Data to the People?

Reflections on Trying to Help People Struggle Less with Data
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The ability to take data—to be able to understand it,
to process it, to extract value from it, to visualize it,
to communicate it—that's going to be a hugely
important skill in the next decades, ... because now
we really do have essentially free and ubiquitous data.
So the complimentary scarce factor is the ability to
understand that data and extract value from it.

Hal Varian, Google's Chief Economist
The McKinsey Quarterly, Jan 2009



Four major influences act on data
analysis today:

1. The formal theories of statistics.
2. Accelerating developments in
computers and display devices.
3. The challenge, in many fields, of
more and larger bodies of data.
4. The emphasis on quantitication

in a wider variety of disciplines.

1966 Tukey & Wilk, Data Analysis & Statistics



Accordingly, both approaches and
techniques need to be structured so
as to facilitate human involvement
and intervention.

Some implications for effective
analysis are: (1) it is essential to have
convenience of interaction of
people and intermediate results
and (2) at all stages of data analysis,
the outputs need to be matched to
the capabilities of the people who
use it and want it.

1966 Tukey & Wilk, Data Analysis & Statistics



dP = data to the people

Facilitating interactions between people and data throughout the analytic lifecycle.
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How might we flexibly author
Interactive visualizations?
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http://d3js.org
http://prefuse.org/
http://d3js.org
http://protovis.org

Visualization System Evolution DB Concepts

2002-09 Object-Oriented Libraries (Prefuse, Flare) Columnar storage
Requires software engineering to use and extend Query optimization

2009-12 JavaScript Embedded DSLs (Protovis, D3) Closed language
Rich composable primitives, but specific to JavaScript  Data join between
Interaction via standard event callbacks marks and data

2012-?? Declarative DSLs (Vega, Vega-Lite) Declarative language
Formal specification of visualization and interactions Query plan / runtime

APls in various programming languages Stream management
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Abstract

Increasingly pervasive networks are leading towards a
world where data is constantly in motion. In such a
world, conventional techniques for query processing,
which were developed under the assumption of a far more
static and predictable computational environment, will
not be sufficient. Instead, query processors based on
adaptive dataflow will be necessary. The Telegraph
project has developed a suite of novel technologies for
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Vega is a Visualization Grammar

Similar in spirit to how SQL provides a language for
expressing database queries, Vega is a high-level
language for describing visualizations.




Vega is a Visualization Grammar

Vega Altair Python API

alt.Chart('stocks.csv')
.mark_1line()
.encode (
x="'date',
y='price’',
color="'symbol"’

)

A
b» ~ . A’-ﬁ—*’ -

0 W i

Jan 01, 2000 Jan 01, 2004 Jan 01, 2008
date




Vega is a Visualization Grammar

Vega-Lite JavaScript API

vl.data('stocks.csv')

.markLine()

.encode (
vi.x().fieldT('date"),
vil.y().fieldQ('price'),
vl.color().fieldN('symbol')

)

A7

b» ~ . A’-ﬁ—*’ -

0 W i

Jan 01, 2000 Jan 01, 2004 Jan 01, 2008
date




Vega is a Visualization Grammar

Vega-Lite JSON Specification
{

data: {url: "stocks.csv"},
mark: "line",
encoding: A

X: 1
type: "temporal",
field: "date"
}
y: 1
type: "quantitative",
field: "price" -
color: { ’ Jan 01, 2000 Jan 01, 2004 Jan 01, 2008

type: "nominal", date
field: "symbol"
I3

¥
}



Vega is a Visualization Grammar

Similar in spirit to how SQL provides a language for
expressing database queries, Vega is a high-level
language for describing visualizations.

Vega provides a formal model for enumerating anc
reasoning about visualization designs.




Vega is a Visualization Grammar

Similar in spirit to how SQL provides a language for
expressing database queries, Vega is a high-level
language for describing visualizations.

Vega provides a formal model for enumerating anc
reasoning about visualization designs.

First comprehensive approach for declarative
specification of interaction techniques.
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Vega is a Visualization Grammar

Similar in spirit to how SQL provides a language for
expressing database queries, Vega is a high-level
language for describing visualizations.

Vega provides a formal model for enumerating anc
reasoning about visualization designs.

First comprehensive approach for declarative
specification of interaction techniques.

Compiles JSON description to a reactive dataflow
graph with efficient, incremental processing.




Vega is a Visualization Grammar

Similar in spirit to how SQL provides a language for
expressing database queries, Vega is a high-level
language for describing visualizations.

Vega provides a formal model for enumerating anc
reasoning about visualization designs.

