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Three Ways to Present the Same Data

treatmenta treatmentb

John Smith — 2
Jane Doe 16 11
Mary Johnson 3 ‘ name trt result
N John Smith a —
INnitial Data Jane Doe a 16
Mary Johnson a 3
John Smith D 2
Jane Doe D 11
John Smith Jane Doe Mary Johnson Mary Johnson b '
treatmenta — 16 3 .
treatmentb 2 11 1 Tidy Data
Transpose

[H. Wickham, 2014]
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Vessy Dataset Problems

e Column headers are values, not variable names

e Multiple variables are stored in one column

e \/ariables are stored in both rows and columns

e Multiple types of observational units are stored in the same table
e A single observational unit is stored in multiple tables
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FProblem: Variables stored in both rows & columns

Mexico Weather, Global Historical Climatology Network
id year month element dl d2 d3 d4 db> d6 d7 dS8

MX17004 2010 1 tmax — — SR .
MX17004 2010 1 tmin — — SR .
MX17004 2010 2 tmax — 27.3 241 — — — —
MX17004 2010 2  tmin — 144 144 — -
MX17004 2010 3 tmax — — . 321 - —
MX17004 2010 3 tmin — — — — 142 — — —
MX17004 2010 4 tmax — — — .
MX17004 2010 4 tmin — — SR .
MX17004 2010 5 tmax — — S .
MX17004 2010 5 tmin — — S .

[H. Wickham, 2014]
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FProblem: Variables stored in both rows & columns

Mexico Weather, Global Historical Climatology Network
id year month element |dl d2 d3 d4 db> d6 d7 dS8

MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010
MX17004 2010

Variable in columns: day; Variable in rows: tmax/tmin H. Wickham, 2014]
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Unpivot/Melt

e Many columns (wider) become two columns (longer):
one with column name (variable), other with value

id year month element d1 d2 d3 d4 d5 d6 d7 d8 id year month element variable value

str 32 132 str f64 f64 fe64 fe64 fe4 f64 f64 64 str 132 132 str str  f64
"MX000017004" 1955 4 "tmax" 310 31.0 31.0 320 33.0 320 32.0 33.0 "MX000017004" 1955 4 "tmax" "d1" 31.0
"MX000017004" 1955 4 "tmin" 15.0 15.0 16.0 150 16.0 16.0 16.0 16.0 "MX000017004" 1955 4 "tmin" "d1" 15.0
"MX000017004" 1955 5 "max" 31.0 31.0 31.0 30.0 30.0 30.0 31.0 310 "MX000017004" 1955 5  "tmax" "d1"  31.0
"MX000017004" 1955 5 "tmin" 20.0 16.0 16.0 15.0 150 150 16.0 16.0 "MX000017004" 1955 5 "tmin" "d1"  20.0
"MX000017004" 1955 6 "tmax" 30.0 29.0 28.0 270 280 26.0 23.0 270 "MX000017004" 1955 6  "tmax" "d1"  30.0
"MX000017004" 2011 2 "tmin" NaN NaN NaN NaN NaN NaN NaN NaN "MX000017004" 2011 2 "tmin" "d31"  NaN
"MX000017004" 2011 3 "tmax” NaN NaN NaN NaN 33.2 NaN NaN NaN "MX000017004" 2011 3 "tmax" "d31" 36.5
"MX000017004" 2011 3 "tmin" NaN NaN NaN NaN 14.8 NaN NaN NaN "MX000017004" 2011 3 "tmin" "d31" 17.0
"MX000017004" 2011 4 "tmax" NaN 35.0 NaN NaN NaN NaN NaN NaN "MX000017004" 2011 4 "tmax™" "d31"  NaN
"MX000017004" 2011 4 "tmin" NaN 16.8 NaN NaN NaN NaN NaN NaN "MX000017004" 2011 4 "tmin" "d31"  NaN
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Unpivot/Melt

e Many columns (wider) become two columns (longer):
one with column name (variable), other with value

id

str
"MX000017004"
"MX000017004"
"MX000017004"
"MX000017004"

"MX000017004"

"MX000017004"
"MX000017004"
"MX000017004"
"MX000017004"

"MX000017004"

year

132
1955
1955
1955
1955

1955

2011
2011
2011
2011

2011

month
132
4

4

element

str
"tmax"
"tmin"
"tmax"
"tmin"

"tmax"

"tmin"
"tmax"
"tmin"
"tmax"

||tminll
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id

str
"MX000017004"
"MX000017004"
"MX000017004"
"MX000017004"

"MX000017004"

"MX000017004"
"MX000017004"
"MX000017004"
"MX000017004"

"MX000017004"

year

132
1955
1955
1955
1955

1955

20M
2011
20M
2011

2011

month

132

element

str
"tmax"
"tmin"
"tmax"
"tmin"

"tmax"

"tmin"
"tmax"
"tmin"
"tmax"

Iltminll

variable

str
ngq"
ngq"
ngq"
g1

Ild1ll

"d31"
"d31"
"d31"
"d31"

