e Nan: Fundamentals and State-of-the-art (25-30 minutes)

e Eugene: Efficient, Effective and Interactive Visualizations (60-65 minutes)
e Guoliang: Recommendation (~60 minutes)

e Nan: Uncertainty, collaborative, and immersive data visualizations (~30 minutes)
- uncertainty and "cleaning"” bad data visualizations
- collaborative data visualization
- immersive data visualization
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In (Data) Science, The Only Certainty is

Doubt

Anatomy of a Winning TED Talk

Error

HOW BABY BOOMERS DESCRIBE THEMSELVES

China 4.5 I 1%
Total Sophisticated Visual Aids
Floods 8.6 30.6
Philippines 2.5 I
LEADERS
cbar7 [l |
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. United States 1.7 [l 0
.
Disasters 18.8 India1.3 [l
WILLING TO LEARN
— 61%
Other 7.1
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I Political 1.0
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= Other
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Congo 2.2 l

Iraq 1.4 [
South Sudan 0.9 =m
Ethiopia 0.7 mm

Other 3.7 I

©12%

Snappy Refrain

The TED equivalent of 1 have a d

¥ ave a dream.” Examplo
*People don't buy what you do; they buy why you do

1 Repeat 7
23%

Personal Failure
Be

©49%

TECH-SAVVY

PEOPLE-SAVVY

L 18%
crearve— B2Y% Tuven s

Source: International Displacement Monitoring Centre * Ethnic, religious or inter-communal violence

incomplete data, lack of knowledge, variability ...

What does uncertainty mean? - Diversified meanings.
How should I visualize it? - It depends.
What can go wrong? - Everything.



STEP 2 STEP 4
Curation Rendering

integration
transformation images
cleaning

DATA SWAMP

Understand?
Trust?

In Pursuit of Error: A Survey of Uncertainty Visualization Evaluation. Jessica Hullman et al., InfoVis 2018.

Uncertainty. CSE 442 - Data Visualization. https://courses.cs.washington.edu/courses,


https://courses.cs.washington.edu/courses/cse442/17au/lectures/CSE442-Uncertainty.pdf

' Ju pyter user1 (unsaved changes)

In [2]:

View Insert Cell Kernel Widgets Help

@B 4 ¥ MNRun B C » Code

4»

[

import warnings
import sys

warnings.filterwarnings( ' ignore')
sys.path.append('../")

In [ ]:

In [3]:

In [6]:

OQut([6]:

import pandas as pd

df = pd.read csv( 'pima-indians-diabetes.csv')

df[ 'Body mass index'].plot.hist()

<matplotlib.axes. subplots.AxesSubplot at 0x113c364e0>
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(collaborative) cleaning
(visualization-driven) cleaning

why-analysis

' Ju pyter user1 (unsaved changes)

File Edit

B 4+ &

In [2]:

View Insert Cell Kernel Widgets Help

@B A ¥ MRun B C »W Code

4
|

import warnings
import sys

warnings.filterwarnings( ' ignore')
sys.path.append('../")

In [ ]:

In [3]:

OQut([6]:

\ 4

import pandas as pd

df = pd.read csv('pima-indians-diabetes.csv')

df[ 'Body mass index'].plot.hist()

<matplotlib.axes. subplots.AxesSubplot at 0x113c364e0>
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sensor, light, voltage,
humidity, temperature

54 sensors
3.2k readings/hour

DBWipes + Scorpion!

uncheck all Facets [7] SELECT

date
date
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num

hr
timestamp
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num
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num
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?@LM ol
w

Permanent Filters [?]

Scorpion Results

moteid = '18'

Temporary Filters [?]

1 Make Permanent

Show Best Overall

0.145 0.1-1

avg(temp), stddev(temp)

Show Rows Show Query Form
3
Qo

3

L -

s 8 :: 5’\.\;".\: a..\“:.ﬁl\: '..

.\:.\.\

Ax 4

A AYA

hr

Scorpion: Explaining Away Outliers in Aggregate Queries, Eugene Wu et al., VLDB 2013

A Demonstration of DBWipes: Clean as You Query, Eugene Wu et al., VLDB demo 2012



sensor, light, voltage,
humidity, temperature

54 sensors
3.2k readings/hour

DBWipes + Scorpion! RS
uncheck all Facets [7] SELECT

date
date
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Scorpion Results Show Best Overall

moteid = '18' 0.145  0.1-1

Influential Predicates Problem

Given a select-project-group-by query, user
inputs 0, hold-out results H, it is find the
predicate p that maximizes the influence on 0,

and minimizes the influence on H.

A

Show Query Form
3
Qo
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:o.. ’c:.
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Ax 4
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hr

Scorpion: Explaining Away Outliers in Aggregate Queries, Eugene Wu et al., VLDB 2013

A Demonstration of DBWipes: Clean as You Query, Eugene Wu et al., VLDB demo 2012




Influential Predicates Problem
Given a select-project-group-by query, user

: - Ve T8 inputs 0, hold-out results H, it is find the
sensor, light, voltage, ? 6M A @_JL@@ L , . ,
humidity, temperature *ﬂ%ﬂl & ”Keﬁgﬁ = @3@ i predicate p that maximizes the influence on O,
! Y 300g\ ﬁ\‘;l - . -
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Scorpion: Explaining Away Outliers in Aggregate Queries, Eugene Wu et al., VLDB 2013

A Demonstration of DBWipes: Clean as You Query, Eugene Wu et al., VLDB demo 2012
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(collaborative) cleaning

' Ju pyter user1 (unsaved changes)

File Edit

B 4+ &

In [2]:

View Insert Cell Kernel Widgets Help

@B 4 ¥ MNRun B C » Code s

import warnings
import sys

warnings.filterwarnings( ' ignore')
sys.path.append('../")