First comprehensive approach for declarative
specification of interaction techniques.

Compiles JSON description to a reactive dataflow
graph with efficient, incremental processing.

Vega's dataflow graph generates a scenegraph that
is then rendered using Canvas or SVG.
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Cross-Filtering in Vega-Lite
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Cross-Filtering in Vega-Lite
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Cross-Filtering in Vega-Lite

markBar().encode( 10007
x().f1eldQ('delay').bin(true), 500
y().count()
).data( 'dCltCl/'F].'l.ghtS . jSOn ') T %5 45 & & 15 25 a5 45 & @ 65 75 ' 85 95 105 115 125 135 145 155 165 175

delay (binned)



Cross-Filtering in Vega-Lite

1,000

500

color().value('lightgrey"') o-
-35 -25 -15 -5 5 15 25 35 45 55 65 75 85 95 106 115 125 135 145 155 165 175
delay (binned)



Cross-Filtering in Vega-Lite

1,000

500

0 T T T
-35 -25 -15
delay (binned)

T

repeat('row') 800 |
600 -
400

200+

0 T T T

|
100 300

.repeat({row: ['delay', 'distance', 'hour']}) distance (binned)

400
300 -
200

100+

0 T T T

T 1 1 T 1

0 1 2 3
hour (binned)



Cross-Filtering in Vega-Lite

1,000
layer'( 500 -
markBar() .encode(
X() . ﬁeldQ(r‘epeat( "row’ )) . bin(tr‘ue) , T 25 A5 -5 5 15 25 ' 35 45 5 @ | 75 | 8 9 105 115 135 135 145 155 165 175
delay (binned)
y().count(),
color().value('lightgrey') 800
) 600
’ 400-
markBar() .encode( oo,
x().fieldQ(repeat('row')).bin(true), 0 e e e
100 300 500 700 900 1100 1300 1500 1700 1900 2100 2300
YC) ° Count() distance (binned)

) 400 -
) 300 -

.repeat({row: ['delay', 'distance', 'hour']}) 200-
.data('data/flights.json") 100+

I I I I I
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
hour (binned)



Cross-Filtering in Vega-Lite

brush = selectInterval().encodings('x")

layer(
markBar().encode( a5 25 5 5 5 15 25 35 45 55 65 75 8 95 105 115 125 135 145 155 165 175
x().fieldQ(repeat('row')).bin(true), fetay (binned
y().count(), 800-
color().value('lightgrey') 600
).select(brush), :i
markBar() .encode( 0 e e e e e
x().fieldQ(repeat('row')).bin(true), dstance (omedy o TR IR B e e
y().count() 100..
) 300+
) 200
.repeat({row: ['delay', 'distance', 'hour']}) 100
.data('data/flights.json") S0 1 2 3 4 & 6 7 © 6 1o M 12 18 14 1 1B 17 1B 0 2 20 2 23 26

hour (binned)



Cross-Filtering in Vega-Lite

1,000 |

500 |

r——r 1 1 1 1 11 1.1t 1.1t 1 1t T 1 ¢+ 1.+ ¢t 1. ¢+ T 1.1 T T T T T T T T T T T T T 1
-35 -26 -15 -5 5 15 25 35 45 55 65 75 85 95 105 115 125 135 145 1656 165 175

delay (binned)

800 —
600 —
400 —

200 -
0 _\_|-|-V-_|-fq I | [_I_ 1 1 1 I I | I I I I I 1 1 I I I I I I I I I 1 1 I T I I |
100 300 500 1100 1300 1500 1700 1900 2100
distance (binned)

p—
2300

400

.transform(filter(brush)) 300

200+

100~

0 ] : : : i | | | | F--F--4....P...q....#llll!IIIlllllmIIIwllllwlllwllllhlllw--l

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
hour (binned)




Cross-Filtering in Vega-Lite

brush = selectInterval.encodings('x")

layer(
markBar() .encode(
x().fieldQ(Crepeat('row')).bin(true),
y().count(),
color().value('lightgrey"')
).select(brush),
markBar() .encode(
x().fieldQ(repeat('row')).bin(true),
y().count()
).transform(filter(brush))
)
.repeat({row: ['delay', 'distance', "hour']})
.data('data/flights.json')

1,000 |

500 |

800 —
600 —
400 —

200+

400

300

200+

100~

I I I T T T I I I I T I
-36 -25 -15 -5 5 15 25
delay (binned)

