blogs, Tweets, News
o Multimedia data

m New dimensions to profile
o XML: Measures at different nesting levels
o RDF: Graph structure, in- and out-degrees
o Multimedia: Color, video-length, volume, etc.

Qverview Graph Analysis Properties Inverse Properties Association Rules Synonyms Key Discovery
Graphs / Pattern 1
(@] o o
@
@ @ (0} @ (0]
@ @ o ) @ @
O
(¢} O ®
© 10}
@
A 0] 0] 1%
o O [5) @
@ ©
0] o) i
o0 ®
@
Q@ Q
Q
o 9] @ O (o}
Statistics: Class distribution:
Pattern: 41 m diseases
I genes
unknown
Nodes: 5
Edges: 5

Diameter:

2

o Text: Sentiment, sentence structure, complexity, and other linguistic measures

a7



Outlook: Profiling Challenges

m Efficient profiling

m Scalable profiling

m Holistic profiling

m Incremental profiling

m Online profiling

m Temporal profiling

m Profiling query results

m Profiling new types of data
m Data generation and testing
m Data profiling benchmark

M

m Hundreds of UCCs — which ones are
keys?

m Thousands of FDs — which ones are
true?

m Millions of INDs — which ones are
foreign keys?

m User-driven interpretation:
o Rank and visualize metadata
m Machine-driven interpretation
o Machine learning

ST

€t

p
3![1 o}iﬁ’e

www. metanome.de

Hasso
Plattner
Institut

Felix Naumann
Data Profiling
Canada, 2017
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. Basic statistics
. Uniques and keys
. Functional dependencies

. Inclusion dependencies
and foreign keys

. Outlook: Other
dependencies and more

A W DN P

o1

Felix Naumann
Data Profiling
Canada, 2017
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