In [ ]:

In [3]:

(visualization-driven) cleaning

In [6]:

OQut([6]:

why-analysis

import pandas as pd

df = pd.read csv('pima-indians-diabetes.csv')

df[ 'Body mass index'].plot.hist()

<matplotlib.axes. subplots.AxesSubplot at 0x113c364e0>
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Visualization-driven Cleaning

Year Title (abbr.) Venue Affiliation Citations
2013 | NADEEF ACM SIGMOD QCRI 174.0
ts | 2013 | NADEEF [ "SIGMOD Contf. QCRI, HBKU 1740
3 2013 | NADEEF [ SIGMOD QCRI HBKU 174.0
|t 2013 | KuaFu | ICDE 2013 Microsoft 15.0
is | 2013 | TsingNUS | SIGMOD'13 Tsinghua 13.0
tg | 2013 | TsingNUS | SIGMOD'13 THU 13.0
t; | 2014 | SeeDB |"VLDB Stanford Univ. ["NIA
"ty | 2014 | SeeDB | Very Large Data Bases | Stanford [ 55.0
to | 2015 | Elaps | TCDE NUS 42.0
tio | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0
TABLE |
AN EXCERPT OF PUBLICATIONS (DIRTY)
Title (abbr.) Affiliation Citations
tioz | 2013 | NADEEF SIGMOD | QCRI 174.0 \
i1 2013 | KuaFu | ICDE Microsoft 15.0 1
tse | 2013 | TsingNUS | SIGMOD | Tsinghua 13.0 |
trg 2014 | SeeDB VLDB . Stantford Univ. | 55.0 \
toro | 2015 | Elaps | TCOE | NUS 430 |
TABLE Il

AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)

duugall Ggaulp hiagao
Qatar Computing Research Institute

AN -

HAMAD BIN KHALIFA UNIVERSITY




Visualization-driven Cleaning

Year Title (abbr.) Venue Affiliation Citations
2013 | NADEEF ACM SIGMOD QCRI 174.0
ts | 2013 | NADEEF SIGMOD Contf. QCRI, HBKU 1740
‘ts | 2013 | NADEEF SIGMOD QCRI HBKU 174.0
2 2013 | KuaFu ICDE 2013 Microsoft 15.0
iy 2013 | TsingNUS SIGMOD"13 Tsinghua 13.0
te | 2013 | TsingNUS SIGMOD'13 THU 13.0
t 2014 | SeeDB VLDB Stanford Univ. | N.A ]
" ts 2014 | SeeDB Very Large Data Bases | Stanford 55.0
to 2015 | Elaps ICDE NUS 42.0
tio | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0
TABLE |

AN EXCERPT OF PUBLICATIONS (DIRTY)

Title (abbr.) Venue Affiliation Citations
tios | 2013 | NADEEF SIGMOD | QCRI 174.0
i1 2013 | KuaFu | ICDE Microsoft 15.0
“i56 | 2013 | TsingNUS | SIGMOD | Tsinghua 13.0
trg 2014 | SeeDB VLDB Stantford Univ. | 55.0
taro | 2015 | Elaps | TCDE NUS 43.0 {
TABLE I

AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)

VISUALIZE Bar VISUALIZE Pie
SELECT  Venue, SUM(Citations) SELECT  Year, COUNT(Year)
FROM Table | FROM Table |
GROUP BY Venue GROUP BY Year
B SUM (Citations)
SIGMOD Conf. IR 70 ® 2013 ® 2014 ® 2015
ACM SIGMOD [ 17+
siGMoD [ 7 ¢
Very Large Data Bases I a @R
IEEE ICDE Conf. 2015 |«
ICDE |«
SIGMOD'13 |2
ICDE 2013 |15
VLDB ¢
0 450 900 1350 1800 (b) A Correct Pie Chart

(a) An Incorrect Bar Chart
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*
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Visualization-driven

Year Title (abbr.) Venue Affiliation Citations
| 2013 | NADEEF ACM SIGMOD QCRI 174.0 Data errors
t2 2013 | NADEEF SIGMOD Cont. QCRI, HBKU 1740
ts 2013 | NADEEF SIGMOD QCRI HBKU 174.0 | d /
2 2013 | KuaFu ICDE 2013 Microsoft 15.0 |
ts | 2013 | TsingNUS SIGMOD'13 Tsinghua 13.0 _ Up Icates
te 2013 | TsingNUS SIGMOD'13 THU 13.0
t7 | 2014 | SeeDB VLDB Stanford Univ. | N.A. ] svnonvims
" ts 2014 | SeeDB Very Large Data Bases | Stanford 55.0 ‘ y y
to 2015 | Elaps ICDE NUS 42.0 | .
tio | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0 OUtllerS
TABLE 1 ..
AN EXCERPT OF PUBLICATIONS (DIRTY) m[SS[ng Values
Title (abbr.) Venue Affiliation Citations
tioz | 2013 | NADEEF ’ SIGMOD | QCRI 174.0
4 2013 | KuaFu ' ICDE Microsoft 15.0
t56 2013 | TsingNUS SIGMOD | Tsinghua 13.0
trg 2014 | SeeDB VLDB Stantford Univ. | 55.0
taro | 2015 | Elaps | TCDE NUS 43.0
TABLE Il

AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)

VISUALIZE Bar VISUALIZE Pie
SELECT  Venue, SUM(Citations)y SELECT  Year, COUNT(Year)
FROM Table | FROM Table |
GROUP BY Venue GROUP BY Year

B SUM (Citations)
SIGMOD Cont. NN 7 ® 2013 ® 2014 @ 2015
ACM SIGMOD [} 17+

SIGMOD [ 17

Very Large Data Bases I
IEEE ICDE Conf. 2015 |«
ICDE |«

SIGMOD'13 |2

ICDE 2013 |15

VLDB

0 450 900 1350 1800 (b) A Correct Pie Chart
(a) An Incorrect Bar Chart
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*
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Visualization-driven Cleaning

