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Decision making is inevitable today!
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Data is ubiquitous

(to aid decision making)




Data can be hard to analyze

due to its volume, velocity, variety, veracity, value, ...




Data Visualizations can help

to amplify cognition.
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Visual Data Analysis
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Visual Analytics can help scale analysis

“by combining automated analysis techniques with interactive visualization ...
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Chart Scatter Plot X
A Creative Type

M M
il Kl

i Production Budget
A Content Rating X Axis # Production Budget x

Worldwide Gross

300M
|

200M 400M 600M 800M

100M
1

i Release Year Y Axis 1 Worldwide Gross x

# Running Time

40M 60M
Production Budget

J

# Production Budget

S I I T I

# Worldwide Gross

Rotten Tomatoes Ratin . . ,
# o T Content Rating id Running Time
# IMDB Rating Y Genre Production Budget

J
m Creative Type Worldwide Gross
M OSt Im pO I’ta nt Content Rating Rotten Tomatoes

. . . Release Year Rating
characteristics, IMDB Rating IMDB Rating
as per PCA

12



We need both humans and Al

“A computer can never be held accountable. Therefore, a computer
must never make a management decision” —an |IBM Slide (1979)
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HCI can facilitate this collaboration

“A field that studies how people interact with computers...”
— Card, Moran, Newell (1983)
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..but there’s a problem — “Knowledge Gap”

Humans and Al systems do not know each other’s capabilities and goals.

B4 @

44— Knowledge gap




Guidance can help optimize this collaboration

“A computer-assisted process that aims to actively resolve a
knowledge gap....” — Ceneda et al. (2016)

b4 @

<4 Knowledge gap -

...by providing the right kind of assistance at the right time in the right place.



Achieving Desirable Human Al Collaboration!
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Guidance for Visual Analytics (and Human Al Collaboration)
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“We build tools,

Research Methodology

with users, and refine based on feedback.”
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Recall Visual Data Analysis. What could go wrong?

A Genre

Swap XY Will NOT consider

movies of all types
(due to filters).
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How do we increase awareness of users’
analytic behavior during visual data analysis?



-@)- Interaction Traces

Visual feedback of the user’s analytic behavior in the Ul

Red banner means
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Interaction Traces

Visual feedback of the user’s analytic behavior in the Ul

Less Focus =» More Focus
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My interactions are proportional
to the underlying datal!

Green banner
means low bias
(black minus blue)

Blue area shows
the user’s focus.

Black line show
the underlying
data as target.
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-®: Configuring Custom Baselines / Targets

Proportional
(per data distribution)
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-®: Configuring Custom Baselines / Targets

Proportional
(per data distribution)
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(equal focus on all)
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(per work requirement)
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In this way, user and system guide each other towards the goal.

[Co-adaptive guidance process — Sperrle et al. (2021)]
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Increasing Awareness of Analytic Behavior
during Visual Data Analysis

Lumos
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Why only Color?



Mapping my focus to “fill” (color)

Production Budget
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If not “fill” (color), how about “SiZe”?
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How about both “fi'l” (color) and “SizZe”?
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point

>>>

x or column

How about ANY encoding?



point

X or column

y or row

>>>

How about ANY encoding?



point

x or column

y or row

fill
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How about ANY encoding?



point

x or column

y or row

fill

fillOpacity

>>>

How about ANY encoding?



How about ANY encoding?
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How about ANY encoding?
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How about ANY encoding?
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How about ANY mark (e.qg., text, bar)?
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How about Data Transformations (e.g., Sort, Filter)
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Design Space for Communicating Provenance
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Utilizing Provenance as an Attribute during
Visual Data Analysis Promotes Self-Reflection

'4‘ Adobe :6\ Provenancelens

r.\ Provenancelens ) m
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=) ) ENCODINGS Swaphol X Click here to review Task 4
Filter | click or drag v 300,000,000 ° ——
- = - requency
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How about Multimodal Guidance
(why only Visual)?