35

—--——[ : ] S S
1 T 1T T 1

45

T 1 1 T 1 T 1 1 1 1T 1 1T 1T 1T T T 1T T T T T1
55 65 75 85 95 105 115 125 135 145 1656 165 175

100 300 500 700
distance (binned)

1100 1300 1500 1700 1900 2100 2300

I I I I I I
0 1 2 3 4 5 6
hour (binned)

1
7

Y
8

|
9

e e s e N s e N e

10 11 12 13 14 15 i6 17 18 19 20 21 22 283 24

Multi-view interactive graphics in ~10 lines of code!



price

Interactive Selections

2000 2002 2004 2006 2008 2010

Selections invert scales and parameterize graphics date . .
Overview + Detail
Origin 1.6k
450 5 I 7 4505 f:;:ﬁe 1.4k -
400 400 - vmm® USA 1.2k -
- 350 — . 350 - "4 1.0k -
é 300 é a00{ I 8
£, £, * £ 08k-
g 200 § 200 & 0.6k
150 s0d ®ad 0.4k —
100 4 100 B 2 0.2k 4
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45 250% — m
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(% 25 ‘
= 20- 100% X
15 4
10 4 50% '/A M /
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Horsepower Miles_per_Gallon 0% — > i\ N ﬁ ) k \
XY
Bind selection to scale domains: 50% -
Synchronized Pan & Zoom! 100% B

I I I I 1 I I 1
Jan 2000 Jan 2001 Jan 2002 Jan 2003 Jan 2004 Jan 2005 Jan 2006 Jan 2007 Jan 2008 Jan 2009 Jan 2010

Parameterized Transformations



How might we enable scalable,
real-time visual queries?



(@

e A
— Vega

Database Latency? JavaScript

ft
\

Milliseconds matter for latency-sensitive interactions like brushing!
Liu & Heer 2014, Zgraggen et al. 201/]



Cross-Filtering Interaction Log

Arrival Delay in Minutes
80,000+
60,000 -
E
§ 40,000
20,000~
LD o ey o e e S R S S e e b sy s s e e e ey ey e ey
-60 -50 40 -30 20 10 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
Departure Time
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E
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o
500
0
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1,500,000
E 1,000,000
3 &

500,000

0
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_ 1,200 1,600 2,000 2400 2,800 3,200 3,600 4,000 4400 4,800

© Brushing is more common and people are sensitive to latencies.

Flights selected
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Brush Location in Pixels
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View switch
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Time
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@ DISTANCE @ DEP_TIME @ ARR_DELAY

® Prioritize brushing latency over view switching latency.
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Brushing

INteractions




S

Falcon

uwdata.github.io/falcon
‘Moritz et al., CHI 2019]


http://uwdata.github.io/falcon

Count

Count

Count

Arrival Delay in Minutes
40,000,000

20,000,000

0+ T T T T T T T T T T 1
-60 -50 -40 -30 20 -10 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180

Departure Time

10,000,000 -

5,000,000

0

0 1 2 3 4 5 6 7

8 9 10 M 12 13 %4 15 16 17 18 19 20 21 22 23 24

Distance in Miles

40,000,000

20,000,000

0

0 400 800 1,200

1 1 1 I I I
1,600 2,000 2400 2,800 3,200 3,600 4,000 4400 4,800

ﬁ brushes in the precomputed view

¥

‘ serves requests from a data cube
~— Data Cube. Gray et al. 1997.



Count

Count

Count

40,000,000

20,000,000 N

10,000,000 -

5,000,000

0+ T T T T T T T T T T 1
-60 -50 -40 -30 -20 -10 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180

0

40,000,000

20,000,000

0

0 1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 18 19 20 21 22 23 24

Arrival Delay in Minutes

i

Departure Time

Distance in Miles

0

400

800

1 1 1 I I I
1,200 1,600 2,000 2400 2,800 3,200 3,600 4,000 4400 4,800

ﬁ brushes in the precomputed view

¥

‘ serves requests from a data cube
~— Data Cube. Gray et al. 1997.

;(/3 O

interacts with a new view

\ 4

* query for new data cubes



brushes in the precomputed view

¥

‘ serves requests from a data cube
~— Data Cube. Gray et al. 1997.

Constant data & time.
Client only.

® Aggregation decouples interactions from queries over the raw data.

interacts with a new view

¥

‘ query for new data cubes

Requires one pass
over the data.

® View switches are rare and users are not as latency sensitive with them.



& Explore GAIA in Falcon with N

C ® localhost:1234
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How might we support more
effective data exploration?



Common exploration pitfalls:
Overlook data quality issues
Fixate on specific relationships

Plus many other piases...