Year Title (abbr.) Venue Affiliation Citations
2013 | NADEEF ACM SIGMOD QCRI 174.0
ta | 2013 | NADEEF | SIGMOD Conf. QCRI,HBKU |"9740
3 2013 | NADEEF [ SIGMOD QCRI HBKU 174.0
|t 2013 | KuaFu | ICDE 2013 Microsoft 15.0
ts | 2013 | TsingNUS | SIGMOD'13 Tsinghua 13.0
tg | 2013 | TsingNUS | SIGMOD'13 THU 13.0
ty 2014 | SeeDB VLDB Stanford Univ. | NLA.
"ty | 2014 | SeeDB | Very Large Data Bases | Stanford [ 55.0
to | 2015 | Elaps | TCDE NUS 42.0
tip | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0
TABLE |
AN EXCERPT OF PUBLICATIONS (DIRTY)
Title (abbr.) Affiliation Citations
tioz | 2013 | NADEEF SIGMOD | QCRI 174.0
y 2013 | KuaFu | ICDE Microsoft 15.0
tse | 2013 | TsingNUS | SIGMOD | Tsinghua 13.0
trg 2014 | SeeDB VLDB Stantford Univ. | 55.0
toro | 2015 | Elaps | TCDE NUS 430 }
TABLE 11

AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)

VISUALIZE Bar VISUALIZE Pie
SELECT  Venue, SUM(Citations) SELECT  Year, COUNT(Year)
FROM Table | FROM Table |
GROUP BY Venue GROUP BY Year

B SUM (Citations)
SIGMOD Conf. IR 70 ® 2013 ® 2014 ® 2015
ACM SIGMOD [ 17+

SIGMOD [ 17

Very Large Data Bases |
IEEE ICDE Conf. 2015 |«
ICDE |«

SIGMOD'13 |2

ICDE 2013 |15

VLDB ©
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Visualization-driven Cleaning

Year Title (abbr.) Venue Affiliation Citations
2013 | NADEEF ACM SIGMOD QCRI 174.0
ta | 2013 | NADEEF | SIGMOD Conf. QCRI,HBKU |"9740
3 2013 | NADEEF [ SIGMOD QCRI HBKU 174.0
|t 2013 | KuaFu | ICDE 2013 Microsoft 15.0
ts | 2013 | TsingNUS | SIGMOD'13 Tsinghua 13.0
tg | 2013 | TsingNUS | SIGMOD'13 THU 13.0
ty 2014 | SeeDB VLDB Stanford Univ. | NLA.
"ty | 2014 | SeeDB | Very Large Data Bases | Stanford [ 55.0
to | 2015 | Elaps | TCDE NUS 42.0
tip | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0
TABLE |
AN EXCERPT OF PUBLICATIONS (DIRTY)
Title (abbr.) Affiliation Citations
tioz | 2013 | NADEEF SIGMOD | QCRI 174.0
y 2013 | KuaFu | ICDE Microsoft 15.0
tse | 2013 | TsingNUS | SIGMOD | Tsinghua 13.0
trg 2014 | SeeDB VLDB Stantford Univ. | 55.0
toro | 2015 | Elaps | TCDE NUS 430 }
TABLE 11

AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)

VISUALIZE Bar VISUALIZE Pie
SELECT  Venue, SUM(Citations) SELECT  Year, COUNT(Year)
FROM Table | FROM Table |
GROUP BY Venue GROUP BY Year
B SUM (Citations)

SIGMOD Conf. IR 70 ® 2013 ® 2014 ® 2015
ACM SIGMOD [ 17+

siGMoD [ 7

Very Large Data Bases |
IEEE ICDE Conf. 2015 |«
ICDE |«

SIGMOD'13 |2

ICDE 2013 |15

VLDB ©
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Error repair graph (ERG)
Compile heterogenous errors into one graph



Visualization-driven Cleaning

Year Title (abbr.) Venue Affiliation Citations
2013 | NADEEF ACM SIGMOD QCRI 174.0
ta | 2013 | NADEEF | "SIGMOD Conf. QCRI, HBKU 1740 Data errors
3 2013 | NADEEF | "SIGMOD QCRIHBKU 174.0 . .
|t 2013 | KuaFu | ICDE 2013 Microsoft 15.0 |
fs | 2013 | TsingNUS | SIGMOD'13 Tsinghua 13.0 | dup//cates
lg 2013 | TsingNUS SIGMOD'13 THU 13.0
ty 2014 | SeeDB VLDB Stanford Univ. | NLA.
" ts 2014 | SeeDB | Very Large Data Bases | Stanford | 55.0 ‘ Synonyms
to | 2015 | Elaps | ICDE NUS 42.0 | .
tio | 2015 | Elaps | IEEE ICDE Conf. 2015 | CS@NUS 44.0 outliers
TABLE | L.
AN EXCERPT OF PUBLICATIONS (DIRTY) m[SS[ng Values
Title (abbr.) Affiliation Citations
tioz | 2013 | NADEEF SIGMOD | QCRI 174.0
ty 2013 | KuaFu | ICDE Microsoft 15.0 e H H .
tso | 2013 | TsingNUS | SIGMOD | Tsinghua 13.0 Distance between visualizations
- 2014 | SeeDB "VLDB Stantford Univ. | 55.0
TABLE 1l
AN EXCERPT OF PUBLICATIONS (GROUND TRUTH)
VISUALIZE Bar VISUALIZE Pie ° ( )
SELECT  Venue, SUM(Citations) SELECT  Year, COUNT(Year) Error repalrgraph ERG
FROM Table | FROM Table | . .
GROUP BY Venue GROUP BY Year Compile heterogenous errors into one graph
B SUM (Citations)
SIGMOD Conf. [ 70 ® 2013 ® 2014 @ 2015
ACM SIGMOD || 17+

