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The Fourth Paradigm of Science

1. Empirical and experimental
2. Theoretical

3. Computational

4. Data-intensive

B i

The
FOURTH
PARADIGM

We have to do better producing tools to support the ¥
whole research cycle - from data capture and data @ 7'
curation to data analysis and data visualization. Jim Gray
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Felix Naumann
Bad Files, Bad Data 2021
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Big Data = Science? Institut

m The End of Theory: The Data Deluge Makes the Scientific Method Obsolete
(Chris Anderson, Wired, 2008)

o All models are wrong, but some are useful. (George Box)

oAll models are wrong, and increasingly you can succeed without them.
(Peter Norvig)

m Before Big Data: Correlation is not causation!
m With Big Data: Who cares?
o Petabytes allow us to say: “Correlation is enough.”

Felix Naumann
Bad Files, Bad Data 2021
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Capture Sharing Querying

Extraction Analysis

Visualization Felix Naumann

Curation Storage Bad Files, Bad Data 2021

Data Engineering Data Science
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Data preparation in reality
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What data scientists spend
the most time doing?

m Building training sets:
3%

o BP9
m Cleaning and
organizing data: 60%

= Collecting data sets:
19%

m Mining data for
patterns: 9%

= Refining algorithms:
4%

Others: 5%

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

What is the least enjoyable part
of data science?

m Building training sets:
10%

m Cleaning and
organizing data: 57%

= Collecting data sets:
21%

m Mining data for
patterns: 3%

= Refining algorithms:
4%

Others: 5%

http://www.forbes.com/sites/qilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/



http://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/

Overview
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Bad Files

Data Preparation
Bad Data

Data Cleaning
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"ID,""Name"", ""Sex"", ""Age"", ""Height"", ""Weight"", ""Tean"", ""NOC"", ""Games"", ""Year"", ""Season"", ""City"", ""Sport"", ""Event"", ""Medal"""
"1,""A Dijiang"",""M"",24,180,80,""China"™", ""CHN"",""1982 Summer"",1992, ""Summer"", ""Barcelona"", ""Basketball"", ""Basketball Men's Basketball"" 6 NA"
"2,""A Lamusi"", ""M"" 23,170,60,""China"", ""CHN"",""2012 Summer"",ZOlZ,""Summer"",""London"" ""Judo"" ""Judo Men's Extra-Lightweight™"",NA"
"3, ""Gunnar Nielsen Aaby"",""M"",24,NA,NA, ""Denmark"", ""DEN" "1920 Summer™"™,1920, ""Summer"", ""Antwerpen"",""Football"", ""Football Men's Football"",NA"
"4,""Edgar Lindenau Aabye"",""M"",34,NA,NA, ""Denmark/Sweden"", ""DEN"",""1900 Summer"",l900,""5ummer"" ""Parls"" ""Tug-0f-War"",""Tug-0f-War Men's Tug-Of-War"",""Gold"""
"5, ""Christine Jacoba Aaftlnk"",""F"",21,185,82,""Netherlands"",""NED"",""1988 Winter"", 1988, ""Winter"", ""Calgary"", ""Speed Skating "Speed Skating Women's 500 metres™",NA"
"5, ""Christine Jacoba Aaftink"",""F"",21,185,82,""Netherlands"",""NED"",""1988 Winter"",1988, ""Winter ""Calgary"",""Speed Skatlng"",""Speed Skating Women's 1,000 metres"",NA"
"5,""Christine Jacoba Aaftink"",""F"",25,185,82,""Netherlands"", ""NED"",""1992 Winter"",1992, ""Winter"", ""Albertville"",6 ""Speed Skating"", ""Speed Skating Women's 500 metres"",NA"
"5,""Christine Jacoba Aaftink"",""F"",25,185,82,""Netherlands"",""NED"",""1992 Winter"",1992, ""Winter"", ""Albertville"", ""Speed Skating '""Speed Skating Women's 1,000 metres"", NA"
10 "5,""Christine Jacoba Aaftink"",""F"",627,185,82,""Netherlands"", ""NED"",""1994 Winter"",1994,""Winter"",""Lillehammer"", ""Speed Skating '""Speed Skating Women's 500 metres"",NA"
"5,""Christine Jacoba ARaftink"",""F"",27,185,82,""Netherlands"", ""NED"",""1994 Winter"",1994, ""Winter"", ""Lillehammer"", ""Speed Skating '""Speed Skating Women's 1,000 metres"" NA"
"g,""Per Knut Aaland"",""M"",31,188,75,""United States"",""UsSA"" '"l992 Winter"",1992, ""Wlnter"" ""Albertv1lle"",""Cross Country Skiing '""Cross Country Skiing Men's 10 kilometres"",NA"
"6, ""Per Knut Aaland"",""M"",31,188,75,""United States"",""USA"" Winter"", 1992, ""Winter"", ""Albertville"", ""Cross Country Skiing '""Cross Country Skiing Men's 50 kilometres"",NA"
14 "g,""Per Knut ARaland"",""M"",31,188,75,""United States"",6""USA"", Winter"", 1992, ""Winter"", ""Albertville"",K ""Cross Country Skiing"",""Cross Country Skiing Men's 10/15 kilometres
Pursuit"",NA"
"g, ""Per Knut
Relay"",NA"
"6, ""Per Knut
17 "6&,""Per Knut
18 "g,""Per Knut
Pursuit"",NA"
19 "6,""Per Knut
Relay"",NA"
0 "7,""John Aalberg
"7,""John Aalberg
"7, ""John Aalberg""
"7,""John Aalberg"",
"7,""John Aalberg
"7,""John Aalberg
"7, ""John Aalberg"" "UM"",33,183,72,""United
"7,""John Aalberg"",""M"",33,183,72,""United
"§, ""Cornelia """"Cor"""" Aalten (-Strannood)
"8, ""Cornelia """"Cor"""" Aalten (-Strannood)
Relay"",NA"
"9, ""Antti Sami Aalto"",""M"",26,186,96,""Finland"",""FIN"",""2002 Winter"", 2002, ""Winter"",""5alt Lake City"",""Ice Hockey"",""Ice Hockey Men's Ice Hockey"",NA"
"10,""Einar Ferdinand """"Einari"""" RAalto"",""M"",26,NA,NA,""Finland"",""FIN"",""1852 Summer"",1952,""Summer"", ""Helsinki"", ""Swimming ""Swimming Men's 400 metres Freestyle"", NA"
"11,""Jorma Tlmari Aalto™", ""M"",22,182,76.5,""Finland"",""FIN"",""lQBO Winter™", 1980, ""Winter"", ""Lake P1a01d"" ""Cross Country Skiing™",""Cross Country Skiing Men's 30 kilometres"",NA"
"12,""Jyri Tapani Aalto"",""M"",31,172,70,""Finland"",""FIN"",""2000 Summer"",2000,""Summer"", ""Sydney"",""Badminton"",""Badmlnton Men's Slngles"",NA"
"13,""Minna Maarit Aalto"",""F"",30,159,55.5,""Finland"", ""FIN"",""1996¢ Summer"", 1996, ""Summer"", ""Atlanta"",""5ailing"",""Sailing Women's Windsurfer"" 6 NA"
"13,""Minna Maarit Aalte"",""F"",34,159,55.5,""Finland"", ""FIN"",""2000 Summer"", 2000, ""Summer"",""Sydney"",""Sailing"", ""Sailing Women's Windsurfer"",6 NA"
"14,""Pirjo Hannele Aalto (Mattila—)"",""F"",32,171,65,""Finland"",""FIN"",""1994 Winter"",1994, ""Wlnter"" ""Llllehammer"" ""Biathlon"",""Biathlon Women's 7.5 kilometres
"15,""Arvo Ossian Aaltonen"",""M"",22,NA,NA,""Finland"",""FIN"",""1912 Summer"",1912,""Summer"",""Stockholm"",""Swimming"", ""Swimming Men's 200 metres Breaststroke"",NA"
"15,""Arvo Ossian Aaltonen"",""M"",22,NA,NA,""Finland"",""FIN"",""1912 Summer"",1912,""Summer"",""Stockholm"", ""Swimming"", ""Swimming Men's 400 metres Breaststroke"",NA"
"15,""Arvo Ossian Aaltonen"",""M"",30,NA,NA,""Finland"",""FIN"",""1920 Summer"™",1920, ""Summer"", ""Antwerpen"",""Swimming"", ""Swimming Men's 200 metres Breaststroke"",""Bronze
"15,""Arvo Ossian Aaltonen"",""M"",30,NA,NA,""Finland"",""FIN"",""1920 Summer"",1920,""Summer"", ""Antwerpen"",""Swimming"", ""Swimming Men's 400 metres Breaststroke"",""Bronze
"15, ""Arvo Ossian Aaltonen"",""M"",34,NA,NA,""Finland"",""FIN"",""1924 Summer"",1924,""Summer"",""Paris"", ""Sw1mm1ng"" ""Sw1mming Men's 200 metres Breaststroke™"",NA"
"16, ", ""2014 Winter"" ""Wlnter"" ""Sochi"", " Men's "o ""Bronze
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Aaland"",""M"",31,188,75,""United States"",""USA"",""1992 Winter"",1992,""Winter"", ""Albertville"",""Cross Country Skiing"",""Cross Country Skiing Men's 4 x 10 kilometres
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nn mwn wr nn