Ild31l|

value
f64
31.0
15.0
31.0
20.0

30.0
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PIvOot

® |nverse of unpivot: two columns (longer) become many columns (wider)
one column becomes column names (variable), other becomes values

id year month element variable value id year month variable tmax tmin

str 32 i32 str str 64 str 132 132 str  f64 {64
"MX000017004" 1955 4 "tmax" "d1" 31.0 "MX000017004" 1955 4 "d1*  31.0 15.0
"MX000017004" 1955 4 "tmin" "d1" 15.0 "MX000017004" 1955 5 "d1"  31.0 20.0
"MX000017004" 1955 5  "tmax" "d1"  31.0 "MX000017004" 1955 6 "d1" 30.0 16.0
"MX000017004" 1955 5 "tmin" "d1"  20.0 "MX000017004" 1955 7/ "d1" 270 15.0
"MX000017004" 1955 6 "tmax” "d1"  30.0 "MX000017004" 1955 8 "d1*  23.0 14.0
"MX000017004" 2011 2 "tmin" "d31"  NaN "MX000017004" 2010 12 "d31" NaN NaN
"MX000017004" 2011 3 "tmax" "d31" 36.5 "MX000017004" 2011 1 "d31" NaN NaN
"MX000017004" 201 3 "tmin" "d31" 17.0 "MX000017004" 2011 2 "d31" NaN NaN
"MX000017004" 20M 4 "tmax" "d31"  NaN "MX000017004" 2011 3 "d31" 36.5 170
"MX000017004" 201 4 "tmin" "d31" NaN "MX000017004" 2011 4 "d31" NaN NaN
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PIvOot

® |nverse of unpivot: two columns (longer) become many columns (wider)
one column becomes column names (variable), other becomes values

id year month |element] variable id year month variable

str 132 132 str str str 132 132 str

"MX000017004" 1955 4 | "tmax" "d1" "MX000017004" 1955 4 "d1"

"MX000017004" 1955 4§ "tmin" "d1" "MX000017004" 1955 5 "d1"

"MX000017004" 1955 51 "tmax" "d1" "MX000017004" 1955 6 "d1"

"MX000017004" 1955 5 "tmin" "d1" "MX000017004" 1955 / "d1"

"MX000017004" 1955 6 | "tmax" "d1" "MX000017004" 1955 3 "d1"

"MX000017004" 20M 2 "d31" "MX000017004" 2010 12 "d31"
"MX000017004" 201 3 "d31" "MX000017004" 2011 1 "d31"
"MX000017004" 2011 3 "d31" "MX000017004" 2011 2 "d31"
"MX000017004" 2011 4 "d31" "MX000017004" 2011 3 "d31"
"MX000017004" 2011 4 "d31" "MX000017004" 2011 4 "d31"

D. Koop, CSCI 640/490, Fall 2025 Northern Illinois University 6



lypes of [ransformations

a Pivot

@ Transpose

Name Age

e Subtitle

Alice Student Name Age Role
17 Alice - Name NS Bob ‘ e o Alice 17 Alice 17 Student
Bob Bob 9 Age 17 19 ey " Bob 19 ’ Bob 19 | Student
19 Teacher Claire | 32 Teacher
Claire 32
O rin © Explode O stack

Teacher Student Name 2013 2014 2015

Teacher Student Claire Alice Alice A B A
Student | Alice Student Alice Claire Alice, Bob ’ Claire Bob ‘
Bob Student Bob ) ) )
David Eva, Fiona David Eva N Y, Grad
Teacher | Claire Teacher Claire . ) ame car rade
David | Fiona Alice | 2013 | A
David Teacher David
Alice 2014 B
Alice 2015 A
0 Wlde—to—long Name Year Course Grade
Alice 2013 | English A
Alice 2014 | English
Name 2013 English 2014 English 2015 English 2013 Math 2014 Math 2015 Math Alice 2015 | English A
Alice 2013 Math B
Alice 2014 Math B
Alice 2015 Math A

[Z. Huang & E. Wu, 2024]
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D. Koop, CSCI 640/490, Fall 2025 :



https://www.wis.ewi.tudelft.nl/assets/files/dbml2024/DBML24_paper_2.pdf

~oofah Design: Programming by Example

e

- - System N
Input-output Eﬂ ! Synthesized
Example Program

A \
/
y \

\

- Tn:ﬁc — T Euﬁut_ 1 Raw Data
| Example Example | S
| R I Le Test Data Transformed Datal

A B C A B C D E F
1 Bureau of |.A. 1
2 Regional Numbers

3 NilesC. Tel:(800)645-8397

| :
4
4 Fax:(907)586-7252 5
5
ean H. -4600

9  Zhongjun J. Tel:(765)421-1234
Fax:(765)421-4321

[Z. Jin et al., 2017]
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AutoSuggest: Mine Data Pipelines

e Crawl, reapply, and analyze data pipelines from Jupyter+pandas

o [asks:

- Single-Operator Prediction: Given two tables and an operation, decide how
to best apply the operation (what are the parameters)

- Next-Operator Prediction: Given all operations performed so far, predict the

next one
1 import pandas as pd
psg-V]- surv.vl 2
. \/ 3 psg=pd.read csv(‘passenger data.csv')
Jjoin Join 4 surv=pd.read csv(‘survive.csv')
psg,vz 5 psg=psg.merge(surv,on=‘PassengerlId’,
pivot groupby how=‘1left"’)
6 psg.pivot(header=[‘’Survived, Pclass’],
psg_v3 psg.v4 index='Sex’, aggrfunc=‘count’)

7 psg.groupby(‘Sex’,aggrfunc=‘count’)

[C. Yan & Y. He]
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https://congyan.org/JupyterNotebooks.pdf