*BlasBuzz

BiasBuzz

BB movies-w-year.csv

@ Release Year
1 Running Time
# Production Budget
Jamal Paden*

# Worldwide Gross

# Rotten Tomatoes Rating

Arpit Narechania*
Alex Endert

CHI 2024

# IMDB Rating

 Attributes | o
Your Focus

Less B More

A Title Y

A Creative Type Y

S

Encoding Swap XY X

Chart Scatter Plot x ~
X Axis # Rotten ... x

Y Axis # Worldw...x ~

Genre x

o
"

;
%

Content Rating x

4

Visualization

Worldwide Gross

Less Focus

Rotten Tomatoes Rating

id p66 Running Time

Title The Full Monty Production Budget

Genre Comedy Worldwide Gross
Contemporary

Creative Type

Fiction IMDB Rating

Content

*equal contribution

www=» More Focus

20
3.5M
257.94M

Rotten Tomatoes Rating 95

7.2

Combining Visual Guidance and Haptic Feedback to Increase
Awareness of Analytic Behavior during Visual Data Analysis

Distribution ]

Data Distribution vs. Your Focus

Different Similar

Tracked Attributes

A Creative Type b 41
A Genre g -

Untracked Attributes

A Title
A Content Rating

Focus [l Target

Percentage
R
!

PG-13

m 4 data point(s)

Catch Me if You Can X
Saving Private Ryan X
Casino Royale X
The Full Monty x
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How about guidance through other Ul
elements (not visualizations)?



Range Slider

W°T

100
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Range Slider
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Range Slider

ao

50

100
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Range Slider
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Range Slider
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Range Slider

ao
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Range Slider

|:||:||:| height = frequency

color = recency
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Range Slider




Range Slider

Sequence of Interaction (0 = first)
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Range Slider

Initial state
[0, 100]

slider handle state = O
recency =

v
current state
[65, 75]
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Such capabilities can also help increase user awareness during analysis.
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Arpit Narechania
Kaustubh Odak
Mennatallah El-Assady
Alex Endert

; £

A Library of Ul Control Elements to Track and

Widgets Dynamically Overlay Analytic Provenance

Single Slider Range Slider Radiobutton Group Checkbox Group
[ | | I |
P New York ¥4 New York
0 25 100 0 100 o .
Rome Rome
London London
k Istanbul Istanbul
Paris Paris
Single Select Dropdown Multi Select Dropdown Input Text
New York X v New York, Rome >

ProvenanceWidgets.github.io
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How about different
amounts/levels of Guidance?



Range Slider

l
None

50

L1

L2

L3
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Range Slider

l
None

50

] |
L1 L2

Level 1 Guidance

) — S

30 40

ProvenanceWidgets

L3
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l | | I
None L1 L2 L3

Level 1 Guidance Level 2 Guidance
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Multiple options
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\



l | | I
None L1 L2 L3
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g
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ange Slider . 4.D I

il B

- e
30 40 50

Only one option /
available as Range to

guidance Select

30 40 50

Disabled range



Range Slider

GuidanceWidgets [coming soon]

Level 1 Guidance Level 2 Guidance
Q
i —

9
=Y

Level 3 Guidance
0
Ll

30 40 50
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Hence, Catalyzing Human-Al Collaboration

7 g
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2 Rumring Time o
# uction Bu R
# erdmica O o]
#Fas 8
Tease Voar Fu -
5690 "
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£
_

“Building tools and fostering environments that actively
enhance the way they work together.”
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Guidance for Visual Analytics (and Human Al Collaboration)

J

Design

Interaction Traces

Provenance
Design Space

/ E-:-:

Develop

Lumos
BiasBuzz

ProvenancelLens

n”

Democratize

ProvenanceWidgets

GuidanceWidgets



Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer 47

FA\ Adobe

BB Microsoft
B Research

£ 2 Alibaba.com

Non-Profit Mapping Orgs

Improve Data Lake Navigation @ 0
Provide Adaptive Guidance

Analyze PDF Documents
Debug Natural Language to SQL Tasks

Storytelling of eCommerce Data

Educate How Maps can Lie O
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Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer 4 47