SIGMOD [ 17
Very Large Data Bases |
IEEE ICDE Conf. 2015 |«

Interactive cleaning for progressive visualization (ICPV)

et s Given a bad visualization V, it is to obtain a “cleaned” visualization
" vios o V-whose distance is far from V, under a given (small) budget w.r.t.
(a)An lnco::)ecl éar Chart ( human COSt.
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Visualization-driven Cleaning

Progressive Visualization

Dirty Table D M Sum (Citations) B SUM (Citations)
d Y enue Affiliatio atio siGMoD Cont. [ 70 SIGMOD _174.0
t1 | 2013 | NADEEF ACM SIGMOD QCRI 174.0 AcM sigmoD [ 17
3 | 2013 | NADEEF SIGMOD Conf. QCRI, HBKU [7i740 siamop [ 7 Very Large Data Bases -
3 | 2013 | NADEEF SIGMOD QCRIHBKU | 174.0 IEEE ICDE Conf. 2015 -440
ts | 2013 | KuaFu ICDE 2013 Microsoft 15.0 Query () VeryLarge Data Bases |5 Update ont- '
ts 2013 TsingNUS SIGMOD’13 Tsinghua 13.0 - IEEE ICDE Conf. 2015 |44 IEEEEEEN » ICDE .42,0
e | 2013 | TsingNUS | SIGMOD'13 THU 13.0 |
t, | 2014 | SeeDB VLDB Stanford Univ. [TNA: ) ICDE |+ @ SIGMOD'13
ts 2014 | SeeDB Very Large Data Bases | Stanford 55.0 SIGMOD'13 |26
to | 2015 | Elaps ICDE NUS 42.0 ICDE 2013 |1 ICDE 2013
10 | 2015 | Elaps IEEE ICDE Conf. 2015 | CS@NUS 44.0 DB b Q(D) VLDB oo QD)
@‘ Train 0 450 900 1350 1800 0 45 90 135 180
: (6 Repair & Update N
[ Data Cleaning Models ] Label
‘ Data
Errors and Repairs Candidates ERG Construction ) CQG Selection '
v
Tuple-level Dup. {ti=t2? t1=1t3? ...} 5] ACM SIGMOD
1 ®  t° @ || 2 e ®
Attr.-level Dup.  {SIGMOD = SIGMOD’13? ...} | mmp> - | = S s 200
) = Interaction g
Missing Value {t7[Citations] = 55.07 ...} Z oSN
_ g (0.8,0.8)
Outliers {t2[Citations] = 174.0? ...} SIGMOD’13 SIGMOD
—
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Visualization-driven Cleaning

@ Outliers @—@® Possible Matching

ACM SIGMOD

SIGMOD Conf. 0-8: 08 gigmoD

id Year

t1

2013

2 2013

Do you approve that above records refer to the same entity? CheFl_( Outlier
Repairing Value

Title Venue
NADEEF: A Commodity Data ACM
Cleaning System SIGMOD
NADEEF: a commodity data SIGMOD
Cleaning system Conf.

Affiliation Citations (Citations)
QCRI 174.0 174.0
QCRI, 1740 174.0
HBKU > 4

Do you approve that above records reTe

Venue

ACM SIGMOD

SIGMOD Conf.

Select S

tandard Value

(a) Example of Label Edge (t1, t2)

@ Outliers @—@® Possible Matching

ACM SIGMOD

Label Vertex

SIGMOD Conf. (0-8:0-8)  giGmoD

id

t1

t2

3

Year

2013

2013

2013

Title

NADEEF: A Commodity Data Cleaning System

NADEEF: a commodity data Cleaning system

NADEEF: A Commodity Data Cleaning
System. SIGMOD, New York, USA, 2013.

Do you approve that above records refer to the same entity?

Venue

ACM
SIGMOD

SIGMOD
Conf.

SIGMOD

Affiliation Citations (Citations) @

QCRI

QCRlI,
HBKU

174.0

1740

¥y

174.0

174.0

9 Check Outlier
174.0

M Repairing Value

=»

Lol

t1

t2

3

Venue

ACM SIGMOD

SIGMOD Conf.

SIGMOD

Select Standard Value
Do you approve that above records refer to the same entity?

(b) Example of Label Vertex t1

10



Visualization-driven Cleaning

@ Outliers @—@® Possible Matching
ACM SIGMOD

SIGMOD Conf. 0-8: 08 gigmoD

id Year Title Venue Affiliation Citations (Citations) Q id

t1 2013 NADEEF: A Commodity Data ACM QCRI 174.0 174.0 t1
Cleaning System SIGMOD '

t2 2013 NADEEF: a commodity data SIGMOD QCRI, 1740 174.0 - 12
Cleaning system Conf. HBKU i

> 4
Do you approve that above records refer to the same entity? CheFl_( Outlier
Repairing Value w

Do you approve that above records reTe

Venue

ACM SIGMOD

SIGMOD Conf.

Select S

tandard Value

(a) Example of Label Edge (t1, t2)

@ Outliers @—@® Possible Matching

ACM SIGMOD

Label Vertex

SIGMOD Conf. (0-8:0-8)  giGmoD

id Year Title Venue Affiliation Citations (Citations) @ id

t1 2013 NADEEF: A Commodity Data Cleaning System ACM QCRI 174.0 174.0 t1
SIGMOD )

t2 2013 NADEEF: a commodity data Cleaning system SIGMOD  QCRl, 1740 174.0 - t2
Conf. HBKU > 4 )

t3 2013 NADEEF: A Commodity Data Cleaning

System. SIGMOD, New York, USA, 2013.

