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(Almost) Hands-Off Information Integration for the Life
Sciences

Entity Resolution

Inclusion dependency
discovery across sources

Key and inclusion dependency
discovery within sources
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Data Profiling for Data Engineering

‘ Knowledge Discovery

Schema

Engineering :
‘ Data Analytics

» Al Systems

’ Query Optimization

Data
Exploration

Data Cleaning

Feature Data
Engineering Integration
. Preparation
I Application

l 4



See here for

Open Research Questions
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Open Research Question

How to introduce dependency-
Use Case: Query Optimization based optimization to DBMS?

m 58 optimization opportunities

o Using unique column combinations (UCCs), functional dependencies (FDs),
order dependencies (ODs), and inclusion dependencies (INDs)

SELECT A, B,
AVG(C)
FROM R
GROUP BY A, B

A - B

Felix Naumann

SELECT A, B, Data Profiling
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Use Case: Data Cleansing

Verify their genuineness

AN e

. Correct the values

Name _|ID |

Detect violating records/values

Discover approximate/relaxed dependencies

Functional Denial
dependency constraint
violation violation

Alice ID1 |5 |‘10001_|N|v| }90k 1
Bob ID2 (6 _, 87101 INM 80K
Chris ID3 4 10001 NY !'80k

‘--------,

Chu, Xu, Ihab F. llyas, and Paolo Papotti. "Holistic data
cleaning: Putting violations into context.” ICDE‘13.
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Open Research Question

How to support visual
data profiling?
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Classifying Data Profiling Tasks

Data profiling refers to the activity of creating

small but informative summaries of a database.
Ted Johnson, Encyclopedia of Database Systems

Single-column tasks
m Cardinalities
m Uniqueness
o Key discovery
m Patterns and data types
m Distributions
m Domain Classification

Multi-column tasks

m Uniqueness (UCCs)
o Key discovery

m Inclusion dependencies (INDs)
o Foreign key discovery

m Functional dependencies (FDs)

m Order dependencies (ODs)

m Denial constraints (DCs)
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Open Research Question
Can we predict problem and
Scalable Profiling solution size for given data?

m Scalability in number of rows

m Scalability in number of columns

o “Normal” table with 100 columns:
2100 _ 1 —

= 1,267,650,600,228,229,401,496,703,205,375
= 1.3 nonillion column combinations (the power set)
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m Large solution space: e.g. exponential number of FDs
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Agenda

. Basic statistics
. Uniques and keys
. Functional dependencies

. Inclusion dependencies
and foreign keys

. New directions

NWN R
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Open Research Question

Can we find useful regular
Cardinalities, Distributions, and Patterns expresssions for data columns?

Patterns and types Cardinalities
m String vs. number ® NUM-rows
m String vs. number vs. date Increa- m value length
m Categorical vs. continuous sing m null values
m SQL data types semantic m distinct

level

m Domains m unigqueness

m Regular expressions

m Semantic data types Value distributions
m histograms

m constancy

Felix Naumann
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m soundex
m first digit
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THE LAW OF ANOMALOUS NUMBERS

FRANK BENFORD

Physicist, Research Laboratory, General Electric Company,
Schenectady, New York

Benford Law Frequency (“first digit law”)
(Introduced by Irving Langmuir)

(Read April 22, 1937)

ABSTRACT

m Distribution of first digits in naturally occurring numbers:
It has been observed that the first pages of a table of common logarithms

show more wear than do the last pages, indicating that more used numbers begin
with the digit 1 than with the digit 9. A compilation of some 20,000 first digits

Dp(d) = lleO(d + 1) — lOgIO(d) = loglo(l + 1/d) Lan £ iAok Ai h hat thora ic o lnsarithmin dicteihati

o Holds if log(x) is uniformly distributed

o Street addresses of the first 342 persons listed in American Men of Science

0335 NIST physical constants Since 1971 “American Men
and Women of Science”

Occurrences of leading digits in WikiTable numbers
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Agenda

. Basic statistics
. Uniques and keys
. Functional dependencies

. Inclusion dependencies
and foreign keys

. New directions
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Uniques and Non-uniques (in North Carolina Voter Data)

m Unique column combination (UCC)
No pair of records has same value combination when projected to those columns