LAY LAl
r
o
r
g
r
o
’
LAY LAl
r
o
r

31,183,72,
31,183,72,
31,183,72,
31,183,72,
33,183,172,
33,183,72,

""United
""United
""United
""United
""United
""United

States"",
States"",
States™",
States"",
States"",
States"",
States™",
States"",
""I ""F""l

,UrET

"MUsAtt,"U1992
"rUsat 1992
""UsSA" 1992
"MUSA" 1992
"UUsSA" 1994
"rUsat 1994
""UsSA" 1994 Winter
"MUSA"™,""1994 Winter
18,1e8,NA, ""Netherlands""
18,168,NA, ""Netherlands"",

Men's
Men's
Men's
Men's
Men's
Men's

,""Cross
,""Cross
, ""Cross
,""Cross
,""Cross
,""Cross

""Cross
""Cross
""Cross
""Cross
""Cross
,""Cross
, ""Cross
,""Cross
""Summer
" Summer

""Winter
""Winter
""Winter
""Winter
""Winter
""Winter
, 1994, ""Winter
, 1994, ""Winter
""NED"",""1932 Summer"",
"U"NED"",""1932 Summer"",

Winter
Winter
Winter
Winter
Winter
Winter

,1992,
, 1992,
, 1992,
,1992,
,1994,
, 1994,

,""Albertville"",
,""Albertville"",
, ""Albertville"",
,""Albertville"",
,""Lillehammer"",
,""Lillehammer
,""Lillehammer
,""Lillehammer
1932,
1932,

10 kilometres"",NA"

50 kilometres"",NA"

10/15 kilometres Pursu:

4 x 10 kilometres Rela

10 kilometres"",NA"

30 kilometres"",NA"
Skiing Men's 10/15 kilometres Pursu:
Skiing Men's 4 x 10 kilometres Rela

""Athletics Women's 100 metres"",NA"

""Athletics Women's 4 x 100 metres

b

Country
Country
Country
Country
Country
Country
Country
Country
", ""Los
,""Los

Skiing
Skiing
Skiing
Skiing
Skiing
Skiing
Skiing
Skiing
Angeles
Angeles

Country
Country
Country
Country
Country
Country
, ""Cross Country
,""Cross Country
""Athletics"",
, ""Athletics"",

Skiing
Skiing
Skiing
Skiing
Skiing
Skiing

nn mwn wr nn

NCRIN]
W N =

w wr nn

mwn wr nn

[s)

nn mwn wr nn

1

nn mwn wr wr nn

w wr war nn

[\

mwn wr wr nn

%]
~ on U1

[y

3]

nn wr nn

[Negss]

P

(=]

nn wr wr nn

wr nn

(SIS

wr

wr wr wr

Sprint"",NA"

wr

~ & U1

w mwn wr w

wr mwn wr wr wr

3
3
3
3
3
3
3
3
3
3

G

wr mwn wr wr wr mwn o

w mwn wr

"17,
"17,
"17,
"17,
"17,
"17,
"17,
"17,

weq

""Juhamatti Tapio Aaltonen
Johannes
Johannes
Johannes
Johannes
Johannes
Johannes
Johannes
Johannes

""Paavo
""Paavo
""Paavo
""Paavo
""Paavo
""Paavo
""Paavo
""Paavo

R LE » T

war

Aaltonen
Aaltonen
Raltonen
Raltonen
Aaltonen
Aaltonen
Raltonen
Raltonen

. I I T | O 1

" n

" n

" n

war

" n

" n

" n

e
M"",

"w nMn "w
r

o
’

LAY LAl
r

o
r

g
r

o
’

LAY LAl
r

o
r

o

229 1T9E £ A

23,184, 85,
28,175, 64,
28,175, 64,
28,175, 64,
28,175, 64,
28,175, 64,
28,175, 64,
28,175, 64,
28,175, 64,

w7 .

""Finland"",
""Finland"",
""Finland"",
""Finland"",
""Finland"",
""Finland"",
""Finland"",
""Finland"",
""Finland"",

"UEINTT,
"UMEINTT,
"UEINTT,
"UEINTT,
"UEINTT,
"UMEINTT,
"UEINTT,
"UEINTT,

"UEINTT,
"r1948
"r1948
"r1948
"r1g94g
"r1948
"r1948
"r1948
"r1g94g

Summer"™"
Summer
Summer
Summer
Summer
Summer
Summer
Summer

o D

,lo4g,
, 1948,
,1948,
,la4g,
,194g,
, 1948,
,1948,
,la4g,

109

,2014,

wr

""" Summer
" Summer
""Summer
""Summer
""" Summer
" Summer
""Summer
""Summer

weren

wr

wr

wr

wr

wr

wr

wr

wor

war

, " "London
, ""London
, ""London
, ""London
, " "London
, ""London
, ""London
, ""London

MWITTT — T = o e~

wr

w

wr

war

wr

w

wr

""Ice Hockey
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics

wor

war

wr

w

wr

war

wr

w

wr

W,

wor

;,""Ice Hockey
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics
, ""Gymnastics

Men's
Men's
Men's
Men's
Men's
Men's
Men's
Men's

LR L I P TR 1 S (R

Ice Hockey
Tndividual All—Around"",""Banze"""
Team All-Arcund"", ""Gold"""

Floor Exercise"",NA"

Horse Vault"",""Gold"""

Parallel Bars"",NA"

Horizontal Bar"",NA"

Rings"",NA"
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1 |Table rv.03.q: Removals and voluntary departures by country of nationality and type