Do you approve that above records refer to the same entity?

Check Outlier

M Repairing Value

| x W«m

Venue

ACM SIGMOD

SIGMOD Conf.

SIGMOD

Select Standard Value
Do you approve that above records refer to the same entity?

(b) Example of Label Vertex t1

SUM(Citations)

SIGMOD Intl. Conf. On Management of data
Proceedings of the VLDB Endowment

VLDB

ACM SIGMOD Record

PVLDB

IEEE Trans. on Knowl. & Data Eng.

Trans. on Database Systems (TODS)

unstandardized

SUM(Citations)
SIGMOD

VLDB
\ 4 ICDE

ACM Sigmod Record
Proceedings of the VLDB Endowment

IEEE Trans. on Knowl. & Data Eng.
Trans. on Database Systems (TODS)

Acm Sigmod Record IEEE TKDE
ICDE CIDR
IEEE TKDE The VLDB Journal

0 100000 200000 0 70000 140000

(a). Initial Visualization

(b). After 5 Questions

wrong orders

SUM(Citations)
VLDB

SIGMOD
ACM $igmod Record
ICDE

IEEE TKDE
TODS
CIDR
EDBT

The VLDB Journal
PODS

A 4

0 90,000 180,000
(c). After 10 Questions

SUM(Citation

VLDB

SIGMOD
SIGMOD Record
ICDE

IEEE TKDE
VLDB Journal
TODS

EDBT

CIDR

PODS

0 100000 200000
(d). After 15 Questions

SUM(Citation

VLDB

SIGMOD
SIGMOD Record
ICDE

IEEE TKDE
VLDB Journal
TODS

EDBT

CIDR

PODS

0 150000 300000

(e). Ground Truth
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(collaborative) cleaning
(visualization-driven) cleaning

why-analysis

' Ju pyter user1 (unsaved changes)

File Edit

B 4+ &

In [2]:

View Insert Cell Kernel Widgets Help

@B A ¥ MRun B C »W Code

4
|

import warnings
import sys

warnings.filterwarnings( ' ignore')
sys.path.append('../")

In [ ]:

In [3]:

OQut([6]:

\ 4

import pandas as pd

df = pd.read csv('pima-indians-diabetes.csv')

df[ 'Body mass index'].plot.hist()

<matplotlib.axes. subplots.AxesSubplot at 0x113c364e0>

250 -

200 1

—
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100 A

50 1

0 11



ollaborative Data Cleaning

localhost
J u py t er usel’1 (unsaved changes) F Logout
e Edit View Insert Ce Kerne Widgets elp Not Trusted ‘ Python3 O
B 4+ < @ B 44 ¢ MRun B C » Code =

LA a e | Aeeve e WMLl

import sys

In [2]: import pandas as pd

df = pd.read_csv('pima-indians-diabetes.csv')

In [4]): df['Body mass index'].plot.hist()

Out[4]: <matplotlib.axes. subplots.AxesSubplot at 0Oxllefab438>

250

Frequency
I 5]
o o

—
o
o

0]
o

70



https://github.com/qcri/collaborativedatascience

ollaborative Data Cleaning

localhost
J u py t er usel’1 (unsaved changes) F Logout
e Edit View Insert Ce Kerne Widgets elp Not Trusted ‘ Python3 O
B 4+ < @ B 44 ¢ MRun B C » Code =

LA a e | Aeeve e WMLl

import sys

In [2]: import pandas as pd

df = pd.read_csv('pima-indians-diabetes.csv')

In [4]): df['Body mass index'].plot.hist()

Out[4]: <matplotlib.axes. subplots.AxesSubplot at 0Oxllefab438>

250

200

—
u
o

Frequency

100

50

70

In [4]: import collaborative data_ frame as cdf
df = cdf.CollaborativeDataFrame (df)

In [5]: df.share()
Out[5]): 'http://127.0.0.1/dataset/5d0f60e837ab595afcf6dba9’



https://github.com/qcri/collaborativedatascience

ollaborative Data Cleaning

[ localhost | 00 @ Em] localhost g O M a

MEv By #FiWvy &WWHEAIv QFv latex v | =V EER vy HENH v visav KDD Travel v

user2 +
S Jupyter usert msavedchanges) @ Logout T Jupyter user2 wnsaves changes @ Logou
e Edit View Insert Ce Kerne Widgets elp Not Trusted | Python3 O e Edit View Insert Cel Kerne Widgets elp Trusted | Python3 O
B+ = @B 44 ¢ MRun B C » Code d @ B+ = @@ B 44 ¢ MRun B C MW Code 4| e

LA a e | Aeeve e WMLl

import sys

In [2]: import pandas as pd In [7]: import warnings
import sys
df = pd.read_csv('pima-indians-diabetes.csv')

warnings.filterwarnings('ignore')
sys.path.append('../")

In [4]): df['Body mass index'].plot.hist()

Out[4]: <matplotlib.axes. subplots.AxesSubplot at Oxllefab438> from impute missing values import *

In [ ]:
250
| | In [8]: import collaborative data frame as cdf

200
. df = cdf.CollaborativeDataFrame('http://127.0.0.1/dataset/5d0f60e837ab595a
€ 150
g . . .
[ In [9]: impute_missing values(df)
“ 100 df.refresh()

- done

In [10]: df.loc[0,'Age’]

70
out[10]: 50

In [4]: import collaborative data_ frame as cdf

df = cdf.CollaborativeDataFrame(df) In [11]: df.loc[1,'Age'] = 30

In [5]: df.share() In [12]: | df.commit()

Out[5]): 'http://127.0.0.1/dataset/5d0f60e837ab595afcf6dba9’ . .
will commit here

