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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
- [wo tasks: Error Detection & Data Repairing

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

- Example: SampleClean
- Task: Do statistics and clean along the way
e Similar questions If we substitute machine learning for statistics

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

* [he end goal of data cleaning is clean data
e Data cleaning Is a sequential operation

e Data cleaning is performed by one person
e Data quality Is easy to evaluate

[D. Haas et al., 2016]
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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]
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https://dbs.uni-leipzig.de/file/TBDE2000.pdf

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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SampleClean Framework
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Comparing the Two Approaches

Less Dirty Very Dirty
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[S. Krishnan et al., 2015]
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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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http://www.vldb.org/pvldb/vol10/p1190-rekatsinas.pdf

HoloClean

Input The HoloClean Framework Output
i i Proposed Cleaned Dataset
Dataset to be cleaned
1. Error detection DBAName | Address City |State|  Zip
DBAName| Address City | State Zip module JORB 3465 S
John 3465 S . it Veliotis Sr. | Morgan ST Gieago = B0vo5
t1 B Chicago IL 60608
Veliotis Sr. | Morgan ST 0 John 3465 S Chilcaiio 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 | Chicago | IL | 60608
B8 |at2 Chicago | IL | 60609 2. Automatic
Veliotis Sr. | Morgan ST John 3465 S 2
| rg i o 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 8 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 e : 3 ) C
; 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 20W e | 1| eoezs and infernece =
m3: City = Ext_City A State = Ext_StateA
A Address = Ext_Address — Zip = Ext_Zip o p
\ J \ J \ J

[1. Rekatsinas et al., 2017]
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Pandas Operations

e Filtering out missing data (dropna);
- Gan choose rows or columns
e Filling in missing data (fillna):

e Finding problems in data (statistics, special values)
e Fltering duplicates: (drop duplicates, unique)
e Cleaning data: (map, replace, clamping data)
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Assignment 3

e Salary Data
e Use Pandas (not loops)

e Part 2: CSCI 640 students need to do (b), CSCI 490 students can choose
e Part 5: use melt/pivot or a similar high-level operation
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https://faculty.cs.niu.edu/~dakoop/cs640-2023sp/assignment3.html

Outline

e Combining Data

e Data Integration

e Data Matching (Entity Resolution)
e Data Fusion

e Data Fusion lechnigues

- Integrating Conflicting Data: The Role of Source Dependence,
X. L. Dong et al., 2009

- Quiz at the beginning of class
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Example: Football Game Data

e Data about football games, teams, & players
- Game is between two Teams
- Each Team has Players

e For each game, we could specify every

player and all of their information... why Is
this bad?
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Example: Football Game Data

e Data about football games, teams, & players Player
- Game is between two Teams d | Name | Height | Weight

Team
- Each Team has Players 4 | Name | wie | Losees
® -Oor each game, we could specify every Game
player and all of their information... why Is d Location Date

this bad”?

e Normalization: reduce redundancy, keep
iInformation that doesn't change separate

e 3 Relations: Team, Player, Game

e Fach relation only encodes the data specific
to what It represents
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Example: Football Game Data

* Have each game store the id of the home Player
team and the id of the away team (one-to- d | Name | Height | Weight

e Have each player store the id of the team he ~ Team

p|ays on (many_’[o_one) Id Name Wins Losses

Ga;\

Id Location Date

e \What happens if a player plays on 2+ teams”
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How does this relate to pandas”

e DataFrames in pandas are ~relations (tables)
e \\Ve may wish to normalize data in a similar manner in pandas

e However, operating on 2+ DataFrames at the same time can be unwieldy,
can we merge them together”?
e [WO potential operations:

- Have football game data (just the Game table) from 2013, 2014, and 2015
and wish to merge the data into one data frame

- Have football game data and wish to find the average temperature of the
cities where the games were played

D. Koop, CSCI 640/490, Spring 2023 Northern Illinois University 15




Concatenation

e [ake twoO data frames with the same columns and add more rows
e pd.concat ([data-frame-1, data-frame-2, ..])

e Default Is to add rows (axis=0), but can also add columns (axis=1)

e Can also concatenate Series into a data frame.