2 |Quarter
237(2011 Q1
238|201 N
2392011 1
240(2011 Q1
24112011 N
24212011 N
2432011 Q1
24412011 N
24512011 1
246(2011 Q1
247(2011 Q1
2482011 N1
2492011 Q1
250(2011 Q1
25112011 N1
2522|2011 Q1
253(2011 Q1
25412011 N
255(2011 Q1
256(2011 Q1
25712011 N1
2582011 Q2
2599|2011 Q2
2602011 Q2
2612011 Q2
2622|2011 Q2
2632011 Q2
2642011 Q2
265(2011 Q2
266(2011 Q2
2672011 Q2
268|2011 Q2
269(2011 Q2
270/2011 Q2
2271|2011 Q2
2722011 Q2
27312011 Q2
2742011 Q2
2752011 Q2
2762011 Q2
27712011 Q2
2782011 Q2

Geographical
region
Europe
Europe
Americas
Oceania
Africa
Europe
Middle East
Americas
Americas
Europe
Oceania
Europe
Americas
Asia
Americas
Americas
Oceania
Africa
Middle East
Africa
Africa
Total
Africa
Americas
Asia
Europe
Middle East
Oceania
Other
Asia
Europe
Africa
Oceania
Europe
Africa
Americas
Americas
Americas
Europe
Americas
Oceania
Europe

Country of nationality
Turkey
Turkmenistan

Turks and Caicos Islands (British)
Tuvalu

Uganda

Ukraine

United Arab Emirates
United States
Uruguay

Uzbekistan

Vanuatu

Vatican City
Venezuela

Vietnam

Virgin Islands (British)
Virgin Islands (US)
Wallis and Futuna
Western Sahara
Yemen

Zambia

Zimbabwe

*Total

*Total Africa

*Total Americas
*Total Asia

*Total Europe

*Total Middle East
*Total Oceania
*Total Other
Afghanistan

Albania

Algeria

American Samoa
Andorra

Angola

Anguilla (British)
Antigua and Barbuda
Argentina

Armenia

Aruba

Australia

Austria

Total
enforced
removals

48
2
0
0

24

53
0

14
1

22
0
0
2

249

WO OO

3.456
703
343

1.790
512

98

296

-
o
=}

Moo OSNOO

Total
Refused
entry at port
and
subsequentl
y departed
39

3

0

0

3

W o oooo

3.963
611
1.367
888
638
192
153
114
70
187

120

Total
voluntary
departures
79

10

0

0

58

39

5

91

0

IS
-

-
~SNMNO O OO~ oO o

[ )

Total non-
asylum
enforced
removals
22

1

0

0

7

LD O

Non-asylum
cases:
Refused
entry at port
and
subsequentl
y departed
39

3

0

0

3

W o oooo

Total non-
asylum
voluntary
departures
74

9

0

0

50

36

5

88

0

IS
-

-
N O O OO MO O O

[~

Non-asylum
cases:
Assisted
Voluntary
Returns

0

o oo oo N o o oo o oo o oo

Mon-asylum
cases:
Notified
voluntary
departures
23

0

0

0

8

oo O oo wo oo

Non-asylum
cases: Other
confirmed
voluntary
departures
51

9

0

0

38

24

5

53

0

36

0

o

[=7]
o OO0 oo oM

.

Total asylum Total asylum

enforced
removals
26

1

(=]

N OOKMNaS OO =D

5

w

oo oo0oo

voluntary
departures
5

= 0 000 00NOoO0 000 WO WWo o =

Asylum cases:
Assisted
Voluntary

Returns
0

= O 0000 WD o000 WwoMN-~OOo o

Contents lists available at ScienceDirect

International Journal of Information Management

journal homepage: www.elsevier.com/locate/ijinfomgt
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Research Note

Open data: Quality over quantity

Shazia Sadiq?, Marta Indulska”*

2 School of Information Technology and Electrical Engineering, The University of Queensland, St Lucia, QLD 4072, Australia

b UQ Business School, The University of Queensland, St Lucia, QLD 4072, Australia
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Mov-09,,4,47,35,17,99,32,1055,185,578,16,0,18,16,2,36,5,149,2,47,0,0,16,11,5,32,10,43,5,115,1
Dec-09,,3,41,32,15,8%9,27,930,145,566,14,0,17,17,2,3¢,4,131,2,49,0,0,12,10,5,27,86,40,6,106, 1
Jan-10,*,3,51,41,17,109,33,799,143,654,19,0,20,18,2,39,5,125,2,52,0,0,14,13,6,33,8,35,5,138,1

Feb-10,,3,46,36,14,9¢,32,636,133,545,17,0,19,15,1,35,4,%97,1,44,0,0,13,12,6,31,8,24,4,113,1 Hasso
Mar-10,,4,48,36,15,99,29,700,126,550,17%,0,19,15,2,36,4,100,2,44,0,0,13,11,6,30,6,19,4,113,1 Plattner
Apr-10,*,4,57,42,19,119,33,792,157, 665, 20,0,24,17,3,44,4,115,2,52,0,0,17,15,6,39,7,21,5,141,1 I']Stjtl]t

