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Self Introduction

• Assistant Professor at Rutgers University

• Senior Scientist at Inception Institute of AI

• Postdoc from MIT Database Group

• Ph.D. from Tsinghua University

10+ years of research
experience in the data 
management field

Dong Deng
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Course Object

• Introducing students the cutting-edge research on data 
management and data curation (preparation)

• Training students to master basic skills for being a researcher

3



Course Setup

• Grading
– Paper Review: 25% (write review for 1 paper each week)

– Paper Presentation: 25% (35mins + 15mins QA, 1 or 2 presentations depends on 
enrollment)

– Paper Discussion: 10% (ask at least 10 questions during paper discussions)

– Programming Assignments: 2 x 10% = 20% 

– Exam: 20% (based on contents in the lectures)

• TA

– Yanshi Luo   yanshi.luo@rutgers.edu
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Policy

• Don’t be Late

– Everyone has a budget of 2 days to be used on assignments

– Once it is used up, 20% penalty per day for each late day

• Don’t Cheat

– We will do plagiarism check

– If you got caught, you will fail this course

If you are struggling, let us know! 
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Course Overview
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Data Science

Raw 
Data

Knowledge

7



Data Curation (Preparation)

Raw 
Data

Knowledge

~ 80%

“Data scientists spend 50-80% of their 
time collecting and preparing unruly digital 
data...”

“Data preparation accounts for 
about  80% of the work of data 
scientists”
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Data Curation (Preparation)

Raw 
Data

Knowledge

~ 80%
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The Landscape of Data Curation

Data Cleaning Data Integration Data Transformation

Data Wrangling Data StandardizationData Discovery
and many more …

10



I’d like to go
through all listings 
to make a good buy

new faculty member

Data Curation Example

data discovery
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Structure Data

Source 2 Source 3Source 1

Data	Ingestion Data	Ingestion Data	Ingestion

Data	Wrangling Data	Wrangling

Master Data

Data	Integration/Cleaning

Data Curation Example
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Data Processing Pipeline

• What you think you do?

• What you really do? 

Analysis/
Modeling

Cleaned 
Data

Predictive
Model

Analysis/
Modeling VisualizationData

Cleaning
Data

Integration
Data

Discovery
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Course Topics

• Data Discovery 

• Data Wrangling 

• Data Transformation 

• Data Standardization 

• Data Cleaning 

• Data Integration 

• Data Visualization

They are all interrelated
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Data Discovery

• Merck has approximated 4000 Oracle databases, a large data lake, and 
uncountable individual files. Data scientists spend >90% of their time 
finding datasets relevant to their task at hand.

• Many data lakes:

– US Government open data: www.data.gov

– Climate Data Library: http://iridl.ldeo.columbia.edu/index.htmln
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Data Wrangling

• The process of transforming and mapping data from one "raw" data form into 
another format with the intent of making it more appropriate and valuable for 
a variety of downstream purposes such as analytics.
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Data Wrangling

• The process of transforming and mapping data from one "raw" data form into 
another format with the intent of making it more appropriate and valuable for 
a variety of downstream purposes such as analytics.

Trifecta
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Data Standardization

https://unsupervisedmethods.com/nips-accepted-papers-stats-26f124843aa0

ML + NLP publications in 2017 IBM Research
IBM Research, NY
IBM Research, USA
IBM T. J. Watson Research Center
IBM T. J. Watson Research
IBM T.J Watson Research Center
IBM T.J. Watson Research Center
IBM T.J.Watson Research Center
IBM Thomas J. Watson Research Center
IBM TJ Watson Research Center
… ... 

http://www.marekrei.com/blog/ml-nlp-publications-in-2017/
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Data Standardization

https://unsupervisedmethods.com/nips-accepted-papers-stats-26f124843aa0

IBM Research
IBM Research, NY
IBM Research, USA
IBM T. J. Watson Research Center
IBM T. J. Watson Research
IBM T.J Watson Research Center
IBM T.J. Watson Research Center
IBM T.J.Watson Research Center
IBM Thomas J. Watson Research Center
IBM TJ Watson Research Center
… ... 

“It strikes me as a little comical that it required such a 
kludgey effort to pull these numbers together…”

“I’ve created a number of rules to map together 
alternative organization names and misspellings…”

“I wrote a bunch of manual patterns to map names to 
canonical versions (“UCL” to “University College 
London” and “Google Inc” to “Google”), although it is 
likely that I still missed some cases…”
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Data Cleaning

Inaccurate
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Data Cleaning

Inconsistent
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Incomplete

Data Cleaning
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Data Cleaning

• Address errors caused 6.8 billion undelivered mails in 2013 

• Estimated $1.5 billion spent on processing 

• At least $3.4 billion wasted postage 
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Supplier Mastering, 
Customer Mastering, 
Collaborative Research etc.