-

https://github.com/qcri/collaborativedatascience

duugall &igaul p hiagoo
Qatar Computing Research Institute \

HAMAD BIN KHALIFA UNIVERSITY - WISCONSIN

UNIVERSITY OF WISCONSIN-MADISON



https://github.com/qcri/collaborativedatascience

ollaborative Data Cleaning

{ localhost | (@) il localhost 3 O th )
f 1 MEv By #HAv &WEAv QFv latexvy TIHv EERv XNESF v visav KDD Travel v
user2 +
S Jupyter usert msavedchanges) @ Logout T Jupyter user2 wnsaves changes @ Logout
e Edit View Insert Ce Kerne Widgets elp Not Trusted ‘ Python3 O e Edit View Insert Ce Kerne Widgets lelp Trusted ‘ Python3 O
B 4+ < @ B 44 ¢ MRun B C » Code 4| = B+ < @ B 44 ¢ MRin B C » Code | =

LA a e | Aeeve e WMLl

import sys

In [7]: import warnings

In [2]: import pandas as pd
import sys

df = pd.read_csv('pima-indians-diabetes.csv')
warnings.filterwarnings('ignore')

sys.path.append('../")

In [4]): df['Body mass index'].plot.hist()

Out[4]: <matplotlib.axes. subplots.AxesSubplot at Oxllefab438> from impute missing values import *

In [ ]:
250
|| In [8]: import collaborative data frame as cdf
200
. df = cdf.CollaborativeDataFrame('http://127.0.0.1/dataset/5d0f60e837ab595a
€ 150
g . . .
[ In [9]: impute_missing values(df)
“ 100 df.refresh()
5 done
0 In [10]: df.loc[0,'Age’]
70
out[10]: 50
In [4]: import collaborative data frame as cdf
- = In [11]: df.loc[l,'Age'] = 30

df = cdf.CollaborativeDataFrame (df)
In [5]: df.share() In [12]: df.commit()

Out[5]): 'http://127.0.0.1/dataset/5d0f60e837ab595afcf6dba9’ . .
will commit here

| In [8]: simple_policy = {
'at least': 1,
'option': 'majority vote'

}

newdf = df.resolve(simple policy)

In [10]: newdf[ 'Body mass index'].plot.hist()

Out[10]: <matplotlib.axes._ subplots.AxesSubplot at 0x122989780>

O £ 2] RS B 205

https://github.com/qcri/collaborativedatascience

duugall &igayl p hiagao
1 Qatar Computing Research Institute \

i, X4
HAMAD BIN KHALIFA UNIVERSITY - WISCONSIN

UNIVERSITY OF WISCONSIN-MADISON
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https://github.com/qcri/collaborativedatascience

Collaborative Data Cleaning (GUI)

e @ collaborative-data-cleaning X 4

& 2> C 0 @ localhost:3000/dataset/iCLkGtYybGSi5emeZ Incognito @ ®

Y Bookmarks [E5 Work [5 Read On Free Time [E5 Things ToDo [EF Archived How | Plan My We... » 2018 CFANSUnd.. 4% Trelo [ Keep

Welcome to the Collaborative Data Cleaning!

mashaal2 »

Share this dataset with other collaborators:

http://localhost:3000/dataset/iICLkGtYybGSi5emeZ
Number of times pregnant Plasma glucose concentration Diastolic blood pressure | Triceps skin fold thickness 2-Hour serum insulin Body mass index Diabetes pedigree fu

1 6 148 72 35 0 33.6 0.627
2 85 66 29 0 26.6 0.351
3 8 183 64 0 0 23.3 0.672
4 1 89 66 03 94 28.1 0.167
5 0 137 40 35 168 43.1 2,288
6 5 116 74 0 0 25.6 0.201
7 3 78 50 88 31 0.248
8 10 115 0 0 35.3 0.134
9 2 197 70 45 Flag as dirty 30.5 0.158
10 8 125 96 0 0 0.232
1 4 110 92 0 37.6 0.191
1210 168 74 0 55 38 0.537
13 10 139 80 0 0 27.1 1.441
14 1 189 60 23 846 30.1 0.398
15 5 166 72 19 175 25.8 0.587
16 7 100 0 0 0 30 0.484
17 0 118 84 47 230 45.8 0.551
18 7 107 74 0 0 29.6 0.254
19 1 103 30 38 83 43.3 0.183
20 1 115 70 30 96 34.6 0.529
21 1 12A ]RK 41 23K 29 R Nn 704

13
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Missing Data

How the methods used to impute and visualize missing data may influence analysts'
perceptions of data quality and their confidence in their conclusions?

Bar and Line

| |“ ‘
|
|
|
|
|
|
|
|
|
|
|
|
- .

Number of Tweets

Where is My Data? Evaluating Visualizations with Missing Data. Hayeong Song et al., InfoVis 2018. 14



Missing Data

How the methods used to impute and visualize missing data may influence analysts'
perceptions of data quality and their confidence in their conclusions?

Bar and Line

| |“ ‘
|
|
|
|
|
|
|
|
|
|
|
|
T .

Number of Tweets

°
Imputation Methods
Zero-Filling Marginal Mean Linear Interpolation
o |

E 0 “ “ ‘1 T N ’_‘g ’
é o || | /; : :
z “ ‘\‘ |‘ z

‘ ]r’

! |

Where is My Data? Evaluating Visualizations with Missing Data. Hayeong Song et al., InfoVis 2018. 14



Missing Data

How the methods used to impute and visualize missing data may influence analysts'
perceptions of data quality and their confidence in their conclusions?