May-10,,3,46,34,18,99,27,629,127,535,16,0,19,13,3,36,4,45,1,42,0,0,12,10,6,28,6,27,5,118,1
Jun-10,,3,43,33,20,97,26,682,132,531,14,0,18,13,5,36,4,55,1,39,0,0,11,10,8,29,6,27,5,115,1
Jul-10,*,5,55,40,26,121,36,1075,182, 662, Data are confidential,0,21,16,6,43,5,114,2,51,0,0,11,10,10,31,8,35,5,144,1
Aug-10,,5,43,32,20,95,28,987,165,553,Data are cenfidential,0,17,11,5,34,4,135,2,46,0,0,10,8,6,24,7,24,5,121,1
Sep-10,,7,48,34,18,100,33,957,158,562,Data are confidential,0,19,13,4,36,5,148,2,46,0,0,16,10,5,31,7,27,5,121,1
Qct-10,%*,9,63,44,22,129,49,1191,195,728,Data are confidential,0,24,19,4,47,6,197,3,57,0,1,22,13,6,41,10,29,7,157,1
Nov-10,,7,52,40,18,109,47,1047,183, 605,Data are confidenti=l,0,19,16,3,38,6,154,2,47,0,0,14,11,5,29,10,20,4,132,1
Dec-10,**,6,55,42,18,114,41,1065,189,691,Data are confidential,0,21,20,3,43,5,167,3,54,0,0,14,11,6,31,8,20,4,143,1
Jan-11,%*,6,60,48;18,126,52,856,190,690,Data are confidential,0,22,20,3,45,6,148,2,52,0,1,;16,15,7,38,10,19,4,157,1
Feb-11,,7,47,39,15,101,37,699,156,592, bata are confidential,0,19,16,2,37,4,115,2,48,0,0,14,12,5,32,8,13,2,123,1
Mar=11,78;51;38;16,105,34, 678,137 58] ,bata are confidentaal, 0,;20,:16;2,37,4,115,2,49, 0,0, 13,11,5,39,6,12,2,;:122,1
Apr-11,*,7,62,46,19,127,37,827,167,683,Data are cconfidential,0,23,18,4,45,5,118,2,60,0,0,15,12,5,32,7,15,3,143,0
May-11,,5,49,37,19,106,35,655,132,545,Data are confidential,0,19,14,4,36,5,49,2,45,0,0,11,10,6,27,7,17,3,122,0
Jun-11,,5,46,36,21,103,36,749,137,567,Data are confidential,0,17,13,5,35,5,72,2,45,0,0,10,8,6,25,8,21,2,127,0
Jul=11,%,;:6,56,42,25,123,42,1133, 188, 128, Data are confidential ;0,20,16,6,42,6,137,3,55,0,0,;10,8,5,23,9,;28;4,151 .0
Aug-11,,5,45,34,18,97,34,956,153,594,Data are confidential,0,18,12,4,34,5,133,3,43,0,0,14,8,4,26,7,25,4,121,0
Sep-11,,7,51;,36,17,104,40,992,153,621 ,Data are confidenti1al,0,18,14,2,35,5,144,3,49,0,1,17,9,4,30,8,30,4,;127,0
Oct-11,*,8,61,45,18,125,53,1336,216,768,Data are confidential,0,22,20,2,45,8,191,3,68,0,1,20,11,5,36,12,34,5,159,0
Nov-11,,;6,;50,39,15,105,48,964,165,;639,Data are confidential,0,18,16,2,36,6,147,3,59,0,1,13,10,4,27,9,25,4,131,0
Dec-11,,5,42,32,12,85,34,864,153,574,Data are confidential,0,16,16,2,34,5,120,3,56,0,0,11,9,4,24,8,24,2,113,0
Jan—-12,*,5,55,45,15,115,46,825,165,721,25,0,20,18,2,40,6,129,2,64,0,0,15,12,5,32,9,23,3,155,0
Feb-12,,6,48,37,12,97,34,658,135,592,19,0,18,15,2,34,4,110,2,52,0,0,12,10,4,27,7,18,3,124,0
Mar-12,,7,49,37,13,99,31,694,130,598,21,0,18,14,2,34,4,108,2,49,0,0,11,9,4,25,6,15,2,124,0
Apr—=12,%,5,60,43,17,120,38,803,1459,724,24,0,22,16,3,41,5,122,2,58,0,0,15,11,5,32,7,20,3,153,0
May-12,,3,47,34,16,98,32,681,118,583,19,0,18,12,3,34,5,60,2,48,0,0,12,9,5,26,7,23,3,123,0
Jun-12,,3,42,30,17,90,31,668,119,570,19,0,16,11,4,32,5,64,2,49,0,0,10,7,5,22,71,30,2,120,0
Jul-12,*,4,52,38,23,113,45,982,169,744,26,0,19,13,5,38,7,126,2,61,0,0,13,9,6,28,10,41,4,153,0
Aug-12,,5,41,30,17,88,34,8592,145,600,21,0,14,10,35,28,5,112,2,52,0,0,13,8,5,26,8,45,3,129,0
Sep-12,,8,45,31,16,91,40,873,143,¢610,24,0,1%7,11,3,31,¢6,123,2,49,0,0,16,9,4,29,10,44,4,128,0
oct-12,*,9,60,43,19,122,58,1270,212,793,27,0,21,1%,3,41,7,142,3,50,0,1,19,11,5,36,14,53,4,162,0
Mov-12,,7,48,36,15,100,49,0912 14%7,672,21,0,16,14,2,33,6,119,2,27,0,1,13,10,4,28,11,41,3,133,0
bec-12,,6,40,30,12,82,35,917,152,628,17,0,15,14,2,31,5,104,2,23,0,0,12,10,4,26,9,32,3,115,0



Data Sources - Data Formats

m Data lakes

= DATA.GOV

DATA CATALOG

m Open (government) data

DATA  TOPICS ~

RESOURCES

Search datasets...

m Instrumented processes

Datasets ordered by Popular

m Sensor data

Filter by location Clea

| Enter location...

m Experimental output

m Database exports

m Excel

u-s-department-of-c.. (62514)

Show More Tags

Formats

HTML (180353)

XML (87979)

PDF (66930)

TIFF (46819)

XYZ(30825)

Show More Formats

Organization Types

Clear All

Clear All

Formats

° @ Clear All

HTML (180353)
XML (B87979)
PDF (66930)
TIFF (46819)
XYZ(30825)
ZIP(23782)
TEXT (21461)
C5v (17852)
JPEG (15238)
JSON (13214)
SID (12873)
WMS (10663)
Esri REST (10434)
RDF (9111)

505 (7875)
EXCEL(7019)
application/unknown (6767)
KML (6474)

WCS (4336)

PNG (3645)

CDF (3143)

WFS (3128)

QGIS (2976)
GeolSON (2672)
NETCDF (2542)
ESRI Layer Package ... (2499)
gml (2371)

EXE (1082)

ASCII (1006)

Hasso
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NTACT

API(981)

SHP (974)

DOC (940)

ArcGlIS Online Map (927)
TAR (785)

GeoTIFF (697)

OGCWMS (509)

Digital Data (508)
application/html (507)
application/vnd.geo... (372)
data (294)

Export (294)

rest (265)

ARCE (245)

ARCG (239)

BIN (226)

Undefined (209}
comma-delimited text (207)
chemical/x-mdl-sdfile (198)
nc (197)

MGD77t(192)
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3. Bad Data

4. Data Cleaning
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Data Preparation: Tasks and Tools

m Data discovery

m Data validation
m Data structuring
m Data enrichment
m Data filtering

m Data cleaning

m And for data scientists
0 Feature selection
o Feature extraction

Categories

Available features

Data preparation tools

Altair

Paxata

SAP | SAS | Tableau

Talend

Trifacta

Data discovery

Locate missing values (nulls)

v

v v

v

Locate outliers

Search by pattern

Sort data

ANENENEN

Data validation

Compare values (selection and join)

Check data range

Check permitted characters

Check column uniqueness

ENIIESENENEN

Find type-mismatched data

Find data-mismatched datatypes

N N N N A R N NN

Data structuring

Change column data type

Delete column

Detect & change encoding

Pivot / unpivot

Rename column

Split column

Transform by example [13]

Data enrichment

Assign semantic data type

Calculate column using ex

Discover & merge extern;

Duplicate column

Generate primary key com..

Join & union

Merge columns

Normalize numeric values

Data filtering

Delete/keep filtered rows

Delete empty and invalid rows

CNEN R RN ES R ESENENEN

SR R SN ENEN I ENENENEN

Extract value parts

Filter with regular expressions

Data cleaning

Change date & time format

S ENENEN ENENENENENENEN ENENENENENEN

Change letter case

Change number format

Deduplicate data

Delete by pattern

Edit & replace cell data

Fill empty cells

S ENENENENENENEN IR ENENENEN

Remove extra whitespace

Remove diacritics

Standardize strings by pattern

Standardize values in clusters

N N N N N Y R N RN BN N

N N N Y I N BN N N N
SISLOIS]IS[SIS SIS S

ENEN I EN I ENEN B ENENEN

SIS NSNS SIS S S

ENEN I EN PN ENENENENENENENENEN

Hasso
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m Mondrian

o Dissecting multi-table files
m ExtracTable

o Parsing visually delimited files
m Suragh

o Identifying ill-formed records
m Strudel

o Classify cell-types
m AggreCol

o Identify aggregation cells
m Pollock

oA data ingestion benchmark

Felix Naumann
Bad Files, Bad Data 2021
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Mondrian
Dissecting multi-table files