Pivot/Unpivot

" " " Sector Ticker Company Year Quarter Market Cap Revenue
¢ PIVOt 1S hard tO get ”9 ht Aerospace AJRD AEROJET ROCKETD 2006 Q1 1442.67 472.07
Aerospace AJRD AEROJET ROCKETD 2006 Q2 1514.80 489.22
Aerospace BA BOEING CO 2006 Q1 343.41 210.66
= H eader Utilities YORW YORKWATERCO 2008 Q4 600.19 271.73
- Ag gregat ioN Function Sector Ticker Company 2006 2007 2008
Aerospace AJRD AEROJET ROCKETD | 6218.09 6342.45 7088.62
; ATRO ASTRONICS CORP | 1050.97 1071.99 1198.11
= Ag g reg at |ON CO‘ UImns Business Services HHS HARTE-HANKS INC | 2473.75 2523.22 2820.07
- NCMI NATL CINEMEDIA 856.92  874.06  976.89
P U s G roy p By P red IC-t 0N Consumer Staples YTfN TIELDl?. BIOSC] 53?..13 54.?79 60?.77
L Utilities YORW YORK WATERCO | 1902.37 1940.42 2168.70
e | ook for NULLs and use affiinity
Ticker Company A Aerospace Business Services ~ Utilities
v : ' : AJRD  AEROJET ROCKETD 6218.09 NULL NULL
® Afﬂ N |ty‘ M AaXIMmiZin g P|VOt Tab ‘ e AJRD  AEROJET ROCKETD 6342.45 NULL NULL

AJRD  AEROJET ROCKETD 7088.62 NULL NULL
o U N p IVOT req uires com p atl bl I |ty ATRO  ASTRONICS CORP 1050.97 NULL NULL

HHS HARTE-HANKS INC NULL 2473.75 NULL

YORW YORK WATER CO NULL NULL 2168.7

[C. Yan & Y. He]
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Auto lables

® Problem:
- Non-relational tables are common but hard to query
- Non-relational tables are hard to "relationalize” (aka tidy)
® Steps:
1. ldentify structural issues
2. Map the visual pattern to an operator
3. Parameterize the operator correctly
4. Potentially add more operators (go back to 1 or 2)
e Solution: Use LLMs to relationalize tables

[P_Li et al., 2023]
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Auto lables Architecture

| Training pair Top-K
| (O*(R), O) programs
Relational i> Self supervised ;’> Learn-to-synthesize Input-Output
tables R |- data gen Input-only model Re-ranking
. : I
Offline training time : :
________________________________ T
Online inference time A 4 Top-K \ 4 Reranked

Test input table
programs programs

:I'> Synthesize using Input-Output
Input-only model Re-ranking ;>

[P_Li et al., 2023]
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lest T

¢ \\lednesday, October 8, 12:30-1:45pm in PM 103
¢ In-Class, paper/pen & pencill
e Covers material through this week
e Format:

- Multiple Choice

- Free Response

- One extra 2-sided page for CSCIl 640 Students
* Info will be on the course webpage
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Assignment 3

e Upcoming, won't be due until after the first test
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Data Cleaning
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Data Cleaning Types

e How can statistical technigues improve efficiency or reliability of data
cleaning” (Data Cleaning with Statistics)

- Example: Irifacta

e How how can we improve the reliability of statistical analytics with data
cleaning? (Data Cleaning for Statistics)

- Example: SampleClean

[D. Haas et al., 20106]
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Misconceptions about Data Cleaning

e Surveyed Technology Professionals
* [he end goal of data cleaning is clean data
- "We typically clean our data until the desired analytics works without error.”

e Data cleaning is a sequential operation

- "[lt's an] iterative process, where | assess biggest problem, devise a fix, re-
evaluate. It Is dirty work."

e Data cleaning is performed by one person

- " There are often long back and forths with senior data scientists, devs, anad
the business units that provided the data on data quality.”

[D. Haas et al., 2016]
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Misconceptions about Data Cleaning

e Data quality Is easy to evaluate

- "I wish there were a more rigorous way to do this but we look at the models
and guess If the data are correct’

- "Other than common sense we do not have a procedure to do this”
- "Usually [a data error] is only caught weeks later after someone notices.”

[D. Haas et al., 2016]
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Data Cleaning

® [hree key tasks:
- Error Detection: |dentity potentially erroneous values within the data
- Data Repairing: Resolve conflicts and duplicates
- Data Imputation: Fill in missing values

® [hese tasks are not unrelated

J. Zhu et al., 2024]
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Data Cleaning Overview

Length (cm)  Size Material Price (§)
Pants 1 XL Silk 70
Pants 2 M Cotton 30
Pant;’jf L ? 35
7 =

Error
detection

repairing

J. Zhu et al., 2024]
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Error Detection

Start

What kind of data is

considered an error?

Different from Need learning

other data VlolaFe
constraints
, , No Training
o 1xed constraints
Statistical technology/
Clustering/ Yes Discover
Outlier detection constraints
Employ 4—| .
constraints Predicting

Find errors —I

1

End

J. Zhu et al., 2024]
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Data Repairing

Start

Need learning

What kind of data 1s

Different from considered an error?. 1 l
other data Violate
constraints —
—— Use Training
Statistical knowledge base?
technology/ Veg
Clustering e .
Empl Adyustable Predictin
y BN mploy a constraints? g
Connect constraints Ves
knowledge 1 —
base with data Adjusting
| [
i End
Find errors |«
No
Hybrid — Fixed
echnologies? Repairing constraints?
ves - | Learning Yes
Fusion results ,
constraints
I

J. Zhu et al., 2024]
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Data Imputation

Start
Statistical-  Regression- Constraint-
based based based ~ ML/DL-based
How to impute?
1 Tree-
. Oth
Employ statistical based -
\ 4
technology Measure distance Train
| [ raining
Leg}mmg . : Cluster-based Employ
regression model Determine domain constraints
\ 4
= Neighbor- v Prodict
Build tree based Clustering rediciung
Find neighbors
—_— Imputing D ——
Multiple
Imputation? Veg
No
End