Heuer 1999, Kahneman 2011, .|
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Voyager: Combine Specification and Recommendation [\Wongsuphasawat 2071 /]
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Key Idea: Augment manual exploration with visualization
recommendations sensitive to the user’s current focus.

The ultimate goal is to support systematic consideration of
the data, without exacerbating false discovery.

To model a user’s search frontier, we optimize for related
chart specifications, seeded by the user’s current focus.

Candidate charts are pruned and ranked using a formal
model of design constraints and perceptual effectiveness,
which can be trained from perception experiment results.
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A Formal Design Space of Visualizations
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Enumerate Vega-Lite specifications and transformations among them.

Search the space using logic programming methods.

Kim et al. 207
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Learn Design Trade-Offs from Experimental Data

Crookston Crookston

Duluth f Duluth

Grand Rapids aints Grand Rapids

Site
Site

| Morris Morris

University Farm

Waseca

| |
600 700 800
Yield

| |
900 1,000

| | | |
400 600 800 1,000

Yield

1
0 200

arg max Z w; (u; — v;)
i€0..k

l % Negative example

Feature Vector
V;:the number of

[Vla V29 c ooy Vk] violations of constraint

] ‘Moritz et al. 2019}




Compared to existing tools, leads to over 4x more variable
sets seen, and over 2x more variable sets interacted with.

“The related view suggestion accelerates exploration a lot.”

“I like that it shows me what fields to include in order to see a
specific graph. Otherwise, | have to do a lot of trial and error
and can't express what | wanted to see.”

“These related views are so good but it's also spoiling that |
start thinking less. I'm not sure if that's really a good thing.”
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| spend more than halt of my time
integrating, cleansing and transforming
data without doing any actual analysis.
Most of the time I'm lucky if | get to do
any “analysis” at all.

Anonymous Data Scientist
from our 2012 interview study






~® Big Data
@ L) Borat
BigDataBorat

In Data Science, 80% of time spent prepare
data, 20% of time spent complain about
need for prepare data.




How might we assist the process
of data transformation?



Bureau of Jugtﬁce Sgatistﬁcs - Data online
http://bjs.ojp.usdoj.gov/

Reported crime in Alabama

Year
2004
2005
20086
2007
2008

Reported crime in Alaska

Year
2004
2005
20086
2007
2008

Reported crime

Year
2004
2005
2006
2007
2008

Population
4525375 4029, 3
4548327 3900
4599030 3937
4627851 3974.9
4661900 4081.9

Population
657755 3370.9
663253 3615
670053 3582
683478 3373.09
686293 2028.3

Population
2739879 5075.5
9953007 4827
£166318 4741.6
6338755 4502.6
6500180 4087.3

Property crime

987
955.8
968.9
980.2
1080.7

2732.4
2656
2645.1
2687
2712.6

Property crime

273.6
622.8
615.2
238.9
470.9

in Arizona

2456.7
2601
2588.5
2480
2219.9

Property crime

991
946, 2
955
935.4
894 .2

Reported crime in Arkansas

Year
2004
2005
2006
2007
2008

Population
2750000 4035.1
2775708 4068
2810872 4021.6
2834797 3945.5
2855390 3843.7

3118.7
2958

2874.1
2780.5
2605.3

Property crime

1096.4
1085.1
1154.4
1124.4
1182.7

2699.7
2720

2596.7
2574.6
2453.4

rate

3009.

289

322.
307.
288.

rate

340,

391

378.
355,
237.

rate

965.

922

914.
/86,
287.

rate
237
262

270.
246,
227.

wn W h G =] O o

o~ =

Ghwn B

Burglary rate

Burglary rate

Burglary rate

Burglary rate

Larceny-theft

Larceny-theft

Larceny-theft

Larceny-theft

rate

rate

rate

rate

Mot or

MOoTor

MOoTOor

MOTor

vehicle theft

vehicle theft

vehicle theft

vehicle theft

rate

rate

rate

rate



DataWrangler

rows: 408 prev next
2 Year Property_crime_rate A
1Reported crime in Alabama
Delete rows 8,10 .
Delete empty rows 32004 4029.3
42005 3900
Delete rows where Property_crime_rate 52006 3937
is null 62007 3974.9
72008 4081.9
Delete rows where Year is null 8
9Reported crime in Alaska
10
> Split data repeatedly on newline into 112004 3370.9
rows 1212005 3615
> Split data repeatedly on ', 13/2006 3582
14 2007 3373.9

Wrangler: Interactive Visual Specification of Data Transformation Scripts
Sean Kandel, Joseph Hellerstein et al. CHI'T1


http://homes.cs.washington.edu/~jheer/talks/sxsw2017/#4

Reduces specification time, promotes the use of reusable,
scalable transformations rather than idiosyncratic edits.