Minimize Risks to Make Cars Safer

Systems Engineering
Processes

Unsafe
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Minimize Risks to Make Cars Safer

Systems Engineering
Processes

Unsafe

1. Functional Safety analysis helps minimize unreasonable risks
associated with hazards.



Functional Safety Analysis (e.g., of Adaptive Cruise Control)

————

System Malfunctioning
Behaviors Behaviors
Situations —» Hazardous ——DL Hazards

_ Events

Safety Goals

v . .
Must be: [ Functional Safety | Technical Safety

Complete & Correct! Requirements Requirements




@22 Design Study w/ 10+ Safety Engineers, Analysts
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Functional Safety
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Design Study w/ 10+ Safety Engineers, Analysts
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AND B APPLICATIONS

SafetylLens 2

Visual Data Analysis of Functional Safety of Vehicles
A. Narechania, A. Qamar, A. Endert

DataHawk 4

Understanding FMEA Data Using Interactive Visual Analytics

R. Basole, A. Qamar, B. Pal, M. Corral, M. Meinhart, A. Narechania
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Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer 4
'«‘ Adobe Improve Data Lake Navigation @ n
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FA\ Adobe Design Study w/ 14 data engineers & scientists

“Is the data complete? correct? unbiased? ... showing
may instil feelings of curiosity and
care in the user.”

“There are several low-quality datasets just lying around.
Knowing when, where, and by whom the datasets were
last used, i.e., , can help.”
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We modeled data quality and usage insights

1. quality

missing (12) incorrect (X) skewed (M aie,[Flemate)
[ E
— _X> F
completeness correctness objectivity
% frequency of non- % frequency of correct % extent that values conform

missing values in the data values in the data to a target distribution

76



We modeled data quality and usage insights

ULy piid Y pipdd [il.
2. usage in-subsets in-filters in-visualizations
% of users that select the % of users that applied a % of users that visualized

attribute, record in their subset filter on the attribute the attribute
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FA\ Adobe

Arpit Narechania
Fan Du

Atanu Sinha

Ryan Rossi

Jane Hoffswell
Shunan Guo
Eunyee Koh
Shamkant Navathe
Alex Endert

CHI )

Hamburg, Germany | Hybrid
April 23-28, 2023
reCHInnecting
—— ‘_
‘-—' —_—

DataPilot

Utilizing quality and usage information for
subset selection during visual data preparation

DataPilot

Step 1: Review Raw Data Step 2: Review Selected Subset Step 3: Create Dashboard

Attributes (41) EN =)

Sort | Default v

Search

Visible (22) Hidden (19) Selected (0)
A®id

A @ timestamp

A @ sales.purchases.value

A @ sales.order.purchaseid

A @ placecontext.geo.city

# ® placecontext.geo._schema.latitude
# @ placecontext.geo._schema.longitu
A @ placecontext.geo.postalcode

A @ placecontext.geo.countrycode

# @ placecontext.geo.dmaid

A @ environment.browserdetails.javasc
# @ environment.browserdetails.viewpc
A @ environment.browserdetails.userag
A @ environment.browserdetails.cookie
# @ environment.browserdetails.viewpc
A @ environment.browserdetails.javaen
A @ environment.ipvd

A @ sales.product.path

A @ web.webinteraction.pagetype

A @ sessionweb.webreferrer.type

A @ device.colordepth

# @ sales.purchases.price

 Attribute Filters c

drop a field here

environment.browserdetails.cookiesenal

B 0(0%) Missing values c]
true %
sales.purchases.price [+

172 (17%) Missing values

-

O ‘o]
(a4, 1a7)

Overall Quality score of

dataset values (rows),
between 0-100.

Overall Usage score of

dataset attributes

(columns), between 0-100.