J. Zhu et al., 2024]
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Classitying Data Quality Problems

Data Quality Problems
Schema Level Instance Level Schema Level Instance Level
(Lack of integrity (Data entry errors) (Heterogeneous (Overlapping,
constraints, poor data models and contradicting and
schema design) schema designs) inconsistent data)
- Uniqueness - Misspellings - Naming conflicts - Inconsistent aggregating
- Referential integrity - Redundancy/duplicates - Structural conflicts - Inconsistent timing

- Contradictory values

[E. Rahm & H. H. Do, 2000]

D. Koop, CSCI 640/490, Fall 2025 Northern Illinois University 24



https://dbs.uni-leipzig.de/file/TBDE2000.pdf

Single-Source Schema Problems

Scope/Problem | Dirty Data _ Reasons/Remarks

Attribute | Illegal values | bdate=30.13.70 values outside of domain range

Record Violated attribute | age=22, bdate=12.02.70 age = (current date — birth date)
dependencies should hold

Record Uniqueness | emp;=(name="John Smith”, SSN="123456") uniqueness for SSN (social security

type violation emp,=(name=""Peter Miller”’, SSN="123456") number) violated

Source Referential | emp=(name="John Smith”, deptno=127) referenced department (127) not defined
integrity violation

[E. Rahm & H. H. Do, 2000]
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Single-Source Instance Problems

Scope/Problem | Dirty Data _Reasons/Remarks
Attribute Missing values phone=9999-999999 unavailable values during data entry
(dummy values or null)
Misspellings | city="Liipzig” usually typos, phonetic errors
Cryptic values, experience="B”’;
Abbreviations occupation="DB Prog.”
Embedded values name="J. Smith 12.02.70 New York” multiple values entered in one attribute
(e.g.1n a free-form field)
Misfielded values | city="Germany”
Record Violated attribute | city="Redmond”, zip=77777 city and zip code should correspond
dependencies
Record Word name;= “J. Smith”, name,="Miller P.” usually 1n a free-form field
type transpositions
Duplicated records | emp;=(name="John Smith”,...); same employee represented twice due to
emp,=(name="J. Smith”,...) some data entry errors
Contradicting | emp;=(name="John Smith”, bdate=12.02.70); the same real world entity 1s described by
records emp,=(name="John Smith”, bdate=12.12.70) different values
Source Wrong reterences | emp=(name="John Smith”, deptno=17) referenced department (17) 1s defined but
wrong

[E. Rahm & H. H. Do, 2000]
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Multi-Source Schema & Instance Problems

Customer (source 1)

CID | Name  Street  City Sex

11 Kristen Smith 2 Hurley P1 | South Fork, MN 48503 0

24 Christian Smith | Hurley St 2 | S Fork MN 1

Client (source 2)

Cno | LastName  FirstName | Gender | Address Phone/Fax

24 Smith Christoph M 23 Harley St, Chicago 333-222-6542 /
IL., 60633-2394 333-222-6599

493 | Smith Kris L. F 2 Hurley Place, South 444-555-6666
Fork MN, 48503-5998

Customers (integrated target with cleaned data)

No _ LName _ FName I Gender I Street I C iz I State _ ZIP _ Phone _ Fax _ CID _ Cno

1 Smith Kristen L. | F 2 Hurley South MN 48503- | 444-555- 11 493
Place Fork 5998 6666

2 Smith Christian M 2 Hurley South MN 48503- 24
Place Fork 5998

3 Smith Christoph | M 23 Harley | Chicago |IL 60633- | 333-222- 333-222- 24
Street 2394 6542 6599

[E. Rahm & H. H. Do, 2000]

D. Koop, CSCI 640/490, Fall 2025 Northern Illinois University 27


https://dbs.uni-leipzig.de/file/TBDE2000.pdf

SampleClean (and Variants)

e Dirty Data”

- Missing Values

- Duplicate Values

- Incorrect Values

- Inconsistent Values
e Estimate query results using a sample of the data
® [WO Ideas:

- Direct Estimate

- Correction

D. Koop, CSCI 640/490, Fall 2025 Northern Illinois University 28



Typical Data Cleaning Steps
Bad Data

Country UN R/P UN R/P World Bank WB Gini CIA R/P

Afghanistan 4.1;4.2 27.8 2008
Albania 72 48 29 2012 7.2 »
Algeria 96 6.1 35.3 1995,9.6 . .

Bad Data

Country UN R/P UN R/P World Bank WB Gini CIA R/P

Afghanistan 4.1;4.2 27.8 2008
Albania 72 48 29 2012 7.2 -
Algeria 96 6.1 35.3 1995,9.6

Bad Data

Country UN R/P UN R/P World Bank WB Gini CIA R/P

Afghanistan 4.1;4.2 27.8 2008 -
Albania 72 48 29 2012 7.2 »
Algeria 9.6 6.1 35.3 1995,9.6

[sampleclean.orq]
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http://sampleclean.org

Dirty and Cleaned Data

(a) Dirty Data (b) Cleaned Sample

|t g yenr SO - .y | 20T
t1 CrowdDB 11 18 t1 CrowdDB 2011 144 2
t2 TinyDB 2005 1565 t2 TinyDB 2005 1569 1
t3 YFilter Feb, 2002 | 298 t3 YFilter 2002 298 2
ta Aqua 106 ta Aqua 1999 106 1
t5 DataSpace 2008 107 ts DataSpace 2008 107 1
te CrowdER 2012 1 te CrowdER 2012 34 1
t7 Online Aggr. | 1997 637 t7 Online Aggr. | 1997 687 3
t10000 |YFilter-ICDE |2002 298

[J. Wang et al., 2014]
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Two Sources of Error

o Approximate Query Processing (AQP): Don't process the entire dataset, but
use samples to get an approximate result

e Now add dirty data
e [\WO sources of error;

If R 1s dirty, then there 1s a true relation R jeq, .