Comparison Shopping
“GE estimates they would save 
$100M/year by integrating orders 
for better pricing” 

Data Integration
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Comparison Shopping
“GE estimates they would save 
$100M/year by integrating orders 
for better pricing” 

Data Integration

Will be increasingly more important
Ø data sharing becomes pervasive
Ø translation of legacy data
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Data Integration is Critical

MeCould
be me…?

Definitely 
not me

Not
me
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Who has More Data Sources?

• Large manufacturing enterprise 

– Has 325 procurement systems 

– Estimates they would save $100M/year by “most favored nation status” 

• Large drug company 

– Has 10,000 bench scientists 

– Wants to integrate their “electronic lab notebooks” 

• Large auto company

– Wants to integrate customer databases In Europe — In 40 languages 
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P1 P2

P5

P6

P3 P4

C1

C2

Golden 
Record

C1

C2

Golden 
Record

ID Name Address Telephone
P1 Mary Lee 9 St, Wisconsin (718) 453-0681

P2 M. Lee 9th St, WI 7184530681

P3 James Smith 3rd E Ave, CA 212-213-2888x264

P4 J. Smith 3 E Avenue, CA (212) 213-2888

P5 Lee, Mary 9 Street, WI +1-718-453-0681

P6 Smith, James 5th Street, WA +1-212-213-2888

Entity	Consolidation:
Merge	Duplicate	Records

Entity	Resolution:
Find	Duplicate	Records

Schema		Mapping

A Closer Look at Data Integration
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Entity Resolution

All Pairs Overlap of Address Edit Similarity of Tel …

(P5, P6) 1 0.43 …

(P4, P5) 0 0.21 …

(P2, P5) 1 0.71 …

(P1, P2) 2 0.86 …

… … … …

P1 = P2, P2 = P5 → P1 = P5

P4 ≠ P5, P5 = P2 → P4 ≠ P2

Abstract as Sets (Bag-of-Words)
P1[Address] à A =	{9th,	Street,	WI}
P2[Address] à B=	{9th,	St,	WI}
𝑂𝑣𝑒𝑟𝑙𝑎𝑝 𝐴,𝐵 = 𝐴 ∩𝐵 = 2

TransitivitySimilarity Partial Order

P1 P2

P5

P6

P3 P4

C1

C2

Label
Inference

Inference

Label
Inference

Inference

more similar more similar

less similar less similar

Similarity	Join:
Calculating	All-Pair	
Similarity	Scores

ID Name Address Telephone
P1 Mary Lee 9th Street, WI (718) 453-0681

P2 M. Lee 9th St, WI 718-453-0681

P3 James Smith 3rd E Ave, CA 212-213-2888x264

P4 J. Smith 3 E Avenue, CA (212) 213-2888

P5 Lee, Mary 9 Street, WI +1-718-453-0681

P6 Smith, James 5th Street, WA +1-212-213-2888

𝐸𝑑𝑖𝑡𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 0.86

𝐸𝑑𝑖𝑡𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 0.21

Abstract as Sequences

machine-learning-based
&

pruning	 non-duplicatesN2
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Similarity Measures

Output
Unnormalized Normalized

Sequence Edit Distance Edit Similarity

Set Overlap Size Jaccard/Cosine
Similarity

INPUT

OUTPUT
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Set Similarity Measures

Unnormalized Score Normalized Score

Sequence Edit Distance Edit Similarity

Set Overlap Size Jaccard/Cosine
Similarity

𝑂𝑣𝑒𝑟𝑙𝑎𝑝 𝐴,𝐵 = |𝐴 ∩ 𝐵|

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝐴, 𝐵 =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

𝐶𝑜𝑠𝑖𝑛𝑒 𝐴, 𝐵 =
|𝐴 ∩ 𝐵|
𝐴 |𝐵|

3

0.6

0.75

A

B
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Set Similarity Measures

Unnormalized Normalized

Sequence Edit Distance Edit Similarity

Set Overlap Size Jaccard/Cosine
Similarity

𝑂𝑣𝑒𝑟𝑙𝑎𝑝 𝐴,𝐵 = |𝐴 ∩ 𝐵|

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝐴, 𝐵 =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

𝐶𝑜𝑠𝑖𝑛𝑒 𝐴, 𝐵 =
|𝐴 ∩ 𝐵|
𝐴 |𝐵|

2

0.66

0.82

David Smith    à A=	{David,	Smith}

Smith R. David à B =	{David,	R.,	Smith}
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