m A minimal unique: voter_reg_num, zip _code, race code

m A maximal non-unique: voter _reg num, status cd, voter_status desc,
reason_cd, voter_status reason_desc, absent _ind, name prefx cd,
name_sufx _cd, half _code, street dir, street type cd, street sufx cd,
unit designator, unit _num, state cd, mail _addr2, mail_addr3,
mail _addr4, mail_state, area cd, phone _num, full_phone number,
drivers_lic, race code, race desc, ethnic_code, ethnic desc,
party cd, party desc, sex code, sex, birth place, precinct _abbrv,
precinct_desc, municipality abbrv, municipality desc, ward_abbrv,
ward _desc, cong dist_abbrv, cong dist desc, super_court _abbrv,
super_court _desc, judic dist _abbrv, judic dist desc, nc_senate abbrv,
nc_senate_desc, nc_house_abbrv, nc_house desc, county commiss_abbrv, Eelix Nawman
county commiss _desc, township_abbrv, township desc, Data Profiling
school _dist _abbrv, school dist desc, fire dist abbrv, fire dist desc, EDBT 2021
water_dist _abbrv, water dist desc, sewer _dist _abbrv, sewer dist desc,
sanit _dist abbrv, sanit dist _desc, rescue_dist abbrv,
rescue_dist desc, munic _dist abbrv, munic dist desc, dist 1 abbrv,
dist 1 desc, dist 2 abbrv, dist 2 desc, confidential ind, age, 17
vtd abbrv, vtd desc



Candidate Set Growth for UCCs

1 3 7 15 31 63 127 255 511 1,023 2,047 4,095 8,191 16,383 32,767

105
91 455
364 1,365
1,001
2,002
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Number of levels: k

Number of attributes: m
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Pruning Supersets
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Pruning Subsets
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Open Research Question
What are effective distribution
DUCC — Detecting Unique Column Combinations strategies for data profiling?
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Agenda

. Basic statistics
. Uniques and keys
. Functional dependencies

. Inclusion dependencies
and foreign keys

. New directions
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Discovering Functional Dependencies

m, X — A
When two tuples have same value in attribute set X,
they must have same values in attribute A.

oE.g., ZIP — City

Naive discovery approach
For each column combination X
For each AeX
For each pair of tuples (tl1,t2)
IT t1[X\A] = t2[X\A] and tl1l[A] # t2[A]: Break

Felix Naumann
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Candidate Set Growth for FDs

Number of levels: k

75

441

1,016

2,295

5,110

11,253

24,564

53,235 114,674 245,745

Number of attributes: m

168
280
280

252
504
630
504

360
840
1,260
1,260
840

495
1,320
2,310
2,772
2,310
1,320

132
660
1,980
3,960
5,544
5,544
3,960
1,980
660

156
858
2,860
6,435
10,296
12,012
10,296
6,435
2,860

858
156

182
1,092
4,004

10,010

10,010
4,004
1,092

182

5,460

15,015
5,460
1,365
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Model in Lattice — Edges Represent FDs
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Row-based Algorithms

NE1]E

Sarah

Jasmine

N\ N

Surname

Miller

Cone

Postcode City

14482

01069

Potsdam

Dresden

Frankfurt

Jakobs

Orosz

Feldmann

m Surname, Postcode, City, Mayor -4 Name

mName, Postcode, City, Mayor » Surname ‘
m Surname »» Name, Postcode, City, Mayor

Postcode — City

Postcode —» Mayor

Name — Surname, ...
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HyFD: Hybrid FD Discovery

Low sampling efficiency

————— (new observations per comparison)

)
Eos

column-efficient row-efficient
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Low validation efficiency
(new FDs per validation)
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Open Research Question

What is a useful and fair
Functional Dependencies: State of the Art benchmark for data profiling?
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Use case: BCNF Normalization

Discover
FDs

Choose key

Choose
violating
FD

1
[ [ \
Decompose
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Normalization Results: TPC-H
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. Basic statistics

. Uniques and keys

. Functional dependencies

. Inclusion dependencies

and foreign keys

. New directions
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Inclusion Dependencies for Foreign Key Discovery

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

m Use cases
o PDB — Protein Data Bank: 175 tables
— Not a single foreign key constraint

o Ensembl — genome database: >200
tables

— Not a single foreign key constraint
o Web tables:

— No schema, no constraints, but
many connections

m Why are FKs missing?
o Lack of database knowledge
o Lack of FK-support in DBMS
o Fear of performance drop
o Independent origin




Candidate Set Growth for INDs

Tota

L0 2 6 24 80 330 1,302 5936 26,784 133,650 669,350 3,609,672 19,674,096 113,525,594 664,400,310

X

i

0 17,297,280
3 665,280 8,648,640 60,540,480
% 30,240 332,640 1,995,840 8,648,640 30,270,240
b 75,600 277,200 831,600 2,162,160 5,045,040
Q 25200 55440 110,880 205920 360,360
% 12 60 2520 3,960 5,940 8,580 12,012
< 12 20 56 72 90 110 132 156 182

Number of attributes: m

90,810,720
10,810,800
600,600
16,380
210
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IND Detection Algorithms

Open Research Question

How to efficiently
discover all n-ary INDs?

Felix Naumann
Data Profiling
EDBT 2021

[CIKM'19]



Use Case: Web Data Integration
Discovering INDs among millions of web tables
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Agenda

. Basic statistics
. Uniques and keys
. Functional dependencies

. Inclusion dependencies
and foreign keys

. New directions
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Open Research Question

Are there not more types of dependencies? How to combine the discovery
Detecting Other Dependencies of multiple dependency types?

m Multi-valued dependencies (MVDs) and join dependencies

m Denial constraints (DCs)

m Detecting order dependencies (ODs) _-
emp_name |rank

osalary ,,orders” rank

Smith
oSELECT emp_name

FROM employees Johnson 1 40k

ORDER BY rattk, salary Williams 1 45k
Brown 2 60k
Davis 2 60k bata Profiling.