Q(Rclean) 7 Q(R) = est = c- Q(S)

The error 1n est has two components: error due to sampling €, and error due to the difference with the cleaned

relation €, = Q(Rejean) — Q(R):
| Q(Rclean) — est |§ €s T €

[S. Krishnan et al., 2015]
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SampleClean Framework

Results with Con-

Il Il lale sl fidence Intervals
é
BENNS

Aggregate
Queries

<________________

Sample Creation
Results with Con-

Result Estimation fidence Intervals

—_—
Dirty Data (NormalizedSC)

D. Koop, CSCI 640/490, Fall 2025

[J. Wang et al., 2014]
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lypes of Direct Estimation errors

o Attribute Errors:
- value of one attribute Is wrong
- affect a single row
- does not affect sampling
e Duplication Errors
- same items appear multiple times
- those items are over-represented
- count up duplicates and divide the influence
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Direct Estimation with Errors

1. Given a sample S and an aggregation function f(-)
2. Apply ¢ciean(+) to each t; € S and call the resulting set ¢c1can(S)

3. Calculate the mean u., and the variance 02 of Pc1ean(S)

4. Return pe. &= A/ %g

[S. Krishnan et al., 2015]
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Correction with Data Errors

1. Given a sample S and an aggregation function f(-)
2. Apply ¢(-) and ¢c10an(+) to each r; € S and call the set of differences Q(S5).

3. Calculate the mean (i, and the variance o, of Q(.5)

>
e

4. Return (f(R) — ,uq) + A s

[S. Krishnan et al., 2015]
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O
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o OO

fffffff ffffffffffff ffffffffff ffffffffffff : Name Dirty Clean Pred %  Dup

ffffffffffffffffffffffffffffffffffffffffffffffffffffffffffff - Rakesh Agarwal 353 211 18.13%  1.28

; ; | | a a a Jettery Ullman 460 255 05.00%  1.65
200 400 o600 800 1000 1200 1400 , ,

Number of Cleaned Samples Michael Franklin 560 173 65.09% 1.13

O
~

O
o))
o1

Probability of Correct Ordering

[S. Krishnan et al., 2015]
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Comparing the Two Approaches

Less Dirty Very Dirty
12 """"""" B - """"""" i 50m'_";"_"_":;"_"_";"_':'_";"_"_";:"_"_";"_"_":;"_"_";"_':
A ; A AlDirty | @ ; ; ; ;
10F \ SRR R —— Direct - oa4ql
5 - |——Correction | 40 ; ;

. ; ; - o 5 ; A AllDirty
> 30 o o —&—Direct ;
O O ; ; —o—Correction |
LE LIJ : I I '

; ; ; ; ; 0 ; ; ; ; ;
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Number of Cleaned Samples Number of Cleaned Samples
[S. Krishnan et al., 2015]
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Notes

e Duplicate Problem
® FOCUSES ON aggregate measures
e How do we actually clean the data”?

[S. Krishnan et al., 2016]
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ML Data Cleaning Operations

Data cleaning activity Data error type
Feature cleaning Incorrect feature values
abel cleaning Incorrect label values
Entity matching Duplicate records
Outlier detection Out-of-distribution records
Imputation Missing values
Holistic data cleaning More than one error type at the same time
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Data Cleaning for Machine Learning

Problem: Simpson's Paradox

3

£
* £
£

Result
Result

(a) Systematic Error (b) Mixed Dirty and Clean (c) Sampled Clean Data

[S. Krishnan et al., 2016]
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ActiveClean

e (Given dirty data and a mapping from the data to a feature vector and label,
we want a reliable estimate of the clean model

- reliable = bounded estimate
e Solution: Use stochastic gradient descent (uses sampling!)

[S. Krishnan et al., 2016]
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Machine Learning and Data Cleaning

e Data cleaning important for machine learning
- Filter dirty Data
- Make learning robust to noise (early stopping?)
e _..but machine learning can also help data cleaning
- No need for rules, just learn
- Can include lots of features like statistical properties, integrity constraints
- What about explainability?
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HoloClean

e A holistic data cleaning framework that combines qualitative methods with
guantitative methods:

- Qualitative: use integrity constraints or external data sources
- Quantitative: use statistics of the data

e Driven by probabilistic inference. Users only need to provide a dataset to be
cleaned and describe high-level domain specific signals.

e Can scale to large real-world dirty datasets and perform automatic repairs
with high accuracy

[1. Rekatsinas et al., 2017]
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Example: Input Data

Functional Dependency:
Constraint between two attribute sets
where one set uniquely determines the other set

(A) Input Database External Information
(Chicago food inspections)

DBAName AKAName Address City |State Zip
t1 | John Veliotis Sr. | Johnnyo's 3465S | apicagoy IL | 60608
Morgan ST TR H .
T HEEHHTE Conflicts
t2 | John Veliotis Sr. Johnnyo’s 3465 S Chicago || IL | 60609 due to c2
Morgan ST
t3 | John Veliotis Sr. Johnnyo’s 3465 S Chicago | | IL 60609 (B) Functional Dependenmes
Morgan ST
t4 |  Johnnyo’s Johnnyo’s 34658 | mingo | |1l | 60608 . :
Morgan ST | cl: DBAName — Zip
\» Does not obey Conflict due to ¢c2 c2: Zip — City, State
data distribution c3: City, State, Address — Zip

[1. Rekatsinas et al., 2017]
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Example: FiIXing via Minimality

(B) Functional Dependencies

cl: DBAName — Zip
c2: Zip — City, State

(A) Input Database External Information . .
c3: City, State, Address — Zip

(Chicago food inspections)