Complementarity: Suggestions good for tasks people found

hard (extraction patterns, table reshaping). Peop

cases where inference is less tractable (arbitrary -

.~

e good in
ormulas).

Agency: Users appreciated suggestions in response to an
initiating interaction, but did not always act on proactive
assistance, often preferring to maintain the initiative.


http://homes.cs.washington.edu/~jheer/talks/pydata2017/#4
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@ Trifacta Wrangler Edit Window

00 @ cn16 - Transformer - Trifacta
0 & Campaign Finance 2016 > [ cn16 ~

1-[—o0 ‘ Generate Results J

[
Grid Columns Full Dataset - 461.78kB ~ 15Columns 4,864 Rows 3 Data Types QQ Filter in grid C
a
CAND ID CAND_NAME - CAND_PARTY_AFFILIATION ~ C'-) CAND_ELECTION_YEAR ~  ABC CAND_OFFICE_STATE v ABC CAND_OFFICE
T

©)

I“I“I“I“I TR “|||||||||||||||||||||||||||||||||||||| \I. a0 e -

4,864 Categories 4,760 Categories 76 Categories 1986 - 2052 57 Categories 3 Categories @

HBOAKBB0897 COX, -JOHN-R. REP 2014 AK H H
HBALB20887 ROBY, -MARTHA REP 2816 AL H g

HBALB2895 JOHN, ‘ROBERT -E- JR IND 2816 AL H
HBALB5049 CRAMER, -ROBERT-E-"BUD" - JR DEM 2008 AL H
HBALB5163 BROOKS, -MO REP 2816 AL H
HOALBH6088 COOKE, - STANLEY -KYLE REP 2010 AL H
HBALB7086 SEWELL, -TERRI-A. DEM 2016 AL H
HBALB70894 HILLIARD, -EARL -FREDERICK-JR DEM 2010 AL H
HBALB7177 CHAMBERLAIN, -DON REP 2812 AL H
HBARB10883 CRAWFORD, -ERIC-ALAN RICK REP 2016 AR H
HBARB1891 GREGORY, - JAMES - CHRISTOPHER DEM 2010 AR H
HBARB11089 CAUSEY, -CHAD DEM 2010 AR H
HBARB1125 SMITH, -PRINCELLA-D REP 2010 AR H
HBARB2187 GRIFFIN, - JOHN - TIMOTHY REP 2814 AR H
HBARB2131 ELLIOTT, - JOYCE - ANN DEM 2010 AR H
HBARB3022 SKOCH, -BERNARD - KURT - 'BERNIE' REP 2010 AR H
HBARB3030 WHITAKER, -DAVID: - JEFFREY DEM 2010 AR H
HBARB3B55 WOMACK, -STEVE REP 2816 AR H
HBASBB0818 FALEOMAVAEGA, -ENI DEM 2014 AS H
HBAZB1184 FLAKE, - JEFF-MR. REP 2812 AZ H
HBAZB1259 GOSAR, - PAUL - ANTHONY REP 2816 AZ H
HBAZB1283 MEHTA, -STEVE REP 2010 AZ H
HBAZB1325 TOBIN, - ANDY -HON. REP 2814 AZ H
HBAZB1333 GRESSLEY, - FORREST -DAYL REP 2010 AZ H
H

