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DataVisards Lab

Data Visualization & Visual Analytics

Human-Computer Interaction (HCI)

Artificial Intelligence (AI)
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Decision making is inevitable today!
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Data is ubiquitous
(to aid decision making)
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Data can be hard to analyze
ŘǳŜ ǘƻ ƛǘǎ ǾƻƭǳƳŜΣ ǾŜƭƻŎƛǘȅΣ ǾŀǊƛŜǘȅΣ ǾŜǊŀŎƛǘȅΣ ǾŀƭǳŜΣ Χ
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Data Visualizations can help
to amplify cognition.
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Visual Data Analysis
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Visual Analytics can help scale analysis
άōȅ ŎƻƳōƛƴƛƴƎ ŀǳǘƻƳŀǘŜŘ ŀƴŀƭȅǎƛǎ ǘŜŎƘƴƛǉǳŜǎ ǿƛǘƘ ƛƴǘŜǊŀŎǘƛǾŜ ǾƛǎǳŀƭƛȊŀǘƛƻƴ Χ

Most important 

characteristics, 

as per PCA
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We need both humans and AI

Perceptual 
Capabilities

Analytic 
Skills

Working
Memory

Computational
Powers

άA computer can never be held accountable. Therefore, a computer 
must never make a management decisionέ ς an IBM Slide (1979)
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HCI can facilitate this collaboration
ά! ŦƛŜƭŘ ǘƘŀǘ ǎǘǳŘƛŜǎ Ƙƻǿ ǇŜƻǇƭŜ ƛƴǘŜǊŀŎǘ ǿƛǘƘ ŎƻƳǇǳǘŜǊǎΧέ

ς Card, Moran, Newell (1983)

14



Χōǳǘ ǘƘŜǊŜΩǎ ŀ ǇǊƻōƭŜƳ ς άYƴƻǿƭŜŘƎŜ DŀǇέ

Knowledge gap

IǳƳŀƴǎ ŀƴŘ !L ǎȅǎǘŜƳǎ Řƻ ƴƻǘ ƪƴƻǿ ŜŀŎƘ ƻǘƘŜǊΩǎ ŎŀǇŀōƛƭƛǘƛŜǎ ŀƴŘ ƎƻŀƭǎΦ
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Guidance can help optimize this collaboration

Knowledge gap

Χōȅ ǇǊƻǾƛŘƛƴƎ ǘƘŜ ǊƛƎƘǘ kind of assistance at the right time in the right place.

ά! ŎƻƳǇǳǘŜǊ-assisted process that aims to actively resolve a 
ƪƴƻǿƭŜŘƎŜ ƎŀǇΧΦέ ς Ceneda et al. (2016)
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Achieving Desirable Human AI Collaboration!
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DataVisards Lab



Develop DemocratizeDesign

Guidance for Visual Analytics (and Human AI Collaboration)
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TOOLS

USERSDataVisards

ά²Ŝ build tools,evaluate with users,and refine ōŀǎŜŘ ƻƴ ŦŜŜŘōŀŎƪΦέ

Research Methodology
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Recall Visual Data Analysis. What could go wrong?

Did NOT consider 

all movie features

(unintentionally).

Will NOT consider 

movies of all types

(due to filters).



Iƻǿ Řƻ ǿŜ ƛƴŎǊŜŀǎŜ ŀǿŀǊŜƴŜǎǎ ƻŦ ǳǎŜǊǎΩ 
analytic behavior during visual data analysis?
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Visual feedback of the userõs analytic behavior in the UI

Interaction Traces

Black strips show 

the underlying 

data  as target.

I have NOT interacted 

with these movie genres!

Points get colored bluer 

with more hovers.

Red banner means 

high bias (black 

minus blue)

Blue bars show 

the userõs focus.
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Black line show 

the underlying 

data  as target.My interactions are proportional 

to the underlying data!

Green banner 

means low bias 

(black minus blue)

Blue area shows 

the userõs focus.

Visual feedback of the userõs analytic behavior in the UI

Interaction Traces
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Configuring Custom Baselines / Targets

Proportional Equal Custom

(per data distribution) (equal focus on all) (per work requirement)



Proportional Equal Custom

(per data distribution) (equal focus on all) (per work requirement)

In this way, user and system guide each other towards the goal. 

[Co-adaptive guidance process ð Sperrle et al. (2021)]

Configuring Custom Baselines / Targets



Increasing Awareness of Analytic Behavior 
during Visual Data AnalysisLumos

Arpit Narechania

Alex Endert

Adam Coscia

Emily Wall

lumos-vis.github.io



Why only Color?
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Mapping Ƴȅ ŦƻŎǳǎ ǘƻ άfillέ όŎƻƭƻǊύ

Dark blue circles mean more 

user interactions with them



LŦ ƴƻǘ άfillέ όŎƻƭƻǊύΣ Ƙƻǿ ŀōƻǳǘ άsizeέΚ

Bigger circles mean more user 

interactions with them



Iƻǿ ŀōƻǳǘ ōƻǘƘ άfillέ όŎƻƭƻǊύ ŀƴŘ άsizeέΚ

Bigger and dark blue circles mean 

more user interactions with them



How about ANY encoding?



How about ANY encoding?
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How about ANY encoding?



How about ANY encoding?



How about ANY encoding?



How about ANY encoding?

VISUAL ENCODINGS



How about ANY mark (e.g., text, bar)?