EDBT 2021

Miller 3 70k
Wilson 4 100k
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Open Research Question

But what if the data changes? Can we efficiently
Incremental Dependency Discovery maintain metadata?

m Insertions, deletions and updates
o Invalidate existing dependencies
— Check all dependencies
o Create new (minimal/maximal) dependencies
— Re-run entire algorithm?

John Doe Berlin

Jane Smith Berlin

. i Felix Naumann
John Miller Paris Data Profiling
EDBT 2021
John Smith Berlin
John Doe Paris
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But what if the data contains errors?
Relaxed Dependencies

m Relaxed
o Partial dependencies
o Conditional dependencies
o Matching dependencies

m Approximate dependencies
m Dependencies on uncertain data
m Dependencies on incomplete data

Felix Naumann
Data Profiling
EDBT 2021
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Open Research Question

But aren‘t these just arbitrary observations on one instance? [ERS:URUCEGHEEOYSI A1)
Genuine Dependencies genuine dependencies?

= Features for UCCs as keys | Sensor_status | Temperature_

o, 1D, ,,PK"%, etc. in name 23.343455
o Few columns, short data types il 23.454676
o Early in schema 0 24.001135
o Serves as reference 1 24 173099

m Features for INDs as foreign keys
o,,FKY, ,,ID”, etc. in name

1 Referenced columns are a UCC or key RSN IDNESTO SIS ECIPE _

o Random or even distribution of values 2

Felix Naumann
Data Profiling
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Open Research Question

Can we define UCCs, INDs, FDs,
Profiling for Other Data Models etc. for trees and graphs?

m Traditional data profiling: Single table or
multiple tables

m “Newer” data models
o XML / nested relational / JSON
o Graphs
0 RDF triples

m New metadata types to profile

o XML: Nestedness; measures at each
. Felix Naumann
neStlng level Data Profiling

EDBT 2021
o RDF: Graph structure; node-degrees
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Open Research Question

What even are interesting
Profiling Multimedia Data metadata for multimedia?

m Images and videos

o Color, video-length, volume,
etc.

m Textual data
o Statistical measures
— Syllables per word
— Sentence length
— Parts of speech
o Vocabulary measures

— Frequencies of specific |
Felix Naumann

words Data Profiling
»Literature Fingerprinting: A New Method for Visual Literary Analysis” by EDBT 2021
— Simpson’s index Daniel A. Keim and Daniela Oelke (IEEE Symposium on Visual Analytics
Science and Technology 2007)

o Content

— Sentiment "



M Zinome

Team and Collaborators WWW.metanome.de
m PhD students at HPI m Data profiling collaborators

oAnja Jentzsch o Edson R.L. Filho o Lukasz Golab

o Arvid Heise o Eduardo C. de Almeida o Martin Schirneck

oHazar Harmouch o Eduardo Pena o Noél Novelli

o loannis Koumarelas 0 Giuseppe Polese 0 Paolo Papotti

oJan Kossmann o Hannes Muhleisen o Thomas Blasius

oJana Bauckmann o Heiko Muller o Tobias Friedrich

oLan Jiang oJohann Birnick o UIf Leser

o Leon Bornemann o Jorge-Arnulfo Quiané-Ruiz o Vincenzo Deufemia

o Sebastian Kruse o Laure Berti-Equille 0 Zoi Kaoudi

o Sebastian Schmidl o Loredana Caruccio o Saravanan Thirumuruganathan

o Thorsten Papenbrock
o0 Tobias Bleiful3
o Ziawasch Abedjan Plus many great masters students 43
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Summary and Outlook

Current focus on efficiency
m New algorithms
m Approximation

Current focus on semantics
m Keys and foreign key
m Use cases

Current focus on new problems
m Relaxed dependencies
m New dependency types

Future focus on efficiency
m Distribution

m Profiling dynamic data
m Query optimization

Future focus on semantics
m Genuineness
m Data cleaning

Future focus on new problems
m New data models

Felix Naumann
Data Profiling
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Open Research Questions

How to support visual How to introduce dependency- Can we predict problem and
data profiling? based optimization to DBMS? solution size for given data?

Can we find useful regular What are effective distribution Can we efficiently
expresssions for data columns? strategies for data profiling? maintain metadata?

How to efficiently How to combine the discovery What even are interesting
discover all n-ary INDs? of multiple dependency types? metadata for multimedia?

EDBT 2021

Can we effectively identify Can we define UCCs, FDs, What is a useful and fair
genuine dependencies? etc. for trees and graphs? benchmark for data profiling?
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