* concat preserves the index so this can be confusing it you have two default
indices (0,1,2,3...)—they will appear twice

- Use ignore index=True togeta0,1,2...
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Merges (aka Joins)

e Need to merge data from one DataFrame with data from another DatalFrame
o -xample: Football game data merged with temperature data

Game Weather

ld | Location | Date | Home | Away wid City Date Temp
0 | Boston 9/2 1 15 0 Boston 9/2 /2

1 Boston 9/9 1 14 1 Boston 9/3 68
2 | Cleveland | 9/16 12 1

3 | San Diego | 9/23 | 21 1 / Boston 9/9 75

21 Boston 9/23 54

_—

No data for San Diego 36 | Cleveland | 9/16 81
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Merges (aka Joins)

e \Vant to join the two tables based on the location and date
e | ocation and date are the keys for the join
e \WVhat happens when we have missing data’?
* Merges are ordered: there is a left and a right side
e [Four types of joins:
- Inner: intersection of keys (match on both sides)

- Quter: union of keys (if there is no match on other side, still include with NaN
to indicate missing data)

- Left: always have rows from left table (ho unmatched right data)
- Right: like left, but with no unmatched left data
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Inner Strategy

Merged
fo Location Date Home Away Temp wid
0 Boston 9/2 1 15 /2 0
1 Boston 9/9 1 / 75 /
2 Cleveland 9/16 12 1 81 36

No San Diego entry
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OQuter Strategy

Merged
|d Location Date Home Away Temp wid
0 Boston 9/2 1 15 72 0
NaN Boston 9/3 NaN NaN 68 1
1 Boston 9/9 1 V4 75 V4
NaN Boston 9/10 NaN NaN 76 8
NaN Cleveland 9/2 NaN NaN o1 22
2 Cleveland 9/16 12 1 81 36
3 San Diego 9/23 21 1 NaN NaN
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| eft Strategy

Merged
fo Location Date Home Away Temp wid
0 Boston 9/2 1 15 /2 0
1 Boston 9/9 1 7 75 /
2 Cleveland 9/16 12 1 81 36
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Right Strategy

Merged
fo Location Date Home Away Temp wid
0 Boston 9/2 1 15 72 0
NaN Boston 9/3 NaN NaN 68 1
1 Boston 9/9 1 V4 75 V4
NaN Boston 9/10 NaN NaN 76 8
NaN Cleveland 9/2 NaN NaN o1 22
2 Cleveland 9/16 12 1 81 36

No San Diego entry
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Data Merging In Pandas

e pd.merge (left, right, ..) or left.merge(right, ..)
e Default merge: join on matching column names
o Better: specity the column name(s) to join on via on kwarg

- It column names differ, use 1eft on and right on

- Multiple keys: use a list
* how Kwarg specifies type of join ("inner", "outer", "left", "right")
e Can add suffixes to column names when they appear in both tables, but are
not being joined on

e Can also merge using the index by setting
left index Or right index 10 True
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Vlerge Arguments

left DataFrame to be merged on the left side.

right DataFrame to be merged on the right side.

how One of 'inner', 'outer', 'left', or 'right'; defaultsto 'inner".

on Column names to join on. Must be found in both DataFrame objects. If not specified and no other join keys
given, will use the intersection of the column names in left and right as the join keys.

left_on Columns in Left DataFrame to use as join keys.

right_on Analogous to Left_on for Left DataFrame.

left_index  Userow indexin left asits join key (or keys, if a Multilndex).
right_index Analogousto left_index.

sort Sort merged data lexicographically by join keys; True by default (disable to get better performance in
some cases on large datasets).

suffixes Tuple of string values to append to column names in case of overlap; defaultsto (' _x"', '_y') (e.q., if
"data’ in both DataFrame objects, would appear as 'data_x' and 'data_y"' inresult).

copy If False, avoid copying data into resulting data structure in some exceptional cases; by default always
copies.

indicator Adds a special column _merge that indicates the source of each row; values will be ' left_only’,

'right_only"', or "both" based on the origin of the joined data in each row. 'W. McKinney, Python for Data Analysis]
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Outline
. Corbiningr

e Data Integration
e Data Matching (Entity Resolution)

e Data Fusion

e Data Fusion lechnigues

- Integrating Conflicting Data: The Role of Source Dependence,
X. L. Dong et al., 2009