DBAName AKAName Address City |State Zip
t1 | John Veliotis Sr. | Johnnyo's M3465 S_ | Chicago) IL | 60608 (E) Repair using Minimality w.r.t FDs
organ ST | ™ :
T HEEHHTE Conflicts
. : 3465 S .
12 John Veliotis Sr. Johnnyo S Morgan ST Chlcago IL 60609 due tO 02 DBAName AKAName Address City State Zip
t3 | John Veliotis Sr. Johnnyo’s 3465 S Chicago | | IL 60609 3465 S
' Morgan ST t1 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
34655 | L.
t4 Johnnyo’s Johnnyo’s Cicago:] | IL 60608
4 y Morgan ST | 7295 t2 | John Veliotis Sr. | Johnnyo's 3465S | ohicago| IL | 60609
. Morgan ST
\» Does not obey Conflict due to c2 3465 S
data distribution t3 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
: : 3465 S :
t4 Johnnyo’s Johnnyo’s Morgan ST Cicago IL 60608

[1. Rekatsinas et al., 2017]
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Example: FIXing via external Matches

(D) External Information

C) Matching D d -
(C) Matching Dependencies (Address listings in Chicago)

ml: Zip = Ext_Zip — City = Ext_City

m?2: Zip = Ext_Zip — State = Ext_State _ _
Ext_Address | Ext_City |Ext_State| Ext_Zip
mJ3: City = Ext_City A State = Ext_StateA
A Address = Ext_Address — Zip = Ext_Zip 3465 Ssyorga” Chicago IL 60608
(A) Input Database External Information 1208§TWe"s Chicago L 60610
(Chicago food inspections)
259 E Erie ST | Chicago IL 60611
DBAName AKAName Address City |State Zip 2806 W
............ Chicago | IL 60623
3465S | Cermak Rd
t1 | John Veliotis Sr. Johnnyo’s ‘Chicago:j IL 60608
Morgan ST |72 .
T HEEHHTE Conflicts
t2 | John Veliotis Sr. | Johnnyo's Mgf;:nSST Chicago || IL | 60609 due to ¢2 (F) Repair using Matching Dependencies
- : 3465 S . : :
t3 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | | IL 60609 DBAName AKAName Address City |[State Zip
, , 3465S | - , 3465 S |
t4 Johnnyo’s Johnnyo’s Morgan ST Clcago IL 60608 t1 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60608
K» Does _nOt_ Ob_ey Conflict due to c2 t2 | John Veliotis Sr. Johnnyo’s M§f6a5nSST Chicago | IL | 60608
data distribution 9
t3 | John Veliotis Sr. Johnnyo’s 3465 S Chicago | IL 60608
' y Morgan ST 9
; , 3465 S :
t4 Johnnyo’s Johnnyo’s Morgan ST Chicago| IL 60608

[1. Rekatsinas et al., 2017]
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Example: Fixing via Statistics

(A) Input Database External Information

(Chicago food inspections) (G) Repair that leverages Quantitative Statistics

DBAName AKAName Address City |State| Zip DBAName AKAName Address City |[State| Zip
3465 S |l - : 3465 S .
t1 | John Veliotis Sr. Johnnyo’s Chicago, IL | 60608 t1 | John Veliotis Sr. Johnnyo’s M ST Chicago | IL 60608
Morgan ST [ , organ
i COﬂﬂlCtS 3465 S
. , 3465 S . it ; -
t2 | John Veliotis Sr. | Johnnyo’s Morgan ST Chicago || IL | 60609 due to c2 t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL | 60609
t3 | John Veliotis Sr. | Johnnyo’s 3465 S Chicago | | IL | 60609 t3 | John Veliotis Sr. | Johnnyo's 5405 S Chicago | IL | 60609
' Morgan ST Morgan ST
t4 Johnnyo’s Johnnyo’s S Clcago IL 60608 t4 |John Veliotis Sr. Johnnyo’s 3465 S Chicago| IL 60608
Morgan ST | Morgan ST
\» Does not obey Conflict due to c2
data distribution

[1. Rekatsinas et al., 2017]
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HoloClean

Input The HoloClean Framework Output
' i Proposed Cleaned Dataset
Dataset to be cleaned
1. Error detection DBAName | Address City |State|  Zip
DBAName| Address City |State Zip module Johip 3465 S
John 3465 S . it Veliotis Sr. | Morgan ST Gnicago I 60s0a
t1 B Chicago IL 60608
Veliotis Sr. | Morgan ST 0 John 3465 S Chiaiio L 60608
0 John 3465 S Chicado IL 60609 \ J Veliotis Sr. | Morgan ST 9
Veliotis Sr. | Morgan ST 9 N John 3465 S .
John 3465 S i - 3 | Veliotis Sr. | Morgan sT | CMicage | IL | 60608
3 |, v Chicago | IL | 60609 2. Automatic
Veliotis Sr. | Morgan ST John 3465 S 2
| rg i e t4 Chicago | IL 60608
e 3465 S compilation to a Veliotis Sr.| Morgan ST
t4 M IL 60608
organ St probabilistic Marainal Distributi
arginal Distribution
Denial Constraints External Information graphical model of Cell Assignments
c2: Zip — City, State Ext Address | Ext City |Ext State| Ext Zip a & 60608 0 8 4 ‘
c3: City, State, Address — Zip 3465 S Morgan | . i 60608 - . t2Z|p :
Matchi D d : 'ZOGTW""S c: : IL 60610 3' Repalr via S 2l e
atching Dependencies ST in § : | »
; g : p ; 259 E Erie ST | Chicago IL 60611 Stat|Stlca| learnlng : : :
m1l: Zip = Ext_Zip — City = Ext_City 2 - -
m2: Zip = ExtZip — State = Ext State 206W e | 0| soezs and infernece =
m3: City = Ext_City A State = Ext_StateA
A Address = Ext_Address — Zip = Ext_Zip k y
\ J \ J \ J