Quality Filters (s
Attribute-Level
v Completeness [0.1,100]

v Correctness [51,100]
v Objectivity [0,100]
¢ Overall [88,100]

l—'_q

O O

“ —_—1

Record-Level
v Completeness [36.59,75.61]

v Correctness [0,100]

¢ Overall [62,86.59]

Usage Filters c

Attribute-Level
v In Filters [0,59]

v In Visualizations [0,100]
v In Subsets [0,100]
v Overall [0,100]

Record-Level
v Overall [50,100]

Prepare an effective subset to determine meaningful drivers of the company's dollar ($) sales revenue. Also create at least 3 widgets.

EET) sort Values | Default

Ae®id 1] A ® timestamp T| A @ sale Atributes: 22(54%)
Cardinality: 1000 Cardinality: 318 w
Missing values: 0 (0%) Missing values: 0 (0%) Missing
po 1 11 1210181336 6 120 1.0 3744
pt o 11 1210181501 3 118
pz 1 11 1210181333 & 112
p3 1 11 1214182031 64 112
pd 1 11 121018 14:13 3 19
ps 1 ] 122181411 14 18
pe 0 11 112818008 44 18
pr o0 11 12eng2aa 4 [0
po 12/12/18 0:56 10
P2 11/28/18 0:09 10
p3 12/6/18 22:14 10
pa 12/10/18 14:07 10
p5 12/10/18 15:46 10
P8 12/10/18 16:12 10
p9 12/10/18 17:16 10
p1 12/10/18 18:57 10
pi3 12/10/18 16:59 10
p16 12/1018 17:23 10
p19 12/15/18 16:38 1.0
p22 12/10/18 15:52 1.0
p23 12/16/18 19:27 1.0
p27 12/10/18 13:57 10
p30 12/11/18 14:53 10
p31 12/7118 7:01 1.0
p32 12/10/18 13:50 10
p33 12/10/18 15:26 10
p35 12/12/18 7:41 10
p37 12/10/18 22:14 10
pa2 12/10/18 14:01 10
pa3 12/10/18 15:18 10
pa5s 11/918 22:12 10
pa7 1111918 22:36 10
p4a8 121318 14:36 10
p4g 12/10/18 21:46 10
p50 12/10/18 20:00 10

@ High (=90/100)

Medium (=67/100) @ Low I\ Prev

v i

Showing 1 to 27 of 374 rows

II 2 > » 27 v




FA\ Adobe

Arpit Narechania
Surya Chakraborty
Shivam Agarwal
Atanu Sinha

Ryan Rossi

Fan Du

Jane Hoffswell
Shunan Guo
Eunyee Koh

Alex Endert
Shamkant Navathe

IEEE BigData

DataCockpit

A Toolkit for Data Lake Navigation & Monitoring
Utilizing Quality and Usage Information.

DataCockpit Data Lake View Dataset View

Data Lake  Asia/Pacific ~

me Prepa Created On Last Updated On Quality ~ |Usage
L Il
1 Du Chris Du 07/15/2018 09/27/2021
2 Stal Pamela C. Michels 07/04/2015 05/13/2022
3 Bes Gavin M. Elliott 07/18/2019 05{18/2020
4 Par: John S. Page 12/10/2020 01/01/2021
5 Clipart Jeff M. Windsor 07/06/2022 @
6  |Depay Christa B. Taylor 07/15/2018 09/27/2021
7 amela C. Michels 07/04/2015 05/13/2022
8 Shopiu Gavin M. Elliott 07/18/2019 05/18/2020
9 John S. Page 12/10/2020 01/01/2021
10 m101 Jeff M. Wind 07/06/2022 [ ]
Showing 1-10

3030

github.com/datacockpit-org




Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer 47

FA\ Adobe

BB Microsoft
B Research

£ 2 Alibaba.com

Non-Profit Mapping Orgs

Improve Data Lake Navigation @ 0
Provide Adaptive Guidance

Analyze PDF Documents
Debug Natural Language to SQL Tasks

Storytelling of eCommerce Data

Educate How Maps can Lie O

80



Designing, Developing, & Democratizing
Guidance for Visual Analytics

Dr. Arpit Narechania

arpit@ust.hk
Rm 3552

narechania.com

THE HONG KONG
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