Mondrian: Multitable Spreadsheets

ECONOMIC CALCULATOR FOR FIRM VERSUS NON-FIRM PURCHASE

Current Hour = 14 Next Hour= 15 PV
Enter Local Generation Avail: 529 Projected Confrol Area Load: 840 Local Avail. 529 D 20
Enter Remote Generation: 581 PNM Contingent: 41 Gen. 357 real/time 80
Firm Purchases into EPE: 25 TNP Firm:| 25 UnlLoaded 132 net/pre -75
Mon-Firm Purchases into EPE: 0 D Firm + Contingent:| 150 Tep/exc 300
SPS Firm: 0 Firm Sales:|0 103 Jocal 529 iso 0
Reserves: 0 MNon-Firm Sales: 0 - load 50 fopper &9 385
Total Generation for Load: 1135 Total Load Next Hour:| 1056 53 598 (If total goes over 600 EPE has to wheel back)
Enter Total Spin Required: 78 PNM Contract:| 46 (Contingent upon units 7 & 8 number automatically feeds from the calculation tab)
Spin Required: 39 IID Firm Contract: 100 Enter Blue Numbers
Non-Spin Required: 39 TNP Contract: 25
Spin Required + Regulating Margin: 69 SPS Contract: 100 Lambda = $47.74 Spin from Ramp rates
System avg. = $25.70
*Amount of Spin: 79 \leighted Avg. Purchase Power Calculator Output | Highs'  Spin RR unloaded
Amount of Non-Spin: 50 MWH S/MWH Unit 1 50 80 30 3 30
Total Spin: 129 Firm Block 1: 0 $0.00 $0.00 2 70 g2 12 4.5 12
Spin Available/(Deficient): 40 Firm Block 2:|0 $0.00 $0.00 3 o 0 0 5.1 0
Enter Firm Price: $0.00 Firm Block 3:|0 $0.00 $0.00 GT1 0 0 0 10 0
Enter Non-Firm Price:| $0.00 Firm Block 4: 0 50.00 50.00 GT2 ] 0 0 10 0
Firm Block 5:|0 50.00 50.00 GT1S 0 0 0 3.33 0
MWH of Firm Avail./(Deficient): 40 Total: 0 MNA 50.00 50.00 GT25 0 0 0 3.6 0
Total Cost of Firm: S0 MWH S/MWH NM4 148 214 36 3.6 66
MWH of Non-Firm Avail./(Deficient): 40 Non-Firm Block 1:|0 $0.00 $0.00 Copper 0 0 0 10 0
Total Cost of Non-Firm: S0 MNon-Firm Block 2: 0 $0.00 $0.00 5 0 0 0 2 0
MNon-Firm Block 3: 0 50.00 50.00 7 33 33 0 2.1 0
Mon-Firm Block 4: 0 50.00 50.00 g 96 120 10 1 24
MNon-Firm Block 5: 0 50.00 50.00 Total 357 529 88 132
Total: 0 MNA 50.00 50.00 FC 49 108
Py 532 5381 Lost Gen. 44
NOTE: * ACTUAL SPIN SHOW MAY BE LESS SINCE UNIT RAMP RATESJARE NOT CONSIDERED. 50.00 581 689

Hasso

Felix Naumann
Bad Files, Bad Data 2021
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Mondrian: Clustering-based Table Recognition

Henry Hub  Receipts HH  ACADIAN
BRIDGELINE
COLUMBIA GU
DIGCO
JEFFERSON 15U
GULF SOUTH
MAINLINE

SONAT
SEAROBIN
TEXAS GAS
TRUNKLINE
TRANSCO
Total

Maximum
capacity

125

201,935
59,067
66,44
73,771

87
30,273
0

o

[}

237,02
51,963

change

148,085
30,987
119,22
33,195

0
100,268
0

o

[}
238,47
-30,018

MTD Ave

feb-02.
o

7

[}

[

75
75,634
100,733
105,538
5
123,367

o
[}

[
214,245

148,085
30,987
119,22
39,196

[}
100,268
[]

[

[]
238,47
30,018

Month-3 Avg

Mon

ot-01

52372
5,785

22,367
14707
117,177
81,239

89,021
10672

o
303,754

28-gen
0

2,714

1

[

1
36,513
118,188
256,338
]
91,544
[

0

[
508,208

Month-4 Ave

set01

0
27,804
4934

0
31,201
82,277
120,093
61,301
0
157,263
0
25,791

0
335,453

36,513
118,188
256,338
0
91,544
0

0

0
508,208

36,513
118,188
256,338
0
91,542
0

0o

0o
506,208

05-feb

CINIEY

[
75
75,634
100,733
105,538
5
123,367
[

[

[
214,246

25,306
167,627
207,066
[
116,209
[
[
[
515,563

Mon

04-feb
o

7

[}

o

75
75,63
100,733
105,538
5
123,367

[}
[}

o
218,246

85,951
0

356

0
578,253
[}

Sun

03-feb
o

7

[}

o

75
75,634
100,733
105,538
5
123,367

[}
[}

o
218,226

90,431
0
35,101
0
606,356
5,323

Sat

02-eb
[}

7

0

o

75
75,633
100,733
105,538
5
123,367

o
0

o
-214,245

75
111,402
157,156
104436
0

93,88

0

11,5

[}
494,589
21,323

Mon

75
111,402
157,156
104,436
0

93,88

0

1,5

[}
294,589
21,323

75
111,402
157,156
104,436
0

93,88

0

1,5

[}
294,589
21,323

75
111,402
157,156
104,436
0

93,88

0

11,5

[}
204,589
21323

62415
170,256
140,964
19,97
78,357
[]

12

[]
531,63
-16323

17-gen

561,506
-17823

Hasso
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Cluster elements into tables
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Mondrian: Layout Templates

= Different files may contain
the same region layouts

= Same layout - different
shapes of regions

= Template: a set of equivalent
layouts

———————

Hasso
Plattner
Institut

Felix Naumann
Bad Files, Bad Data 2021
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Parsing visually delimited files
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ExtracTable: Bad Files — Worse Files Institut
min max num dist mean std comment
1.8 1.8 1 e 1.5 e N
28 60 48 1 40 15 cab
e e 1 e B OBIA4RTM config file for setting up Prospect4SAIL
© 1 16 2 : Typical 1 tak f JG D htt i ject il
0.01 0.01 1 0 : ypical values (taken from omez-Dans on ps://pypi.org/project/prosail/)
©.809 ©.ee9 1 e #
0.2 7 4e 1 # | Parameter | Description of parameter | Units | Typical min | Typical max |
- - A e REEEeh |--mmmmm e |-----mmmmmo- |------------ |-----mmmmoe-- |
©.35 ©.35 1 2 # | N | Leaf structure parameter | N/A | ©.8 | 2.5 |
-0.15 -0.15 1 o # | cab | Chlorophyll a+b concentration | ug/cm2 | e | 8@ |
e.5 e.5 1 e # | caw | Equivalent water thickiness | em | e | 200 |
9.2 0.2 1 ) # | car | Carotenoid concentration | ug/cm2 | | 20 |
’ ) # | cbrown | Brown pigment | NA | o | 1 |
@.el @.ol 1 e # | cm | Dry matter content | g/cm2 | o | 200 |
27.947 27.947 1 e # | 1lai | Leaf Area Index | N/A | e | 1e |
7.04345 7.84345 1 e # | 1lidfa | Leaf angle distribution | N/A | - | - |
# | lidfb | Leaf angle distribution | N/A | - | - |
146.691 146.691 1 o # | psoil | Dry/Wet soil factor | N/A | | |
1 1 1 e # | rsoil | Soil brigthness factor | N/A | - | - |
# | hspot | Hotspot parameter | N/A | - | - |
| .
# | tts | solar zenith angle | deg | o | 20 |
# | tto | Observer zenith angle | deg | | 90 |
# | phi | Relative azimuth angle | deg | o | 360 | .
# | typelidf | Leaf angle distribution type | Integer | - | - | Felix Naumann
# Bad Files, Bad Data 2021
#
# You can enter your values below -> make sure not to alter the overall structure of this
# template -> otherwise bad things might happen
#
#  Further Explainations:
#
# min: Minimum Value of Parameter 19
# max: Maximum Value of Parameter (in case min=max, the parameter will not be retrieved)
. L - A