MARKS

VISUAL ENCODINGS



How about Data Transformations (e.g., Sort, Filter)

VISUAL ENCODINGS

DATA TRANSFORMATIONS

MARKS
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Design Space for Communicating Provenance

VISUAL ENCODINGS

DATA TRANSFORMATIONS

MARKS
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ProvenanceLens

Arpit Narechania

Jane Hoffswell

Shunan Guo

IEEE TVCG 2025

Eunyee Koh

Alex Endert

Utilizing Provenance as an Attribute during 
Visual Data Analysis Promotes Self-Reflection



How about Multimodal Guidance 
(why only Visual)?
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BiasBuzz

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

*equal contribution

Alex Endert

Jamal Paden*

Arpit Narechania*
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How about guidance through other UI 

elements (not visualizations)?
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Range Slider
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Range Slider
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Range Slider
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Range Slider
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Range Slider
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Range Slider
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height = frequency

color = recency

Range Slider
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Range Slider
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Range Slider
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initial state 

[0, 100]

current state

[65, 75]

slider handle state =

recency = 

Range Slider
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Such capabilities can also help increase user awareness during analysis.
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Alex Endert

Arpit Narechania

Kaustubh Odak

Mennatallah El-Assady

ProvenanceWidgets
A Library of UI Control Elements to Track and 
Dynamically Overlay Analytic Provenance

ProvenanceWidgets.github.io
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How about different 
amounts/levels of Guidance?
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No Guidance
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ProvenanceWidgets

No Guidance Level 1 Guidance
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Range to Select

No Guidance Level 1 Guidance Level 2 Guidance

Multiple options 

available as 

guidance
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Disabled range

Range to 

Select

Only one option 

available as 

guidance

No Guidance Level 1 Guidance Level 2 Guidance Level 3 Guidance
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No Guidance Level 1 Guidance Level 2 Guidance Level 3 Guidance

GuidanceWidgets [coming soon]
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{ƘƻǳƭŘ !L ǎȅǎǘŜƳǎ ƘŀǾŜ άŜȄǘǊŜƳŜέ ŀƎŜƴŎȅ ŀƴŘ ŎƻƴǘǊƻƭΚ

I, Robot

Spiderman2
Terminator

Extreme
???
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Hence, Catalyzing Human-AI Collaboration

ά.ǳƛƭŘƛƴƎ ǘƻƻƭǎ ŀƴŘ ŦƻǎǘŜǊƛƴƎ ŜƴǾƛǊƻƴƳŜƴǘǎ ǘƘŀǘ actively 
enhance ǘƘŜ ǿŀȅ ǘƘŜȅ ǿƻǊƪ ǘƻƎŜǘƘŜǊΦέ
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Develop DemocratizeDesign

Guidance for Visual Analytics (and Human AI Collaboration)

Interaction Traces Lumos

BiasBuzz

ProvenanceLens

ProvenanceWidgets

Provenance 
Design Space

GuidanceWidgets
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Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer

Improve Data Lake Navigation

Debug Natural Language to SQL Tasks

Storytelling of eCommerce Data

Educate How Maps can LieNon-Profit Mapping Orgs

Provide Adaptive Guidance

Analyze PDF Documents
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Minimize Risks to Make Cars Safer

SafeUnsafe

Systems Engineering 
Processes
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SafeUnsafe

Systems Engineering 
Processes

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

Minimize Risks to Make Cars Safer
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Functional Safety Analysis (e.g., of Adaptive Cruise Control)

70

Must be: 
Complete & Correct!



A. Narechania, A. Qamar, A. Endert

SafetyLens
Visual Data Analysis of Functional Safety of Vehicles

Design Study w/ 10+ Safety Engineers, Analysts
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Functional Safety
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A. Narechania, A. Qamar, A. Endert

SafetyLens
Visual Data Analysis of Functional Safety of Vehicles

Design Study w/ 10+ Safety Engineers, Analysts

R. Basole, A. Qamar, B. Pal, M. Corral, M. Meinhart, A. Narechania

DataHawk
Understanding FMEA Data Using Interactive Visual Analytics

2019
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Past and Ongoing Industry Collaborations

Minimize Risks to Make Cars Safer

Improve Data Lake Navigation

Debug Natural Language to SQL Tasks

Storytelling of eCommerce Data

Educate How Maps can LieNon-Profit Mapping Orgs

Provide Adaptive Guidance

Analyze PDF Documents
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άLǎ ǘƘŜ Řŀǘŀ ŎƻƳǇƭŜǘŜΚ ŎƻǊǊŜŎǘΚ ǳƴōƛŀǎŜŘΚ ΦΦΦ showing 
data quality insights may instil feelings of curiosity and 
care in the user.έ

ά¢ƘŜǊŜ ŀǊŜ ǎŜǾŜǊŀƭ ƭƻǿ-quality datasets just lying around. 
Knowing when, where, and by whom the datasets were 
last used, i.e., data usage insightsΣ Ŏŀƴ ƘŜƭǇΦέ

Design Study w/ 14 data engineers & scientists
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We modeled data quality and usage insights

? ? ?

? ? ? ?
? ?

?

missing ( ? )

x
x x
x

x
x

x

incorrect ( x ) skewed ( M ale, F emale)

M
M
M
M
F
F

completeness correctness objectivity

% frequency of non-

missing values in the data

% frequency of correct 

values in the data

% extent that values conform 

to a target distribution

in -subsets

% of users that select the 

attribute, record in their subset

in -filters

% of users that applied a 

filter on the attribute

in -visualizations

% of users that visualized 

the attribute

1. quality

2. usage
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Utilizing quality and usage information for
subset selection during visual data preparationDataPilot

Eunyee Koh

Alex Endert

Shamkant Navathe

Ryan Rossi

Shunan Guo

Jane Hoffswell

Arpit Narechania

Atanu Sinha

Fan Du