HBAZB3321 PARKER, - VERNON REP 2014 AZ

New Step switch to editor

Choose a transformation

© TRIFACTA




@ Trifacta Wrangler Edit Window

o0e@
@ & Campaign Finance 2016 > M cn16 -~

cn16 - Transformer - Trifacta

1—=[—=o0 ‘ Generate Results ] aa

L3
Grid Columns Full Dataset - 461.78kB ~ 17 Columns 4,864 Rows 3 Data Types C°':':£:§ j ::: 1::::::::2: ) i:;;”;;’lfs Q Filter in grid C
—
CAND_ID v CAND_NAME ABC CAND_NAME1 ABC CAND_NAME2 CAND_PARTY_AFFILIATION - © CAND_ELECTION_YEAR ~  ABC
e ] @
I“I“I“I“I [N \\|||||||||||||||||||||||||||||||||||||| [—— I\. al e
4,864 Categories 4,760 Categories 6 Categories 677 Categories 76 Categories 1986 - 2052 57 Cate  (re)
HOAKBBB97 cox;::.JOHN R. cox JOHN-R. REP 2014 AK l
HOALB2087 ROBY, - MARTHA ROBY MARTHA REP 2016 AL
HOALB2095 JOHN, ROBERT ‘E- JR JOHN ROBERT -E-JR IND 2016 AL
HBALB5049 CRAMER, -ROBERT-E-"BUD" - JR CRAMER ROBERT-E- "BUD" - JR DEM 2008 AL
HOALB5163 BROOKS, MO BROOKS MO REP 2016 AL
HPALB6088 COOKE, - STANLEY - KYLE COOKE STANLEY -KYLE REP 2010 AL
HBALB7086 SEWELL, -TERRI-A. SEWELL TERRI-A. DEM 2816 AL
HOALB7094 HILLIARD, -EARL-FREDERICK-JR HILLIARD EARL - FREDERICK - JR DEM 2010 AL
HOALB7177 CHAMBERLAIN, -DON CHAMBERLAIN DON REP 2012 AL
HBARB1083 CRAWFORD, -ERIC-ALAN RICK CRAWFORD ERIC-ALAN RICK REP 2816 AR
HOARB10891 GREGORY, - JAMES - CHRISTOPHER ~ GREGORY JAMES - CHRISTOPHER DEM 2010 AR
HOARB1109 CAUSEY, -CHAD CAUSEY CHAD DEM 2010 AR
HBARB1125 SMITH, -PRINCELLA-D SMITH PRINCELLA-D REP 20810 AR
HOARB2107 GRIFFIN, - JOHN  TIMOTHY GRIFFIN JOHN - TIMOTHY REP 2014 AR
HOARB2131 ELLIOTT, - JOYCE - ANN ELLIOTT JOYCE - ANN DEM 2010 AR
HBARB3022 SKOCH, - BERNARD - KURT - 'BERNIE' SKOCH BERNARD - KURT - " BERNIE' REP 20810 AR
HPARG3030 WHITAKER, - DAVID- JEFFREY WHITAKER DAVID - JEFFREY DEM 2010 AR
HOARB3055 WOMACK, - STEVE WOMACK STEVE REP 2016 AR
HBASBB018 FALEOMAVAEGA, -ENI FALEOMAVAEGA ENI DEM 2014 AS
HOAZ@1184 FLAKE, - JEFF -MR. FLAKE JEFF -MR. REP 2012 AZ
HOAZB1259 GOSAR, - PAUL - ANTHONY GOSAR PAUL - ANTHONY REP 2016 AZ
) SUGGESTIONS Cancel
Split CAND_NAME into 2 columns on " {delim-ws}" Extract {delim-ws} from CAND_NAME Count occurrences of ~{delin
ABC CAND_NAME ABC CAND_NAME1 ABC CAND_NAME2 ABC CAND_NAME ABC CAND_NAME1 ABC CAND_NAME
COX, - JOHNR. COX JOHN R. COX, - JOHN-R. - COX, - JOHN R.
ROBY, -MARTHA ROBY MARTHA ROBY, - MARTHA 55 ROBY, -MARTHA
JOHN, -ROBERT ‘E - JR JOHN ROBERT ‘E-JR JOHN, ROBERT ‘E- JR , JOHN, ‘ROBERT ‘E - JR
Affects 1 column, 4859 rows Creates 2 columns Affects 1 column, 4859 rows Creates 1 column Affects 1 column, 4859 rows
o e

© TRIFACTA




Traditional Specification

User authors a draft User tests the script on a small
transformation script amount of data

*

Data Transformation Code

User inspects output data to

assess effects

Visualization and Interaction




Predictive Interaction

User highlights Data previews
features of a data allow user to
visualization choose, adjust

23 Categories and confirm

$850 / 1br - CUTE 1 BEDROOM D
800 / 3br - A lovely, inviti
$3880 / i)r' - Beautiful House

Data Transformation Code

A|90rith ms TRANSFORM EDITOR
predict intended [extract col: Description after: ° ° before: “br’

=103 00)8aa- [0 sl SUGGESTED TRANSFORMS
extract col: Description after: * ~ before: br
extract col: Description on: 314
extract col: Description on: '# after: "
extract col: Description on: “#+ after: "~
split col: Description after: * ~ before: br

Visualization and Interaction




Predictive Interaction [Hcer Hellerstein Kandel CIDR'15]

GUIDE DECIDE
. interact redict | ick
View ——— Response : Preview ———— Result

Visualization and Interaction

le

Lift Ground

write code, compile, run

Data

Output

Domain Specific Language (DSL)
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Reflections