ExtracTable: Process
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Detect Build Extract Build
Read ) . : . ) . | Select
: parsing » solution — line > table >
file ) ) tables
instr. spaces features candidates
Topic Student Supervision

Extracting Plain Tables from Text

Distributed Duplicate Detection on Streaming-Data

Multi-Aspect Embeddings for Fiction Novels
Generating Rap Lyrics with Flow and Rhythm

Leonardo Hubscher
Jakob Kohler
Lasse Kohlmeyer
Noel Danz

Felix Naumann, Lan Jiang
Thorsten Papenbrock

Ralf Krestel, Tim Repke
Ralf Krestel, Tim Repke

ooo0011111111711771111111111111111111111111111111111110000000111111111111000000000001111111111111
000000000010000010000001000010000111177171111171711111110000000010000000011000001000000001000100000
00000000000100000000010000000001001000000000000001110000010000001111111000000001000000000011111
00000000000010000000000100010000000100000011111111110000010000000001111000010000000010001000001
00000000001000100000010000100001000100000011111111110000100001111111111000010000000010001000001
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Suragh
Identifying ill-formed records




Ill-formed Records Abort Data Loading

1 |NAME

;;ja‘mmﬂmm.pwm

[ i I T i B I o o L el e T e i
[T o = TR B s T B S A e == T s B o+ B B TR O QR

]
)

Aaron

Aaron

Abadir
Abaku
Abbeduto
Abbott
AbbottCole
Abdal Rahim
Abdi

Abdul Adl
Abdul Aziz
Abdul Aziz
Abdul Saboor
Abdul
Abdul-Jabbar
Abdul-Khalig
Abdullah
Abdullahi
Abdullateef
Abdulrahman
Abdul Saboor
Abdunafi
Abdur-Rahman
Abdurrahman
Abebe

Abend Kollin
Abid

Abid

LAST NAME
Kareem D
Patricia G
Adam O

Aigbolosimuan O

Mack
Ethan N
Michelle
Naim A
Ezekiel W
Attrice A
Hajr E
Yaqub M
Dana N
Jalil
Bushra A
Amahl
Beverly A
Sharon M
Muhammed L
Mustafa H
Jamillah
Karim
Diane
Saleh Z
Miraf E
Emily L
Amal
Paula

JOBTITLE

Utilities Inst Repair |
Office Services |l

Council Technician

Police Officer

Assistant State Attorney
Recreation Arts Instructor
Operations Officer 1l

Fire Pump QOperator Suppression

Police Sergeant

Radio Dispatcher Sheriff
Swimming Pool Operator
Swimming Pool Operator
Paralegal

Engineer |

Social Service Coordinator
Recreation Leader Il

Office Support Specialist 1l
911 Operator

Supt of Public Bldg Repair
Police Officer Trainee
Printer Library
Community Aide

Office Services |

Lifeguard |

Auditor Il

Fleet Quality Control Analyst
Engineer I

Recreation Arts Instructor

DESCR

A50550
A03031
AD2002
AS9094
A29011
ABB002
AS0005
AB4120
A99160
A38410
P04002
PO4002
AS9393
A50101
AB5028
A04005
AOBD04
Ab4604
A85001
AS9416
A75055
A04015
AD3092
P04002
A24002
A85301
A49102
A04009

HIRE_DT ANNUAL_RT

08/27/2018 32470
10/24/1979 60200
12/12/2016 64823
04/17/2018 53640
05/22/2017 68562
04/11/2018 33280
11/28/2014 75110
03/30/2011 69595
06/14/2007 93284
09/02/1999 50079
06/01/2017 28554
06/01/2017 28554
04/13/1998 57857
07/17/2017 64505
04/14/2008 46395
06/06/2019 32131
12/01/1986 41757
Wednesday, 6 October 2004 56322
05/09/2019 78000
12/28/2018 53512
07/27/2009 44584
06/13/2019 24960
03/27/2017 25363
06/04/2019 23920
Saturday, 2 June 2012 67236
01/05/2017 47828
12/02/2013 71774
06/25/2007 24960

e o B m = Ko v m | em m om m —

GROSS
25743.94
57806.13
64774.11
59361.55
61693.59
26156.48
75529.99
82132.61
122992.1
58459.78
15807.64
6417.9
35715.2
65577.5
46359.55
5344.5
44522.96
53751.88
9000
25347.99
42555.83
O888.55
25649.94
1245.5
60600.92
49133.11
71630.83
3591.96
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Suragh: Row Patterns — Outlier Rows

Felix Naumann
Bad Files, Bad Data 2021
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Classify cell-types
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Arrest Table
Arrests for Drug Abuse Violations Header Metadata
Percent Distribution by Region, 2007
Drug abuse violations United States total Northeast Midwest South West Header
Totall 100 100 100 100 100
Sale/Manufacturing: Total 17.5 22.5 18.3 17.1 1
Heroin or cocaine and .
their derivatives 7.9 14.2 6.2 7.9 5.5 Aggregation
Group header Marijuana 5.3 5.7 7.7 4.6 4.7
Synthetic or Aggregation
manufactured drugs 1.5 1.1 1.1 2.6 0.7
Other dangerous Notes
nonnarcotic drugs 2.8 1.6 3.3 2 4.2
Possession: Total 825 77.5 81.7 829 85
Heroin or cocaine and
their derivatives 21.5 22.3 14.7 22.8 22.7
Marijuana 42.1 44.2 53.1 47.9 29.6 .
Felix Naumann
Synthetic or Bad Files, Bad Data 2021
manufactured drugs 33 2.3 3.2 4.3 2.8
Other dangerous
nonnarcotic drugs 15.6 8.6 10.7 7.8 29.9

1 Because of rounding, the percentages may not add to 100.

Crime In the US (CIUS): https://ucr.fbi.gov/crime-in-the-u.s



https://ucr.fbi.gov/crime-in-the-u.s
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Strudel: Structure Diversity in Verbose CSV Files

Metadata

= === Header
p— Ermm T
ey - TR
Fereres ) D
J—— S 1o oD
heiesone - TR
T = 2 i i roup header
aman H e —— oo D
AR s o T .
R e e e e e e oyl jma o fus
N o
e oo = u Data

trizey
ccrcey
eee e
srrane

Aggregation

Notes

== i e

el D o T
e omon ran o A e
CE I sum o foee e e e e e = e e s
wasx e vam s ke L L) = i = e e e e o e ot L e
ey e rom [Emm—— us e s 1w e T o - - e = P s

= :"—_‘-._:? = Felix Naumann
=i IEEE Bad Files, Bad Data 2021



Strudel: Cell Classification Features

s Content features

|

Cell value length
Cell data type
Cell row/column index (position)

Cell has aggregation keywords
(e.g., “total”)

Row/column of this cell has
aggregation keywords

Hasso
Plattner
Institut

Felix Naumann
Bad Files, Bad Data 2021



Strudel: Cell Classification Features

s Contextual features

|

Is preceding/following row empty
Is left/right column empty
Empty cell ratio in the row/column

Block size (4-connected
component incl. cell)

Neighbor cell value length
Neighbor cell data type

Hasso
Plattner
Institut

Felix Naumann
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Strudel: Cell Classification Features

s Computational feature

o Is the value of this cell an
aggregation of other cells in the

same row or column?