[1. Rekatsinas et al., 2017]
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Data Cleaning and Al

Gender | Tumor size Axillary lymph Age Type of Survival status
(G) (TS) nodes (AN) (A) | treatment (TT) (SS)
Patient 1 M 1.2 2 58 3 0
Patient2 =~ F 105 ] 3 45 1 1
Patient3 =~ F (ys 1 37 3 1
Patient4 M ﬂ).4 ? 62 > 1
R ——— | S ,____tttfx ________

( L "

! I | I

I Traditional ] I Traditional ]

: methods | : methods |

[ I

[ [ | I

I [ ' I

| Al ] ' Al I

: methods I : methods |

[ I

! ] ' ]

ST T T s s - T ~[J. Zhu et al., 2024]
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Data Cleaning and Al

e [raditional Methods are often efficient and interpretable

® Deep Learning is expensive and hard to understand but can be more
effective

e Machine Learning provides a balance”

Cost Generalization | Interpretability | Efficiency | Effectiveness
Traditional ® e @2aa vy VAW
N { ML ® ® 3K Qa 5 O
DL @@ K3 LS K @ & QQ Y

J. Zhu et al., 2024]
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Anomaly Detection using LLMSs

Q: “Data 0 is 48.10. Data 1 is 51.51. Data 2 is 51.35. Data 3 is -57.44.
Data 4 is 49.18. Data 5 is -52.49. Data 6 is 54.04. Data 7 is 51.36.
Data 8 is 52.74. Data 9 is 47.49. Data 10 is 4.37. Data 11 is 50.28.
Data 12 is 55.29. Data 13 is 51.40. Data 14 is -80.43. Data 15 is

46.53.

Abnormal data are different from the majority. Which data are
abnormal?”

LlamaZ2: “Data 3, 14, and 15 are abnormal.”
(https://www.llamaZ2.ai/)

Llama2-AD: “Data 3, 5, 10 and 14 are /
abnormal.”

[A. Liet al., 2024]

D. Koop, CSCI 640/490, Fall 2025 Northern Illinois University 51


https://arxiv.org/abs/2406.16308

Anomaly Detection using LLMSs

Proposed Methods Baselines
GPT-3.5 GPT-4 [Llama?2 [lama2-AD Mistral Mistral-AD KNN ECOD
abalone 78.4+15.2 84.447.4 67.2+16.9 49.74+13.3 73.01+=15.6 75.11+9.0 88.0+8.8 83.94+10.1
annthyroid 65.1+t13.5 82.8+4.5 50.8+1.1 61.5+11.9 | 64.7£13.0 82.319.0 76.5t7.0 81.4+3.3
arrhythmia 73.14+1.6 75.943.5 47.2x0.1 38.7£4.9 535.2x2.7 61.0+4.8 69.615.2 66.3+6.7
breastw 63.1+:34.4 08.71+0.5 50.442.4 74.31+2.6 62.71+4.6 03.61+2.0 97.54+1.0 99.0+0.3
cardio 83.3+2.5 87.1+-1.4 45.5+3.6 71.7710.5 68.4+18.5 71.7+=1.5 02.5+04 05.84+1.2
ecoli 78.71+5.1 73.51+2.4 52.34+9.7 78.9+7.3 79.54+6.2 79.1+4.4 89.3+13.6 79.1+£10.1
forest cover 82.5+11.2 85.9+8.1 53.945.5 58.1+25.2 68.71+24.3 52.4+18.8 48.5+18.9 83.31+3.4
glass 69.51+11.4 64.24-14.1 45.4L7.7 56.3+4.7 59.348.3 65.9+£3.9 86.7L3.0 68.61:8.9
ionosphere 83.5E£2.5 38.812.0 50.7£1.4 59.9494 64.11+2.3 69.448.1 94.742.5 85.8E1.8
kdd 66.1Lt28.8 87.4+1.6 52.4+34 58.0+3.1 65.3t1.7 60.1£5.6 59.8+4.8 88.3+1.7
kddrev 58.5+16.8 72.8+5.1 53.3+4.7 60.7+12.6 56.84+9.0 50.2+14.1 45.01+1.2 74.4+5.3
Vél‘t@bl‘al 57.9+3.0 51.6+11.4 48.8+3.9 48.2+4.5 54.14+5.7 45.31+2.6 34.6+2.3 44.0+3.3
vowels 40.9438.1 65.9+3.1 51.94+6.3 51.44+19.1 47.3+3.5 52.5+5.2 96.11+3.9 62.6+14.3
wbc 79.2+5.6 03.4+2.2 48.2+4.8 61.3t5.4 68.5+7.3 88.61+8.2 93.7x2.0 01.9+2.3
wine 47.6=x11.5 51.3+10.2 50.61+9.3 51.2+3.9 55.5+84 59.7+12.0 30.0+0.0 64.94+0.0
average 68.31+1.2 74.1£2.2 S51.142.5 60.0+3.2 62.442.7 69.11:1.0 70.710.9 75.51+1.0

[A. Li
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Error Detection using LLMs (LLMClean)

e Ontology: set of concepts and categories in a subject area or domain that
shows their properties and the relations between them

e Use Ontological Functional Dependencies (OFDs)
- Functional dependency from ontology (synonyms, inheritance)
- Capture semantic relationships between attributes
- Reduce the incidence of false positives