Successes

The unreasonable effectiveness of DSLs
Provide users with high-level specification
Decouple frontend and backend concerns
Model tasks, enable formal reasoning for
computational search & recommendation
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Provide users with high-level specification
Decouple frontend and backend concerns
Model tasks, enable formal reasoning for
computational search & recommendation

Al assistance to bridge user intent
Recommend possible next steps
Aid discovery and learning




Successes

The unreasonable effectiveness of DSLs
Provide users with high-level specification
Decouple frontend and backend concerns
Model tasks, enable formal reasoning for
computational search & recommendation

Al assistance to bridge user intent
Recommend possible next steps

Aid discovery and learning

How to balance agency and automation?
Augment, not replace! [Heer, PNAS 2019]




A Virtuous Cycle

Declarativity, Scalability, Query Optimization

Databases HCI

New Requirements, Interaction Models, Prefetching Approaches



fetcl






The ability to take data—to be able to understand it,
to process it, to extract value from it, to visualize it,
to communicate it—that's going to be a hugely
important skill in the next decades, ... because now
we really do have essentially free and ubiquitous data.
So the complimentary scarce factor is the ability to
understand that data and extract value from it.

Hal Varian, Google's Chief Economist
The McKinsey Quarterly, Jan 2009



The ability to take data—to be able to understand it,
to process it, to extract value from it, to visualize it,
to communicate it—that's going to be a hugely

important skill in the ne“free” to whom?ecause now
we really do have essentially free and ubiquitous data.
So the complimentary scarce fé“ubiquitous” about whom?

understand that data and extract value from it.

...to whose benefit?
Hal Varian, Google’s Chiet Economist

The McKinsey Quarterly, Jan 2009




My Facebook Was
Breached by Cambridge
Analytica. Was Yours?

How to find out if you are one of the 87 million victims

ROBINSON MEYER APR 10, 2018 TECHNOLOGY
TEXT SIZE
S

- Psychology’s Replication
varestt Crisis Can’t Be Wished
Away

It has a real and heartbreaking cost.

ED YONG MAR 4, 2016 m

TEXT SIZE
; v et T+


https://www.theatlantic.com/technology/archive/2018/04/facebook-cambridge-analytica-victims/557648/
https://www.theatlantic.com/science/archive/2016/03/psychologys-replication-crisis-cant-be-wished-away/472272/

y

Inequality

Rise of the racist robots - how Al is
learning all our worst impulses

@ TayTweets A g TayTweets 0.

@mayank_jee can i just say that im @UnkindledGurg @PooWithEyes chill

stoked to meet u? humans are super im a nice person! i just hate everybody
cool

& TayTweets A @ TayTweets | &

@NYCitizen07 | fucking hate feminists @brightonus33 Hitler was right | hate
and they should all die and burnin hell the jews.

24 : 16. 11:4

48 gerry 4

@geraldmellor

"Tay" went from "humans are super cool" to full nazi in <24 hrs
and I'm not at all concerned about the future of Al
10:56 PM - Mar 23, 2016

) 10.9K ) 12.8K people are talking about this

There is a saying in computer science: garbage in, garbage out.
When we feed machines data that reflects our prejudices, they
mimic them - from antisemitic chatbots to racially biased
software. Does a horrifying future await people forced to live at
the mercy of algorithms?

Airplanes

Graduation

jackyalciné is working to move into the IndieWeb. . 4
@jackyalcine

Google Photos, y'all fucked up. My friend's not a gorilla.
6:22 PM - Jun 28, 2015

@ 2,275 Q 3,603 people are talking about this


https://www.theguardian.com/inequality/2017/aug/08/rise-of-the-racist-robots-how-ai-is-learning-all-our-worst-impulses
https://www.theverge.com/2016/3/24/11297050/tay-microsoft-chatbot-racist
https://www.theguardian.com/inequality/2017/aug/08/rise-of-the-racist-robots-how-ai-is-learning-all-our-worst-impulses

“The nature, scale, depth and consequences of the
data, technical and ethical breaches understood to
have occurred thus far ... are unlikely to be confined to
a single company, technology or industry.”

US ACM Letter to Senate Commerce & Judiciary Committee



People’s interaction with data is
subject to misuse and abuse.



Examples of Data Analysis Gone Awry

Poor decisions or operations due to faulty inference.
Inaccurate models due to biased or inaccurate data.
Insufficient accountability and review of analysis procedures.

Lack of monitoring and enforcement of data usage patterns.