Bar and Line Encode Imputed Values

I III : Highlight "IIII A ERaaN ****w'/
Downplay II‘ I I“‘II \ o 7 \
Annotation |{I|{ |‘||| } "o } e,

Imputation Methods nformation II” . e

Zero-Filling Marginal Mean Linear Interpolation

Number of Tweets

Where is My Data? Evaluating Visualizations with Missing Data. Hayeong Song et al., InfoVis 2018. 14



Missing Data

(8) Data Absent (b) Color Points (L) Color Points & Lir
Gradients

I I|II

(a) Data Absent (b) cColor Bars C) Sketched Bar

Questions
*|s the overall rate of change larger

in the first or second half-hour?
e How confident are you in your
response?
* How complete is this data?
e How reliable is this data?

(d) Connected Error (L) Disconnected Error (f) Unfilled Points (g) Unfilled Points &

Line Gradients
(e) with

rrrrrrrrr Dashed Outlir

g Alpha Gradient

H1- Perceived data quality will degrade as the amount of
missing data increases.

H2- Highlighting will achieve higher perceived data quality
than downplaying and information removal

H3- Linear interpolation will lead to higher perceived
confidence and data quality than marginal means or zero-filling
H4- Imputed values will lead to higher perceived data quality

than removed values. 15



Implicit Error

N

VENEZUELA ~ 9%

COLOMDIA

official data

Cumulative confirmed cases per H.T,
As Of: 11/ 917
Woo2
W oz04
B 0.4-08
0.6-08
0.8
1+

A Framework for Externalizing Implicit Error Using Visualization, Nina McCurday et al., InfoVis 2018.



Measurement error: the difference between a measured value and the true value as it exists

Implicit error: measure error that is inherent to a dataset, assumed to be present and prevalent, but
not explicitly defined or accounted for

® exists as tacit knowledge in the minds of experts

® is rarely quantifiable

e isaccounted for subjectively during expert interpretation of the data

17



Measurement error: the difference between a measured value and the true value as it exists

Implicit error: measure error that is inherent to a dataset, assumed to be present and prevalent, but

not explicitly defined or accounted for

® exists as tacit knowledge in the minds of experts

® is rarely quantifiable

e isaccounted for subjectively during expert interpretation of the data

detection
recording
collection
processing
reporting v

distributed
heterogeneous
data generation
pipelines
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Measurement error: the difference between a measured value and the true value as it exists

Implicit error: measure error that is inherent to a dataset, assumed to be present and prevalent, but

not explicitly defined or accounted for

® exists as tacit knowledge in the minds of experts

® is rarely quantifiable

e isaccounted for subjectively during expert interpretation of the data

(b)
(a)

0 o

VISUALIZING USAID EFFORTS TO COMBAT ZIKA

< §  oscewcvoan
Regean ° D) iyeie o
Descr
An 9 !
SAD Parveinos 1= ! !
. VQ‘ vy ISy
- o F s 4
/4 4 v,:“a',\ o
.
= WEENLY EPOEMOLOOICAL DATA
- cone ACOTIONA NOCATORS
-
"
-
-
-
.
—
rone
-
-
-
- A et aman codovad
- s 08 11/ 00T
.
-
- -

system interface

(c)

(d)

~

annotation template

detection
recording
collection
processing
reporting v

distributed
heterogeneous
data generation
pipelines

Flag Error Error type:
knowledge of errors will vary, please fill out the following &4 errors due to inconsistencies in data acquisition or
to the best of your knowledge reporting across regions (e.qg. indicator definitions), or to
region-specific factors/events

Region: [anonymized) unofficial data/data omitted at some stage of the
surveillance system (detection,recording,
Description: collection...etc)

errors due to updates made retrospectively to data
no cases confirmed -- need to ask [local Zika advisor ks : PO o peey

in Country X] how PAHO does surveillance of
confirmed (lab) vs. suspected. | imagine it has to do
with what the Ministry chooses to count as a case

Which stage(s) of the surveillance system does this
error impact?
Which indicator(s) does this error impact? &4 detection £ recording = collection  processing
all reporting
cumulative confirmed cases
9 autochthonous cases confirmed Which epi report(s) does this error impact?
autochthonous cases suspected all reports © ' only the current report | other
confirmed congenital syndrome
How would you adjust the official data to reflect
this?
value(s) shoud be: higher lower £Junknown

death among zika cases
imported cases
incidence rate

How confident are you in the existence of this error?

Does the error seem systematic or random? just a hunch

P systematic random unknown
Aniani ’ fairly confident, but do not have all the details

confident

Submit

17



False Discoveries

Amazon People who go to saunas are more likely to know that
Mechanical K <N , o . ]
Turk Mike Stonebraker is not a character in “The Simpsons

Towards Sustainable Insights, Carsten Binning et al., CIDR 2017. 18



False Discoveries

M‘;':I“:Z:i':al —_ Pe.ople who go to sgunas are more Ii.kely to khow that
Turk Mike Stonebraker is not a character in “The Simpsons”
SeeDB
Discovery rate: three times higher | 2 ! mr mr
than for manual exploration tools l I I I
such as Tableau or Vizdom ° o
@ Imere?t?;;'eﬁfi;il;ﬁon ) Unintretingvisulzation

Towards Sustainable Insights, Carsten Binning et al., CIDR 2017.
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False Discoveries

Amazon

People who go to saunas are more likely to know that
> P g y

Mechanical . | | |
Turk Mike Stonebraker is not a character in “The Simpsons”

SeeDB
Discovery rate: three times higher
than for manual exploration tools
such as Tableau or Vizdom

(=)
®

o

o

o ¢
o

o

.&

o
>

normalized aggr(col2)
o
l\)

o
I\J
normalized aggr(col2)

Bl Reference :]Targ t Il Reference :|Targ t

(a) Interesting visualization (b) Uninteresting visualization

o
o

Survey Data

Reference views: 9,996
Target views: 2,078,608
Recommended views: 708,109

Towards Sustainable Insights, Carsten Binning et al., CIDR 2017.
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False Discoveries

Amazon

People who go to saunas are more likely to know that
Mechanical K o .|O : , . ,,y . ]
Turk Mike Stonebraker is not a character in “The Simpsons

SeeDB

Discovery rate: three times higher
than for manual exploration tools
such as Tableau or Vizdom

Survey Data

Reference views: 9,996
Target views: 2,078,608
Recommended views: 708,109

Towards Sustainable Insights, Carsten Binning et al., CIDR 2017.