- Quiz at the beginning of class

D. Koop, CSCI 640/490, Spring 2023 Northern Illinois University 25


http://www.lunadong.com/publication/dependence_vldb.pdf

Introduction to Data Integration

A. Doan, A. Halevy, and Z. lves
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Data Integration

select title, startTime

Movie: Title, director, year, genre

from Movie, Plays Actors: title, actor
where Movie.title=Plays.movie AND Plays: movie, location, startTime
location="New York” AND Reviews: title, rating, description

director=“"Woody Allen”

Sources S1 and S3 are relevant, sources S4 and S5 are irrelevant, and
source S2 is relevant but possibly redundant.

S S2 S3 S4

Cinemas: inemas in NYC13l Cinemas in SF:
place, movie, cinema, title, location, movie,
start startTime startingTime

[AH Doan et al., 2012]

D. Koop, CSCI 640/490, Spring 2023 Northern Illinois University 27



Data Matching & Data Fusion

e Google Thinks I'm Dead
(I kKnow otherwise.) [R. Abrams,

NYTimes, 2017] Coulat
be me...?
e Not only Google, but also Alexa: "t

- "Alexa replies that Rachel Abrams is Rachel Abrams
a sprinter from the Northern
Mariana |S‘ands (WhiCh iS true Of \F/Qv?fc;hg;éltla;:trtn:g:aa;:nvc}ra;;ig?anwriter editor, and artist. She was the
Someone e‘se)." NOt Born: January 2, 1951 K. Deﬁv\’l’tel’a

. . VAL not me

- "He asks If Rachel Abrams Is Spouses o Porams (. 198072019

deceased, and A‘exa reSpOndS yeS, Children: Sarah Abrams, Jacob Abrams, Joseph Abrams

citing information in the Knowledge People also search for

Graph panel.” M E .1 -

D. Koop, CSCI 640/490, Spring 2023 Northern I1linois University
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Data Integration, Data Matching, & Data Fusion

e Data Integration: focus on integrating data from different sources

e Data Matching (aka Entity Resolution aka Record Linkage):
want to know that two entities (often in different sources) are the same "real”

entity
* \\Vhen sources are orthogonal, no problems

e \What happens when two sources provide the same type of information and
they conflict”

e Data Fusion: create a single object while resolving conflicting values
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Outline
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e Data Fusion
e Data Fusion lechnigues

- Integrating Conflicting Data: The Role of Source Dependence,
X. L. Dong et al., 2009

- Quiz at the beginning of class
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Data Fusion —
Resolving Data Conflicts in Integration

X. L. Dong and F. Naumann
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INnformation Integration

<pub>
<Titel> Federated Database
Systems </Titel>
<Autoren>
<Autor> Amit Sheth </Autor>
<Autor> James Larson </Autor>
</Autoren>
</pub>

<publication>
<title> Federated Database
Source B ‘ Systems for Managing
Distributed, Heterogeneous,
and Autonomous
Databases </title>
<author> Scheth & Larson </author>
<year> 1990 </year>
</publication>

Data Duplicate

: . Data Fusion
Transformation Detection

[L. Dong and F. Naumann, 2009]
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INnformation Integration

<pub>

<titlg> Federated Database <t e> Federated Database Systems for
Source A stems < /title> > Managing Distributed,
<Autoren> Heterogeneous, and
<authc > Amit Sheth </a imnor- Autonomous Databases </title>

<autho. > James Larson </qu’rhor> ‘ <Avutoren>
</Autoren> <authc > Amit Sheth </autt.»r>

</pub> eroThS) > James Larson </-.uthor>
<pub> </Aut~. _.>
<titl->- rederated Database Systems to. <year: > 1990 </ year>
Managing Distributed,
Heterogeneous, and Autonomor’s
Source B Databases < /title>
<Autoren>
<authd> Scheth & Larson
</Autnrnn>

<year> 1990 < /vear> Preserve lineage
</pub>

~, \

Schema Blelfe Duplicate Data Fusion

Mapping Transformation Detection

[L. Dong and F. Naumann, 2009]
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Outline

e Data Fusion lechnigues

- Integrating Conflicting Data: The Role of Source Dependence,
X. L. Dong et al., 2009

- Quiz at the beginning of class
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