Hasso
Plattner
Institut

Felix Naumann
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AggreCol
Identify aggregation cells




AggreCol: Aggregations in CSV Files

MICROS Systems, Inc.
Financial Summary

% Change
Income Statement Data 2003 vs. 20
Hardware Revenue _
Software Revenue 17.8%
Service Revenue 11.2%
Total Revenue 9.0%
Memo Item:
Maintenance Revenue
(included in Service Revenue) 13.9%
Hardware Gross Profit 2.3%
Hardware Gross Profit % -
Software Gross Profit 11.5%
Software Gross Profit % -4.2 Points
Service Gross Profit 16.5%
Service Gross Profit % +2.5 Points
Total Gross Profit 12.1%
Gross Profit % +1.4 Points

Service GP % = FY2003 — FY2002

FY2003

$137,013

$71,251
$191,927
$400,191

$113,274

$38,977
28.4%
$54,045
75.9%
$105,538
55.0%
$198,560

49.6%

FY2002
$134,121
$60,484
$172,558
$367,163

$99,467

$38,116
28.4%
$48,457
80.1%
$90,564
52.5%
$177,137

48.2%

% Change 2003 vs.2002 =

FY2003 — FY2002

J

Hasso

Plattner
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FY2002
FY2001 FY2000 FY1999 FY1998 FY1997
$116,058  $152,186  $155,237  $126,974  $102,816
$55,873  $66,290  $63,317  $57,744  $45,985
$154,845  $143,378  $118,525  $97,200  $79,368
$326,776  $361,854  $337,079  $281,918  $228,169
Hardware GP }
Hardware GP % =
Hardware Revenue
$87,007  $65628  $54,953  $45,908
$40,683  $51,462  $50,670  $43,947  $39,267
35.1% 33.8% 32.6% 34.6% [NSE200
$46,875  $51,349  $52,138  $47,235  $37,464
83.9% 77.5% 82.3% 81.8% 81.5% _
Felix Naumann
$76,472  $71,741  $61,367  $46,455  $39,447 Bad Files, Bad Data 2021
49.4% 50.0% 51.8% 47.8% 49.7%
$164,028  $174,552 _ $164,175  $137,637  $116,178

50.2%

48.2%

.8% 50.9%

Total Gross Profit = Hardware GP + Software GP + Service GP




AggreCol: Errors in Aggregations

m Error level

o Difference between the true number
and the observed number

o Highest observed error level: 37.5%

029% of all aggregation have
error level > 0%

0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1

Percentage of aggregations

mw/ errors HEw/o0 errors
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AggreCol: Process

Detected Detected
Adjacent list aggregations A = aggregations
Sum detector Sum detector o)
Pruning rules File constructing rules ==
Average detector AHEEEE s
= detector )
Sub — o
w . ubtraction -
il | = ctecto ™ ] - —

Combined aggregations Reconstructed files

(0 QD

Individual aggregation detection Collective aggregation detection Nested aggregation detection
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Pollock
A data ingestion benchmark
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Pollock: Benchmarking Ingestion Ability Institut

Systems under test:
 Programming framework (Pandas)
Python 3.8.5 (default, Sep 3 2028, 21:29:88) [M5C v.1916 64 bi Spreadsheet software (Libreoffice)
Type “help”™, "copyright™, “"credits” or “"license” ftor more intor
»>»> 1mport pandas as pd ’ Databa_se t(?OI (_MYSQL)
»»> pd.read_csv("11-708-data-nlss-20@9-1.csv") Data Visualization (Tableau)
Traceback (most recent call last):
File "<stdin>”, line 1, in <module:
File "C:\Users\User\miniconda3\envs\pollution\lib\site-packages\pandas\io\parsers.py"”, line 686, in read csv
return _read(filepath_or_buffer, kwds)
File "C:\Users\User\miniconda3\envs\pollution\lib\site-packages\pandas\io\parsers.py , line 458, in _read
data = parser.read(nrows)
File "C:\Users\User\miniconda3‘\envs\pollution\lib\site-packages\pandas\io\parsers.py”, line 1196, in read
ret = self._engine.read({nrows)
File "C:\Users\User\miniconda3\envs\pollutioni\lib\site-packages\pandas\io\parsers.py , line 2155, in read
data = self. reader.read(nrows)
File "pandas\_libs\parsers.pyx™, line 847, in pandas. libs.parsers.TextReader.read
File "pandas\_libs\parsers.pyx”, line 862, in pandas._libs.parsers.TextReader._read_low_memory
File "pandas\_libs\parsers.pyx”, line 918, in pandas._ libs.parsers.TextReader. read_ rows
File "pandas\_libs\parsers.pyx”™, line 985, in pandas. libs.parsers.TextReader. tokenize rows
File "pandas\_libs\parsers.pvx"”, line 2042, in pandas._ libs.parsers.raise_parser_error
pandas.errors.ParserError: Error tokenizing data. C error: Expected 25 tields in line 97, saw 27




Pollock: Benchmark Dimensions

CSV File

Structure

|
| | | |
File Level Dialect Level Table Level

File Name Header

File Extension

File Dimension

File Encoding

= Record Delimiter

= Field Delimiter

Quotation
Character

Table Number

Column Number

Metadata Rows

Structure

= Fields Number

Row Dialect

Column Level

== Header Content

Column Type

Formatting

File name

File encoding

File dimension

0%

Number of tables

Table header

Number of columns

Number of lines

Metadata rows

0%

B sStandard (Mendeley)
I polluted (GovUK)

File-level attributes

20% 40% 60% 80% 100%
Percentage of files

Table-level structural attributes

20% 40% 60% 80%
Percentage of files

100%

B standard (Mendeley)
™00 polluted (GovUK)
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Data Preparation vs. Data Cleaning

m Data preparation adds syntactic and structural value
m Data cleaning adds semantic value

< Syntactic transforr

Felix Naumann
Bad Files, Bad Data 2021
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Overview

1. Bad Files

2. Data Preparation
3. Bad Data

4. Data Cleaning

https://unsplash.com/photos/vGef
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Real-world data is raw and dirty
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488541

40134
36315
24342
7331
6633
2658
1807
1635
1475
1475
1328
1211
10596
95581
551
811
811
664
664
664
601
601
544
244
364
364
225
265
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DQ-Problems: Effects

m Incorrect prices in inventory retail databases
o Costs for consumers 2.5 billion $

080% of barcode-scan-errors to the disadvantage of
consumer

mIRS 1992: almost 100,000 tax refunds not deliverable

m 50% to 80% of computerized criminal records in the
U.S. were found to be inaccurate, incomplete, or
ambiguous.

m US-Postal Service: of 100,000 mass-mailings
up to 7,000 undeliverable due to incorrect addresses

IRS might
be after you
—tomail
you a check

Incorrectaddresses
stall nearly 1,500
Tennessee refunds

By BONNA de la CRUZ

Staff Writer

Now that Tilcia L. Menifee
knows that she'll be getting
$500 in a tax refund from Uncle
Sam, she can do some Christ-
mas shopping, she said.
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Hidden Values / Hidden Value