(=)
®

o

o

o ¢
o

o

.&

o
>

normalized aggr(col2)
o
l\)

o
I\J
normalized aggr(col2)

Bl Reference :]Targ t Il Reference :|Targ t

(a) Interesting visualization (b) Uninteresting visualization

o
o

QUDE
Quantify the Uncertainty in Data Exploration

— False Discovery Rate -

18



Collaborative Data Visualization

13@‘ ‘;\ r' A

B >N - -
L \\ \

: {'—

https://vimeo.com/yalongyang

Enhances the traditional visualization by bringing together many experts so that each can
contribute toward the common goal of the understanding of the object, phenomenon, or data

Many Eyes will be shutting down on 06/12/2015. We apologize for any inconvenience this may cause.

manyeyes DATASETS CREATE
accuracy e [ —

83.03%

naive: 76.91% §

Northstar
safofuew

19



Northstar: An Interactive Data Science System

Writing scripts and SQL-like languages

!

Collaborative Visual Environment with touch (and pen) inten(‘gaa)ces

18) | sha
Hi“*“if T 7?5:.'3
i ‘ mmw[
RRARE

( (2a)

Northstar: An Interactive Data Science System, Tim Kraska. VLDB 2018. 20



Northstar: An Interactive Data Science System

Writing scripts and SQL-like languages

!

Collaborative Visual Environment with touch (and pen) inten(‘gaa)ces

1a) - »
ﬂm““f '{“{"“‘ 754
Yes No tue & se

B R | L

Vizdom: a visual data exploration environment pen and touch interface
IDEA: an intelligent cache and string approximation engine

QUDE: warn about common mistakes and problems

Alphine Meadow: automatically orchestrate a ML pipeline (i.e., plan)

( (2a)

Northstar: An Interactive Data Science System, Tim Kraska. VLDB 2018. 20



Democratizing Data Visualization

Immersion Interaction Intelligence
exploration - gesture + voice reactive

inside-feeling . real-time proactive



https://www.youtube.com/watch?v=Wx7RCJvoCMc

|ATK: Tableau for Virtual Reality

© Inspector © Inspector a.= brushing visualisation brushed visualisation
"  [IATK] New Brushing And Linking Static =
Tag | Untagged ¢ | Layer | Default
-~ Transform W =,
Position X0 YO Z 0
Rotation X0 YO Z0
Scale X1 Y 1 Z1 3 i
w/Brushmg And Linking (Script) G &,
ript BrushingAndLinking o
Compute Shader » MyComputeShader o) . AP AT
My Render Material W RenderingMaterial ©
Visualisations Materials
Brushing Visualisation None (Visualisation) o]
Brushed Visualisations Brushed Linking Visualisation
Size 0
Brushed Linking Visualisations
Size 0
Show Brush
Brush Color _)?
Input 1 None (Transform)
Input 2 None (Transform) ©
Radius Sphere () 0.213
Brush Button Controlle
BRUSH_TYPE | SPHERE : |
Debug Object Texture . SpPHERE o]

Brushed Data BOX {

IATK: An Immersive Analytics Toolkit. Maxime Cordeil et al., [EEE Conference on Virtual Reality and 3D User Interfaces (VR), 2019.



|ATK: Tableau for Virtual Reality




Querying Real-World Data using Augmented Reality

INTERACTIVE AUGMENTED LAYER T
QUERYING

Gesture
Classifier

AUGMENTED
HIGHLIGHTS

)]
\(g?
g
£
-
)]
2
=

AUGMENTED
RESULTS

: Z VA
CAMERA ! / / ' /
| 1
Vision & 1: .
Table Tracking | : REAL-WORLD DATA LAYER

ARQuery: Hallucinating Analytics over Real-World Data using Augmented Reality, Codi Burley et al., CIDR 2019.



1. Visualization-driven data preparation/curation
2. A generic system to support efficient/approximate/progressive data visualization
3. (Asynchronous) Collaborative data visualization

4.
.
o}

Data Visualization Benchmarks
mmersive data analytics for abstract data

Deep learning for data visualization



Further Readings

Stephen Macke, "Adaptive Sampling for Rapidly Matching Histograms',\LDB 2018

Doris Jung-Lin Lee et al., “The Case for a Visual Discovery Assistant: A Holistic Solution for Accelerating
Visual Data Exploration’, |EEE Data Bulletin 2018

Kelly Mack et al., “Characterizing Scalability Issues in Spreadsheet Software using Online Forums", CH|
2018

Leilani Battle et al., "Beagle: Automated Extraction and Interpretation of Visualizations from the Web’,
CHI 2018

Wenbo Tao et al., "Kyrix: Interactive Visual Data Exploration at Scale", CIDR 2019

Kevin Zeng Hu et al., "VizNet: Towards A Large-Scale Visualization Learning and Benchmarking
Repository’, CHI 2019

Codi j. Burley et al., "ARQuery: Hallucinating Analytics over Real-World Data using Augmented
Reality’, CIDR 2019

Meraj Ahmed Khan et al., "Data Tweening: Incremental Visualization of Data Transforms’, PVLDB 2017
Ciro Donalek et al., "Immersive and Collaborative Data Visualization Using Virtual Reality Platforms",
IEEE International Conference on Big Data, 2014.

Fernanda B. Viegas et al., "ManyEyes: A Site for Visualization at Internet Scale’, |EEE Transactions on
Visualization and Computer Graphics, 2007.