All drugs
¢ Use an automated context e
FDA,MoH .~ EDR T MoH
mOde‘ {0 Qeﬂerate OFDS 4 analgesic N diltiazem \/carboxylic acid )
. — T \ \
® Caﬂ run data repalr after NSAID acetaminophen opioid |diltiazem hydrochloride|  benzoic acids

/ST~ \ / 7 T T

@uprofen naproxen tylenol morphiry@rtia tiazac cardizey @rtia aspirin AS&

|£. Zheng et al., 2015]
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Error Detection using LLMs (LLMClean)

S o
(qV)
> 8 E ®
— = rrors
n O €«— . '
c O Repaired < Error Correction
52
O < A
Dirty Dataset
OFDs-Based @
— Context Model Error Detection
\ 4 rovember sednonniegaivlneger T
@ [ Sl _ |
L L M - B a S e d Addres::::tring Hosp::;z:j: I:Ztring Conditio:::o::clit:trrling
- g — —>» OFDs Extraction
Context Model Generation B i

County State MeasureName: xsd:string
hasCounty» hasState—>»
CountyName: xsd:string

[E._Biester et al., 2024
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| | MClean Error Detection Evaluation

1.0 1.0 1.0

Precision Precision Precision
0.8 . Recall 0.8 . Recall 0.8 . Recall
' F1 Score ' F1 Score ' F1 Score
VU 0.6 VU 0.6 U 0.6
o o o
A A &
0.4 0.4 0.4
0.2 0.2 0.2
0.0 . 0.0 - 0.0
V & L& A0 & L & Vvoo© NP R G R SIRCC I Q Q Q - X,
VY & 2 2 & Lo P Q e LM (NI > X P 2 2 X N o
C & T VN TP C @& L N TE P FOSRe S
o » Q- o » Ny o »
Ve A% Q A% Q A%
a) IoT dataset b) Hospital dataset c¢) Context dataset
P

[E._Biester et al., 2024
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Data Repair using LLMs (RetClean)

e Non-retrieval based: Send tuple to LLMs and identify tuple(s) and column(s)
to be fixed

e Retrieval-baseaq:
- Indexer: Get top-k relevant tuples from a database/data lake
- Reranker: Rank relevance using ColBERT/CrossBERT
- Reasoner: Determine, using LLM, which tuple and value to use for fix
- Reasoner keeps track of lineage

[Naeem et al., 2024]
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Data Repair using LLMs (RetClean)

Input
s ™
health.csv
Name|Age|Gender| BT
t1| John | 54 | NULL A
t2| Alice | 36 F NULL
t3| Peter | 38 M AB
t4 |Calvin| 17 NULL O
t5| Paul | 73 M NULL
Data Lake
4 )

Spec

Tuple-based Cleaning

Name | Age I Gender

t1 John 54 NULL

Name | Age | Gender | BT

t2 Alice 36 F NULL

Name | Age | Gender

t4 Calvin 17 NULL

Name |Age | Gender | BT

t5 Paul 73 M NULL

t1,t2, t4, t5

. £2, t5

Retrieval-based

Tuple-based Indexer top-n

-
-

-
]

Elastlc:
- search

m Faiss

Reasoner

Name | Age | Gender

Name I Age I Gender

John NULL

4 | Calvin NULL

NameIAgeIGenderI BT DE
t2 Allce 36 > NULL +

Name|Age|Gender| BT m
t57 Alice | 36 7 F NULL m
LLM suite

4

" top-k (k << n)

Reranker

-
-

£

*  CoIBERT
W' CrossBERT

o

~

e D

t1| John

t2| Alice | 36 F

t4 | Calvin| 17 M

t5| Paul | 73 M

A

[IT1l
L]

\_ Y,
[Naeem et al., 2024]
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Data Imputation Challenges

4|} Categorical attributes Numerical attributes
Mixed Gender State AreaCode Marta Salary Rate
attributes Status .
Exploits
> Rl 15000 attribute

Lack of training J relationship
data M 401 - 100000
G EXpIOitS
values in the relationship
same row HI M 7.5

[R. Cappuzzo et al., 2024]
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Data Imputation via Graph Learning

e Represent relational data as a
heterogeneous graph

- relationships between tuples,
attributes, and values

e se graph representation learning
o Self-supervised multi-task learning

e Does not require explicit training
data, uses given data with missing
values

D. Koop, CSCI 640/490, Fall 2025

R1

Country
(B)

France

(b1)

R2

Japan

(b2)

R3

[R. Cappuzzo et al., 2024]
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GRIMP Overview

[ Graph representation ]

[ Multi-task model training

Mg g

Interstellar —

_ : Title —
R1]| Interstellar NULL 2014 A———— [ Shared section ] £, "Interstellar" s

’ R. Scott P '
R2|The Martian| R.Scott | 2015 v Y v

, — HeteroGNN T Title Director | Year
R3| Your Name. | M. Shinkai | 2014 Merging 1|/ [R1] interstellar | C. Nolan | 2014
R4 Tenet C. Nolan | 2020 ‘

\

The Martian |— l11 l21 ,

m/- el 1y —D> lo lins :R2 The Martian| R. Scott | 2015
' Task C - R3|Your Name. | M. Shinkai | 2014

lin i
iy lan 1 R4| Tenet C. Nolan | 2020

\ AU A AV AV

Node
Feature

[ Task-specific |
generation Features

section

Vector Training

generation Vectors
A

g/

== 4

N

2

l'p
uuv}vv

Training
Samples

[R. Cappuzzo et al., 2024]
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Data Cleaning Workflows using LLMs

Data Analysis @

Purpose Raw Dataset

-
-—

—
— o
———
-

_-—-~~~
—
—
—
-~
~

Data Quality |determines| Data Cleaning Data Cleaning
Report Objectives | design of Workflow

IL. Li et al., 2024]
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