Feld

Name1 [ Name2 | Name3 | City District Street Sum
Mobile phone 41 501 10 0 2677 297 3526
Phone 15 98 6 0 221 9579 9919
Cost center 283 1112 73 2 87 16 1573
Registration ID 11 583 1 1 0 3 599
Delivery ID 55 390 9 0 212 15 681
Department 3711 9997 115 60 439 175 14497
Embargo flag 129 143 2 0 66 9 349
Deletion flag 1028 442 5 36 113 10 1634
Legal form| 131700 66136 187 6 64 57 198150
Credit info 0 100 11 0 18 0 129
Commission 216 352 1 2 36 10 617
Construction site 2013 3452 42 5 124 222 5858
Loading point 2923 3808 94 1503 958 3065 12351
Administration| 13410 12461 172 19 295 7075 33432

Summe [ 155535 99575 728 1634 5310 20533

Source: Joachim Schmid, FUZZY! Informatik AG
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Zooming into Information Quality
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Overview

P W

Bad Files

Data Preparation
Bad Data

Data Cleaning

https://unsplash.com/photos/vGef
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Foundations and Trends® in Databases

Vol. 5, No. 4 (2012) 281-393 n.w

(© 2015 L. F. Ilyas and X. Chu
DOI: 10.1561/1900000045 the essence of knowledge

Error Detection

Trends in Cleaning Relational Data:
Consistency and Deduplication

Anomaly Detection Techniques

Thab F. Ilvas Xu Chu
University of Waterloo University of Waterloo
ilyas@uwaterloo.ca xdchm@uwaterloo.ca
Error Type Automation Bl Layer
(What to detect?) (How to detect?) (Where to detect?)
Data deduplication Automatic Human guided Source Target
Felix Naumann
m Bad Files, Bad Data 2021
Others
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Foundations and Trends® in Databases

Vol. 5, No. 4 (2012) 281-393 n.w

(© 2015 L. F. Ilyas and X. Chu
DOI: 10.1561/1900000045 the essence of knowledge

Data Repairing

Trends in Cleaning Relational Data:
Consistency and Deduplication

H = Thab F. Ilyas Xu Chu
Data Re palrlng TeChn lques University of Waterloo University of Waterloo
ilyas@uwaterloo.ca xdchu@uwaterloo.ca

Repair target Automation Repair model
(What to repair?) (How to repair?) (Where to repair?)
Data Rules Both Automatic  Human guided

Felix Naumann
Bad Files, Bad Data 2021

/\ In place Model based

One at atime Holistic
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m Integrity constraints (ICs)
o Functional dependencies (FDs)
o Denial constraints (DCs)
— Functional Dependency ZIP - City:
Vti,ty € R:=(ty. zip = t,.zip A t1. city # t,.city)
— Same state, more income, lower tax rate:
Vti,t, € R: —(t,.state = t,.state A ty.income > t,.income A t;.taxRate < t,.taxRate)
o Other constraints
— Inclusion dependencies, matching dependencies, conditional
dependencies...
Felix Naumann
m Automatic discovery methods: data profiling Bad Files, Bad Data 2021

m Duplicate detection
46
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HoloClean: Holistic Data Repairs with

m Find violations to integrity constraints Probabilistic Inference

o Example integrity constraints:
Theodoros Rekatsinas®, Xu Chu®, Thab F. Tlyas’, Christopher Ré"
1 . ZIP SN St a t e * Stanford University and T University of Waterloo
o Which value is likely to be wrong?

TID || EN LN | ROLE | ZIP | ST | SAL

Felix Naumann
Bad Files, Bad Data 2021
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Duplicate Detection
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m Duplicate detection is the discovery of multiple
representations of the same real-world object.

m Problem 1: Representations are not identical.
— Fuzzy duplicates
o Solution: Similarity measures and threshold
—Value- and record-comparisons
— Domain-dependent or domain-independent

m Problem 2: Data sets are large.
—0O(n?2): Comparison of every pair of records.
o Solution: Algorithms
— E.g., avoid comparisons by partitioning.

TR0 000 0 ROmEOmO0 (00| 18 00
OWMQO07 1368

Dr Felix Maumann
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Potsdam

14482
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Origin of Duplicates

Wil M. P. van der Aalst A Wil van der Aalst A Wil van der Aalst

sity of Busines Development Manager ‘ -,_’~ full professor - RWTH Aachen it -J__ full professor - RWTH Aachen
y Licht - Technische Unie - Blad... ~ University - Aachen, North... ’ University - Aachen, North...

o R 2 & A e o R e ©

Say Hi! Bookmark View Profile Say Hil Bookmark View Profile Say Hi! Bookmark View Profile Say Hil

Abdel-Jaouad Aberkane
PhD Researcher - Ghent

Silvia Abrahao

Prof Titular de Universidad

rvices -

Felix Naumann
Bad Files, Bad Data 2021

49

Hasso
Plattner
Institut



Hasso
Plattner
Ironically, "Duplicate Detection” has many Duplicates Institut

Doubles ] ]
Household matching Duplicate detection

Mixed and split citation problem Record linkage
Object identification

Deduplication Fuzzy match Object consolidation

Entity resolution : _
Entity clustering
Approximate match

Identity uncertainty -
eliXx Naumann
Reference reconciliation Bad Flles, Bad Data 2021

Merge/purge
Hardening soft databases
Householding Reference matching 51
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Number of comparisons: All pairs

© 0 N & U1 A W N =

Felix Naumann
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Reflexivity of Similarity

© 0 N & U1 A W N =
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Symmetry of Similarity

© 0 N & U A W N =

Felix Naumann
Bad Files, Bad Data 2021

55



Hasso
Plattner
Institut

Blocking by zip-code

© 0 N & U A W N =
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Sorting by zip-code

© 0 N & U A W N =
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Duplicate Detection Today
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m Candidate selection
o Blocking and windowing
o Adaptive blocking and meta-blocking

m Duplicate classification
o Rule-based approaches: explainability
o ML-based approaches
— Similarity measures as features
— Learned similarity measure
— Learned classifier
— Active learning

m Data Fusion / Record Merging

I 1

1 1

1 1

1 1

1 1

1 1

1 1

L t ~ ! 7 L ~ :
Vecl Vec 2 Vecn : Vecl Vec 2 Vecn :
BLSTM 1 BLSTM 2 : BLSTM 1 BLSTM 2 1
Emb 1 Emb 2 Embn : Emb 1 Emb 2 Embn :

| | | I [ | I ]

| Input 1 | Input 2 | | Input n |: Input 1 | Input 2 | | Input n |:

|J|0|h|n|n| i |e| |R|u|b|y| |J|0|h|n|n|y| R|ulbly |S|t| |
I I I

| Preprocessing I | Preprocessing | | Preprocessing | | Preprocessing I I Preprocessing | | Preprocessing |
Name Street Zip Name Street Zip
Johnnie Ruby 503 Johnny Ruby St. 503




Summary

Bad Files

Data Preparation
Bad Data

Data Cleaning

s w e

https://unsplash.com/photos/vGef

o
3

UiwmOxI

Hasso
Plattner
Institut

Felix Naumann
Bad Files, Bad Data 2021

60



Hasso
Plattner
Institut

Information Systems Team

Dr. Thorsten Papenbrock

Duplicate Detection

Data Change Data Fusion

project DSV Entity Search
T Information Integration i
Data Profiling Data S bb'g project DataKnoller Web Science
ata Sc n .
project DataChEx rubbing Data as a Service

Phillip Wenig Data Cleansing

Information Quality Text Mining Tim Repke
Dependency Detection Linked Open Data CSV parsing
. ) . Knowledge Management for the Arts
Web Data Distributed Computing o project Janus
Entity Opinion
Recognition Mining Data Preparation

project Metanome . - .
Change Exploration Gerardo Vitagliano

Alejandro p
Sierra-Munerah ; 4

Michael Loster 61
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