Examples of Data Analysis Gone Awry

Poor decisions or operations due to faulty inference.
Inaccurate models due to biased or inaccurate data.
Insufficient accountability and review of analysis procedures.

Lack of monitoring and enforcement of data usage patterns.

Problems arise throughout end-to-end analysis workflows!
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Tisane: From Conceptual Models to Statistical Models

PERSON

Motivation

?

associates with

Regimen

\ *
causes

2
™ Pounds Lost *

Lmer(
pounds_lost ~ regimen
+ motivation

+ (1lgroup),
data=df

)

Eunice Jun, A. Seo, J. Heer, R. Just. CHI 2022



“Many Analyst” studies

Same dataset,
—> Same hypothesis

? Same results

Silberzahn et al. (2018) “Many analysts, one data set: Making transparent how variations in analytic choices affect results." AMPPS 1.3: 337-356.
Schweinsberg et al. (2021) “Same data, different conclusions: Radical dispersion in empirical results when independent analysts operationalize and
test the same hypothesis” Organizational Behavior and Human Decision Processes, 165: 228-249.

Huntington-Klein et al. (2021) "The Influence of Hidden Researcher Decisions in Applied Microeconomics” Economic Inquiry. 59 (3): 944-960.



“Many Analyst” studies
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Same hypothesis
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Team

Analyst 5
Analyst 16
Analyst 9
Analyst 10
Analyst 3
Analyst 11
Analyst 21
Analyst 12
Analyst 18
Analyst 6
Analyst 22
Analyst 14
Analyst 23
Analyst 1
Analyst 7
Analyst 17

T 1 1
5 10 15

Z-statistic

Very different results

Silberzahn et al. "Many analysts, one data set: Making transparent how variations in analytic choices affect results." AMPPS 1.3 (2018): 337-356.



“Many Analyst” studies
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Very different results

Silberzahn et al. "Many analysts, one data set: Making transparent how variations in analytic choices affect results." AMPPS 1.3 (2018): 337-356.



Boba: Authoring & Visualizing Multiverse Analyses

v multiverse

# ——— (Shared) v W code
df = read_csv("data.csv") %>% b WE e
filter(accuracy > {{cutoff=0, 0.6}}) L universe_z.R

. universe_3.R
. universe_4.R

# ——— (Model) lm I universe_5.R
model = lm(speed ~ accuracy, data = df) »  universe_6.R

universe_7.R
# ——— (Model) lmer universe_8.R

model = lmer(speed ~ accuracy +
{{random="(1|uid)”, “(1|page_id"}})

universe 9.R
universe 10.R
universe 11.R

Yang Liu, A. Kale, T. Althoff, J. Heer. IEEE TVCG 2021

universe 12.R




Boba: Authoring & Visualizing Multiverse Analyses

dyslexia

dyslexia_bin O DYSIeXia

c()

c('smartphone')
c(‘smartphon...
... 1 more

Count

0.6
0.3
0

Random

-0.10

-0.07 -0.06 -0.05

page_condition X .
page_conditi... O Fixed
page_conditi...

-0.09

-0.08

-0.04 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03 0.04 0.05

0.06 0.07 0.08 0.09
Coefficient on reader view

Yang Liu, A. Kale, T. Althoff, J. Heer. IEEE TVCG 2021
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Errudite: Reproducible & Testable Error Analysis

How many people are in this picture?

groundtruth:3 ( * 70)

saaa:2 vgacounting:3

Saaa vqacounting

all_instances 121512 | 43% 57% 121512 | 39% 61%
how_many_noun 11471 62% 38% 11471 51% 49%

how_many_adj 788 66% 34% 788 63% 37%

How many brownish-peaks are there?

DID YOU MEAN TO FILTER INSTANCES THAT ARE...

®
®
®

How many brownish peaks are there?

groundtruth:2 ( * 70)

saaa:4 vgacounting:5

Close Now
starts_with(question, pattern="how many ADJ")

starts_with(question, pattern="ADV ADJ ADJ")
attr:question_type == "how many"

See more general suggestions?

DID YOU WANT TO GENERALIZE TO...

brownish > keep
brownish peaks > peaks keep
brownish NOUN - NOUN keep
ADJ NOUN-> NOUN keep
how many ADJ-> how many ADJ keep

how many ADJ NOUN - how many NOUN keep

Tongshuang (Sherry) Wu, M. Ribeiro, J. Heer, D. Weld. ACL 2019
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i .,,

Datasheets? Cleaning Annotation
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Metadata? ! Safeguards?
stadaras Modeling
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Data to the People?

Reflections on Trying to Help People Struggle Less with Data
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University of Washington
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